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ABSTRACT

How do the billions of neurons spread across cortical areas in the brain
process visual information to facilitate a wide range of complex com-
putations and visually-guided behaviors? Although electrophysiologists
have produced great insights over the last six decades about visual pro-
cessing in the brain, their resulting models fall short of describing the
responses of visual neurons under naturalistic stimulation. In this dis-
sertation, I leveraged recordings from mice and non-human primates to
build deep learning models that predict single-cell responses to novel
stimuli. These models provide higher accuracy than classical alterna-
tives, which makes them the current best model of the visual cortex.
However, these approaches are recurrently challenged because neural
networks are seen as black boxes as they fail to provide compact or
mechanistic interpretations that satisfy neuroscientists. Here, we used
three main approaches to extract knowledge and generate testable hy-
pothesis from deep predictive models. 1) We used pre-trained networks
separately trained on a range of tasks to explain multiple areas of the
primate and mouse visual cortices, 2) we baked hypotheses into the
architecture of these end-to-end learned models and derived interpre-
tations from their resulting parameters, and 3) we developed methods
for the analysis and interpretation of nonlinear computations of deep
network units. Our work provided insights into the nonlinear nature of
monkey V1; the hierarchical organization of monkey and mouse visual
cortices; the functional specialization of primate area V4 towards seman-
tic tasks; the nature of normalization in monkey V1; and the types of
invariances learned by intermediate units in convolutional neural net-
works and neurons in the brain. Overall, our results show that these
deep learning-based approaches are valuable tools for continued scien-
tific progress in understanding visual processing in the brain.
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ZUSAMMENFASSUNG

Wie verarbeiten die Milliarden von Neuronen, die tiber die kortikalen
Areale des Gehirns verteilt sind, visuelle Informationen, um eine Vielzahl
komplexer Berechnungen und visuell gesteuerter Verhaltensweisen zu
ermoglichen? Obwohl Elektrophysiologen in den letzten sechs Jahrzehn-
ten bedeutende Erkenntnisse tiber die visuelle Verarbeitung im Gehirn
gewonnen haben, reichen ihre Modelle nicht aus, um die Reaktionen vi-
sueller Neuronen unter natiirlichen Bedingungen vollstandig zu beschreiben.
In dieser Dissertation nutzte ich Aufzeichnungen von Mausen und nicht-
menschlichen Primaten, um Deep-Learning-Modelle zu entwickeln, die
einzelne Zellantworten auf neue Reize prézise vorhersagen. Diese Mod-
elle tibertreffen klassische Alternativen in ihrer Genauigkeit und stellen
damit den aktuell besten Ansatz zur Modellierung des visuellen Kortex
dar. Dennoch werden diese Ansétze haufig kritisiert, da neuronale Net-
zwerke als ,Black Boxes” gelten, die keine kompakten oder mechanis-
tischen Erkldarungen liefern, die Neurowissenschaftler zufriedenstellen.
Um diese Herausforderung zu bewdiltigen, haben wir drei Hauptstrate-
gien entwickelt, um Wissen aus Deep-Learning-Modellen zu extrahieren
und testbare Hypothesen zu generieren: 1) Wir verwendeten vortrainierte
Netzwerke, die auf verschiedene Aufgaben trainiert wurden, um mehrere
Areale des visuellen Kortex von Primaten und Mé&usen zu erkldren. 2)
Wir integrierten Hypothesen direkt in die Architektur dieser end-to-
end gelernten Modelle und leiteten Interpretationen aus ihren Param-
etern ab. 3) Wir entwickelten Methoden zur Analyse und Interpreta-
tion der nichtlinearen Berechnungen in den Gewichte neuronaler Net-
zwerke. Unsere Arbeit lieferte wichtige Erkenntnisse, darunter die nicht-
lineare Natur des Cortexareals V1 bei Affen, die hierarchische Organ-
isation des visuellen Kortex bei Affen und Maiusen, die funktionelle
Spezialisierung des Cortexareals V4 bei Primaten auf semantische Auf-
gaben, die Normalisierung im Affen-V1 sowie die Invarianzen, die von
mittleren Parameter in konvolutionellen neuronalen Netzwerken und
Neuronen im Gehirn gelernt werden. Insgesamt zeigen unsere Ergeb-
nisse, dass Deep-Learning-Modelle wertvolle Werkzeuge fiir den fort-
laufenden wissenschaftlichen Fortschritt im Verstandnis der visuellen
Verarbeitung im Gehirn sind.
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INTRODUCTION

1.1 MOTIVATION

How do the billions of neurons spread across cortical areas in the brain
process visual information, enabling a wide range of visually-guided
behaviors? Although for the reader it may seem effortless to recognize
these words or any objects around, visual processing —the act of making
sense of the external world from the light hitting the eyes—is a very com-
plex problem solved by the brain. Once photons hit the light-sensitive
cells in the retina in the back of the eye, their electrical responses trigger
a processing cascade of other retina cells that results in a representa-
tion map of the visual scene in the form of action potentials fired. This
low-level information is carried via the optic nerve to the thalamus and
then relayed to the visual cortex in the cerebrum. How do the neural
networks in the visual cortex make sense of the relevant properties of
our three-dimensional world from that two-dimensional flickering map?
For example, how does the brain compute representations that facilitate
invariant object recognition despite the vast amount of possible scene
variations (e.g. changes in pose, perspective, light source, illumination,
etc.) that lead to radically different input patterns?

Neuroscientists have made tremendous progress toward answering
these questions over the last century. This progress has been forged at the
intersection of experimental recordings of neural activity, and functional
descriptions of neural processing (i.e. computational models) linked to
them. Early models of the visual system derived from hypothesis-driven
experiments employing parametric stimuli (e.g. bars or gratings), have
proven profoundly insightful, laying the foundation of our understand-
ing of sensory processing. For example, the seminal work of Hubel and
Wiesel (1959), unveiled the concept of localized orientation-tuned cells
within the primary visual cortex (V1). This work gave rise to compu-
tational descriptions of tuning and invariance of individual neurons
(e.g.simple and complex cells) to specific stimulus parameters (Adelson
& Bergen, 1985b).

"What I cannot build, I do not understand”

— Richard Feynman

A growing number of neuroscientists consider that accurately predict-
ing the firing patterns of a population of neurons in response to arbitrary
stimuli is an essential step toward understanding the encoding of sen-
sory information in the brain (Carandini et al., 2005). This idea drives
the neural system identification approach (Butts, 2019; Wu et al., 2006)
to study sensory systems and is at the heart of the work presented in this
dissertation. Why should we go beyond compact — and in many ways
beautiful — theories of sensory processing and instead build data-driven

Simple and Complex cells:
Cells in primary visual cortex
described by Hubel and Wiesel
(1959) that respond when
stimulated in localized areas
of the visual field favouring

a preferred orientation of
stimulus bars or gratings.

In contrast to simple cells,
complex cells exhibit tolerance
to local phase shifts of their
preferred stimuli



Deep neural net-

works (DNNs):

cascades of linearly con-
nected nonlinear units
(artificial neurons) whose
parameters are tuned to
optimize an objective function.

Convolutional neu-

ral networks (CNNs)

A class of DNNs with con-
volutional weight sharing
between processing layers

=
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models that accurately approximate complex functions between stimuli
and (noisy) measurements of neural activity? Many simple models de-
rived from our initially conceived theories fail to accurately predict neu-
ral responses to natural stimuli (Olshausen & Field, 2005). This suggests
that there likely are fundamental determinants at play underlying sen-
sory processing beyond those described by existing theories. Moreover,
we may lack the tools or imagination to design experiments that reveal
these unknown mechanisms. A data-driven approach can remove biases
imposed by our incomplete theories and accelerate progress towards our
goal.

Two recent technological strides facilitate the neural system identifica-
tion approach to system neuroscience. On one side, electrophysiology
and imaging advances enable now simultaneous recordings of thou-
sands of neurons across the brain at finer spatial and temporal resolu-
tions, providing ample experimental data (Jun et al., 2017; Steinmetz et
al., 2021; Stevenson & Kording, 2011; Stringer et al., 2019). On the other
side, machine learning breakthroughs have enhanced models” accuracy
in capturing intricate input-output functions from observational data.

At the center of these advancements in modeling lie deep neural net-
works (DNNs) (LeCun et al., 2015), whose unprecedented performance
spans a wide range of tasks and applications, consistently setting the
state-of-the-art in neural system identification benchmarks. In particular,
convolutional neural networks (CNNs) have been a clear and successful
candidate to model visual representations due to their tight historical
relationship to the very same system we intend to model *.

”... the cartographers’ guilds struck a map of the empire whose size
was that of the empire, and which coincided point for point with it.
The following generations [...] saw that that vast map was useless ...”

— Jorge Luis Borges On exactitude in science

Building complex data-driven (deep) models of neural responses can
bring us closer to having a functional in-silico replica of neurons. How-
ever, this exercise falls short in the eyes of neuroscientists at providing a
comprehensive understanding of computations in the brain. There is a
general wide-spread skepticism about using deep learning in a scientific
setting. Criticisms are in general two-fold. First, DNN approximations

The ideas behind CNNs are rooted in neuroscience. After Hubel and Wiesel identified
simple and complex cells in V1 (Hubel & Wiesel, 1962), they concluded that complex
cells could achieve phase invariance by pooling from several simple cells with similar
orientation tuning but shifted preferred locations. Their findings inspired Fukushima
(1980) to create the Neocognitron — a hierarchical model stacking repeated layers of sim-
ple cell-like (dot products with feature templates) and complex cell-like (rectified pool-
ing) operations. Similar models like HMAX (Riesenhuber & Poggio, 1999) followed the
Neocognitron and were compared to human visual categorization (Serre et al., 2007).
The first proof-of-work of CNNs on a real-world challenge came in the late eighties
when LeCun et al. (1998) trained a CNN with backpropagation to recognize hand-
written digits. However, CNNs gained widespread attention in 2012 when AlexNet
(Krizhevsky et al., 2012), an eight-layer CNN trained using graphics processing units
(GPUs), significantly surpassed traditional computer vision methods on ImageNet, a
dataset of 1.2 million labeled images (Russakovsky, Deng, Su, Krause, Satheesh, Ma,
Huang, Karpathy, Khosla, Bernstein, et al., 2015b)



1.2 THE GOAL OF THIS DISSERTATION

may employ a different strategy to fit the data at hand than the system
we intend to understand — if two chess players make the same move, it
does not necessarily mean that their thought process behind the move
was identical. For example, CNNs have been shown to learn shortcuts
to fit the data well Geirhos et al.,, 2020, revealing a lack of sufficient con-
straints in our data and training, or exhibit unexpected behaviours that
are not present in the target system we want to understand (e.g. suscep-
tibility to adversarial examples (Goodfellow et al., 2014)) Second, DNNs
are usually referred as black boxes because their large number of parame-
ters does not admit compact understanding — the complexity is beyond
the boundaries of any human’s intellectual boundary. Even though we
can indeed write a (long) equation for any intermediate neuron in a deep
network, many scientist find this unsatisfactory. > For example we can-
not predict very well how the output of the network would change if we
modified the stimulus in some way, nor how much and in what ways the
features extracted by any given neuron would contribute to the overall
output. Interestingly, many questions that are difficult to answer about
DNN (or CNN) computations — reflecting our lack of understanding
even though we know their entire wire diagram (connectome)- apply
to sensory neuroscience. For instance, we can ask the following ques-
tions abut both units in CNNs trained on object recognition and neu-
rons in the ventral visual stream: what type of invariances are learned
and where do they emerge? what stimulus features are driving the re-
sponses of a neuron?

1.2 THE GOAL OF THIS DISSERTATION

How can we then make use of deep learning methods to make progress
in understanding visual processing in the brain? This is the main goal
of this dissertation.

Through the lens of neural system identification, our collaborators
and I were aware that even though all models are wrong, some are in-
deed useful. We embraced the predictive power of CNNs, but also re-
searched multiple directions in which we could turn these models into
neuroscientific knowledge — or at least testable hypotheses. We aimed
to characterize different aspects of cortical visual processing at the in-
terplay between i) improving predictions of recorded neural responses
(neural system identification) and ii) generating hypotheses of biological
function from them.

2 As an example consider this simple two-layer network acting on two binary inputs x1
and x, where o(x) =1/(1 +exp(—x)):

f(x1,x2) = 0(200(20x7 +20x2 —10) + 200 (—20%x7 — 20%x3 + 30) — 30)

Humans would consider understanding what is going on in this equation once they
figure out that it is checking whether the two inputs are different (an XOR operation).
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1.3 BACKGROUND

We approached this goal with three complementary deep-learning-
based approaches, leveraging electrophysiology recordings from macaques’
areas V1 and V4 and 2-photon calcium trace recordings from multiple
mouse visual areas in response to natural stimuli. These (RAs) were:
RA1: goal-driven modeling of neural responses, which enabled under-
standing of target visual areas in the context of high-level goals (e.g.
object recognition). RAz: embedding knowledge into models” architec-
tures to constrain them to better match known priors and the data. RA3:
analysing predictive models by probing them to replicate known phe-
nomena (e.g. tuning curves to parametric stimuli) and applying inter-
pretability methods (e.g. visualization of preferred stimuli).

With these approaches, we answered multiple research questions (ROs)
in a body of work consisting of five research papers (Fig. 1) that are sum-
marized in Chapter 2. Chapter 3 discusses our results in light of concur-
rent and novel work and Chapter 4 provides an outlook for potential
next steps and open questions.

1.3 BACKGROUND
Neural system identification

To develop quantitative models that describe how sensory neurons en-
code information about the stimulus we require statistical models. This
is because neural responses randomly vary in response to repeated pre-
sentations of the same stimuli. Most statistical models for neural system
identification can be viewed as instances of maximum a posteriori (MAP)
(Butts, 2019; Doya, 2007; Paninski et al., 2007; Wu et al., 2006) within a
Bayesian framework where the goal is to find optimal parameters © of
a model f that maps a stimulus s to the neural responses r assuming a
noise distribution of the responses given the model predictions (or like-
lihood) p(rlfe(s)), and a prior distribution of the parameters p(®). The
usual optimization loss for every recorded neuron, assuming indepen-
dently recorded trials (stimulus presentations), is the log of the MAP
objective (Eq. 1), which has two main terms: the data fitting loss, and a
regularization term on the parameters.

N
Ovese = argmin | — 3 logp(rlfe(s)i)) ~logp(©) (1)

i=1

Assumptions about the likelihood function include the following dis-
tributions: Bernoulli (Butts et al., 2016) (to model spikes at high temporal
resolutions), Poisson (Paninski, 2004) and Negative binomial (Pillow &
Scott, 2012) (to model spike counts), or Gaussian (to model continuous
response signals like fluorescence calcium traces).

Like in the broader machine learning, researchers don’t usually make
direct assumptions on the prior distribution, but rather add regulariza-
tion terms that are aligned with their assumptions of model parame-
ters that bias learning towards better generalization (David & Gallant,
2005; Ringach et al., 2002; Sahani & Linden, 2002a; Smyth et al., 2003;
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Stevenson et al., 2008; Theunissen et al., 2001). Common assumptions
on (linear) kernel weights include sparsity (Calabrese & Paninski, 2011),
smoothness (McFarland et al., 2013), spatial locality (Park & Pillow, 2011),
and space-time separability (Maheswaranathan et al., 2018; Park & Pil-
low, 2013; Shi, Gupta, et al., 2019)

The choices of the mapping function f (i.e. the model class), have
grown in complexity as more data and computational methods become
available. The first models were linear-nonlinear (LN) models (Marmarelis,
2004) composed by a linear operation on the stimulus (i.e. a filter) fol-
lowed by a pointwise nonlinear function that guarantee a positive firing
rate (Chichilnisky, 2001; Paninski, 2004; Simoncelli et al., 2004). Visual-
izing the learned filter(s) allowed for easy interpretation of the learned
model computations and facilitated their diagnosis (e.g. noisy filters sug-
gest overfitting). When using an invertible pointwise nonlinearity, and
the featurization function @ in Eq. 2 is the identity, LN models could be
viewed as generalized linear models (GLMs) (Nelder & Wedderburn, 1972)
(Eq. 2), which had wide-spread use in statistics (IHastie & Tibshirani,
1985) and quickly dominated neural system identification in the early vi-
sual system (Baccus & Meister, 2002; Carandini et al., 2005; Chichilnisky,
2001; Hubel & Wiesel, 1968; Movshon et al., 1978).

fo(s) = gu(W' @g(s));® = {a,w, 0} ()

Extensions of LN-based GLMs accounted for spike history (P’aninski,
2004; Truccolo et al., 2005) and couplings between neurons (Butts et al.,
2016; Okun et al., 2015; Pillow et al., 2008), but more importantly, recent
advances came from learning (complex) featurization functions ®@. Ear-
lier work focused on quadratic features (Rust et al., 2005b; Touryan et
al., 2002; 2005), but later —at the cost of straight-forward interpretability—
LNLN cascades (Antolik et al., 2016; Cadena, Denfield, et al., 2019a;
Kindel et al., 2017; Vintch et al., 2015b) as they could in-principle ap-
proximate any function (Hornik, 1991). Importantly, there were early
attempts to use multi-layer neural networks to fit neural responses with
promising, but still sub-optimal performance compared to GLM-based
attempts (Lau et al., 2002; Lehky et al., 1992; Prenger et al., 2004; Zipser
& Andersen, 1988).

CNNe s for neural system identification

Some quadratic and LNLN cascade models using convolutional filters
fitted a separate model for every individual neuron (Rust et al., 2005a;
Vintch et al.,, 2015a). This constrained the complexity of the models to
be learned due to the limited experimental data. The pioneering work
of Antolik et al. (2016) and Klindt et al. (2017) suggested to share the
featurization (®g in Eq. 2) for all neurons from the same visual area and
learned multi-layer CNN models of neural responses directly from the
data. Many neurons compute similar nonlinear functions but only at dif-
ferent locations of the visual field (also known as receptive fields). Learn-
ing a translation equivariant representation (via convolutional weight



1.3 BACKGROUND

sharing) facilitates leveraging data from similarly tuned neurons with
varying receptive fields —effectively reducing the amount of data needed
to train the network. Moreover, many neurons may compute the same
nonlinearity but only at different locations of the visual field This means
that we can view the shared features extracted by the CNN as a new
basis where all neurons can be viewed as (rectified) linear combinations
of them, capturing a general model of the brain area beyond individual
neurons. Advancements in computational methods, such as backprop-
agation (Rumelhart et al., 1986), alongside the emergence of automatic
differentiation tools like PyTorch (Paszke et al., 2019) and TensorFlow
(Abadi et al., 2016), in tandem with cutting-edge hardware, facilitated
the optimization of CNNs, mirroring the strides made in computer vi-
sion applications (LeCun et al., 2015).

Although the core CNN extracts a representation of the stimulus shared
across neurons, the readout weights w are separate for every neuron. Im-
portantly, naively learning dense readouts would likely require an unfea-
sible large amount of data due to the high dimensionality of the core’s
output — spatial dimensions times the number of feature maps. Recent
advances —largely coming from the work of collaborators and I- have
helped improve the accuracy and interpretability of these readouts. Ca-
dena, Denfield, et al. (2019a) introduced a dense readout with priors for
sparsity, smoothness, and group sparsity (few feature maps should be
used). Klindt et al. (2017) introduced reduced the number of learnable
parameters by factorizing the readout tensor into a spatial mask and
feature vector component. Further improvements on this idea tried to
further restricted the spatial mask to a single activation point to push
all nonlinear computations into the core (Lurz et al.,, 2021; Sinz et al,,
2018). To overcome the challenge of maintaining gradient flow during
training to progressively improve the estimate of the receptive field lo-
cation, Sinz et al. (2018) used a spatial transformer network (Jaderberg
et al,, 2015) that involves a multi-scale spatial representation of the in-
put tensor. Lurz et al. (2021) proposed instead to learn the parameters
of a 2-dimensional Gaussian function and sample spatial points during
training, while using the mean of the distribution at test time. Overall,
these readout approaches facilitated assigning to every neuron a bar code
(the feature vector factor of the readouts capturing all nonlinear com-
putations) regardless of the neurons preferred location for improved in-
terpretability and functional characterization (e.g. (Ustyuzhaninov et al.,
2022)).

These and similar approaches based on CNN shared feature spaces
learned end-to-end are a rapidly growing field (Batty et al., 2016; Burg
et al., 2021; Cadena, Sinz, et al., 2019; Cadena, Denfield, et al., 2019a;
Cadena et al., 2024; Cowley & Pillow, 2020; Ding et al., 2023; Ecker et al.,
2018; Hofling et al., 2022; Kindel et al., 2017; Klindt et al., 2017, Lurz
et al., 2021; Maheswaranathan et al., 2023; McIntosh et al., 2016; Safarani
et al., 2021; Ustyuzhaninov et al., 2019; 2022; Walker et al., 2019; Willeke
et al., 2023)
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Evaluation of predictive models

Quantifying the similarity between a model and observations carrying
trial-to-trial variability is fundamental to measure progress toward better
understanding of neural processing. However, there is little consensus
in previous neural system identification work on how models should
be evaluated. A straightforward candidate is the evaluation of the log-
likelihood loss function (first term in Eq. 1) on a held-out test set, but
common issues associated to it are the lack of a finite range (e.g. o to
1) that is sensible to the scale of measurements and thus less robust to
idiosyncrasies of separate studies using data from different modalities.
Although a typical choice is to compute the Pearson’s correlation
coefficient (Eq. 3) between observations y;; to stimulus x; on trial j
and model predictions z; (here dubbed single-trial correlation) has the
downside that low values of this estimator could be due to high vari-
ability (low signal to noise ratio) in addition to poor model performance.

2 iy —9)(zi5 —2)
Psingle—trial = — -
\/Zi,j (Ui,j -7) Zi,j (Zi,j —z)

A common approach is to compute the correlation coefficient to the
average over repeats (Eq. 4) using the sample mean r; = (1/m;) ZJ- Yij-
Although studies (Pospisil & Bair, 2021) have shown that this estimator
is biased and not consistent (does not converge to the correlation co-
efficient that uses the true average response to repeated trials u; when
increasing the amount of stimuli), it behaves well when many repetitions
are available (Cadena et al., 2024; Pospisil & Bair, 2021).

(3)

2 i(ri —T)(zi —2)
\/Zi(ri —7)2 ) (21 —2)?

To better account for the noise, multiple approaches have been pro-
posed to evaluate the model’s ability to capture the purely stimulus-
driven variability (i.e. estimating some goodness of fit between predic-
tions and the true average response to repeated trials p;) (Cadena, Den-
field, et al., 2019b; David & Gallant, 2005; Haefner & Cumming, 2008;
Hsu et al., 2004; Kindel et al., 2017; Pasupathy & Connor, 2001; Pospisil
& Bair, 2021; Roddey et al., 2000; Sahani & Linden, 2002b; Schoppe et
al., 2016; Sinz et al., 2018; Yamins et al., 2014b). For example, Yamins
et al. (2014b) computed an average split-trial correlation (after randomly
sampling multiple subsets of trials), and uses it to normalize pfvgftﬁals.
Similarly, other approaches estimate this upper bound (or oracle) by av-
eraging all the correlations of leave-one-out split-trials (Cadena, Sinz, et
al., 2019; Sinz et al., 2018).

With a similar motivation and largely guided by intuition and good
sound performance on synthetic scenarios, Cadena, Denfield, et al. (2019b)
proposed the fraction of explainable variance explained (FEVE) as the
complement of the ratio between the mean squared prediction error and
the total variance of the responses, but subtracting off an estimate of
trial-to-trial variability (0‘%_ = Ei[Varj ly i Ixi]]) from both numerator and

(4)

pavgftrials =
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denominator (Eq. 5). More recent work has further proposed better unbi-
ased and consistent estimators of the correlation to the average response
over trials (Pospisil & Bair, 2021).

(1/N) X4 5(yi5 —21)% — 63
Varly] — 63

FEVE =1— (5)

Beyond trying to evaluate the ability of a model to capture mean re-
sponses, recent work (Lurz et al., 2022) has also proposed metrics to
evaluate the ability of a model to approximate the entire distribution
around the mean by obtaining oracle bounds of the normalized infor-
mation gain metric (Kiimmerer et al.,, 2015; Theis et al., 2013). These
approaches open the door to study noise distributions and how they
may be meaningfully used for neural processing. In the work presented
in this dissertation, we focused on capturing the mean stimulus-driven
responses.

1.4 RESEARCH APPROACHES AND STATE OF THE ART
1.4.1  RAz1: Goal-driven modeling of neural responses

As we’ve seen, a valuable consideration when building predictive mod-
els of neural responses is their ability to shed light on facets of visual
computation. Akin to one of Marr’s proposed levels of understanding
(Marr & Poggio, 1976) we may want to interpret the computation of neu-
rons in terms of the goals of the visual system as a whole. (e.g. the abil-
ity to recognize objects achieved by the visual ventral stream (DiCarlo &
Cox, 2007; Felleman & Van Essen, 1991; Goodale & Milner, 1992)).

With the advent of CNNs capable to accurately recognize objects in
images (He et al., 2016; Krizhevsky et al., 2012; Simonyan & Zisserman,
2014), there was a natural enthusiasm (Cadena, Denfield, et al., 2019b;
Yamins et al., 2014a; Yamins & DiCarlo, 2016) to use them as candidate
models of areas in the visual ventral stream — a series of visual areas
that are believed to progressively transform stimulus information to dis-
entangle object identities (DiCarlo & Cox, 2007; Felleman & Van Essen,
1991; Goodale & Milner, 1992).

Task-trained CNNs have been primarily turned into predictive models
of neural responses via transfer learning (Donahue et al., 2014; Yamins et
al., 2014b) where, instead of learning a featurization of the stimulus (®g
from Eq. 2) end to end, neurons (linearly) read from the intermediate
outputs of a pretrained CNN. This approach goes in the opposite di-
rection of traditional decoding studies predicting behaviorally-relevant
signals from populations of neurons by reading out sensory neural re-
sponses from functionally useful representations across the visual hierar-
chy (Glaser et al., 2020). As shown in work discussed in this dissertation
(Cadena, Denfield, et al., 2019b; Cadena et al., 2024) and others” (Cadieu
et al., 2014a; Khaligh-Razavi & Kriegeskorte, 2014a; Nayebi et al., 2018;
Yamins et al., 2014a), this approach yielded unprecedented predictive
performance of early and high visual areas of the visual system.

Why would this research direction address the problem of gaining
meaningful biological insights if we can’t fully explain how pretrained

Marr’s levels of under-
standing:

Three levels of understanding
that answer 1) the compu-
tational goal of the system

or organism — in other

words, why are a neuron’s
computations needed, 2) what
computations are performed
to solve that goal, and 3) how
are these mechanisms imple-
mented by the underlying
cells and circuits.
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CNNs solve their tasks in the first place? The main reason is that task-
trained CNNs provide —up to a level of abstraction— an interpretation of
the role of visual parts by establishing a functional and structural map-
ping between parts of the network (e.g. layers or feature maps) to specific
structures in the brain (e.g. visual areas or cell types) (Cao & Yamins,
2021). Although we have incomplete interpretations of the learned rep-
resentations of CNNs trained on a visual task, the set of governing prin-
ciples that led to them are well-defined: the training data, the model
architecture, the learning algorithm, and the loss function (Richards et
al., 2019). In consequence, comparing the predictive abilities of candidate
CNN s enables a systematic way to study factors that contribute to better
matches to the brain (Conwell et al.,, 2022; Schrimpf et al., 2018; 2020;
Sinz et al., 2019). Moreover CNNs can reveal hierarchical functional or-
ganizations of the visual system from the data without making strong
prior assumptions about neural circuitry (Cadena et al., 2024; Yamins
et al., 2014a).

1.4.2 RA2: Embedding knowledge into models” architectures

Stimulus-response pairs alone may underconstrain the space of func-
tions required to fit the data in a manner that resembles biology [], so
it is unclear if the series of stimulus transformations that the model
learns are necessarily biologically meaningful. A complementary ap-
proach to gain insights from data-driven (deep) models is to constrain
their architecture to represent prior knowledge or candidate hypothe-
ses. Three popular ways to bake knowledge into the architecture are 1)
implementing a weight-sharing scheme that leverages relevant symme-
tries, 2) building modules (layers) that correspond to specific biological
components, and 3) including explicit nonlinearities akin to candidate
canonical computations.

SsYMMETRIES: Convolutional weight sharing in CNNs already carry a
critical inductive bias that enable accurate models of the visual cortex in
a data-efficient way (Klindt et al., 2017). The translation equivariance ap-
proximated by CNNs facilitates mirroring concepts in the visual system
like receptive fields, retinotopy, and the separation of what versus where
nonlinearities are computed in cortex. Other recent efforts have tried to
learn rotation equivariant representations by other weight-sharing mech-
anisms (Ecker et al., 2018; Ustyuzhaninov et al., 2019; 2022). This follows
the early discoveries by Hubel and Wiesel (1962) showing that neurons
in V1 exhibit orientation selectivity, suggesting that the same nonlin-
ear function (e.g. simple or complex cell-like functions) can be extracted
not only at different locations, but also different orientations. Viewing
orientation as a nuisance parameter, a rotation equivariant representa-
tion, followed by some rotation-invariant pooling (Ustyuzhaninov et al.,
2019), facilitates the differentiation of cell types. Recent work of ours
(not discussed in this dissertation) showed how this added symmetry in
a data-driven CNN enabled a better characterization of the landscape of
feature preferences in mouse V1 (Ustyuzhaninov et al., 2022).
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ARCHITECTURAL CORRESPONDENCE TO BIOLOGICAL STRUCTURES:
Over the last century, we have accumulated rich anatomical and neuro-
physiology knowledge that can guide the design of model architectures
for improved performance and further insights of the visual system. Nu-
merous studies following this line of research have focused on the retina
as modeling target because it is the most comprehensively understood
brain region in terms of neural circuitry and physiological character-
izations (Baden et al., 2016; Gollisch & Meister, 2010; Masland, 2012).
For example, Maheswaranathan et al. (2023) fitted three-layer CNNs to
retinal ganglion cells (the output neurons of the retina) and showed
that the learned intermediate representations capture the behavior of
other interneurons (e.g. bipolar and amacrine cells) under natural and
synthetic stimulation. Similar work has built-in more biophysical real-
ism into deep networks to capture details of the temporal processing in
the inner retina, including feedback circuits and synaptic release mecha-
nisms (Schroder et al., 2020), reproducing in-silico the results of known
pharmacology experiments. On a higher level, other work has imposed
biologically inspired constraints on networks not necessarily fit to neu-
ral responses, but to a an ethological relevant task like object recognition
that mirror known aspects of biological vision and provide mechanis-
tic explanations for observed phenomena. For example, neural networks
that capture antagonistic center-surround unit preferences in layers in-
tended to model the retina after introducing a constraint in the number
outputs consistent with the anatomy of the optic nerve as a stringent
bottleneck (Lindsey et al., 2019). Similar work included two processing
pathways akin to the dorsal and ventral stream (Bakhtiari et al., 2021),
recurrent networks with feedback connections (Kietzmann et al., 2019;
Kubilius et al., 2018; 2019; Nayebi et al., 2018; Spoerer et al., 2020), lat-
eral connections (Linsley et al., 2018), V1-like variability and selectivity
(Dapello et al., 2020), and Dale’s law (Eccles, 1976) with exclusively exci-
tatory and inhibitory neurons (Cornford et al., 2020; Li, Cornford, et al,,
2023; Minni et al., 2019).

INCORPORATING PREDETERMINED NONLINEARITIES: Due to the
rather homogeneous circuitry across cortical areas, neuroscientists hy-
pothesise that there are fundamental or canonical computations performed
by cortical circuits (Carandini & Heeger, 2012; Douglas et al., 1989) that
may generally account for properties of mammalian intelligence (Miller,
2016). This idea is further supported by the success of architectures with
standard computational motifs like CNNs and Transformers (Vaswani
et al., 2017) in a a wide range of domains beyond vision. Therefore, a
plausible strategy to gain insights from data-driven models is to hard-
code nonlinearities derived from canonical computation hypotheses and
interpret any learned parameters associated to them. A common compu-
tational candidate derived from observed neurophysiology phenomena
is gain modulation (i.e. suppression or facilitation) of neural responses
(Fu et al., 2014; Lee et al., 2013; Pi et al., 2013; Polack et al., 2013; Zhang
et al., 2014), which is evoked by additional stimuli within the receptive
field of neurons (Busse et al., 2009; Carandini & Heeger, 2012), context or
surrounding stimuli outside the receptive field (Cavanaugh et al., 2002a),
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or top-down influences such as attention (Reynolds & Heeger, 2009).
Normalization — as in dividing the activity of neurons by the activity
of others — has been proposed as a canonical computation that could
account for these phenomena (Carandini & Heeger, 2012), but many of
the details of how it could work under natural image stimulation are un-
known. Our work in Burg et al. (2021) discussed in Chapter 2 shows how
explicitly implementing normalization in an end-to-end trained CNN-
like model sheds light on the nature of normalization in V1. Follow-up
work has included these type of nonlinearities on image classification
tasks showing robustness benefits (Cirincione et al., 2022).

1.4.3 RA3: Analysing predictive models

While deep models are more accurate than classical LN (or GLM) mod-
els, they lack a straightforward interpretation of the neurons’ feature
selectivity. Although they are usually viewed as black-boxes, a clear ad-
vantage over studying the representations in the brain is that we we can
run virtually unlimited experiments on these models and propagate gra-
dients through them. In an effort to improve human understanding of
the learned representations of data-driven models and generate testable
hypothesis, computational neuroscientists have relied on probing mod-
els in-silico with artificial stimuli to replicate known (nonlinear) phenom-
ena, and visualizing training set or gradient-based synthesized inputs.

In-silico experiment using parametric stimuli produce tuning curves
that unveil discrepancies between trained models and recorded neu-
rons, and can potentially shed light into the overall functional organi-
zation of the visual system. Differences between the model’s behavior
and known nonlinear electrophysiology phenomena helps us fix models
— a hallmark of what it would mean to understand a model. Moreover,
these differences facilitate discriminating different, but equally perform-
ing, models on our limited experimental data. Work discussed in this
dissertation Burg et al. (2021) showed how stimuli consisting with over-
lapping gratings with varying contrast unlocking cross-orientation in-
hibition nonlinearities in the brain (Carandini & Heeger, 2012) can be
capture by one class of models, but not by others, although these mod-
els” performance was similar. In a similar way, Maheswaranathan et al.
(2023) used showed how the layers of a CNN trained on retinal gan-
glion cell outputs revealed that many nonlinear retinal computations
are engaged in natural scenes including fast contrast adaptation, latency
coding, motion reversal, motion anticipation, omitted stimulus response
and object motion sensitivity. Beyond validating models and producing
testable hypotheses, tuning curves from in-silico experiments provide a
way to characterize the functional organization of a sufficiently large
sample of recorded neurons. For example, Ustyuzhaninov et al. (2022)
replicated battery of classical electrophysiology experiments probing for
selectivity to orientation and phase, and nonlinear response properties
like cross-orientation inhibition, size-contrast tuning, and surround sup-
pression to show how these properties are distributed across different
candidate cell types.
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Feature visualizations have been a popular way to analyze the repre-
sentations of trained CNNs on object recognition (Cadena et al., 2018;
Erhan et al., 2009; Nguyen et al., 2016; 2017; Olah et al., 2017) and used
to characterize the preferred feature stimulus of neurons in different
cortical visual areas (Bashivan et al., 2019; Cadena et al., 2018; Ding et
al., 2023; Pierzchlewicz et al., 2023; Ponce et al., 2019; Tong et al., 2023;
Walker et al., 2019; Willeke et al., 2023). In addition to making qualita-
tive judgements about the resulting synthesized images, these images
were validated in-vivo by displaying them back to the neurons (Bashivan
et al.,, 2019; Ding et al., 2023; Walker et al., 2019; Willeke et al., 2023).
These studies showed that model-based synthesized stimuli indeed ex-
cite real neurons maximally, proving the ability to control aspects of the
system we aim to understand. One meaningful clear conclusion from
this like of work is that unlike macaque V1, mouse V1 exhibit prefer-
ence for complex features that occur frequently in natural scenes but
deviated strikingly from Gabor-like functions (oriented edge detectors)
(Walker et al., 2019). Beyond characterizing neurons with a single image
that drives them most, other work (Cadena et al., 2018; Ding et al., 2023;
Willeke et al., 2023) has focused on identifying what aspects of the stim-
ulus the neurons become invariant to. We elaborate more on this line of
work in Chapter 2.

1.5 RESEARCH QUESTIONS

We identified three research approaches (RA1,RA2, RA3) to use deep
learning methods to gain insights about aspects of visual cortical pro-
cessing. Here, we enumerate research questions associated to these ap-
proaches that stem from gaps in knowledge at the moment we started
addressing them. Notably, there were other questions answered in our
work as part of solving these main questions. Other important research
questions associated to these approaches were addressed in collabora-
tion with colleagues, but not discussed in this dissertation. Fig. 1 pro-
vides an overview of these questions relate to both research approaches,
and the publications discussed in this dissertation.

Goal-driven modeling of neural responses (RA1)

The recent success of task-driven modeling (Yamins & DiCarlo, 2016)
at predicting neural responses in high visual areas of the visual ven-
tral stream like V4 and IT (Yamins et al., 2014a) begged the question of
their effectiveness at predicting other sensory areas. Classical models on
primary visual cortex — arguably the most widely studied cortical visual
area — still left a large fraction of the variance unexplained under natural
image stimulation (Olshausen & Field, 2005). Our first research question
followed naturally from these:

Research question No. 1: Do the features learned by CNNs trained on
object classification predict macaque V1 responses to natural stimuli?

An strong observation of goal-driven models in the primate ventral
stream (Cadena, Denfield, et al., 2019b; Cadieu et al., 2014b; Kriegesko-
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rte, 2015; Yamins et al., 2014a), and other sensory areas like auditory
cortex (Kell et al.,, 2018) was the hierarchical correspondence between
layers of the network and cortical areas in the brain exhibiting a gra-
dient of complexity. Existing neurophysiology and anatomical work on
the rodent brain has determined that there are clear visual cortical areas,
but has not converged to a clear hierarchical ordering of them that cor-
respond to the primate ventral stream and its role on object recognition.
The unclear functional organization of mouse visual areas motivated the
following question:

Research question No. 2: Can we unveil a hierarchical organization of
mouse visual areas using CNNs trained on object recognition?

Object recognition has been the predominant task driving transfer
learning models of visual areas (Schrimpf et al., 2018). However, there
may be other useful visual tasks that the brain may need to solve to sup-
port various downstream behaviours. At the same time, the functional
role of mid-level areas of the visual ventral stream like area V4 are not
as well understood as primary visual cortex, but there is evidence of its
involvement on 2D shape and texture boundary (Pasupathy & Connor,
2001; Pasupathy et al., 2020) and 3D processing (Srinath et al., 2021). In
order to better characterize the functional role of area V4 from a nor-
mative point, and taking advantage of multi-task labeled datasets and
models from the computer vision community (Zamir et al., 2018), we
asked the following question:

Research question No. 3: How well do tasks beyond object classifica-
tion (e.g. 3D, Geometric, 2D) predict macaque V1 and V4 responses to
natural stimuli?

Once we were able to characterize V4 (and V1 for comparison) with
a pattern of predictive performances from multiple models trained on
various computer vision tasks, we found that some seemingly different
tasks yielded comparable performances. This observations led to the fol-
lowing question:

Research question No. 4: Do different task representations explain the
same aspects of V4 stimulus-driven variability?

Embedding knowledge into models” architectures (RA2)

Primary visual cortex is the most studied cortical visual area so it is a
great place to start investigating how to incorporate prior knowledge
into deep predictive models to gain meaningful insights. A wide range
of nonlinear neurophysiology phenomena associated to local gain con-
trol has been explained with divisive normalization, suggesting that this
computation may be a fundamental, canonical computation in sensory
cortex (Carandini & Heeger, 2012; Miller, 2016). However, it is still un-
clear how normalization acts in settings beyond simple parametric stim-
uli like gratings or grids with varying contrasts (Carandini et al., 1997).
We then asked ourselves the following question:
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Research question No. 5: How can we characterize divisive normaliza-
tion in V1 under natural image stimulation with data-driven models?

Analyzing predictive models (RA3)

To validate insights that we extract from data-driven models in terms
of their biological relevance, we can verify that they reproduce known
phenomena. Cross-orientation inhibition is an prominent nonlinear phe-
nomenon observed in primary visual cortex where the response of a
neuron to a preferred grating stimulus within its receptive field is sup-
pressed by overlapping it with another grating at would not elicit re-
sponses on its own (DeAngelis et al., 1992; Freeman et al., 2002; Heeger,
1992a; Morrone et al., 1982). Given that we had trained multiple models
based on Gabor filter banks, CNNs, and CNN networks with divisive
normalization nonlinearities on V1, we asked the following question:

Research question No. 6: Do data-driven models of V1 responses to
natural images capture cross-orientation inhibition?

Feature visualization approaches have been focused on maximally
driving neurons, and making mostly qualitative assessments on what
individual units in CNNs prefer (Cadena et al., 2018; Erhan et al., 2009;
Nguyen et al.,, 2016; 2017; Olah et al., 2017). Beyond selectivity, invari-
ance to stimulus features is critical in a lossy, hierarchical system sup-
porting complex tasks like object recognition. Like in the visual ventral
stream, our understanding of what invariances are learned throughout
convolutional networks trained on object recognition is poor. To develop
methods that reveal invariances in deep predictive models of neural re-
sponses (and thus build hypotheses of those in the brain), we first asked
ourselves:

Research question No. 7: How can we interpret the invariances learned
in early-to-mid layers of CNNs trained on object recognition?

1.6 PUBLICATIONS

Our collaborators and I addressed these research questions in multiple
papers that I list bellow.

Publications included in this dissertation

The five publications below — three journal articles, one conference paper,
and one conference workshop paper— form the body of this dissertation.
The reader can find these publications in full in the Appendix of this
dissertation together with a statement of author contributions. A sum-
mary of the motivation, results, and discussion sections of each paper
are included in Chapter 2.
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RESULTS

2.1 TASK-DRIVEN MODELING OF MACAQUE V1

Cadena, Santiago A, Denfield, G. H., Walker, E. Y., Gatys, L. A,
Tolias, A. S., Bethge, M., & Ecker, A. S. (2019). Deep convolutional
models improve predictions of macaque v1 responses to natural
images. PLoS computational biology, 15(4), e1006897

Motivation

Classical approaches to model primary visual cortex (V1) based on LN
and energy models incorporating insights from Hubel & Wiesel’s work
(like simple or complex cells) predicted well responses to simple, para-
metric stimuli like Gabor patches (Adelson & Bergen, 1985a; Heeger,
1991; Jones & Palmer, 1987), but they failed to account for neural re-
sponses to natural images (Olshausen & Field, 2005; Talebi & Baker,
2012). Existing attempt based on LN-LN cascades with (convolutional)
subunits (Rust et al., 2005a; Vintch et al., 2015a) or handcrafted wavelet
representations like Gabor filter banks (GFB) (Willmore et al., 2008) out-
performed LN models, but still fall short at capturing nonlinearities un-
locked with natural stimulation and are largely limited by the amount
of available experimental data.

In this paper, our goal was to build models that capture these nonlin-
earities and improve predictions of V1 responses to natural stimuli using
convolutional neural networks, following their success in a wide range
of tasks (LeCun et al., 2015). Following the success of similar work ap-
plied to different brain areas or species, we investigated how well fully
end-to-end data-driven approaches (Antolik et al., 2016; Batty et al., 2016;
Klindt et al., 2017; Mclntosh et al., 2016), and task-driven approaches
based on CNNs trained on image classification (Yamins & DiCarlo, 2016)
predict single-cell recordings from macaque V1. Moreover, we wanted
to compare these and classical approaches on the same benchmark com-
posed of stimuli capturing varying levels of higher-order statistics of
natural images, and determine the point in the hierarchy within object
recognition CNNs where V1 has a stronger match.

Results

We recorded 166 well-isolated V1 neurons from two awake, fixating
macaques in response to thousands of natural images that were flashed
one after the other for 6oms. The set of stimuli contained gray-scale
samples from the ImageNet dataset (Russakovsky, Deng, Su, Krause,
Satheesh, Ma, Huang, Karpathy, Khosla, Bernstein, et al., 2015a) along
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with textures synthesized from these images using a texture synthesis
algorithm (Gatys et al., 2015) that retained up to different levels of high-
order statistics. We linked images to neural responses by counting post-
stimulus spikes, using these pairs to train and evaluate our models.

Our goal-driven model, utilizing VGG1g9 features (Simonyan & Zisser-
man, 2014), featured a GLM readout with crucial readout regularizations
for improved performance. Peak predictive performance emerged at an
intermediate layer, about a fourth into the network. We also fitted an end-
to-end CNN with a factorized readout (Klindt et al., 2017), including a
flexible pointwise nonlinearity for improved performance. Performance
plateaued after three convolutional layers as measured by FEVE.

Both data and task-driven models performed similarly, explaining
around half of the explainable variance. These CNN models outper-
formed LN and GFB-based GLM models. However, the GFB reached
89% of the VGG-based model’s FEVE. We found that individual neu-
ron performance lacked correlation with classical tuning properties ob-
tained in-silico. Moreover, both deep learning models effectively general-
ized across diverse stimulus domains (when using stimuli with varying
degrees of natural image statistics). Furthermore, the data-driven model
proved more sensitive to training data volume, as its performance drops
compared to the goal-driven model when trained with only a fifth of the
data.

Discussion

In line with work on higher areas of the ventral stream like V4 or IT
(Cadieu et al., 2014a; Khaligh-Razavi & Kriegeskorte, 2014b; Yamins et
al., 2014a), task-driven (and also data-driven) models set the state-of-the-
art at predicting V1 responses. While object classification may not suffi-
ciently constrain the representations to replicate the brain at a mechanis-
tic level, we found that this goal leads to useful features for V1, despite
V1’s usefulness in other downstream tasks.

Human fMRI studies established hierarchical correspondence between
pretrained CNN layers and the visual cortex, linking V1 to the earli-
est convolutional layers (Giiclii & van Gerven, 2015; Kriegeskorte, 2015).
Contrary to this, our electrophysiology recordings with a deeper net-
work (VGG19) revealed that V1 is better explained by features from lay-
ers multiple nonlinearities away from pixels (around a fourth into the
network). This challenges the traditional approach of using one or two
nonlinear transformations for Vi modeling and suggests the potential
match between the earliest CNN layers and computations performed by
the retina or LGN, consistent with findings that shallow models effec-
tively capture their responses (Mclntosh et al., 2016).

Our work still leaves unanswered the question about what specific
nonlinearities are captured by the deep learning models over those present
in the GFB energy model. We investigated whether the delta in perfor-
mance for individual neurons was correlated to orientation tuning or
phase invariance, but found no significant relationship. Based on classi-
cal electrophysiologists” work, clear candidates include divisive normal-
ization and over-complete sparse coding-induced nonlinearities. How-
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ever, there are not yet models applicable to natural stimuli that incorpo-
rate such nonlinearities. We leave for future work building these models
and comparing them with our current state-of-the-art.

Our models leave roughly half of the explainable variance unexplained.

Collecting datasets with larger sets of stimuli and neurons, along with in-
corporating inductive biases like recurrent connections, divisive normal-
ization, or features learned for other tasks beyond object classification
are promising directions to improve alignment with V1 representations.

2.2 TASK-DRIVEN MODELING OF MOUSE VISUAL AREAS

S. A. Cadena, Sinz, F. H., Muhammad, T., Froudarakis, E., Cobos,
E., Walker, E. Y., Reimer, J., Bethge, M., Tolias, A., & Ecker, A. S.
(2019). How well do deep neural networks trained on object recog-
nition characterize the mouse visual system? Advances in Neural
Information Processing (NeurIPS) Neuro-Al Workshop

Motivation

What is the function of the multiple visual areas of the mouse brain?
Over the last 50 years, researchers have identified that like in the primate
brain, there are several retinotopic visual areas across the rodent brain
(Dréger, 1975; Garrett et al., 2014; Wang & Burkhalter, 2007; Zhuang et
al., 2017). Traditional efforts to bring functional characterization to these
areas has been limited to the tuning of many of their neurons to variables
of parametric stimuli (Andermann et al., 2011; Ayzenshtat et al., 2016;
Glickfeld et al., 2013; Marshel et al., 2011; Roth et al., 2012; Tohmi et al.,
2014). However, we lack a functional description of what these areas do
in the context of a high-level visual task nor how they are organized to
facilitate complex visually-guided behaviors. In contrast to the primate
visual system, it is still unclear if there are object-processing pathways
like the ventral stream across multiple areas in the mouse cortex nor the
existence of parallel processing pathways.

Following the success of CNNs at predicting responses in primate vi-
sual areas (Gligli & van Gerven, 2015; Kriegeskorte, 2015; Yamins et al.,
2014a), we wanted to evaluate their functional match to mouse visual
areas. Besides, these networks could shed light into the functional orga-
nization of mouse visual areas as they have successfully identified com-
plexity gradients across areas in the ventral stream and human auditory
cortex (Kell et al., 2018) — a signature of hierarchical organization.

Results

We recorded thousands of excitatory neurons in mouse visual areas
V1, LM, AL, and RL in response to thousands of natural images using
a large-field-of-view, two-photon mesoscope. Simultaneously, we also
recorded the pupil’s position and dilation, and the running speed of the
animal. We build models for each area by reading out from VGG16 lay-
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ers (Simonyan & Zisserman, 2014) using the spatial transformer readout
(Sinz et al., 2018). In contrast to monkeys, mice do not fixate, so we cor-
rected for eye-movements by learning a nonlinear transformation of the
measured pupil’s location. Finally, we modulated the output of the read-
out with a learned nonlinear mapping of the measured pupil dilation
and running speed of the animal (Sinz et al., 2018).

We found that optimizing the input resolution of the images (the num-
ber of pixels covering a degree of visual angle) was critical to find the
best predictive layers for each area. Importantly, we found no clear hier-
archical correspondence between layers and areas in the mouse brain —
Vi1, AL, and RL matched best with the same layer, while LM with one
layer before that. Nevertheless, the VGG16-based model outperformed
classical (shallower) models consisting of subunit energy models with
Gabor quadrature pairs — same as the GFB from Cadena, Denfield, et
al. (2019b)-, reaching 70-78% of the oracle correlation (the noise ceiling).
Surprisingly, we found that replacing the original weights of VGG16
with randomly initialized weights, and then only learning the readout
weights yielded similar performance to VGG16 features. We found that
the number of linear-nonlinear (LN) layers —rather than the training
objective— was critical to best match neural activity across all visual ar-
eas.

Discussion

Our work stresses that to draw conclusions about end goals in neural
system identification studies with task-driven approaches, it is impor-
tant to include random nonlinear features as baselines. Our results also
caution against strong conclusions about object categorization as a pri-
mary driver of representations in the mouse visual cortex, despite high
predictive performance. In our analysis, the critical factor influencing
well-predictive representations was the number of LN transformations.

When optimizing over input resolutions we found no strong hierar-
chical correspondence between CNN layers and visual areas. Although
the functional organization of the mouse visual areas might be different
to that of the primate —or we simply did not image all of the relevant
object-processing visual areas in the mouse visual cortex— our findings
do spark concerns whether previously identified hierarchical correspon-
dence would be present once input scale is taken into account.

Overall, our findings do not fully exclude the existence of object pro-
cessing pathways across the mouse visual cortex, nor a hierarchical or-
ganization of the visual areas. Nevertheless, they reveal that goal-driven
approaches based on object classification do not provide the right ap-
proximations to describe representations in the mouse visual cortex. We
hypothesize that relevant ethological visually guided tasks involving dy-
namic stimuli (e.g. pray capture tasks (IHoy et al., 2016)) could be more
fruitful.
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2.3 DIVERSE TASK-DRIVEN MODELS OF MACAQUE V4 RESPONSES

Cadena, Santiago A, Willeke, K. E, Restivo, K., Denfield, G., Sinz,
F. H., Bethge, M., Tolias, A. S., & Ecker, A. S. (2024). Diverse
task-driven modeling of macaque v4 reveals functional special-
ization towards semantic tasks. PLOS Computational Biology, 20(5),
€1012056

Motivation

The functional role of area V4 in primate visual information processing
is unclear. Over the last decades, electrophysiologists have recorded its
responses to parametric stimuli to identify what features of the stimulus
V4 neurons are tuned for. This line of research has been fruitful as it
unveiled V4’s tuning in a high-dimensional space that enables the en-
coding of shapes and surface characteristics of objects in the world (Kim
et al., 2019; Pasupathy & Connor, 2001; Pasupathy et al., 2020). However,
this approach is limited by the available experimental time to test all
the different stimulus features that could be relevant for V4. Moreover,
there may be nonlinear aspects unlocked by natural stimuli that may be
missed with these approaches.

A tending approach to rather characterize V4 function from a norma-
tive point of view by predicting neural responses to natural images with
CNNs trained on object classification (Bashivan et al., 2019; Cadieu et
al., 2014b; Pospisil et al., 2018; Willeke et al., 2023; Yamins et al., 2014a),
or self-supervised training objectives (Zhuang et al., 2021). The partial
success of these approaches have been taken as evidence of V4’s role in
object processing, but the extend to which accurate predictions are due
to this training objective is still an open question — do other computa-
tional goals beyond object classification explain V4 responses well? If so,
do they explain aspects of V4 function different than those explained by
object recognition driven features?

Results

We used the representations learned by CNNs trained on 23 different
visual tasks from the taskonomy project (Zamir et al.,, 2018) to predict
hundreds of single-cell responses to thousands of natural images from
macaque areas V1 and V4. These networks shared the same architecture
and training data so any predictive performance differences we observe
across task networks can be attributed to the training objectives alone.
We built models using a point readout (Lurz et al., 2021) for each visual
area, taskonomy network, and layer, and optimized the input scale to
identify the best matching layer.

We found that indeed V4 was better explained by a higher layer than
V1 across models. Moreover, the two best predictive models of V4 were
the two semantic classification tasks: scene and object classification. In
contrast to V4, we found that V1’s top predictive models were more
diverse and not specifically tied to semantic-related tasks coming also
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from 3D and 2D related task groups. The features of task-trained models
predicted V4 responses much more poorly than V1, although the noise
ceilings of both datasets were comparable. Nevertheless, most models in
V4 and all models in V1 significantly outperformed a random untrained
baseline. We found that the choice of task in V1 was less detrimental to
performance than in V4 evidenced by the latter’s higher variance in task
performances compared to the former’s. Similarly, at a coarser level (i.e.
grouping tasks into semantic, 3D, 2D, and geometric) we found that the
specialized role of V4 towards semantic tasks was also prevalent.

By building models that jointly read out from pairs of tasks, we found
that non-semantic tasks contribute useful nonlinearities beyond those
captured by individual semantic classification tasks, as they improved
performance over any individual task baseline. 2D keypoints, and any
semantic task were consistently among the top performing pairs for V1
and Vy, respectively, suggesting that these tasks capture critical portions
of the variance in these areas.

Finally, we evaluated imagenet-trained models with various architec-
tures, data augmentation strategies, and supervised and self-supervised
training objectives. We found that data-rich, and robust models are the
most critical factors driving better models of V1 and V3.

Discussion

Our predictive modeling approach provides another lens on how we can
better understand V4 function based on the patterns of predictive per-
formance across diverse tasks. Our results support prior indications that
semantic objectives, such as object classification, strongly influence rep-
resentations aligning with ventral stream responses. We also unveiled a
distinct task specialization in V4, emphasizing its affinity for semantic
tasks compared to the more versatile representations in V1. However,
our work also highlights valuable contribution of non-semantic tasks at
predicting V4 responses, suggesting that they can capture useful nonlin-
earities beyond those in individual semantic tasks.

In agreement with novel work focusing on single-neuron’s solid shape
coding (Srinath et al., 2021), we found a strong association between V4
and 3D visual processing. This carries significance as it goes beyond clas-
sical descriptions of V4 focusing on flat shape processing (Pasupathy &
Connor, 2001; Pasupathy et al., 2020), and suggest a promising research
avenue to understand the relationship between normative accounts of
V4 at the population level and individual cell properties. At the same
time, V1’s strong match to 2D task features (e.g. Edge detection, 2D
Keypoints) aligns with classical views of V1 function. However, other
semantic objectives and ImageNet-trained CNNs showed strong perfor-
mances too. Inline with recent work (Cadena, Denfield, et al., 2019b;
Dapello et al., 2020), these results emphasize the ability of semantic ob-
jectives to induce orientation selectivity and nonlinear phenomena like
cross-orientation inhibition (Burg et al., 2021) in its early layers.

We hypothesize that the low V4 performance values (compared to
V1 at least) are due to 1) our experimental design maintaining image
sequences that do not remove history effects that are likely stronger in
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V4, and 2) the distribution discrepancies between stimulating images
and the taskonomy training set of images. Future models accounting for
dynamic effects are promising way to improve performance (Kietzmann
et al,, 2019). We also noticed that the performance differences across
tasks were small, but likely carry consequential conclusions because 1)
we found a structured pattern of tasks performance consistent with prior,
2) a substantial fraction of neurons were better explained by one task
group vs another across group comparisons, and 3) there is evidence
in V1 showing that small differences can carry meaningful implications
about the ability of models to capture phenomena (Burg et al., 2021).

In agreement with work on V1 (Dapello et al., 2020), we found that
robustness to adversarial perturbations of models trained on large-scale
labeled datasets yield the top predictive performance on V1 and V4. This
is also aligned with work supporting the converse: task-trained CNNs
that are simultaneously trained to match neural responses tend to be
more robust to input perturbations (Safarani et al., 2021).

Overall, diverse normative approaches provide another way to func-
tionally characterize brain areas. Promising future work lies at the inter-
section with in-silico experiments of single cells to facilitate the genera-
tion of hypotheses about tuning directions. Clear candidates to do this
involve maximally exciting images (MEIs) (Bashivan et al., 2019; Walker
et al.,, 2019; Willeke et al.,, 2023), diverse exciting inputs (Cadena et al.,
2018; Ding et al., 2023), and controversial stimuli (Golan et al., 2020).

2.4 LEARNING DIVISIVE NORMALIZATION IN V1

Burg, M. E, Cadena, Santiago A, Denfield, G. H., Walker, E. Y.,
Tolias, A. S., Bethge, M., & Ecker, A. S. (2021). Learning divisive
normalization in primary visual cortex. PLOS Computational Biol-
ogy, 17(6), €1009028

Motivation

We have seen that CNNs significantly improved predictions of V1 re-
sponses to natural stimuli over classical and subunit energy models (Ca-
dena, Denfield, et al., 2019b). However, it has been difficult to gain bio-
logical conclusions about the nature of the nonlinearities approximated
by these CNNs beyond those captured by the other, more interpretable,
models. We also don’t know if there are first principles that explain these
nonlinearities nor if they can be described in a compact way in the first
place.

Divisive normalization (DN) is a promising candidate for those non-
linearities (Carandini & Heeger, 2012) where a neuron’s driving input
is normalized divisively by a weighted sum over nearby neurons’ re-
sponses Carandini and Heeger, 2012; Heeger, 1992a. At the same time,
DN can be derived from a redundancy reduction objective (Schwartz &
Simoncelli, 2001; Sinz & Bethge, 2008), and has explained a wide variety
of neurophysiological observations during stimulation with parametric
stimuli (Sawada & Petrov, 2017) both within the receptive field (Busse
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et al., 2009; Heeger, 1992a; Morrone et al., 1982) and with its surround
(Cavanaugh et al., 2002a; 2002b)

Here, our goal was to understand via data-driven models how divi-
sive normalization (DN) operates under natural image stimulation in
V1, especially regarding interactions between neurons with overlapping
receptive fields.

Results

We developed an image-computable predictive model with DN whose
parameters are learned to optimally predict V1 responses to natural stim-
uli (data from Cadena, Denfield, et al. (2019b)). The model has a core that
takes input images and computes a shared feature space implementing
a DN nonlinearity, and a readout that maps this shared space individ-
ually to each neuron. In a nutshell, input images were convolved with
forward filters and then rectified with an exponential nonlinearity to
produce channel outputs. Each of these outputs was then divided by a
weighted sum of all other channel outputs.

We found that our DN model outperforms the subunit energy model
using Gabor quadrature pairs (GFB). The DN model’s improvement over
this baseline DN model reached half of the gap to the SOTA data-driven
CNN model with three convolutional layers. However, the DN model
achieved this with significantly less parameters than the CNN.

Do the DN and CNN models trained on natural images reproduce
nonlinear behaviors found by electrophysiologists? We identified the op-
timal Gabor stimulus for every neuron and overlapped it with a simi-
lar Gabor but orthogonal orientation and varying contrast. Such stim-
uli yield nonlinear phenomena in real neural responses, namely cross-
orientation inhibition (Heeger, 1992a). We found that the DN and the
CNN models indeed exhibit this phenomenon. Although the perfor-
mance improvement of our DN model over the GFB model was roughly
3% of the fraction of explainable variance explained (FEVE), we found
that the GFB model did not capture cross-orientation inhibition.

We then investigated the learned parameters of the DN core and found
that normalization within the receptive field is feature-specific: the for-
ward features showing orientation tuning are normalized more strongly
by other forward features with similar orientation tuning. To test gener-
ality, we measured the cosine similarity between all pairs of forward
filters and found that more similar features contribute preferentially
(with higher weights) to normalization. To determine the importance
of orientation-specific normalization, we learned a similar DN model
where the normalization weights were shared across features. This non-
specific DN model yielded poorer accuracy, favoring feature-specific DN
normalization.

Finally, given that surround suppression is known to be orientation-
specific as well (Cavanaugh et al., 2002a; Coen-Cagli et al., 2015), a po-
tential concern is that we are capturing contributions from the extra-
classical surround of a unit’s receptive field. We ruled this out using
in-silico experiments where the stimulus for a unit was its optimal Ga-
bor grating masked with a circular aperture that was progressively in-
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creased in diameter until it fully extended into the surround. We found
for almost all neurons that there was no suppression by stimulating the
surround.

Discussion

Our results showed that CNNs do not simply approximate biological
heterogeneities on top of energy-based model feature spaces, but that
they capture nonlinear functions of biological relevance like DN. This
was revealed by the cross-orientation inhibition phenomena observed
in DN and CNN, but not GFB models. Therefore, small performance
differences may carry meaningful discrepancies about capturing biolog-
ical phenomena, suggesting that candidate models should be verified
in-silico with existing knowledge beyond simply testing for accuracy.
Consequently, the higher performance of the CNN with respect to the
DN model suggests that there could still be important nonlinearities ap-
proximated by the CNN that we have yet to account for with compact
descriptions — if there are any.

By inspecting the learned parameters of the DN model, we found ev-
idence for feature-specific normalization, which somewhat contradicts
some of the existing work that uses simpler stimuli like combinations
of driving and masked gratings (DeAngelis et al., 1992; Morrone et al.,
1982). Some studies found phenomena that are predominantly explained
by nonspecific normalization Heeger (1992b), some encountered only
weak orientation-specific phenomena in only relatively few cells (Bonds,
1989; DeAngelis et al.,, 1992), and some proposed effective quantitative
models assuming nonspecific normalization, but did not compare with
an orientation-specific alternatives (Busse et al., 2009). These apparent
discrepancies could be attributed to the use of natural stimuli — our work
is the first to develop a quantitative analysis of orientation-specificity on
a dataset of spiking neurons containing natural images. However, our
conclusions do agree with models derived from classical psychophysics
data that required orientation-specific divisive normalization to capture
data on contrast detection and discrimination, and oblique masking (Itti
et al.,, 2000; Schiitt & Wichmann, 2017). Additionally, seminal work de-
rived DN-like mechanisms from first principles of efficient coding (Bar-
low, 1961) and suggested that normalization should be stronger for neu-
rons with higher dependencies. Orientation-specific normalization has
been also supported by recurrent sparse coding models that reproduce
phenomena like cross-orientation inhibition (Zhu & Rozell, 2013).

Promising research directions following our work include investigat-
ing interactions between the receptive field and its surround, and how
orientation-specific normalization is implemented by the connectivity of
neurons in V1.
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2.5 UNVEILING INVARIANCES WITH DIVERSE FEATURE VISUALIZA-
TIONS

Cadena, Santiago A, Weis, M. A., Gatys, L. A., Bethge, M., &
Ecker, A. S. (2018). Diverse feature visualizations reveal invari-
ances in early layers of deep neural networks. Proceedings of the
European Conference on Computer Vision (ECCV), 217-232

Motivation

CNN s are now widely used in scientific disciplines so there is growing
interest in understanding the representations they learn. A popular ap-
proach relies on visualizing input features that activate the CNN units
maximally. While this gives intuitions about a unit’s selectivity, it is still
a very incomplete picture of its computations. Beyond selectivity, an im-
portant computational is invariance - the unit’s tolerance for specific
feature transformations. For example, the differentiating trait between
simple and complex cells is not their selectivity (which could be the
same), but invariance to phase shifts.

Recent approaches applied to units in the highest layers of a CNN
have either visualized the top activating natural image patches (Erhan et
al., 2009; Zeiler & Fergus, 2014) or synthesized and visualized maximally
activating stimuli from different initializations (Mahendran & Vedaldi,
2016; Nguyen et al., 2016; 2017) to get an idea of invariance. We be-
lieve and show in this work, that these approaches may underestimate
the true diversity of selectivity, even for early layer units. Other work
(Goodfellow et al., 2009) studied invariances in deep neural networks
by quantifying a unit’s response to parametric changes in the stimulus
(e.g. translation, rotation, or scaling), not allowing the discovery of novel
transformations. Here, our goal was to visualize, characterize, and quan-
tify the types of invariances learned in the early layers of CNNs trained
on object classification by developing a method that effectively maps the
manifold of highly activating inputs.

Results

We proposed a loss function with three terms that we maximize to simul-
taneously synthesize a batch of images that all highly activate a CNN’s
hidden unit. The first term is the sum of the unit’s responses to the im-
ages, the second is a diversity term consisting of the minimum euclidean
distance between any pair of images (or their representations), and the
third is a natural image prior that acts as regularization. The later was
Pixel CNN++ (Salimans et al., 2016), an autoregressive model trained to
model the distribution of natural images that ultimately improved the
perceptual quality of the images we synthesized.

We tested our approach on a toy simulation of a complex cell (with
known phase invariance) and successfully recovered Gabor functions
with equal tuning but different, well-spaced, phases. These results would
have not been possible if we removed the diversity term and relied solely
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on random initializations. We then applied our method to VGG-19 (Si-
monyan & Zisserman, 2014) and found that units in its early convolu-
tional layers exhibit response invariances: there were diversity penalties
that led to batches of images that all highly activated the unit with signif-
icant diversity. These invariances appear to be a learned property of the
network — a network with matching architecture and random weights
showed little activation tolerance for increases in diversity.

We identified two types of units based on visualized invariances: tex-
ture detectors and shape detectors with tolerance to localized shifts. Tex-
ture type of units showed invariance to global shifts of the same pattern.
We quantified this invariance by synthesizing a larger image where over-
lapping patches optimized the unit’s activity. We computed the ratio be-
tween the average activity of crops of this larger image and the average
activity of the images synthesized with our first method (the templates).
A higher ratio of this texture index implied tolerance for global shift
changes. On the other hand, shape detectors showed invariance to local
diffeomorphic transformations of the stimulus. We quantified this invari-
ance by using a set of the convex hull of the template images. If a unit
is tolerant to local changes, it shows higher tolerance for linear combi-
nations of highly exciting images —even if the resulting images are very
different at the pixel level with respect to the templates. We computed
the ratio between convex-hull images and the templates. A high ratio
of this shape index implied high selectivity for a shape, but tolerance
for localized shifts. We found that these two metrics were anticorrelated
across layers in VGG19. We further tested if these invariances generalize
to other networks like Resnetso (He et al., 2016) and found that it has
a much fewer texture units compared to VGG, while most units exhibit
higher tolerance to linear combinations of template images.

Finally we applied our method to a three-layer CNN from Cadena,
Denfield, et al. (2019b) trained end-to-end to predict macaque V1 re-
sponses to natural images. Our method unveils known simple and com-
plex cell types.

Discussion

Overall, we found that early layers of VGG19 exhibit invariance to global
texture-preserving transformations and invariance to local shape-pre-
serving transformations and quantified them. In contrast, Resnetso did
not show shift invariance. We hypothesized that this may be a potential
reason why most texture synthesis (Gatys et al., 2015) and neural style
transfer approaches (Gatys et al., 2016) rely mostly on VGG-like features
instead of Resnet.

Our method is a promising tool for describing representations in bio-
logical neurons. Although complex cells can be identified using classic,
specifically designed stimuli or analysis methods relying on quadratic
features like spike-triggered covariance (Rust et al., 2005b), our non-
parametric method could uncover other types of invariances beyond
them. Since we don’t observe such additional invariances, our results
don’t suggest other major features that macaque V1 could be invariant
to.
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Deep learning is an undeniably powerful tool for science at large. How-
ever, scientists are still finding out ways to derive meaningful insights
from deep learning models trained on input-output pairs. In this disser-
tation, we presented five projects that address questions about neural
processing in the visual cortex. While there are many different lenses
through which our work can be viewed, we framed these projects and
the questions they answer in three main research approaches: goal-driven
modelling (RA1), embedding knowledge into model architectures (RA2),
and analyzing trained models (RA3).

First, we addressed RO1 and showed that models trained on object
classification facilitate unprecedented predictions of neural responses in
V1, with comparable results to models trained end-to-end to fit the data
(Section 2.1). Since our results outperformed classical models of V1 in-
cluding energy models based on Gabor filters, we wondered about the
nature of the nonlinearities that deep predictive models learn beyond
them. We hypothesized that nonlinearities associated to divisive normal-
ization were a good candidate and built end-to-end data-driven models
that explicitly implement this nonlinearity, addressing ROs5. We found
that DN models did not outperform CNNs, but they did outperform
classical models, halving the gap between them and CNNs with far less
parameters (Section 2.4). Moreover, with the help of in-silico experiments,
we addressed RO6 and found that both DN and CNN models (but not
classical GFB models) captured cross-orientation inhibition, suggesting
that our natural image stimuli elicit divisive normalization nonlineari-
ties.

We also addressed ROz following similar goal-driven methods and
found no correspondence between CNN layers and areas in the mouse
brain in contrast to results in primates (Section 2.2). While we could
not rule out a potential hierarchical organization across mouse visual
areas, our results did suggest that object categorization may not be the
right ethological task. This was also supported by the comparably good
performance of nonlinear random features.

Then, we addressed RO3 by characterizing the functional role of macaque
area V4 from a normative point of view, involving relevant visual tasks
beyond object classification (Section 2.3). We found that V4 is indeed
mainly explained by semantic tasks, but that it still bears significant sim-
ilarity with networks trained on other tasks. To address RO, we trained
models that jointly use features from pairs of tasks and found that non-
semantic tasks do capture additional nonlinearities beyond those cap-
tured by individual semantic tasks. However, pairs of semantic tasks
alone perform comparably well as the best pairs involving other tasks.
These results strengthen the semantic role of V4, but also explain Vg4
affinities to 2D and 3D stimulus features that have been characterized
before. Our results motivate future work relating individual neuron tun-
ing properties and high-level functional goals.
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Finally, we addressed RO and developed a method to visualize what
CNN units become be invariant to (Section 2.5). We used this method on
popular CNNs and unveiled invariances to global pattern shifts (texture-
like selectors), and local shape-preserving shifts. These methods revealed
simple and complex cells in monkey V1, and carried significant implica-
tions for ongoing work characterizing more complex invariances existing
in mouse visual areas, and macaque area V4 (Section 3.3).

In this chapter, we focus on three overarching topics that have rapidly
evolved since the publication of our work and are shaping the ongoing
research agenda of computational neuroscientists. We discuss major crit-
icisms to task-driven approaches (Section 3.1), the current conclusions
about task-driven modeling of mouse visual areas for their functional
characterization (Section 3.2), and how (diverse) feature visualizations
are helping us characterize CNN units and neurons in the brain (Section

2.2
3-3)-

3.1 CHALLENGES AND LIMITATIONS OF GOAL-DRIVEN APPROACHES

Three of the research papers presented in this dissertations (Sections ??)
relied on a task-driven approach (Section 1.4.1) to model visual repre-
sentations in the brain. Although many of these models proved useful
by providing unprecedented accurate predictions of neural responses
to natural stimuli (Yamins & DiCarlo, 2016), and enabling the synthesis
of stimuli that maximally drives target neurons (Bashivan et al., 2019;
Ponce et al., 2019; Willeke et al., 2023), there are several limitations
shared by studies that follow this line of work.

The reliance on ever-evolving ML methods and resources

A limitation of studies using task-trained deep neural networks for neu-
ral system identification lies in the reliance on the contemporary state
of machine learning (ML) resources and technologies. The conclusions
drawn from these studies are intricately tied to the specific architectures
and datasets available during the investigation, raising the question of
what might have transpired if more advanced or tailored resources were
employed (although there are a few ongoing attempts to alleviate this
(Kubilius et al., 2018; Mehrer et al., 2021; Qiu et al., 2021)). The dynamic
nature of ML research suggests that unanswered questions persist re-
garding potential outcomes with improved methodologies. Acknowledg-
ing this temporal dependency is crucial, as future advancements in ML
could provide new insights, prompting a reevaluation of conclusions in
light of evolving technologies. For example, recent studies suggest that
performance-optimized object recognition neural networks are evolving
into worse models of IT cortex (Linsley et al., 2024), suggesting that there
are factors at play of the design of DNN models used in earlier studies
that are critical beyond the training objective.
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The combinatorial maze of factors giving rise to DNNs

Task-driven DNNSs are characterized by a multitude of factors, including
the specific dataset used for training, architectural design, training ob-
jectives, initialization methods, and learning algorithms, among others.
The combinatorial explosion of these factors results in an expensive and
nuanced space of possible configurations, making it impractical to com-
prehensively explore all permutations. Many studies, driven by the avail-
ability of existing machine learning models within the community, often
focus on specific facets of DNNSs, such as training objectives, while let-
ting other factors vary. The selective exploration of the parameter space
can therefore raise concerns about the generalizability of conclusions as
they may be confined to specific combinations of factors, limiting the
broader applicability of findings. For example, in the work presented
in Section 2.3, we made an effort to keep multiple variables constant
when comparing a single factor (i.e. training objective), but it is still un-
known how our conclusions would generalize to configurations with
other values (e.g. architecture changes). While insights into individual
components of DNNs are valuable, the challenge lies in disentangling
the joint effects of various factors, emphasizing the need for future re-
search to address the complex interplay within the diverse landscape of
DNN configurations.

Task-driven models behave differently than human perception

A prominent criticism of task-trained DNNs as models of the visual sys-
tem is the growing body of evidence highlighting differences in decision-
making strategies. These differences span the sensitivity of DNNs to
image manipulations like noise (Hendrycks & Dietterich, 2019) or ad-
versarial perturbations (Goodfellow et al., 2014), the DNNs bias towards
textures vs. shapes cues (Geirhos et al., 2019), and the recurrent learning
of shortcuts due to under-specification of computational tasks (Geirhos
et al.,, 2020). Additionally, DNNs fail to replicate the majority of psy-
chophysical measurements of human visual perception, as noted by
Bowers et al., 2023. For example, these models struggle with processing
objectness —a fundamental aspect of visual perception where objects are
perceived as distinct entities from their background. These disconnects
not only show the lack of generalizability of task-trained models but also
raise concerns about their ability to develop a causal understanding of
the visual scenes.

However, there is growing interest in reconciling the behavioral pes-
simism of DNNs with the neural predictivity enthusiasm they have
generated. Despite their limitations, (task-trained) DNNs are our cur-
rent single best tool for modeling visual sensory processing. Several re-
searchers argue that (deep) image-computable models are rather a practi-
cal framework for expressing computational hypothesis and for generat-
ing testable predictions that can continue to improve (de Beeck & Bracci,
2023; DiCarlo et al., 2023; Golan et al., 2023; Wichmann et al., 2023; Yovel
& Abudarham, 2023). In general, most model deficiencies are due to
their training and evaluation in environments that are unrepresentative
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of the real-world complexities encountered by biological agents. High-
lighting this deficiencies serve rather as opportunities for refining our
benchmarks and approaches to continue to make progress. Example re-
search directions involve training on more human-like tasks (Hermann
et al., 2023), improving training data and learning algorithms (Linsley &
Serre, 2023), constraining models for targeted scientific understanding
(Bernaez Timon et al., 2023), and including actions and interactions with
the environment for perception (Rothkopf et al., 2023).

3.2 THE FUNCTIONAL ORGANIZATION OF MOUSE VISUAL AREAS

Following current success on primate data, we tried to identify a func-
tional organization of mouse visual areas (V1, LM, AL, RL) with goal-
driven models trained on image classification (RO2, Section 2.2) and
found no strong signature for hierarchical organization. However, stud-
ies based on circuit tracing and response delay methods suggest that
mouse visual areas may indeed be organized in a hierarchical manner
(D’Souza et al., 2022; Siegle et al., 2021; Wang et al., 2012), although in
a much shallower and interconnected way than the primate visual sys-
tem. In our work, we discussed that our findings did not exclude the
existence of a hierarchy, but rather pointed to the failure of the model
we used (VGG16 trained on ImageNet) to learn relevant features for the
mouse visual system in contrast to primates. This conclusion was also
corroborated by our results showing that VGG16 features exhibited sim-
ilar or only marginally superior performance compared to a randomly
initialized counterpart.

Concurrent papers using VGG16 to model mouse visual areas (de
Vries et al., 2020; Shi, Shea-Brown, & Buice, 2019) and more recent stud-
ies (Conwell et al., 2021; Nayebi et al., 2023; Shi & Malik, 2000; Vinken
& Op de Beeck, 2021) have largely found similar conclusions to ours:
there is a much weaker (if any) signature of hierarchy along areas V1,
LM, AL, RL (Vinken and Op de Beeck (2021) did found a mild one in
rats but along areas V1, LM, LI, TO); the best match to any of these ar-
eas is with mid-level layers of pretrained CNNs instead of high layers
like in primate IT, and deep ImageNet-trained models only show weak
improvements over random baselines in stark contrast to primates.

Why do ImageNet-trained deep models fail to be a good model of the
mouse visual system in contrast to primates? Follow-up work has shown
that the main reasons are 1) model complexity, 2) high input resolution
data streams, and 3) sub-optimal training objective (object classification
with thousands of classes foreign to a rodent). Nayebi et al. (2023) and
Shi and Malik (2000) found that training shallower models that may en-
joy architectural similarities to the target visual system (e.g. recurrence)
are a better match than deep CNNs. Moreover, Vinken and Op de Beeck
(2021) show that early to mid-level layers (and not high layers like in
primates) of pretrained CNNs are the best at explaining both neural
data and observed behavioral experiments (e.g. Djurdjevic et al. (2018),
Vinken et al. (2014), and Zoccolan et al. (2009)), suggesting that shallower
models may be more adequate. Leveraging behavioral findings of the
comparably low rodent visual acuity of ~ 0.5 cycles per degree (Prusky
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etal., 2000), Nayebi et al. (2023) found that reducing the image resolution
used for pretraining CNNs yielded strong performance improvements.
Finally, Conwell et al. (2021) and Nayebi et al. (2023) identified that per-
formance on ImageNet and Taskonomy (Zamir et al., 2018) datasets did
not correlate with mouse neural predictivity. Nayebi et al. (2023) found
that contrastive self-supervised training objectives far outperform object
categorization and offer state-of-the-art predictions of mouse visual ar-
eas.

Overall, goal-driven approaches only weakly revealed hierarchical com-
plexity gradients in the areas we considered. Self-supervised objectives
are the most promising direction to both improve the predictive perfor-
mance of neural data, and reveal functional differences across mouse
visual areas. Given the evident success of using mouse-derived knowl-
edge to improve task-driven models, the likely next big bet would be
to train models on data streams that match much better the statistics
of actual natural stimuli experienced by rodents. For example, Qiu et
al. (2021) identified upper and lower visual field specializations in the
mouse retina using recordings of mouse habitat with cameras capturing
dichromatic images (UV and green channels). These stimuli unlock non-
linearities that have already facilitated novel functional characterizations
of mouse V1 (Franke et al., 2022).

3.3 FEATURE VISUALIZATIONS AND INVARIANCES IN CNNS AND
VISUAL CORTEX

In an effort to understand the learned invariances of trained CNNs, we
developed a method to efficiently sample the stimulus manifold that
maximally excites CNN units by simultaneously optimizing a batch of
images with a diversity term (Section 2.5). We applied this method to
early to mid-level layers of popular ImageNet-trained CNNs and un-
veiled invariances to various global pattern shifts (textures), and local
shape-preserving shifts. Although our worked focused on further charac-
terizing these two invariances, our visualizations qualitatively revealed
a rich set of feature selectivity that more often than not carried some low-
level semantic preferences like color, orientation, curvature, patterns, eye-
like features, and more.

The remarkable concurrent work by Olah et al. (2017) revealed vastly
similar-looking features and —with the help of interactive posts https://
distill.pub/2017/feature-visualization/ and tools like https:/ /microscope.
openai.com /- kick-started efforts in the community to improve the in-
terpretability of CNNs. Olah et al. (2017) also simultaneously optimized
multiple facets of units (or more often entire channels) with a different
diversity term than ours involves the similarity between layer Gram ma-
trices of input pairs (resembling methods for texture synthesis (Gatys
et al.,, 2015)). From these diverse visualizations they concluded that in-
dividual facet may not be helpful enough to understand selectivity of
a unit at a semantic level (a single image may suggest preference for a
“dogs head”, but multiple visualizations suggest selectivity for “dog fur”).
Moreover, they found that many units have mixed selectivity between
seemingly unrelated stimulus features (e.g. a unit that responds to both
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cats and cars), and thus concluded that neurons are not necessarily the
right semantic units for understanding neural nets (Olah et al., 2017).
These observations align with our visualizations of random directions
(linear combinations of neurons) yield similar-looking kinds of feature
visualizations as individual CNN units.

Olah, Cammarata, Schubert, et al. (2020b) further proposed that al-
though the field of interpretability and visualizations is largely qualita-
tively, we can rigorously study and understand three main facts about
neural networks: features (any direction as a fundamental unit), circuits
(weighted connections), and universality (analogous features across mod-
els and tasks). Universality bears special significance for studying visual
representations in the brain as it allows us to identify features present
both in ANNSs and the visual system. A clear example is oriented Gabor-
like feature detectors that emerge under a wide range of tasks that have
also been identified in the brain.

What other features may be universal to support vision? Across Im-
ageNet-trained CNNs, our work and Cammarata, Carter, et al. (2020)
points to the prevalence of at least curve detectors (Cammarata, Goh,
et al., 2020) and high-low frequency detectors — a family of early-vision
neurons reacting to directional transitions from high to low spatial fre-
quency (Schubert et al., 2021). In Ding et al. (2023), we applied similar
methods to visualize diverse facets of mouse V1 neurons and found
striking similarities with feature characterizations of CNNSs. In particu-
lar, we found that the neurons’ receptive fields can in general be charac-
terized as having bipartite invariance: one portion of the receptive field
tolerates phase shifts in a texture-like pattern, the other one prefers a
fixed pattern. While high-low frequency in CNNs do show tolerances
to shifts in both high and low parts of their receptive field, the qualita-
tive similarity of mouse V1 features and high-low frequency detectors in
CNN s suggest that these features carry universal computational impor-
tance. Future directions involve understanding how these invariances
are achieved at the circuit level (do these match between CNNs and the
mouse brain?), and the high-level computational goal they serve (e.g.
foreground-background segmentation of naturally occurring videos?).

In addition to feature visualizations of mouse V1 neurons (Ding et
al., 2023; Walker et al., 2019), feature visualizations have been applied
to monkey V4 neurons (Bashivan et al., 2019; Willeke et al., 2023). In
Willeke et al. (2023), we showed that many of the features found by Olah,
Cammarata, Schubert, et al. (2020b) are detected by neurons in Vg (e.g.
oriented fur, eyes, circles, curves, center-surround textures, boundaries).
We also used diverse feature visualizations as a way to learn meaningful
embedding space of highly exciting stimuli for all neurons. This embed-
ding space was learned with a contrastive loss (Bohm et al., 2022) that
tried to bring together the embeddings of diverse highly exciting stimuli
for the same neuron, and pushed away embeddings from other neurons.
This representation space facilitated downstream clustering and charac-
terization of neuron types in V4 and suggested a potential topographic
organization of feature preference based on columns.

Although feature visualization have proven useful to synthesize brain-
relevant stimuli that can drive responses maximally, they have faced
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criticism as a tool for interpretability (Borowski et al., 2020; Geirhos et
al.,, 2023; Zimmermann et al., 2021). Using psychophysical experiments,
Borowski et al. (2020) and Zimmermann et al. (2021) have shown that al-
though they provide some information, humans often struggle to make
sense of visualizations and that highly (or minimally) exciting dataset
samples can be equally or more informative. Moreover, Geirhos et al.
(2023) evaluated whether feature visualizations are reliable (i.e. trustwor-
thy) and found that feature visualizations can be arbitrarily fooled, can
be processed differently from natural images (i.e. follow different paths
in the network), and can only be guaranteed to be reliable if we know
already a lot about the network. An important research agenda moving
forward is to develop methods for reliable feature visualizations (not
necessarily tied to activation maximization) that facilitate interpretations
of computations in artificial and real neurons.
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4.1 HOW CAN WE BUILD BETTER MODELS OF PRIMATE vi?

Olshausen and Field (2005) argued that roughly 85% of the variance
in V1 responses to natural stimulation was still left unexplained by the
best models at the time. Our best CNN models improved over that base-
line and explained up to 54% of the explainable variance of spike-sorted
extracellular responses of macaque V1 neurons to gray scale natural im-
ages. Predictive models on other monkey V1 dataset benchmarks like
the Freeman et al. (2013) on Brainscore (Schrimpf et al., 2018) showed
similar results with top models achieving 0.59 scores. This suggest that
the 40 —50% of the variance that is left unexplained by our current
best goal-driven models transcend idiosyncrasies of particular experi-
mental setups, and may involve meaningful stimulus-driven nonlinear
functions that these models fail to capture.

In order to continue making progress on better V1 models, the field re-
quires established benchmarks that help us measure progress. Examples
like Brainscore (Schrimpf et al., 2018) and the Sensorium competition
(Willeke et al., 2022) bring to system neuroscience a benchmark-driven
mindset that has enabled fast progress in the machine learning commu-
nity. Moreover, prediction benchmarks can be appended with the ability
of models to capture known V1 properties (e.g. Marques et al. (2021)) as
it is currently done in Brainscore. The multi-axis view of an ability of a
model to predict neural responses and capture known properties could
amount evidence for or against a model as a better match for V1.

In this section, I give a high-level overview of promising research di-
rections for better generalizing models of primate V1. These attempts
can fall into the known goal and data-driven perspectives and suggest
ideas for better data streams, model architectures, and objectives.

Goal-driven perspective

There are three main dials that underpin the search space of models:
training objective, data stream, and model architecture. However, cur-
rent evidence suggest that data stream is likely the most promising av-
enue for continued improvements. First, several diverse computer vision
tasks (conditioning on data diet and model architecture) (Cadena et al,,
2024), and self-supervised losses (Zhuang et al., 2021) yield competi-
tive V1 performance. Second, architectures that are more “brain-like"
including recurrence connections (e.g. (Kubilius et al., 2018)) do not out-
perform purely feed-forward counterparts like Renset or VGG networks
(Cadena et al., 2024; Schrimpf et al., 2018).

On the other hand, there is a strong trend that favors data-rich mod-
els -Imagenet models widely outperform CIFAR or Taskonomy-trained
models— that additionally include relevant data-augmentations tolerated
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by V1 responses, like certain adversarial perturbations (Cadena et al,
2024; Dapello et al., 2020; Kong et al., 2022). The power of scale of data-
rich models is also supported by studies that compare CNNs and the
brain at the behavioral level, concluding that models trained on web-
scale datasets partially close the gap between artificial neural networks
and the brain on relevant behavioral benchmarks (Geirhos et al., 2022).

Data-driven perspective

LARGER DATASETS We found that our best end-to-end trained mod-
els do not outperform task-driven models — even when architectures
match. This suggests that our combination of data, training methods,
and objective fail to find better optima despite our regularization schemes.
A straightforward way to improve data-driven models is to simply con-
tinue to collect more data — both in the number of neurons and stimuli.
For example, novel technologies like Neuropixels (Steinmetz et al., 2021)
can facilitate the recording of many more neurons at once. However, we
can continue to include neurons from many sessions and animals, as
it has been shown —at least in mice (Lurz et al., 2021)— that involving
multiple sessions and animals increase a model’s ability to generalize
to unseen neurons and sessions. Even more, there should be efforts to
train models on multiple datasets that are collected across experimental
labs — provided that any “batch effects" are carefully accounted for (e.g.
(Gonschorek et al., 2021)). Going beyond the benchmark and evaluation
of pretrained models like Brainscore, a community effort that also or-
ganizes and open source data from multiple sources are likely effective
ways to converge to better models of V1.

CAPTURE CENTER-SURROUND INTERACTIONS In Burg et al. (2021),
we normalized the output channels of the core with a weighted sum of
all channels. We proposed an extension of this approach where a chan-
nel’s normalization given by a (dilated) convolution between a filter and
the activations of other channels. This approach can potentially capture
spatial relationships that alter normalization strengths that can facilitate
replicating center-surround effects (Heeger, 1992b) in addition to interac-
tions within the classical receptive field. A limiting factor that prevented
us from learning these interactions was the visual field coverage of our
stimuli. Future datasets can focus on the sufficient stimulation of the sur-
round to elicit center-surround effects that may be better learned with
divisive normalization mechanisms.

UNIFIED MODELS THAT SIMULTANEOUSLY CARRY INDUCTIVE BI-
ASES  Architectures that reflect inductive biases can make learning more
efficient (i.e. require less training data) as nonlinearities are explicitly im-
plemented and the number of required parameters is lower than more
generic models. Until now, multiple efforts tend to rather implement a
type of equivariance or nonlinearity in isolation (beyond the standard
translation equivariance inherit to CNNs) and showed their efficiency
in learning good representations. For example, in Burg et al. (2021) im-
plemented divisive normalization nonlinearity, Ecker et al. (2018) and
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Ustyuzhaninov et al. (2019) implemented rotation equivariance, Wang
et al. (2023) implemented perspective transformations (image warping)
and recurrent connections. Bring together these architectural constraints
into single unifying architectures could add their independent benefits
and unlock potential constructive interactions between them. That said,
finding optima of constrained architectures can be challenging for any
random initialization —as shown by the discrepancy between distilling
smaller networks from a larger network and training an equivalent small
network from scratch, also referred to as the lottery ticket hypothesis
(Frankle & Carbin, 2018). This issue can be potentially addressed by
training separate models, each carrying a certain bias, and then initial-
izing the weights of a unified model with them. Alternatively, teach-
student networks techniques where trained large, over-parameterized
network guide the training of smaller, constrained models via additional
losses that include intermediate layer outputs (Hinton et al., 2015).

EXPLOIT THE FLEXIBILITY OF TRANSFORMER ARCHITECTURES The
ultimate goal of constructing models of V1 should extend beyond merely
beating benchmarks or focusing solely on engineering. Ideally, these
models should also offer meaningful explanations (Section 1.1). How-
ever, it could be valuable to investigate whether novel deep learning ar-
chitectures—despite being mechanistically more distant from the brain
than CNNs—might enhance performance compared to existing models.
Transformer architectures (Vaswani et al., 2017) have proven to be a ver-
satile architecture capable of approximating functions across modalities
including vision, natural language, and audio signals. With increasing
dataset sizes, training transformers to predict V1 responses could help
us make significant strides and potentially uncover unknown V1 mech-
anisms via post-training dissection methods. Recent approaches have
already trained transformer architectures to predict mouse V1 data (Li,
Cornacchia, et al., 2023) with successful results in competition bench-
marks (Willeke et al., 2022). Other work applied to typical rodent exper-
imental settings, trained multi-modal, multitask, generative pretrained
transformers (GPT, (Radford et al., 2019)) using simultaneously recorded
signals like locomotion and eye tracking to predict future signal tokens
in an autoregressive matter (Antoniades et al,, 2023). Similarly, the in-
clusion of multiple data modalities, paired with relatively large dataset
sizes have paved the way for so-called foundation models of spike re-
sponses in motor cortex too (Azabou et al., 2024; Ye et al., 2024). These
flexible, generic architectures applied to primate visual can potentially
verify or falsify the effectiveness or current inductive biases that are ubiq-
uitously used in the field. Finally, another argument supporting this re-
search direction is the improved match between transformer networks
trained on vast datasets and brains on behavioral benchmarks (Dehghani
et al., 2023; Geirhos et al., 2021)

FIT MULTIPLE BRAIN AREAS SIMULTANEOUSLY Brainscore evalu-
ates pretrained models” match to the brain with a series of benchmarks
comprising multiple areas (Schrimpf et al., 2018). Going beyond evalu-
ation, we could use training data from different visual areas to learn
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a single model that simultaneously fits them well. Intuitively, the space
of possible model representations required to fit visual responses will be
constrained if the same representations need to be useful to ultimately fit
multiple sets of responses. Moreover, extensive knowledge from anatom-
ical studies (e.g. Felleman and Van Essen (1991)) can inform the ar-
chitecture of models and the relationship between areas. For example,
top-down connections between area V4 and area V1 could be captured
with recurrent connections like in Kubilius et al. (2018) or with U-net ar-
chitectures (Ronneberger et al., 2015). Furthermore, readouts that solve
high-level goals likeobject classification or self-supervised objectives can
be placed at the top of the network to enforce representations that are
functionally useful. This promising idea has been partially pursued in
Safarani et al. (2021) where we showed that a network trained to clas-
sify images and simultaneously predict macaque V1 responses from its
intermediate layers results in better robustness on image classification.

Diversify stimuli to unlock more V1 nonlinearities

We've discussed opportunities from goal and data-driven perspectives
for better models of V1 in our in-domain natural image test set. Im-
portantly, while we’ve made great progress moving away from simple,
parametric stimuli to natural images, it is unlikely that our limited, static,
gray-scale, natural image set constrained to a few degrees of visual angle
will unlock all nonlinearities present in V1. Promising novel stimuli that
can elicit stronger responses in neurons involve video, a wider dynamic
range of stimulus contrast, full field stimulation, and colored natural im-
ages (video). Experimental sessions could mix varied sets of stimuli that
also include standard gray-scale images and classical gratings/plaids.
Doing so, could also facilitate the evaluation of out-of-domain gener-
alization of V1 models and further constrain the representations they
learn.

4.2 HOW CAN WE BETTER DISCRIMINATE MODELS?

A prevalent observation made by collaborators and I is that starkly dif-
ferent models can make similar predictions, yielding small differences
in test-set performance. For example, we found in Cadena et al. (2024)
that models trained on very different Taskonomy tasks can lead to com-
parable test performance values when predicting both V1 and V4. How
robust is the similarity of these representations to the brain and to each
other? It may be the case that for the domain — or even the reduced set
of test stimuli — these models behave similarly, but they could employ
different strategies (functions) that behave fundamentally different un-
der different circumstances. Here, I discuss a few ideas that have the
potential to adjudicate among equally performing models.

Out-of-distribution evaluations

To adjudicate among equally performing models, we require stimuli for
which they make distinct predictions (Golan et al., 2020). One way to
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improve chances of finding these stimuli is to draw samples from a dif-
ferent distribution not used for model training. For example, if the train-
ing set domain involves gray-scale natural images, part of the test set
could include textures, parametric stimuli, common corruptions and im-
age perturbations (IHendrycks & Dietterich, 2019), white noise, etc. Shift-
ing the distribution for model evaluation will likely reveal mismatches
between models and the brain that can discriminate between models
and further reveal failure points that a next iteration of models should
address. When comparing image classification of CNNs and human be-
havior, out-of-domain (OOD) evaluations have revealed important dif-
ferences (Geirhos et al., 2019; Hendrycks & Dietterich, 2019) that have
triggered wide range of follow up work to make models better (Geirhos
et al., 2021). While some data-driven models trained on natural video
have been shown to reproduce in-silico tuning properties to parametric
stimuli (Sinz et al., 2018), other work has shown that many models fail
to generalize to OOD settings. For example, Ren and Bashivan (2023)
found that the OOD abilities of image classification CNNs does not nec-
essarily translate to better OOD neural predictivity properties, triggering
questions about the nature of future task and data-driven models with
strong generalization abilities. Further work in this direction and novel
neural system identification competitions like the Dynamic Sensorium
competition (Turishcheva et al., 2023) will strongly narrowing down the
space of candidate models and help adjudicate among them.

Close loop experiments paired with controversial stimuli

Another way to adjudicate between models is to synthesize maximally
activating inputs (MEIs) for any given neuron and then showing them
back to the animal in a closed-loop fashion (Bashivan et al., 2019; Walker

etal., 2019). Model-derived MEIs for which neurons respond more strongly

can favor a model among others (Willeke et al., 2023). However, MEIs
from different models could be qualitatively similar and yield responses
that are hard to differentiate due to trail variability. An alternative ap-
proach that also uses gradient-based optimization is to synthesize con-
troversial image sets for which different models make maximally differ-
ent predictions (Golan et al., 2020). Golan et al. (2020) compared pairs
of models trained to recognize hand-written digits by optimizing inputs
that maximize a controversiality score that compels one model to clas-
sify the input as a digit different from the other model. This method
facilitated the discrimination between equally accurate models based on
how well they matched human perception on controversial stimuli. In
a similar way, controversial stimuli can be synthesized to discriminate
neural predictive models by maximizing the predictions of one model
while suppressing predictions of the other model for the same neuron.
These stimuli can be ideally tested for the exact same recorded neurons
in close loop, but if there are experimental constraints that prevent the
immediate evaluation of such stimuli, controversial stimuli for cell-types
can be created and evaluated in future sessions instead. Recent success-
ful results byBurg et al. (2024) relying on most discriminative stimuli
for cell-types (not models) support the promising potential of synthe-
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sized controversial stimuli to discriminate competitive neural predictive
models.

In-silico experiments targeting known properties

A less direct way to adjudicate between models offering competitive pre-
dictions is to evaluate how well they replicate known phenomena that
has been previously characterized with neurophysiology experiments.
As described in Section 2.1, we were able to adjudicate between the
DN and GFB models, which had a small performance gap, with in-silico
experiments that evaluated their ability to reproduce cross-orientation
inhibition (Carandini & Heeger, 2012). Despite small performance differ-
ences, we could confidently favor the DN model over the GFB, because
it captured this important V1 nonlinearity. An encouraging approach
to differentiate between competing models involves the development of
benchmarks that assess the models’ capacity to accurately reproduce es-
tablished phenomena. Marques et al. (2021) has moved in this direction,
establishing a set of properties that good models of V1 should replicate
and it is now available in Brainscore (Schrimpf et al., 2018). For example,
in V4 there is a wealth of single-cell tuning characterizations to differ-
ent 2D boundary, texture, and solid shape properties (Pasupathy et al.,
2020; Pospisil et al.,, 2018; Srinath et al., 2021) that can be turned into
measurable benchmarks for models to reproduce in addition to test-set
predictions. Moreover, these in-silico characterizations can be turned into
hypotheses for the characterizations of cell types in the brain that could
be later validated in-vivo (Ustyuzhaninov et al., 2022).

Model interventions

A nascent research direction in neural system identification that will
improve singling out better models of the visual cortex is to model
perturbations that causally link neural responses to behavior. In this
setting, behavioral reports (e.g. face-related judgements, orientation es-
timates, glossiness, and object category reports) are measured after a
group of neurons’ activity is directly perturbed by methods that include
micro-stimulation, optogenetic suppression, or muscimol suppression
(Schrimpf et al., 2024). Schrimpf et al. (2024) developed perturbation
modules capturing these different perturbation methods, and derived
from existing experimental results a set of benchmarks that candidate
models should be able to replicate. They found that a candidate topo-
graphic artificial neural network was able to qualitatively predict the
effects found experimentally (e.g. Afraz et al. (2015), Afraz et al. (2006),
Moeller et al. (2017), and Rajalingham and DiCarlo (2019)) but that fur-
ther ideas are needed to quantitatively predict all results. These bench-
marks, along with comparable research efforts, offer an intriguing and
innovative approach to assess and identify possibilities for enhancing
candidate models of the visual cortex.
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Characterize neuron embeddings

Although the computations approximated by neural predictive models
may be hard to interpret, they can be used to extract neuron embed-
dings — bar codes that summarize the complex input-output functions
of a neuron. In contrast to traditional functional characterizations based
on tuning properties to various parameters of simpler stimuli, neuron
embeddings provide a low-dimensional, holistic representation of the
function of a neuron in response to natural stimuli. With a rich set of
neurons, these embeddings facilitate describing the functional landscape
of visual neural responses via clustering and visualizations of 2D projec-
tions of all neurons (Tong et al., 2023; Ustyuzhaninov et al., 2022).

A critical step for learning meaningful neuron embeddings is to re-
move nuisance parameters that would otherwise dominate the feature
landscape and complicate the identification of potential cell-types. For
example, simple and complex cells that share the same orientation pref-
erence could be clustered together as the same type in a learned embed-
ding space if orientation preference is not disassociated from these bar
codes. In Ustyuzhaninov et al. (2022), we learned a feature space with
equivariance to translation (Klindt et al., 2017) and rotation (Ecker et al.,
2018), and fitted readouts to predict individual neuron responses. These
factorized readouts were then aligned to a single orientation to achieve
rotation invariance, yielding a feature vector description of each neu-
ron (Ustyuzhaninov et al., 2019). These neuron embeddings facilitated
the characterization of mouse V1 in the cluster vs. continuum spectrum
and revealed a combinatorial coding of various classical tuning proper-
ties across different cell-types (or distribution modes) with the help of
in-silico experiments (Ustyuzhaninov et al., 2022).

A similar study going beyond mouse V1 to other visual areas, synthe-
sized maximally activating images (MEISs) of each neuron and learned an
embedding space of these images (Tong et al., 2023). Although this work
focuses on the stimulus mode for feature landscape characterization, the
contrastive loss (Chen et al., 2020) used to learn the embedding space of
neurons forces similar mappings for affine transformations of the MEISs,
forcing the embedding space to account for underlying symmetries like
rotation. The authors then used these embeddings to compute a matrix
of local overlap between stimulus manifolds corresponding to each vi-
sual area, and derived a network structure that captures the functional
relationship between visual areas (Tong et al., 2023).

Neuron embeddings can thus be powerful ways to get a holistic view
of the organizational map of visual cortex. Work on two main research
questions are likely going to continue to be influential in this line of
work. First, how can we better characterize embeddings? In-silico exper-
iments replicating known phenomena (Ustyuzhaninov et al., 2022), and
(diverse) highly exciting inputs are prominently used already (Ding et
al., 2023; Tong et al., 2023; Willeke et al., 2023). Novel characterizations
can gain inspiration from work in the retina where other data modali-
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ties like gene expression and neuron mythologies have been linked to
function (Baden et al., 2016). Recent large-scale datasets collecting func-
tional and morphology data of the same neurons (e.g. Consortium et
al. (2021)) and advances in learning relevant morphology embeddings
(Weis et al., 2023) will likely facilitate in the near future learning multi-
modal embedding representations (similar to CLIP (Radford et al., 2021))
that combine structure and function. Second, what other symmetries ex-
ist in the visual system and how can we embed them in our models?
Learning symmetries from data is an active area of research (Alet et al.,
2021; Dehmamy et al., 2021; Neyshabur, 2020; Zhou et al., 2020) that can
potentially reduced the amount of data needed to learn better models
and improve the quality of neuron embeddings. Feature visualizations
and circuit analyses of trained CNNs on image classification have re-
vealed various naturally occurring equivariances like rotation, scale, hue,
hue-rotation, and reflections among others (Olah, Cammarata, Voss, et
al., 2020). Baking these equivariances into the architecture of predictive
models and assessing their resulting accuracy could generate testable
hypotheses of symmetries captured by the brain and yield better neuron
embeddings.

Generative modeling of neural responses

The work presented in this dissertation follows a discriminative perspec-
tive of vision where the computational goal of the visual system is to
quickly and directly extract ethological relevant latent dimensions (e.g.
object category, orientation) from sensory input. An alternative perspec-
tive of vision is the generative framework that is motivated by the fact
that sensory information is ambiguous and argues that, as a result, per-
ception is not only driven by observations but also a model of the world
(Von Helmholtz, 1867). More formally, the brain encodes a probabilistic
generative model of the world given by the joint distribution of sensory
input and latents that represent meaningful features or objects in the
world that cause sensory input. In this framework, neural activity and
behavior are viewed as mappings from these latent factors.

Recent perspectives argue that the primate visual system may exploit
advantages of both frameworks (e.g. speed of discriminative and stimu-
lus disambiguation of generative) with solutions that lie on a spectrum
from the purely discriminative to the purely generative (Peters et al,
2024). Given the evidence and usefulness of generative approaches that
go beyond any dichotomies, the value of meaningful latent directions
learned by generative models is a very promising avenue of research
that is currently under-explored in the field of neural system identifica-
tion.

Early work in this direction modeled the conditional distribution of
stimulus given spike vs. no spike in a short time window as a mixture
of Gaussians (Theis et al., 2013). More modern generative models using
deep learning like variational autoencoders (VAEs, (Kingma & Welling,
2013)) with distinct regularization schemes encouraging disentangled
latent representations (Higgins et al., 2016) demonstrated a strong cor-
respondence between generative factors and neuron responses in infer-
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otemporal (IT) cortex (Higgins et al., 2021). Beyond making better sense
of latent factors, generative models facilitate the systematic generation
of stimuli for any given perturbation of latent factors that can be used as
counterfactual for future in-vivo experiments. These visualizations could
provide more interpretable explanations of latent factors and — provided
a mapping — of neural responses, that go beyond the maximally acti-
vating stimulus. Recent years have seen an explosion of generative ap-
proaches in the domain of vision with impressive results based on dif-
fusion models (Sohl-Dickstein et al., 2015), autoregressive models (Van
Den Oord et al., 2016), or normalizing flows (Rezende & Mohamed, 2015)
are promising ways to generate testable stimuli that could be further con-
firmed experimentally.

Strip down neuron models into simpler circuits

A promising approach to understanding the computations buried in mil-
lions of parameters of deep neural predictive models is to derive compact
models with much fewer parameters that retain accuracy (Cowley et al.,
2023). These simpler models can facilitate the identification of circuit or
circuit motifs that are responsible for particular nonlinear phenomena
(Maheswaranathan et al., 2023). Moreover, reduced circuits paired with
feature visualizations can enable a compositional understanding of how
complex feature detectors emerge from simpler parts. For example cir-
cular feature detectors emerge from oriented curve detectors that are
themselves the combination of various organized edge detectors (Cam-
marata, Carter, et al., 2020; Olah, Cammarata, Schubert, et al., 2020a).
Circuits can be more rigorously studied and understood and can help
bridge the gap between traditional mechanistic explanation of neural
phenomena and generic deep predictive models that account for a di-
verse set of input-output pairs.
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Abstract

Despite great efforts over several decades, our best models of primary
visual cortex (V1) still predict spiking activity quite poorly when probed
with natural stimuli, highlighting our limited understanding of the non-
linear computations in V1. Recently, two approaches based on deep
learning have emerged for modeling these nonlinear computations: trans-
fer learning from artificial neural networks trained on object recognition
and data-driven convolutional neural network models trained end-to-
end on large populations of neurons. Here, we test the ability of both
approaches to predict spiking activity in response to natural images in
V1 of awake monkeys. We found that the transfer learning approach
performed similarly well to the data-driven approach and both outper-
formed classical linear-nonlinear and wavelet-based feature representa-
tions that build on existing theories of V1. Notably, transfer learning us-
ing a pretrained feature space required substantially less experimental
time to achieve the same performance. In conclusion, multi-layer convo-
lutional neural networks (CNNs) set the new state of the art for predict-
ing neural responses to natural images in primate V1 and deep features
learned for object recognition are better explanations for Vi computa-
tion than all previous filter bank theories. This finding strengthens the
necessity of V1 models that are multiple nonlinearities away from the
image domain and it supports the idea of explaining early visual cortex
based on high-level functional goals.
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Abstract

Despite great efforts over several decades, our best models of primary visual cortex (V1)
still predict spiking activity quite poorly when probed with natural stimuli, highlighting our lim-
ited understanding of the nonlinear computations in V1. Recently, two approaches based on
deep learning have emerged for modeling these nonlinear computations: transfer learning
from artificial neural networks trained on object recognition and data-driven convolutional
neural network models trained end-to-end on large populations of neurons. Here, we test
the ability of both approaches to predict spiking activity in response to natural images in V1
of awake monkeys. We found that the transfer learning approach performed similarly well

to the data-driven approach and both outperformed classical linear-nonlinear and wavelet-
based feature representations that build on existing theories of V1. Notably, transfer learn-
ing using a pre-trained feature space required substantially less experimental time to
achieve the same performance. In conclusion, multi-layer convolutional neural networks
(CNNs) set the new state of the art for predicting neural responses to natural images in pri-
mate V1 and deep features learned for object recognition are better explanations for V1
computation than all previous filter bank theories. This finding strengthens the necessity of
V1 models that are multiple nonlinearities away from the image domain and it supports the
idea of explaining early visual cortex based on high-level functional goals.

Author summary

Predicting the responses of sensory neurons to arbitrary natural stimuli is of major impor-
tance for understanding their function. Arguably the most studied cortical area is primary
visual cortex (V1), where many models have been developed to explain its function. How-
ever, the most successful models built on neurophysiologists” intuitions still fail to account
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for spiking responses to natural images. Here, we model spiking activity in primary

visual cortex (V1) of monkeys using deep convolutional neural networks (CNNs), which
have been successful in computer vision. We both trained CNNs directly to fit the data,
and used CNNis trained to solve a high-level task (object categorization). With these
approaches, we are able to outperform previous models and improve the state of the art in
predicting the responses of early visual neurons to natural images. Our results have two
important implications. First, since V1 is the result of several nonlinear stages, it should
be modeled as such. Second, functional models of entire visual pathways, of which V1 is
an early stage, do not only account for higher areas of such pathways, but also provide use-
ful representations for V1 predictions.

Introduction

An essential step towards understanding visual processing in the brain is building models that
accurately predict neural responses to arbitrary stimuli [1]. Primary visual cortex (V1) has
been a strong focus of sensory neuroscience ever since Hubel and Wiesel’s seminal studies
demonstrated that neurons in primary visual cortex (V1) respond selectively to distinct image
features like local orientation and contrast [2, 3]. Our current standard model of V1 is based
on linear-nonlinear models (LN) [4, 5] and energy models [6] to explain simple and complex
cells, respectively. While these models work reasonably well to model responses to simple sti-
muli such as gratings, they fail to account for neural responses to more complex patterns [7]
and natural images [8, 9]. Moreover, the computational advantage of orientation-selective LN
neurons over simple center-surround filters found in the retina would be unclear [10].

There are a number of hypotheses about nonlinear computations in V1, including norma-
tive models like overcomplete sparse coding [11, 12] or canonical computations like divisive
normalization [13, 14]. The latter has been used to explain specific phenomena such as center-
surround interactions with carefully designed stimuli [15-18]. However, to date, these ideas
have not been turned into predictive models of spiking responses that generalize beyond sim-
ple stimuli—especially to natural images.

To go beyond simple LN models for natural stimuli, LN-LN cascade models have been pro-
posed, which either learn (convolutional) subunits [19-21] or use handcrafted wavelet repre-
sentations [22]. These cascade models outperform simple LN models, but they currently do
not capture the full range of nonlinearities observed in V1, like gain control mechanisms and
potentially other not-yet-understood nonlinear response properties. Because experimental
time is limited, LN-LN models have to be designed very carefully to keep the number of
parameters tractable, which currently limits their expressiveness, essentially, to energy models
for direction-selective and complex cells.

Thus, to make progress in a quantitative sense, recent advances in machine learning and
computer vision using deep neural networks (‘deep learning’) have opened a new door by
allowing us to learn much more complex nonlinear models of neural responses. There are two
main approaches, which we refer to as goal-driven and data-driven.

The idea behind the goal-driven approach is to train a deep neural network on a high-level
task and use the resulting intermediate representations to model neural responses [23, 24]. In
the machine learning community, this concept is known as transfer learning and has been
very successful in deep learning [25, 26]. Deep convolutional neural networks (CNNs) have
reached human-level performance on visual tasks like object classification by training on over
one million images [27-30]. These CNNs have proven extremely useful as nonlinear feature
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spaces for tasks where less labeled data is available [25, 31]. This transfer to a new task can be
achieved by (linearly) reading out the network’s internal representations of the input. Yamins,
DiCarlo and colleagues showed recently that using deep networks trained on large-scale object
recognition as nonlinear feature spaces for neural system identification works remarkably well
in higher areas of the ventral stream, such as V4 and IT [32, 33]. Other groups have used simi-
lar approaches for early cortical areas using fMRI [34-36]. However, this approach has not yet
been used to model spiking activity of early stages such as V1.

The deep data-driven approach, on the other hand, is based on fitting all model parameters
directly to neural data [37-41]. The most critical advance of these models in neural system
identification is that they can have many more parameters than the classical LN cascade mod-
els discussed above, because they exploit computational similarities between different neurons
[38, 40]. While previous approaches treated each neuron as an individual multivariate regres-
sion problem, modern CNN-based approaches learn one model for an entire population of
neurons, thereby exploiting two key properties of local neural circuits: (1) they share the same
presynaptic circuitry (for V1: retina and LGN) [38] and (2) many neurons perform essentially
the same computation, but at different locations (topographic organization, implemented by
convolutional weight sharing) [39-41].

While both the goal-driven and the data-driven approach have been shown to outperform
LN models in some settings, neither approach has been evaluated on spiking activity in
monkey V1 (see [42, 43] for concurrent work). In this paper, we fill this gap and evaluate both
approaches in monkey V1. We found that deep neural networks lead to substantial performance
improvements over older models. In our natural image dataset, goal-driven and data-driven
models performed similarly well. The goal-driven approach reached this performance with as
little as 20% of the dataset and its performance saturated thereafter. In contrast, the data-driven
approach required the full dataset for maximum performance, suggesting that it could benefit
from a larger dataset and reach even better performance. Our key finding is that the best models
required at least four nonlinear processing steps, suggesting that we need to revise our view of
V1 as a Gabor filter bank and appreciate the nonlinear nature of its computations. We conclude
that deep networks are not just one among many approaches that can be used, but are—despite
their limitations—currently the single most accurate model of V1 computation.

Results

We measured the spiking activity of populations of neurons in V1 of two awake, fixating rhe-
sus macaques using a linear 32-channel array spanning all cortical layers. Monkeys were view-
ing stimuli that consisted of 1450 natural images and four sets of textures synthesized to keep
different levels of higher-order correlations present in these images (Fig 1, see Methods). Each
trial consisted of a sequence of images shown for 60 ms each, with no blanks in between. In
each session, we centered the stimuli on the population receptive field of the neurons.

We isolated 262 neurons in 17 sessions. The neurons responded well to the fast succession
of natural images with a typical response latency of 40ms (Fig 2B). Therefore, we extracted the
spike counts in the window 40-100 ms after image onset (Fig 2B). The recorded neurons were
diverse in their temporal response properties (e.g. see autocorrelogram Fig 2A), average firing
rates in response to stimulus (21.1 + 20.8 spikes/s, mean + S.D.), cortical depth (55% of cells in
granular, 18% in supragranular, and 27% infragranular layers), and response-triggered average
(RTA) structure (Fig 2C), but neurons recorded on the same array generally had their recep-
tive fields at similar locations approximately centered on the stimulus (Fig 2C). Prior to analy-
sis, we selected neurons based on how reliable their responses were from trial to trial and
included only neurons for which at least 15% of their total variance could be attributed to the
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conv3 conv4 original

60 - 120ms

Fig 1. Stimulus paradigm. A: Classes of images shown in the experiment. We used grayscale natural images (labeled
‘original’) from the ImageNet dataset [44] along with textures synthesized from these images using the texture synthesis
algorithm described by [45]. Each row shows four synthesized versions of three example original images using different
convolutional layers (see Materials and Methods for details). Lower convolutional layers capture more local statistics
compared to higher ones. B: Stimulus sequence. In each trial, we showed a randomized sequence of images (each
displayed for 60 ms covering 2 degrees of visual angle) centered on the receptive fields of the recorded neurons while
the monkey sustained fixation on a target. The images were masked with a circular mask with cosine fadeout.

https://doi.org/10.1371/journal.pcbi.1006897.9001

stimulus (see Methods). This selection resulted in 166 neurons, which form the basis of the
models we describe in the following.

Generalized linear model with pre-trained CNN features

We start by investigating the goal-driven approach [23, 24]. Here, the idea is to use a high-per-
forming neural network trained on a specific goal—object recognition in this case—as a non-

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1006897  April 23,2019 4/27
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Fig 2. V1 electrophysiological responses. A: Isolated single-unit activity. We performed acute recordings with a 32-channel, linear array (NeuroNexus
V1x32-Edge-10mm-60-177, layout shown in the left) to record in primary visual cortex of two awake, fixating macaques. The channel mean-waveform
footprints of the spiking activity of 23 well-isolated neurons in one example session are shown in the central larger panel. The upper panel shows color-
matched autocorrelograms. B: Peri-stimulus time histograms (PSTH) of four example neurons from A. Spike counts where binned with t = 1 ms, aligned
to the onset of each stimulus image, and averaged over trials. The 60 ms interval where the image was displayed is shown in red. We ignored the
temporal profile of the response and extracted spike counts for each image on the 40-100 ms interval after image onset (shown in light gray). C: The
Response Triggered Average (RTA) calculated by reverse correlation of the extracted responses.

https://doi.org/10.1371/journal.pchi.1006897.9002
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Fig 3. Our proposed model based on VGG-19 features. VGG-19 [28] (gray background) is a trained CNN that takes
an input image and produces a class label. For each of the 16 convolutional layers of VGG-19, we extract the feature
representations (feature maps) of the images shown to the monkey. We then train for each recorded neuron and
convolutional layer, a Generalized Linear Model (GLM) using the feature maps as input to predict the observed spike
counts. The GLM is formed by a linear projection (dot product) of the feature maps, a pointwise nonlinearity, and an
assumed noise distribution (Poisson) that determines the optimization loss for training. We additionally imposed
strong regularization constraints on the readout weights (see text).

https://doi.org/10.1371/journal.pchi.1006897.g003

linear feature space and train only a simple linear-nonlinear readout. We chose VGG-19 [28]
over other neural networks, because it has a simple architecture (described below), a fine
increase in receptive field size along its hierarchy and reasonably high classification accuracy.

VGG-19 is a CNN trained on the large image classification task ImageNet (ILSVRC2012)
that takes an RGB image as input and infers the class of the dominant object in the image
(among 1000 possible classes). The architecture of VGG-19 consists of a hierarchy of
linear-nonlinear transformations (layers), where the input is spatially convolved with a set
of filters and then passed through a rectifying nonlinearity (Fig 3). The output of this opera-
tion is again an image with multiple channels. However, these channels do not represent
color—as the three channels in the input image—but learned features. They are therefore
also called feature maps. Each feature map can be viewed as a filtered version of its input.
The collection of such feature maps serves as input for the next layer. Additionally, the net-
work has five pooling layers, where the feature maps are downsampled by a factor of two by
taking the local maximum value of four neighboring pixels. There are 16 convolutional lay-
ers that can be grouped into five groups named convl to conv5 with 2, 2, 4, 4, 4 convolu-
tional layers and 64, 128, 256, 512, 512 output feature maps, respectively, and a pooling layer
after each group.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1006897  April 23,2019 6/27
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Fig 4. Model performance on test set. Average fraction of explainable variance explained (FEV) for models using
different VGG layers as nonlinear feature spaces for a GLM. Error bars show 95% confidence intervals of the
population means. The model based on layer conv3_1 shows on average the highest predictive performance.

https://doi.org/10.1371/journal.pchi.1006897.g004

We used VGG-19 as a feature space in the following way: We selected the output of a con-
volutional layer as input features for a Generalized Linear Model (GLM) that predicts the
recorded spike counts (Fig 3). Specifically, we fed each image x in our stimulus set through
VGG-19 to extract the resulting feature maps ®(x) of a certain layer. These feature maps were
then linearly weighted with a set of learned readout weights w. This procedure resulted in a
single scalar value for each image that was then passed through a (static) output nonlinearity
to produce a prediction for the firing rate:

r(x) = exp [W'®(x) + b] (1)

We assumed this prediction to be the mean rate of a Poisson process (see Methods for details).
In addition, we applied a number of regularization terms on the readout weights that we
explain later.

Intermediate layers of VGG best predict V1 responses

We first asked which convolutional layer of VGG-19 provides the best feature space for V1. To
answer this question, we fitted a readout for each layer and compared the performance. We
measured performance by computing the fraction of explainable variance explained (FEV).
This metric, which ranges from zero to one, measures what fraction of the stimulus-driven
response is explained by the model, ignoring the unexplainable trial-to-trial variability in the
neurons’ responses (for details see Methods).

We found that the fifth (out of sixteen) layers’ features (called ‘conv3_1’, Fig 3) best pre-
dicted neuronal responses to novel images not seen during training (Fig 4, solid line). This
model predicted on average 51.6% of the explainable variance. In contrast, performance for
the very first layer was poor (31% FEV), but increased monotonically up to conv3_1. After-
wards, the performance again decreased continually up the hierarchy (Fig 4). These results fol-
lowed our intuition that early to intermediate processing stages in a hierarchical model should
match primary visual cortex, given that V1 is the third processing stage in the visual hierarchy
after the retina and the lateral geniculate nucleus (LGN) of the thalamus.
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Control for input resolution and receptive field sizes

An important issue to be aware of is that the receptive field sizes of VGG units grow along the
hierarchy—just like those of visual neurons in the brain. Incidentally, the receptive fields of
units in the best-performing layer conv3_1 subtended approximately 0.68 degrees of visual
angle, roughly matching the expected receptive sizes of our V1 neurons given their eccentrici-
ties between 1 and 3 degrees. Because receptive fields in VGG are defined in terms of image
pixels, their size in degrees of visual angle depends on the resolution at which we present
images to VGG, which is a free parameter whose choice will affect the results.

VGG-19 was trained on images of 224 x 224 px. Given the image resolution we used for the
analyses presented above, an entire image would subtend ~6.4 degrees of visual angle (the
crops shown to the monkey were 2 degrees; see Methods for details). Although this choice
appears to be reasonable and consistent with earlier work [33], it is to some extent arbitrary. If
we had presented the images at lower resolution, the receptive fields sizes of all VGG units
would have been larger. As a consequence, the receptive fields of units in earlier layers would
match those of V1 and these layers may perform better. If this was indeed the case, there
would be nothing special about layer conv3_1 with respect to V1.

To ensure that the choice of input resolution did not affect our results, we performed a con-
trol experiment, which substantiated our claim that conv3_1 provides the best features for V1.
We repeated the model comparison presented above with different input resolutions, rescaling
the image crops by a factor of 0.67 and 1.5. These resolutions correspond to 9.55 and 4.25
degrees of full visual field for VGG-19, respectively. While changing the input resolution did
shift the optimal layer towards that with matching receptive field sizes (Fig 5, first and third
row), the resolution we had picked for our main experiment yielded the best overall perfor-
mance (Fig 5, second row, third column). Thus, over a range of input resolutions and layers,
conv3_1 performed best, although conv2_2 at lower resolution yielded only slightly lower
performance.

Careful regularization is necessary

The number of predictors given by the convolutional feature space of a large pre-trained net-
work is much larger than the number of pixels in the image. Most of these predictors will likely
be irrelevant for most recorded neurons—for example, network units at spatial positions that
are not aligned with the neuron’s receptive field or feature maps that compute nonlinearities

Performance at different input scales
(receptive field size in degrees)

0.481 0.456

o O
(0.61) (0.76) 421 <

0.504 0.482

(0.91) (1.14)

Scaling factor

0.491 0.481

(1.36) (1.70) 9.55

[}

A
Assumed VGG-
full visual field

Layer: conv2_1 conv2_2 conv3_1 conv3_2 conv3_3
RF(px): 10 14 24 32 40

Fig 5. VGG-19 based model performance at different input scales. The performance on test set of cross-validated
models that use as feature spaces layers conv2_1 to conv3_3 for different input resolutions. With the original scale used
in Fig 4, we assumed that VGG-19 was trained with 6.4 degrees field of view. Scaling this resolution by a factor of 0.67
and 1.5 justifies the original choice of resolution for further analysis. At the bottom, the receptive field sizes in pixels of
the different layers are shown.

https://doi.org/10.1371/journal.pcbi.1006897.9005
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Table 1. Ablation experiments for VGG-based model, removing regularization terms (rows 2-5) and using factor-
ized readout weights (row 6, [40]).

Model FEV
Full model 0.52
No smoothness 0.51
No sparsity 0.49
No group sparsity 0.51
No regularization 0.33
Factorized readout [40] 0.45

https://doi.org/10.1371/journal.pcbi.1006897.t001

unrelated to those of the cells. Naively including many unimportant predictors would prevent
us from learning a good mapping, because they lead to overfitting. We therefore used a regu-
larization scheme with the following three terms for the readout weights: (1) sparsity, to
encourage the selection of a few units; (2) smoothness, for a regular spatial continuity of the
predictors’ receptive fields; and (3) group sparsity, to encourage the model to pool from a
small number of feature maps (see Methods for details).

We found that regularization was key to obtaining good performance (Table 1). The full
model with all three terms had the best performance on the test set and vastly outperformed a
model with no regularization. Eliminating one of the three terms while keeping the other two
hurt performance only marginally. Among the three regularizers, sparsity appeared to be the
most important one quantitatively, whereas smoothness and group sparsity could be dropped
without hurting overall performance.

To understand the effect of the different regularizers qualitatively, we visualized the readout
weights of each feature map of our conv3_1-based model, ordered by their spatial energy for
each cell, for each of the regularization schemes (see Fig 6A for five sample neurons). Without
the sparsity constraint, we obtained smooth but spread-out weights that were not well local-
ized. Dropping the smoothness term—despite performing equally in a quantitative sense—
produced sparse activations that were less localized and not smooth. Without any regulariza-
tion, the weights appeared noisy and one could not get any insights about the locality of the
neuron. On the other hand, the full model—in addition to having the best performance—also
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Fig 6. Learned readout weights with different regularization modes. A. For five example neurons (rows), the five highest-energy spatial readouts out of 256 feature
maps of conv3_1 for each regularization scheme we explored. Feature map weights are 10 x 10 for a 40 x 40 input (~ 1.1°). The full model exhibits the most localized
and smooth receptive fields. The scale bar is shared by all features maps of a each model and neuron from their minimum (white) to the maximum (dark). B. The
highest normalized spatial energy of the learned readouts as a function of ordered feature maps (first 70 out of 256 of conv3_1 shown) averaged for all cells. With
regularization, only a few feature maps are used for prediction, quickly asymptoting at 1.

https://doi.org/10.1371/journal.pchi.1006897.9006
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provides localized and smooth filters that provide information about the neurons’ receptive
field and the set of useful feature maps for prediction.

Finally, we also observed that only a small number of feature maps was used for each neu-
ron: the weights decayed exponentially and only 20 feature maps out of 256 contained on aver-
age 82% of the readout energy (Fig 6B).

An alternative form of regularization or inductive bias would be to constrain the readout
weights to be factorized in space and features [40], which reduces the number of parameters
substantially. However, the best model with this factorized readout achieved only 45.5% FEV
(Table 1), presumably because the feature space has not been optimized for such a constrained
readout.

Goal-driven and data driven CNNss set the state of the art

Multi-layer feedforward networks have been fitted successfully to neural data on natural image
datasets in mouse V1 [38, 40]. Thus, we inquired how our goal-driven model compares to a
model belonging to the same functional class, but directly fitted to the neural data. Following
the methods proposed by Klindt et. al [40], we fitted CNNs with one to five convolutional lay-
ers (Fig 7A; see Methods for details).

The data-driven CNNs with three or more convolutional layers yielded the best perfor-
mance, outperforming their competitors with fewer (one or two) layers (Fig 7B). We therefore
decided to use the CNN with three layers for model comparison, as it is the simplest model
with highest predictive power on the validation set.

We then asked how the predictive performance of both data-driven and goal driven mod-
els compares to previous models of V1. As a baseline, we fitted a regularized version of the
classical linear-nonlinear Poisson model (LNP; [46]). The LNP is a very popular model used
to estimate the receptive field of neurons and offers interpretability and convexity for its
optimization. This model gave us a good idea of the nonlinearity of the cells’ responses.
Additionally, we fit a model based on a handcrafted nonlinear feature space consisting of a
set of Gabor wavelets [4, 47-49] and energy terms of each quadrature pair [6]. We refer to
this model as the ‘Gabor filter bank’ (GFB). It builds upon existing knowledge about V1
function and is able to model simple and complex cells as well as linear combinations
thereof. Moreover, this model is the current state of the art in the neural prediction challenge
for monkey V1 responses to natural images [50] and therefore a strong baseline for a quanti-
tative evaluation.

A

W

Input Stimulus Convolutional layers Linear Nonlinearity V1 Spike 0.5
readouts  + noise Counts 5
Neuron 1 04
4040 28x28x32  28x28x32 28x28x32 " L'C‘
—-® - w5
. 203
3x3
D 0.2
—» — — 1
: N 1 2 3 4 5
—1.14 deg — 28x28x32

# conv layers

Fig 7. Data-driven convolutional network model. We trained a convolutional neural network to produce a feature space fed to a GLM-like
model. In contrast to the VGG-based model, both feature space and readout weights are trained only on the neural data. A. Three-layer
architecture with a factorized readout [40] used for comparison with other models. B. Performance of the data driven approach as a function of
the number of convolutional layers on held-out data. Three convolutional layers provided the best performance on the validation set. See
Methods for details.

https://doi.org/10.1371/journal.pchi.1006897.g007
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Fig 8. Deep models are the new state of the art. A: Randomly selected cells. The normalized explainable variance (oracle) per cell is shown in gray. For each cell from
left to right, the variance explained of: regularized LNP [46], GFB [22, 47, 48], three-layer CNN trained on neural responses, and VGG conv3_1 model (ours). B. CNN
and VGG conv3_1 models outperform for most cells LNP and GFB. Black line denotes the identity. The performance is given in FEV. C: VGG conv3_1 features
perform slightly better than the three-layer CNN. D: Performance of the four models in fraction of explainable variance explained (FEV) averaged across neurons.
Error bars show 95% confidence intervals of the population means. All models perform significantly different from each other (Wilcoxon signed rank test, n = 166;
family-wise error rate o = 0.05 using Holm-Bonferroni method to account for multiple comparisons).

https://doi.org/10.1371/journal.pchi.1006897.g008

We compared the models for a number of cells selected randomly (Fig 8A). There was a
diversity of cells, both in terms of how much variance could be explained in principle (dark
gray bars) and how well the individual models performed (colored bars). Overall, the deep
learning models consistently outperformed the two simpler models of V1. This trend was con-
sistent across the entire dataset (Fig 8B and 8D). The LNP model achieved 16.3% FEV, the
GFB model 45.6% FEV. The performance of the CNN trained directly on the data was compa-
rable to that of the VGG-based model (Fig 8C and 8D); they predicted 49.8% and 51.6% FEV,
respectively, on average. The differences in performance between all four models were statisti-
cally significant (Wilcoxon signed rank test, n = 166; family-wise error rate o = 0.05 using
Holm-Bonferroni method to account for multiple comparisons). Note that the one-layer CNN
(mean 34.5% FEV, Fig 7) structurally resembles the convolutional subunit model proposed by
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Vintch and colleagues [21]. Thus, deeper CNNss also outperform learned LN-LN cascade
models.

Improvement of model predictions is not linked to neurons’ tuning
properties

We next asked whether the improvement in predictive performance afforded by our deep neu-
ral network models was related in any way to known tuning properties of V1 neurons such as
the shape of their orientation tuning curve or their classification along the simple-complex
axis. To investigate this question, we performed an in-silico experiment: we showed Gabor
patches of the same size as our image stimulus with various orientations, spatial frequencies
and phases (Fig 9A) to our CNN model of each cell. Based on the model output, we computed
tuning curves for orientation (Fig 9B) and spatial phase (Fig 9D) by using the set of Gabors
with the optimal spatial frequency for each neuron.

Based on the phase tuning curves we compute a linearity index (see Methods), which
locates each cell on the axis from simple (linearity index close to one) to complex (index close
to zero). We then asked whether there are systematic differences in model performance as a
function of this simple-complex characterization. As expected, we found that more complex
cells are explained better by the Gabor filter bank model than an LNP model (Fig 9C). The
same was true for both the data-driven CNN and the VGG-based model. However, the simple-
complex axis did not predict whether and how much the CNN models outperformed the
Gabor filter bank model. Thus, whatever aspect of V1 computation was additionally explained
by the CNN models, it was shared by both simple and complex cells.

Next, we asked whether there is a relationship between orientation selectivity (tuning
width) and the performance of any of our models. We found that for cells with sharper orien-
tation tuning, the performance gain afforded by the Gabor filter bank model (and both CNN-
based models) over an LNP was larger than for less sharply tuned cells (Fig 9E). This result is
not unexpected given that cells in layer 2/3 tend to have narrower tuning curves and also tend
to be more complex [51, 52]. However, as for the simple-complex axis, tuning width was not
predictive of the performance gain afforded by a CNN-based model over the Gabor filter bank
(Fig 9E). Therefore, any additional nonlinearity in V1 computation captured by the CNN
models is not specific to sharply or broadly tuned neurons.

Models generalize across stimulus statistics

Our stimulus set contains both natural images as well as four sets of textures generated from
those images. These textures differ in how accurately and over what spatial extent they repro-
duce the local image statistics (see Fig 1). On the one end of the spectrum, samples from the
convl model reproduce relatively linear statistics over small regions of a few minutes of arc.
On the other end of the spectrum, samples from the conv4 model almost perfectly reproduce
the statistics of natural images over larger regions of 1-2 degrees of visual angle, covering the
entire classical and at least part of the extra-classical receptive field of V1 neurons.

We asked to what extent including these different image statistics helps or hurts building a
predictive model. To answer this question, we additionally fit both the data-driven CNN
model and the VGG-based model to subsets of the data containing only images from a single
image type (originals or one of four texture classes). We then evaluated each of these models
on all image types (Fig 10). Perhaps surprisingly, we found that using any of the four texture
statistics or the original images for training lead to approximately equal performance, indepen-
dent of which images were used for testing the model (Fig 10). This result held for both the
VGG-based (Fig 10A) and the data-driven CNN model (Fig 10B). Thus, using the very
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Fig 9. Relationship between model performance and neurons’ tuning properties. A. A sample subset of the Gabor stimuli with a rich diversity of frequencies,
orientations, and phases.B. Dots: Orientation tuning curves of 80 sample neurons predicted by our CNN model. Tuning curves computed at the optimal spatial
frequency and phase for each neuron. Lines: von Mises fits.C. Difference in performance between pairs of the four models as a function of tuning width. Tuning
width was defined as the full width at half maximum of the fitted tuning curve.D. Dots: Phase tuning curves of the same 80 sample neurons as in B, predicted by
our CNN model. Tuning curves computed at the optimal spatial frequency and orientation for each neuron. Lines: Cosine tuning curve with fitted amplitude and
offset (see Methods).E. Like C, the difference in performance between pairs of models as a function of the neurons’ linearity index. Linearity index: ratio of
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linearity > 0.3); blue: complex cells (bottom 28% linearity, linearity < 0.04).

https://doi.org/10.1371/journal.pcbi.1006897.9009
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all and every individual stimulus type (rows) (see Fig 1) and tested on all and every individual type. The VGG model showed good domain transfer in
general. The same was true for the data-driven CNN model, although it performed worse overall when trained on only one set of images due to the
smaller training sample. There were no substantial differences in performance across image statistics.

https://doi.org/10.1371/journal.pchi.1006897.g010

localized convl textures worked just as well for predicting the responses to natural images as
did training directly on natural images—or any other combination of training and test set.
This result is somewhat surprising to us, as the convl textures match only very simple and
local statistics on spatial scales smaller than individidual neurons’ receptive fields and percep-
tually are much closer to noise than to natural images.

VGG-based model needs less training data

An interesting corollary of the analysis above is the difference in absolute performance
between the VGG-based and the data-driven CNN model when using only a subset of images
for training: while the performance of the VGG-based model remains equally high when using
only a fifth of the data for training (Fig 10A), the data-driven CNN takes a substantial hit (Fig
10B, second and following rows). Thus, while the two models perform similarly when using
our entire dataset, the VGG-based model works better when less training data is available.
This result indicates that, for our current experimental paradigm, training the readout weights
is not the bottleneck—despite the readout containing a large number of parameters in the
VGG-based model (Table 2). Because we know that only a small number of non-zero weights
are necessary, the L1 regularizer works very well in this case. In contrast, the data-driven
model takes a substantial hit when using only a subset of the data, suggesting that learning the
shared feature space is the bottleneck for this model. Thus collecting a larger dataset could
help the data-driven model but is unlikely to improve performance of the VGG-based one.

Table 2. Number of learned parameters for the different models. ‘Core’ refers to the part shared among all neurons.
‘Readout’ refers to the parameters required for each neuron.

Model Core Readout/neuron Total
LNP - 1,601 265,766
GFB - 5,545 920,470
CNN 23,936 867 167,858
VGG 512 25,601 4,250,278

https://doi.org/10.1371/journal.pchi.1006897.t002
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Discussion

Our goal was to find which model among various alternatives is best for one of the most stud-
ied systems in modern systems neuroscience: primary visual cortex. We fit two models based
on convolutional neural networks to V1 responses to natural stimuli in awake, fixating mon-
keys: a goal-driven model, which uses the representations learned by a CNN trained on object
recognition (VGG-19), and a data-driven model, which learns both the convolutional and
readout parameters using stimulus-response pairs with multiple neurons simultaneously. Both
approaches yielded comparable performance and substantially outperformed the widely used
LNP [46] and a rich Gabor filter bank (GFB), which held the previous state of the art in predic-
tion of V1 responses to natural images. This finding is of great importance because it suggests
that deep neural networks can be used to model not only higher cortex, but also lower cortical
areas. In fact, deep networks are not just one among many approaches that can be used, but
the only class of models that has been shown to provide the multiple nonlinearities necessary
to accurately describe V1 responses to natural stimuli.

Our work contributes to a growing body of research where goal-driven deep learning mod-
els [23, 24] have shown unprecedented predictive performance in higher areas of the visual
stream [32, 33], and a hierarchical correspondence between deep networks and the ventral
stream [35, 53]. Studies based on fMRI have established a correspondence between early layers
of CNNs trained on object recognition and V1 [35, 54]. Here, with electrophysiological data
and a deeper network (VGG-19), we found that V1 is better explained by feature spaces multi-
ple nonlinearities away from the pixels. We found that it takes five layers (a quarter of the way)
into the computational stack of the object categorization network to explain V1 best, which is
in contrast to the many models that treat V1 as only one or two nonlinearities away from pixels
(i.e. GLMs, energy models). Earlier layers of our CNNs might explain subcortical areas better
(i.e. retina and LGN), as they are known to be modeled best with multiple, but fewer, nonline-
arities already [41].

What are, then, the additional nonlinearities captured by our deep convolutional models
beyond those in LNP or GFB? Our first attempts to answer this question via an in-silico analy-
sis revealed that whatever the CNNSs capture beyond the Gabor filter bank model is not specific
to the cells’ tuning properties, such as width of the orientation tuning curve and their charac-
terization along the simple-complex spectrum. This result suggests that the missing nonlinear-
ity may be relatively generic and applicable to most cells. There are a few clear candidates for
such nonlinear computations, including divisive normalization [55] and overcomplete sparse
coding [12]. Unfortunately, quantifying whether these theories provide an equally good
account of the data is not straightforward: so far they have not been turned into predictive
models for V1 neurons that are applicable to natural images. In the case of divisive normaliza-
tion, the main challenge is learning the normalization pool. There is evidence for multiple nor-
malization pools, both tuned and untuned and operating in the receptive field center and
surround [56]. However, previous work investigating these normalization pools has employed
simple stimuli such as gratings [18] and we are not aware of any work learning the entire nor-
malization function from neural responses to natural stimuli. Similarly, sparse coding has so
far been evaluated only qualitatively by showing that the learned basis functions resemble
Gabor filters [12]. Solving a convolutional sparse coding problem [57] and using the resulting
representation as a feature space would be a promising direction for future work, but we con-
sider re-implementing and thoroughly evaluating this approach to be beyond the scope of the
current paper.

To move forward in understanding such nonlinearities may require developing more inter-
pretable neural networks or methods that provide interpretability of networks, which are an
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active area of research in the machine learning community. Alternatively, we could build pre-
dictive models constrained with specific hard-coded nonlinearities (such as normalization)
that express our knowledge about important computations.

It is also possible that the mechanistic level of circuit components remains undercon-
strained by function and thus allows only for explanations up to some degree of degeneracy,
requiring knowledge of the objective function the system optimizes (e.g. sparse coding, predic-
tive coding). Our results show that object categorization—despite being a relatively impover-
ished visual task—is a very useful learning objective not only for high-level areas in the ventral
stream, but also for a more low-level and general-purpose area like V1, despite the fact that V1
clearly serves a large number of tasks beyond object categorization. This finding resonates well
with results from computer vision, where object categorization has also been found to be an
extremely useful objective to learn features applicable to numerous other visual tasks [25].

Our current best models still leave almost half of the explainable variance unexplained,
raising the question of how to make further progress. Our finding that the VGG-based model
performed equally well with only 20% of the images in the training set suggests that its perfor-
mance was not limited by the amount of data available to learn the readout weights, which
make for the bulk of the parameters in this model (Table 2). Instead, the VGG-based model
appears to be limited by a remaining mismatch between VGG features and V1 computation.
This mismatch could potentially be reduced by using features from neural networks trained
simultaneously on multiple ethologically relevant tasks beyond object categorization. The
data-driven model reached its full performance only with the full training set, suggesting that
learning the nonlinear feature space is the bottleneck. In this case, pooling over a larger num-
ber of neurons or recording longer from the same neurons should improve performance
because most of the parameters are in the shared feature space (Table 2) and this number is
independent of the number of neurons being modeled.

We conclude that previous attempts to describe the basic computations that different types
of neurons in primary visual cortex perform (e.g. “edge detection”) do not account for the
complexity of multi-layer nonlinear computations that are necessary for the performance
boost achieved with CNNs. Although these models, which so far best describe these computa-
tions, are complex and lack a concise intuitive description, they can be obtained by a simple
principle: optimize a network to solve an ecologically relevant task (object categorization) and
use the hidden representations of such a network. For future work, combining data- and goal-
driven models and incorporating the recurrent lateral and feedback connections of the neocor-
tex promise to provide a framework for incrementally unravelling the nonlinear computations
of V1 neurons.

Methods
Ethics statement

All behavioral and electrophysiological data were obtained from two healthy, male rhesus
macaque (Macaca mulatta) monkeys aged 12 and 9 years and weighing 12 and 10 kg, respec-
tively, during the time of study. All experimental procedures complied with guidelines of the
NIH and were approved by the Baylor College of Medicine Institutional Animal Care and
Use Committee (permit number: AN-4367). Animals were housed individually in a large
room located adjacent to the training facility, along with around ten other monkeys permit-
ting rich visual, olfactory and auditory interactions, on a 12h light/dark cycle. Regular veteri-
nary care and monitoring, balanced nutrition and environmental enrichment were provided
by the Center for Comparative Medicine of Baylor College of Medicine. Surgical procedures
on monkeys were conducted under general anesthesia following standard aseptic techniques.
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To ameliorate pain after surgery, analgesics were given for 7 days. Animals were not sacri-
ficed after the experiments.

Electrophysiological recordings

We performed non-chronic recordings using a 32-channel linear silicon probe (NeuroNexus
V1x32-Edge-10mm-60-177). The surgical methods and recording protocol were described
previously [58]. Briefly, form-specific titanium recording chambers and headposts were
implanted under full anesthesia and aseptic conditions. The bone was originally left intact and
only prior to recordings, small trephinations (2 mm) were made over medial primary visual
cortex at eccentricities ranging from 1.4 to 3.0 degrees of visual angle. Recordings were done
within two weeks of each trephination. Probes were lowered using a Narishige Microdrive
(MO-97) and a guide tube to penetrate the dura. Care was taken to lower the probe slowly, not
to penetrate the cortex with the guide tube and to minimize tissue compression (for a detailed
description of the procedure, see [58]).

Data acquisition and spike sorting

Electrophysiological data were collected continuously as broadband signal (0.5Hz-16kHz)
digitized at 24 bits as described previously [59]. Our spike sorting methods are based on [60],
code available at https://github.com/aecker/moksm, but with adaptations to the novel type of
silicon probe as described previously [58]. Briefly, we split the linear array of 32 channels into
14 groups of 6 adjacent channels (with a stride of two), which we treated as virtual electrodes
for spike detection and sorting. Spikes were detected when channel signals crossed a threshold
of five times the standard deviation of the noise. After spike alignment, we extracted the first
three principal components of each channel, resulting in an 18-dimensional feature space used
for spike sorting. We fitted a Kalman filter mixture model [61, 62] to track waveform drift typi-
cal for non-chronic recordings. The shape of each cluster was modeled with a multivariate ¢-
distribution (df = 5) with a ridge-regularized covariance matrix. The number of clusters was
determined based on a penalized average likelihood with a constant cost per additional cluster
[60]. Subsequently, we used a custom graphical user interface to manually verify single-unit
isolation by assessing the stability of the units (based on drifts and health of the cells through-
out the session), identifying a refractory period, and inspecting the scatter plots of the pairs of
channel principal components.

Visual stimulation and eye tracking

Visual stimuli were rendered by a dedicated graphics workstation and displayed on a 19” CRT
monitor (40 x 30 cm) with a refresh rate of 100 Hz at a resolution of 1600 x 1200 pixels and a
viewing distance of 100 cm (resulting in ~70 px/deg). The monitors were gamma-corrected to
have a linear luminance response profile. A camera-based, custom-built eye tracking system
verified that monkeys maintained fixation within ~ 0.42 degrees around the target. Offline
analysis showed that monkeys typically fixated much more accurately. The monkeys were
trained to fixate on a red target of ~ 0.15 degrees in the middle of the screen. After they main-
tained fixation for 300 ms, a visual stimulus appeared. If the monkeys fixated throughout the
entire stimulus period, they received a drop of juice at the end of the trial.

Receptive field mapping

At the beginning of each session, we first mapped receptive fields. We used a sparse random
dot stimulus for receptive field mapping. A single dot of size 0.12 degrees of visual field was
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presented on a uniform gray background, changing location and color (black or white) ran-
domly every 30 ms. Each trial lasted for two seconds. We obtained multi-unit receptive field
profiles for every channel using reverse correlation. We then estimated the population recep-
tive field location by fitting a 2D Gaussian to the spike-triggered average across channels at the
time lag that maximizes the signal-to-noise-ratio. We subsequently placed our natural image
stimulus at this location.

Natural image stimulus

We used a set of 1450 grayscale images as well as four texturized versions of each image. We
used grayscale images to avoid the complexity of dealing with color and focus on spatial image
statistics. The texturized stimuli allowed us to vary the degree of naturalness, ranging from rel-
atively simple, local statistics to very realistic textures capturing image statistics over spatial
scales covering both classical and at least parts of the extra-classical receptive field of neurons.
The images were taken from ImageNet [44], converted to grayscale and rescaled to 256 x 256
pixels. We generated textures with different degrees of naturalness by capturing different levels
of higher-order correlations from a local to a global scale by using a parametric model for tex-
ture synthesis [45]. This texture model uses summary statistics of feature activations in differ-
ent layers of the VGG-19 network [28] as parameters for the texture. The lowest-level model
uses only the statistics of layer convl_1. We refer to it as the “convl” model. The next one uses
statistics of convl_1 and conv2_1 (referred to as conv2), and so on for conv3 and conv4. Due
to the increasing level of nonlinearity of the VGG-19 features and their increasing receptive
field sizes with depth, the textures synthesized from these models become increasingly more
natural (see Fig 1 and [45] for more examples)

To synthesize the textures, we start with a random white noise image and iteratively refine
pixels via gradient descent such that the resulting image matches the feature statistics of the
original image [45]. For displaying and further analyses, we cropped the central 140 pixels of
each image, which corresponds to 2 degrees of visual angle.

The entire data set contains 1450 x 5 = 7250 images (original plus synthesized). During
each trial, 29 images were displayed, each for 60 ms, with no blanks in between (Fig 1B). We
chose this fast succession of images to maximize the number of images we can get through in
a single experiment, resulting in a large training set for model fitting. The short presentation
times also mean that the responses we observe are mainly feedforward, since feedback pro-
cesses take some time to be engaged. Each image was masked by a circular mask with a diame-
ter of 2 degrees (140 px) and a soft fade-out starting at a diameter of 1 degree:

1 if0<r<0.5
m(r) =< 0.5cos (n(2r — 1)) +0.5 if 0.b5<r<1 (2)
0 otherwise

Images were randomized such that consecutive images were not of the same type or synthe-
sized from the same image. A full pass through the dataset took 250 successful trials, after
which it was traversed again in a new random order. Images were repeated between one and
four times, depending on how many trials the monkeys completed in each session.

Dataset and inclusion criteria

We recorded a total of 307 neurons in 23 recording sessions. We did not consider six of these
sessions, for which we did not obtain enough trials to have at least two repetitions for each
image. In the remaining 17 sessions, we quantified the fraction of total variance of each neuron
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attributable to the stimulus by computing the ratio of explainable and total variance (grey bars
in Fig 8):

Var[y] — Gioise
Varly) ®)

The explainable variance is the total variance minus the variance of the observation noise. We

2
noise”

estimated the variance of the observation noise, o7, , by averaging (across images) the vari-

ance (across repetitions) of responses to the same stimulus:

Oree = E [Var, [yi‘xjﬂv (4)

noise

where x; is the 7™ image and y; the response to the i repetition. We discarded neurons with a
ratio of explainable-to-total variance (see Eq 3) smaller than 0.15, yielding 166 isolated neurons
(monkey A: 51, monkey B: 115) recorded in 17 sessions with an average explainable variance
of 0.285. Monkey A had only sessions with two repetitions while Monkey B had four repeti-
tions per image.

Image preprocessing

All images were contrast-matched before displaying them on the screen. To do so, we
rescaled the pixel intensities of all images such that the central, unmasked 1° (70 pixels)

of each image had the same mean and standard deviation. We set the mean to 128 (same as
the gray background) and the standard deviation to the average standard deviation across
images. Any pixels falling outside the range of [0, 255] after this procedure were cropped to
this range.

Prior to model fitting, we additionally cropped the central 80 pixels (1.1°) of the 140-pixel
(2°) images shown to the monkey. For most of the analyses presented in this paper, we sub-
sampled these crops to half their size (40 x 40) and z-scored them. For the input resolution
control (Fig 5), we resampled with bicubic interpolation the original 80 x 80 crops to 60 x 60,
40 x 40, and 27 x 27 for scales 1.5, 1, 0.67, respectively.

GLM with pre-trained CNN features

Our proposed model consists of two parts: feature extraction and a generalized linear model
(GLM,; Fig 3). The features are the output maps ®(x) of convolutional layers of VGG-19 [28]
to a stimulus image x, followed by a batch normalization layer. We perform this normalization
to ensure that the activations of each feature map have zero mean and unit variance (before
ReLU), which is important because the readout weights are regularized by an L, penalty and
having input features with different variances would implicitly apply different penalties on
their corresponding readout weights.

We fit a separate GLM for each convolutional layer of VGG-19. The GLM consists of linear
fully connected weights w;; for each neuron that compute a dot product with the input feature
maps @;;(x), a static output nonlinearity f (also known as the inverse of the link function), and
a Poisson noise model used for training. Here, i and j index space, while k indexes feature
maps (denoted as depth in Fig 3). The spiking rate of a given neuron r will follow:

() = £ (S Oulywy, + b) (5)

Additionally, three regularization terms were applied to the weights:
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1. Sparsity: Most weights need to be zero since we expect the spatial pooling to be localized.
We use the L; norm of the weights:

L s = Meparse 2 Wl (6)

2. Spatial smoothness: Together with sparseness, spatial smoothness encourages spatial local-
ity by imposing continual regular changes in space. We computed this by an L, penalty on
the Laplacian of the weights:

LLaplace = }\‘Laplace Z(W:.:.k * L)f}., L=|-1 4 -1 (7)

ik

3. Group sparsity encourages our model to pool from a small set of feature maps to explain
each neuron’s responses:

Egroup = )\‘group; Zwik (8)
)

Considering the recorded image-response pair (x, y) for one neuron, the resulting loss func-
tion is given by:

L=- Z)’log r(x) + r(x) + ‘Csparse + LLaplace + ‘Cgmup (9)

where the sum runs over samples (image, response pairs).

We fit the model by minimizing the loss using the Adam optimizer [63] on a training set
consisting of 80% of the data, and reported performance on the remaining 20%. We cross-vali-
dated the hyperparameters Agparses Maplaces Agroup fOT €ach neuron independently by performing
a grid search over four logarithmically spaced values for each hyperparameter. The validation
was done on 20% of the training data. The optimal hyperparameter values obtained on the val-
idation set where Applace = 0.1, Agparse = 0.01, Agroyp = 0.001. When fitting models, we used the
same split of data for training, validation, and testing across all models.

Data-driven convolutional neural network model

We followed the results of [40] and use their best-performing architecture that obtained state-
of-the-art performance on a public dataset [38]. Like our VGG-based model, this model also
consisted of convolutional feature extraction followed by a GLM, the difference being that
here the convolutional feature space was learned from neural data instead of having been
trained on object recognition. The feature extraction architecture consisted of convolutional
layers with filters of size 13 x 13 px for the first layer and 3 x 3 px for the subsequent layers.
Each layer had 32 feature maps (Fig 7A) and exponential linear units (ELU [64])

x if x>0

ELU(x) = { (10)
exp(x) — 1 if x<0

as nonlinearities with batch normalization [65] to facilitate training in between the layers. As
in the original publication [40], we regularized the convolutional filters by imposing smooth-
ness constraints on the first layer and group sparseness on the subsequent layers. A notable dif-
ference to our VGG-based GLM is that here the readout weights are factorized in space and
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feature maps:
Wy = UV, (11)

where u;; is a spatial mask and vy a set of feature pooling weights. We fitted models with
increasing number of convolutional layers (one to five). We found that optimizing the final
nonlinearity, f{x), of each neuron was important for optimal performance of the data-driven
CNN. To do so, we took the following approach: we split f{x) into two components:

fx) = h(x)g(x) (12)

where g(x) is ELU shifted to the right and up by one unit (to make it non-negative—firing
rates are non-negative):

g(x) =ELU(x—1)+1 (13)

and & is a non-negative, piecewise linear function:

h(x) = exp (iuit,) (14)

Here, o; are parameters learned jointly with the remaining weights of the network and the ¢;
are a set of ‘tent’ basis functions to create a piecewise linear function with interpolation points
x;=-3,-2.82,...,6 (ie. Ax = 0.18):

t; = min (max <O,x_A—j§H), max (%)) (15)

We regularize the output nonlinearity by penalizing the L, norm of the first and second dis-
crete finite differences of @; to encourage h to be close to 1 and smooth:

n n—1
‘Couz = )\‘our (Z + (fxi - O‘H)Z + Z(zfxi =% “m)Q) (16)
=2 i=2

Note that we applied this optimization of the output nonlinearity only to the data-driven
model, as doing the same for the VGG-based model did not improve performance. One poten-
tial reason for this difference is that the VGG-based model has a much larger number of fea-
ture maps (256 for layer conv3_1) that each neuron can pool from.

Linear nonlinear poisson model (LNP)

We implemented a simple regularized LNP Model [46]. This model is fitted for each neuron
separately and consists of two simple stages: The first one is a linear filter w with the same
dimensions as the input images. The second is a pointwise exponential function as nonlinear-
ity that converts the filter output into a non-negative spike rate. The LNP assumes spike count
generation through a Poisson process, so we minimize a Poisson loss (negative log-likelihood)
to obtain the kernels of each neuron (see first term of Eq 17 below). Additionally, we imposed
two regularization constraints that we cross-validated: smoothness (Eq 7) and sparsity (Eq 6).
With the same M image-response pairs (X, y) of the training set that we used for all other
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models, we optimized the following loss function:

M
Liyp = Z [wTXi —y;log (wai)} + ‘Cspurse (w) + ‘Clupluce (w) (17)
i1

Gabor filter bank model (GFB)

Varying versions of the Gabor filter bank model (GFB) have been used in classical work on
system identification [22, 47, 48, 66]. This model convolves the image with quadrature pairs of
Gabor filters with varying scales, frequencies, aspect ratios, and orientations. Each quadrature
pair consists of an ‘even’ (cosine/symmetric) and an ‘odd’ (sine/antisymmetric) Gabor filter
and produces three feature maps: the results of the convolution with the two filters (‘even’ and
‘odd’ features) and an ‘energy’ feature, which is the spectral power of each pair (i.e. sum of the
squares). Thus, this model allows for modeling simple and complex cells and linear combina-
tions thereof.

The Gabor filters obeyed the following equations with x and y representing spatial dimen-
sions:

, PLEEIV
gmf‘_l_v()_w(x’,y) = exp {— sz cos (2nfx' + ¢), (18)

x cos —sinf] [x
y sinf  cos0 y

The standard deviation (o) represents the scale of the Gaussian envelope, the aspect ratio (y)

where

specifies the ellipticity of the envelope, the spatial frequency (f) quantifies the number of sinu-
soidal cycles divided by the width of the Gaussian aperture (~40), The sinusoidal grating is
determined by an orientation (6) and phase (¢). To form quadrature pairs we set ¢ to 0 and
/2 for even and odd filters, respectively. We set the kernel size of every Gabor filter to the
minimum of the input image size and the closest integer to 40/y for both spatial dimensions.

To compute the even and odd feature maps, we convolved the input image with each Gabor
filter using strided convolutions (®) with stride s:

E o =T®8& 11000 (20)

Oﬂ,f:,',() =I1®&,f109-m (21)

We then computed the energy features as follows:
Aa.f.’,‘,() = (Ea.f.;‘,())z + (Oo‘.f:,‘,())2 (22)

The full feature space of this model ®,4,,(x) is a concatenation of triplets of even, odd, and
energy features of every Gabor filter. The filter bank consisted of N filter sizes, Ny spatial fre-
quencies per size, Ny orientations and N, aspect ratios. The spatial frequencies depended on
the size of the envelope: f, = n/4owithn=1, .., Np which means for n = 3 we used Gabors
with 1, 2 and 3 cycles. Aspect ratios ranged from 0.5 to 1 with equal spacing, except for N, = 1
where we used an aspect ratio of ¥ = 1. As for the GLM with VGG features, we fit a linear read-
out on top of this feature space (Eq 5), followed by a shifted ELU output nonlinearity (Eq 13).
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To train the model, we minimized a Poisson loss and regularized the readout weights to
be sparse (i.e. first two terms in Eq 9); we did not enforce smoothness or group sparsity here,
as they mainly improve interpretability but do not affect performance. We determined the
hyperparameters of the Gabor filter bank by running a search over a number of parameter
combinations and evaluating the performance of each model on the validation set. We con-
verged to the following values: three different sizes (N; = 3: 6 px/0.17°, 11 px/0.31° and 21
px/0.60°), three different spatial frequencies (Ny= 3: f= 1, 2, 3) per size, one aspect ratio
(N, =y = 1), eight orientations (Ng = 8), convolutional stride of 6 for all filters, and L, regu-
larization parameter o = 0.05. Notably, including multiple different aspect ratios did not
improve performance, presumably because it increased the dimensionality of the feature
space which harmed generalization.

Number of parameters to be learned

The parameters we fit for each of the models belong either to a shared set for all neurons (the
core), or are specific to each neuron (the readout). Table 2 shows the number of parameters
for each of the models and how many belong to either core or readout. For both the LNP and
GFB models, we learn only a readout from a fixed feature space for each neuron plus a bias.
For the LNP we learn one channel of pixel intensities (40 x 40 + 1). For the GFB model, we
have for each size Ny Ny channels (3 x 8 = 24), and each filter produced a feature output of size
|1 + (40 — size)/stride]. With N, = 3 we got sizes 6, 11, and 21 so the output features have size
6, 5, and 4, respectively. Since each Gabor filter quadrature pair produces odd, even, and
energy feature spaces, the total dimensionality is 3 x 24 x (6% + 5> + 4%) + 1 = 5545, For the
three-layer CNN, we have 32 channels in all layers (32 x 3 biases) and filters with sizes 13 x 13
X 32,3 x 3 x32x32,and 3 x 3 x 32 x 32, resulting in 23, 963 core parameters. The output fea-
ture space for an image is 28 x 28 x 32 (reduced from 40 x 40 due to the padding of the convo-
lutions: no padding in first layer, zero padding in second and third). With a factorized readout
and a bias, the readout per neuron is then 28 x 28 + 32 plus a bias. In addition, our point-wise
output nonlinearity has 50 parameters. Thus, overall we have 867 readout parameters per neu-
ron for this CNN model.

For the VGG-based model, although we do not learn the feature space, we do learn batch
normalization parameters at the output of the last convolutional layer. For the model that
used conv3_1 (256 feature channels) this means learning scale and bias parameters common
to all neurons: 2 x 256 = 512 for the core. For a 40 x 40 input, the output of the feature space is
10 x 10 x 256 (due to downsampling twice via max pooling). Here, we learn a dense readout
and a bias, so the readout per neuron has 10 x 10 x 256 + 1 = 25, 601 parameters.

Performance evaluation

We measured the performance of all models with the fraction of explainable variance
explained (FEV). That is, the ratio between the variance accounted for by the model (variance
explained) and the explainable variance (numerator in Eq 3). The explainable variance is lower
than the total variance, because observation noise prevents even a perfect model from account-
ing for all variance. We compute FEV as

FEV = 1— %Z(y_j/)z _O-xzmise (23)
Varly] — o2 ’

noise

where y represents the model predictions, y the observed spike counts, and the level of obser-
2
noise

vation noise, o2 _is defined in Eq 4 above.
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Implementation details

We implemented all models in TensorFlow [67]. We optimized them with Adam [63] using
mini-batches of size 256, and early stopping: we evaluated performance on the validation set
every 100 training steps, and after ten iterations of no improvement, we decayed the learning
rate by a factor of three and repeated this three times. The learning rate at the beginning of the
optimization was cross-validated for the goal-driven models and set to 1e-4 for the others as
this value always worked best.

Tools. We managed our data and kept track of models, parameters, and performance
using DataJoint [68]. In addition, we used Numpy/Scipy [69], Matplotlib [70], Seaborn [71],
Jupyter [72], Tensorflow [67], and Docker [73]. The code to fit all models is available in this
repository: \url{https://github.com/sacadena/Cadena2019PlosCB}.
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Abstract

Recent work on modeling neural responses in the primate visual sys-
tem has benefited from deep neural networks trained on large-scale ob-
ject recognition, and found a hierarchical correspondence between lay-
ers of the artificial neural network and brain areas along the ventral
visual stream. However, we neither know whether such task-optimized
networks enable equally good models of the rodent visual system, nor
if a similar hierarchical correspondence exists. Here, we address these
questions in the mouse visual system by extracting features at several
layers of a convolutional neural network (CNN) trained on ImageNet
to predict the responses of thousands of neurons in four visual areas
(V1, LM, AL, RL) to natural images. We found that the CNN features
outperform classical subunit energy models, but found no evidence for
an order of the areas we recorded via a correspondence to the hierar-
chy of CNN layers. Moreover, the same CNN but with random weights
provided an equivalently useful feature space for predicting neural re-
sponses. Our results suggest that object recognition as a high-level task
does not provide more discriminative features to characterize the mouse
visual system than a random network. Unlike in the primate, training
on ethologically relevant visually guided behaviors — beyond static ob-
ject recognition — may be needed to unveil the functional organization
of the mouse visual cortex.
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Abstract

Recent work on modeling neural responses in the primate visual system has ben-
efited from deep neural networks trained on large-scale object recognition, and
found a hierarchical correspondence between layers of the artificial neural net-
work and brain areas along the ventral visual stream. However, we neither know
whether such task-optimized networks enable equally good models of the rodent
visual system, nor if a similar hierarchical correspondence exists. Here, we ad-
dress these questions in the mouse visual system by extracting features at several
layers of a convolutional neural network (CNN) trained on ImageNet to predict
the responses of thousands of neurons in four visual areas (V1, LM, AL, RL) to
natural images. We found that the CNN features outperform classical subunit
energy models, but found no evidence for an order of the areas we recorded via a
correspondence to the hierarchy of CNN layers. Moreover, the same CNN but with
random weights provided an equivalently useful feature space for predicting neural
responses. Our results suggest that object recognition as a high-level task does
not provide more discriminative features to characterize the mouse visual system
than a random network. Unlike in the primate, training on ethologically relevant
visually guided behaviors — beyond static object recognition — may be needed to
unveil the functional organization of the mouse visual cortex.

1 Introduction

Visual object recognition is a fundamental and difficult task performed by the primate brain via a
hierarchy of visual areas (the ventral stream) that progressively untangles object identity information,
gaining invariance to a wide range of object-preserving visual transformations [1, 2]. Fueled by
the advances of deep learning, recent work on modeling neural responses in sensory brain areas
builds upon hierarchical convolutional neural networks (CNNs) trained to solve complex tasks like
object recognition [3]. Interestingly, these models have not only achieved unprecedented performance
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in predicting neural responses in several brain areas of macaques and humans [4—7], but they also
revealed a hierarchical correspondence between the layers of the CNNs and areas of the ventral
stream [4, 6]: the higher the area in the ventral stream, the higher the CNN layer that explained it
best. The same approach also provided a quantitative signature of a previously unclear hierarchical
organization of Al and A2 in the human auditory cortex [7].

These discoveries about the primate have sparked a still unresolved question: to what extent is visual
object processing also hierarchically organized in the mouse visual cortex and how well can the
mouse visual system be modeled using goal-driven deep neural networks trained on static object
classification? This question is important since mice are increasingly used to study vision due to
the plethora of available experimental techniques such as the ability to genetically identify and
manipulate neural circuits that are not easily available in primates. Recent work suggests that rats
are capable of complex visual discrimination tasks [8] and recordings from extrastriate areas show a
gradual increase in the ability of neurons in higher visual areas to support discrimination of visual
objects [9, 10].

Here, we set out to study how well the mouse visual system can be characterized by goal-driven deep
neural networks. We extracted features from the hidden layers of a standard CNN (VGG16, [11])
trained on object categorization, to predict responses of thousands of neurons in four mouse visual
areas (V1, LM, AL, RL) to static natural images. We found that VGG16 yields powerful features for
predicting neural activity, outperforming a Gabor filter bank energy model in these four visual areas.
However, VGG16 does not significantly outperform a feature space produced by a network with an
identical architecture but random weights. In contrast to previous work in primates, our data provide
no evidence so far for a hierarchical correspondence between the deep network layers and the visual
areas we recorded.

2 Model Architecture

A VGG-16 (core) Modulator network

Shifter network
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Our network (Fig.1) builds upon ear-
lier work [5, 12]. It consist of four
main network components: a core
that provides nonlinear features of in-
put images, a readout that maps those
features to each neuron’s responses,
a shifter that predicts receptive field
shifts from pupil position, and a mod-
ulator that provides a gain factor for
each neuron based on running speed
and pupil dilation of the mouse.

Neuron 1

e —O

g : | : : ;
. 1 ST —®—=/~[1g] L [20]- +HEHEF
0.5 sec l
B spatial Transformer Readout

& \ar location  Featuro weight:
ad ‘ [ 1 $
y A
-/ ) -/ &)~/
(=

pool step 1 pool step 2

Predicted  Observed
spike  spike
rate  rate

o/

Training

pool step 0

For the core we use VGG16 [11] up to
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ers. We chose VGG16 due to its sim-
ple feed-forward architecture, compet-
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Figure 1: VGGI16 based model. Input images are forwarded
trough the core (A) network (first n layers of VGG16) to produce a

itive object classification performance,
and increasing popularity to character-
ize rodent visual areas [10, 13]. The
collection of output feature maps of
a VGG16 layer — the shared feature
space — was then fed into a spatial
transformer readout for each neuron
(Fig.1B, see [12] for details). This
readout learns one (x, y) location for
each neuron (its receptive field loca-

feature space shared by all neurons. Then, the spatial transformer
readout (B) finds a mapping between these features and the neural
responses for each neuron separately. The shifter network (an MLP
with one hidden layer) corrects for eye movements. The output
of the readout is multiplied by a gain predicted by the modulator
network (an MLP with one hidden layer) that uses running speed
and pupil dilation. A static nonlinearity converts the result into
the predicted spike rate. All components of the model are trained
jointly end-to-end to minimize the difference between predicted
and observed neural responses.

tion, RF) [12] and extracts a feature vector at this location from multiple downsampled versions
(scales) of the feature maps. The output of the readout is a linear combination of the concatenated
feature vectors. We regularized the feature weights with an L, penalty to encourage sparsity.

Shifter and modulator are multi-layer perceptrons (MLP) with one hidden layer. The shifter takes
the tracked pupil position in camera coordinates and predicts a global receptive field shift (Ax, Ay)



in monitor coordinates. The modulator uses the mouse’s running speed, its pupil diameter, and the
derivative to predict a gain for each neuron by which the neuron’s predicted response is multiplied. A
soft-thresholding nonlinearity turns the result into a non-negative spike rate prediction (Fig.1). All
components of the model (excluding the core, which is pre-trained on ImageNet) are trained jointly
end-to-end to minimize the difference between predicted and observed neural responses using Adam
with a learning rate of 10~%, a batch size of 125 and early stopping.

3 Experiments

Neural data. We recorded responses of excitatory neurons in areas V1, LM, AL, and RL (layer
2/3) from two scans from one mouse and a third scan from a second mouse with a large-field-of-view
two-photon mesoscope (see [14] for details) at a frame rate of 6.7 Hz. We selected cells based on a
classifier for somata on the segmented cell masks and deconvolved their fluorescence traces, yielding
7393, 4674, 4680, 5797 neurons from areas V1, LM, AL, and RL, respectively. We further monitored
pupil position, pupil dilation, and absolute running speed of the animal.

Visual stimuli. Stimuli consisted of 5100 images taken
from ImageNet, cropped to 16:9 and converted to gray-
scale. The screen was 55 x 31 cm at a distance of 15 cm,
covering roughly 120° x 90°. In each scan, we showed
5000 of these images once (training and validation set)
and the remaining 100 images 10 times each (test set).
Each image was presented for 500 ms followed by a blank
screen lasting between 300 ms and 500 ms. For each
neuron, we extract the accumulated activity between 50 ms
and 550 ms after stimulus onset using a Hamming window.

A samplescan B Sample stimuli and traces

Figure 2: Neural data. A. Example large-
field-of-view scan. B. Visual paradigm with
sample cell traces

4 Results

We fitted one model (that of Fig.1; see [12] for training vV vovov -
details) for each combination of scan, brain area, VGG16 0 011
layer (out of the first eight), random initialization (out of S
three seeds), and input resolution. We considered several i
resolutions of the input images because the right scale at

which VGG16 layers extract relevant features that best 02~ T T T T T 1
match the representation in the brain is unknown. Op-
timizing the scale for each layer was critical, since the
correspondence between a single layer and a brain area (in
terms of best correlation performance) strongly depends
on the input resolution (e.g. see Fig 3A for V1 data). For
further analyses (Fig 3B & 4), we pick for each case the
best performing input scale in the validation set.
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No hierarchical correspondence. Previous results in VGG16 layer

primates [4] show that a brain area higher in the hierarchy

is better matched (i.e has a peak in prediction performance) Figure 3: No clear hierarchical correspon-
by a higher network layer. In contrast, when comparing the ~dence. A Test correlation in V1 data for
average performance across cells and scans for each con-  different input resolutions as a function of
volutional layer and brain area, we find no clear evidence VGGI6 layer. B Normalized performance

for a hierarchy (Fig.3B) since there is no clear ordering of for all four brain areas. Triangles show the
. best predictive layer in each case
the brain areas.

VGG16 outperforms classical models. We then investigate whether the lack of an evident hierar-
chy was due to an overall poor performance of our model. Thus, we first revise how much of the
explainable stimulus-driven variability the VGG16-based model captures. To this end we calculate
the oracle correlation (the conditional mean of n — 1 responses without the model) [12] obtaining
an upper bound of the achievable performance. Then we evaluate the test correlation of our model
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Figure 4: Performance comparison. A. Density of the distribution of test correlation across all neurons. B.
Percentage of oracle performance. In C and D, each point is the average test correlation performance for one
scan across all neurons. Brain areas are color coded as in A and the dotted line represents the identity. B: VGG16
vs. GFB. C: VGG16 vs. Random network core with the same architecture of VGG16

restricted to visual input information (no shifter and no modulator), against the oracle (Fig.4B) and
find that VGG16 features explain a substantial fraction of the oracle for the for areas (70-78%)

Second, we consider a subunit energy model with Gabor quadrature pairs as a baseline due to its
competitive predictive performance of macaque V1 responses [5]. We replace the core from Fig. 1
with a Gabor filter bank (GFB) consisting of a large number of Gabor filters with different orientations,
sizes and spatial frequencies arranged in quadrature pairs, and followed by a squaring nonlinearity [5].
We find that for all areas and scans, the VGG16 core outperformed the GFB (Fig.4C).

Core with random weights performs similarly. The results so far show that VGG16 provides
a powerful feature space to predict responses, which may suggest that static object recognition
could be a useful high-level goal to describe the function of the mouse visual system. However,
we were surprised that most VGG layers led to similar performance. To understand this result
better, we also evaluated a core with identical architecture but random weights. This random core
performed similarly well as its pre-trained counterpart (Fig.4D), suggesting that training on static
object recognition as a high-level goal is not necessary to achieve state-of-the-art performance in
predicting neural responses in those four visual areas. Instead, a sufficiently large collection of
random features followed by rectification provides a similarly powerful feature space.

The number of LN layers is critical to best match neu-
ral activity. Since random features produced by a linear-
nonlinear (LN) hierarchy closely match the performance
of the pretrained VGG16, we then asked if the number
of LN steps — when accounting for multiple input reso-
lutions — was the key common aspect of these networks
that yielded the best predictions. Effectively, similar to
the case of the pretrained VGG16 core, we found that the
fourth and fifth rectified convolutional layers of the ran-
dom core are the best predictive layers for the four areas Random VGG16 layer

we studied (Fig. 5). However, it is important to note that

in both cases the increase in performance after the second Figure 5: Normalized performance of the
convolutional layer is only marginal. Overall, we conclude random core with VGG16 architecture for
that the nonlinear degree — number of LN stages — rather ~all four brain areas. Triangles show the best
than the static object recognition training goal dictates how  Predictive layers in each case

close the representations are to the neural activity.
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5 Discussion

In contrast to similar work in the primate, we find no match between the hierarchy of mouse visual
cortical areas and the layers of CNNs trained on object categorization. Although VGG16 achieves
state-of-the-art performance, it is matched by random weights. There are three implications of our
results: First, our work is in line with previous work in machine learning that shows the power of
random features [15]. Therefore, we argue that models based on random features should always
be reported as baselines in studies on neural system identification. Second, which VGG layer best
predicted any given brain area depended strongly on the image resolution we used to feed into VGG16.



‘We observed a similar effect in our earlier work on primate V1 [5]. Thus, the studies reporting a
hierarchical correspondence between goal-driven deep neural networks and the primate ventral stream
should be taken with a grain of salt, as they — to the best of our knowledge — do not include this
control. Third, optimizing the network for static object recognition alone as a high-level goal does
not appear to be the right approximation to describe representations and the visual hierarchy in the
mouse cortex. Although our results do not exclude a potential object processing hierarchy in the
mouse visual system, they suggest that training with more ethologically relevant visually guided
tasks for the mouse could be a more fruitful goal-driven approach to characterize the mouse visual
system [16]. For instance, an approach with dynamic stimuli such as those found during prey capture
tasks [17] could yield more meaningful features to unveil the functional organization of the mouse
visual system.
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task-driven modeling of macaque v4 reveals functional special-
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Abstract

Responses to natural stimuli in area V4 — a mid-level area of the vi-
sual ventral stream — are well predicted by features from convolutional
neural networks (CNNs) trained on image classification. This result has
been taken as evidence for the functional role of V4 in object classifica-
tion. However, we currently do not know if and to what extent V4 plays a
role in solving other computational objectives. Here, we investigated nor-
mative accounts of V4 (and V1 for comparison) by predicting macaque
single-neuron responses to natural images from the representations ex-
tracted by 23 CNNSs trained on different computer vision tasks including
semantic, geometric, 2D, and 3D types of tasks. We found that V4 was
best predicted by semantic classification features and exhibited high task
selectivity, while the choice of task was less consequential to V1 perfor-
mance. Consistent with traditional characterizations of V4 function that
show its high-dimensional tuning to various 2D and 3D stimulus direc-
tions, we found that diverse non-semantic tasks explained aspects of V4
function beyond those captured by individual semantic tasks. Neverthe-
less, jointly considering the features of a pair of semantic classification
tasks was sufficient to yield one of our top V4 models, solidifying V4's
main functional role in semantic processing and suggesting that V4's
affinity to 2D or 3D stimulus properties found by electrophysiologists
can result from semantic functional goals.
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other important aspects that could be revealed with richer, natural stimuli. Here, we com-
bine single-cell recordings of macaque V1 and V4 responses to natural images, and deep
learning models trained on multiple computer vision tasks. We found that V4 responses
are best predicted by representations that are critical to solve semantic tasks like object
and scene classification. Moreover, our results suggest that that V4’s affinity to different
2D and 3D stimulus properties likely stems from its involvement in semantic processing.
Overall, our diverse task-driven modeling approach enriches our understanding of the
functional role of visual areas in the brain.

Introduction

What is the functional role of area V4 in primate visual information processing? One line of
evidence suggests that V4 is tuned in a high-dimensional space that facilitates the joint encod-
ing of shape and surface characteristics of object parts [1, 2] (e.g. sensitivity to luminance [3],
texture [4] and chromatic contrasts [5], blurry boundaries [6], and luminance gradients [7]).
Although very insightful, these experiments are constrained to a relatively small number of
stimulus feature directions that potentially miss other important aspects of V4 function that
could be unlocked with richer natural stimuli. Recent work used a transfer learning approach
to infer the functional role of different brain areas. The features extracted by convolutional
neural networks (CNNs) pre-trained on object classification transfer well to the task of predict-
ing V4 responses to natural stimuli [8-11]. This result has been interpreted as evidence that
object recognition is one of the major goals of V4 processing. However, a natural question
arises: Do other computational goals beyond object classification explain V4 responses equally
well or even better? Recent work using fMRI in humans has attempted to assign different func-
tional goals to different regions of interest in the brain [12-14], but it remains unclear whether
single neurons express the same patterns of selectivity as the highly aggregated, indirect fMRI
signal.

Inferring the functional role of a brain area using transfer learning is a promising avenue,
but it is complicated by the fact that transfer performance is not only determined by the pre-
training task itself, but also by the size of the dataset used for pre-training, the network archi-
tecture and other factors. A recent development in the computer vision community could be
very promising for the neuroscience community, because it mitigates some of these problems:
The taskonomy project [15] released a dataset that consists of 4.5 million images, ground truth
labels for 23 different visual tasks for each image, and pre-trained convolutional neural net-
works with the same architecture (ResNet50) on each task.

We employed the taskonomy project to investigate how well the representations learned by
training on each of these visual tasks predict single-cell responses to natural images recorded
in macaque areas V4 and V1 (Fig 1). Using this approach, we can isolate the contribution of
different pre-training tasks on how well the learned representations match those of areas V1
and V4 without the results being confounded by different network architectures or datasets
across tasks. We found that a diverse set of tasks explained V1 responses almost equally well,
while scene and object classification tasks provided better accounts for V4 responses than all
the alternative tasks tested. We further built models that jointly read from pairs of task repre-
sentations and found that 2D, 3D, and geometric types of tasks capture additional nonlineari-
ties beyond those captured by individual semantic tasks, consistent with descriptions of V4’s
heterogeneous tuning observed by electrophysiologists [1, 16]. However, combining the fea-
tures of both object and scene classification was sufficient to obtain peak V4 performance,
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Fig 1. Experimental paradigm and diverse task modeling of neural resp A, natural images were shown in sequence to two fixating rhesus
macaques for 120ms while neural activity was recorded with a laminar silicon probe. Following careful spike-sorting, spike counts were extracted in time
windows 40-160ms (V1) and 70-160ms (V4) after image onset. The screen covered ~ 17° x 30° of visual field with a resolution of ~63px/°. For each area,
we showed approx. 10k unique images once (train set). A random set of 75 images, identical for both areas, was repeated 40-55 times (test set). B, For V1
recordings (left), the fixation spot was centered on the screen. Square, gray-scale, 420px ImageNet images (6.7°) were placed at the center of each session’s
population receptive field (size: ~ 2°, eccentricities: 2° — 3°). In the V4 recordings sessions (right), the fixation spot was accommodated to bring the
population receptive field as close to the center of the screen as possible (size: ~ 8", eccentricities: 8° — 12°). All images were up-sampled and cropped to
cover the whole screen. We isolated 458 (V1) and 255 (V4) neurons from 32 sessions of each area. C, Predictive model. Cropped input images covering 2.7°
(V1) and 12° (V4) were resized and forwarded through the first [ layers of a pretrained convolutional neural network (CNN) to produce features that are
then batch-normalized and shared by all neurons. The input scale factor was a hyper-parameter, cross-validated on a held-out subset of the train set
(validation set). The point readout [22] extracts features at a single spatial location and computes a regularized linear mapping to the neural responses for
each neuron separately (see Methods). The readout and batch-normalization parameters were jointly learned to minimize the Poisson loss between
predicted and observed response rates. D, taskonomy networks used for feature extraction. We used the pretrained encoder CNNss of these tasks, which
share a Resnet50 architecture [20], to build our models and compare their predictive abilities on V1 and V4.

https://doi.org/10.1371/journal.pcbi.1012056.9001
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indicating that multiple semantic goals can induce complementary intermediate representa-
tions that are predictive of the additional nonlinearities contributed by non-semantic tasks.
Overall, our results solidify V4’s semantic functional role and explain that V4’s affinity to
other non-semantic tasks can result from semantic computational goals.

Results

We collected datasets of well-isolated single-cell responses from V4 and primary visual cortex
(V1) for comparison. We measured the spiking activity of individual neurons from two awake,
fixating rhesus macaques (M1, M2) using a 32-channel linear array spanning multiple cortical
layers [17, 18], in response to tens of thousands of grayscale natural images presented in
sequence over many trials (Fig 1A). These images were sampled uniformly from the ImageNet
Large-Scale Visual Recognition Challenge (ILSVRC-2012) dataset [19] and displayed for 120
ms each without interleaving blanks (see Methods). Most of these images were shown only
once (train-set) while a selection of 75 images was repeated multiple times (test-set). We iso-
lated 458 V1 neurons from 15 (M1) and 17 (M2) sessions at eccentricities 2-3°; and 255 V4
neurons from 11 (M1) and 21 (M2) sessions at eccentricities 8-12°. For the V1 sessions, we
centered the stimuli on the population receptive field of the neurons. For the V4 sessions, the
stimuli covered the entire screen. We obtained image-response pairs by extracting spike
counts in the windows 40-160 ms (V1) and 70-160 ms (V4) after image onset (Fig 1A, 1B and
1C), which corresponded to the typical response latency of the neurons in the respective brain
area. We computed the stimulus-driven variability of spike counts using the repeated trial pre-
sentations on the test-set (see Methods) and found that the mean [+ s.d.] fraction of explain-
able variance of these two areas was not significantly different (0.31 + 0.18 (V1) and

0.32 £ 0.19 (V4); two-sided t-test, #(711) = —1.152, p = 0.2). Following previous work [18], we
excluded unreliable neurons from the performance evaluations where the fraction of explain-
able variance was lower than 0.15, yielding 202 (V4) and 342 (V1) neurons (S2(A) Fig).

Task-driven modelling of neural responses

We built upon the taskonomy project [15], a recent large-scale effort of the computer vision
community, in which CNN architectures consisting of encoder-decoder parts were trained to
solve various visual tasks. The encoder provides a low-dimensional representation of the input
images from which each task can be (nonlinearly) read-out by the decoder. We considered the
encoder network of 23 of these tasks, which have been previously categorized into semantic,
geometric, 2D, and 3D groups (listed in Fig 1D) based on hierarchical clustering of their
encoder representations [15]. We chose these networks because of two key features: 1) all of
them were trained on the same set of images, and 2) all encoder networks have the same archi-
tecture (ResNet-50 [20]). Any differences we observe across the learned representations are
thus caused by the training objective targeted to solve a specific task.

To quantify the match between the representations extracted by intermediate layers of the
taskonomy networks and V4 representations, we used these networks to built task-driven
models [18, 21] of single-neuron recordings in response to natural stimuli: We presented the
images that were shown to the monkey to each pretrained network, then extracted the result-
ing output feature maps from several intermediate layers and fed these to a regularized linear-
nonlinear (LN) readout that was specific to each recorded neuron (Fig 1C). This readout acted
on the features at a single spatial location [22], preventing any additional nonlinear spatial
integration beyond what has been computed by the task-trained network. For each taskonomy
network, we built one model for each readout layer and optimized hyperparameters (e.g. regu-
larization penalty) for each model. To ensure that the resulting correspondence between

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012056 May 23, 2024 4/29
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https://doi.org/10.1371/journal.pchi.1012056.g002

network layers and neural data is not merely driven by the confound between growing recep-
tive field sizes and feature complexity along the network’s depth, we optimized the resolution
(scale) of the input images on held-out data from the training set (S1 Fig). This prevented us
from assigning V4 responses to a layer simply because of the matching receptive field coverage
that could result from an arbitrary input resolution, but instead allowed us to find for each
model the layer with the best aligned nonlinearities to the data.

V1 is better predicted by task representations than V4

We evaluated the predictive performance of our fitted task-driven models with the correlation
between model predictions and the average response across trials. When accounting for input
scale (S1 Fig), we found that performance on V4 peaks at a higher layer than V1 (Fig 2A and
2B, and S3 Fig), a signature of hierarchical correspondence and increased complexity of V4
over V1 found in anatomical and latency studies [23]. This functional hierarchy was present in
most cases, but could not be explained by the architecture alone: V1 and V4 were assigned to
the same layer for networks trained on 2D edges, jigsaw, vanishing points, and the untrained
baseline (a network with matching architecture and random weights). However, for several 2D
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tasks, the hierarchical assignment was not so strict as higher layers in the network retained the
high predictive power from lower layers(S3 Fig).

After determining the optimal layer, scale, and regularization parameters for each brain
area and task network on a validation set, we found that V1 responses were better predicted
than V4’s (Fig 2C). The top taskonomy-based model performances (test correlation to average
over trails [+ standard error of the mean across seeds]) were 0.690 + 0.0003 (V1) and
0.412 +0.0014 (V4). Equivalent results in terms of fraction of explainable variance explained
(Methods, [18]) were 0.496 + 0.0005 (V1) and 0.125 + 0.0016 (V4) (S5 Fig). This performance
discrepancy between V1 and V4 could be explained only partly by differences in selectivity—
measured with the selectivity index (SI) [24]—between V1 and V4 responses (mean SI + s.d. of
V1:0.40 £ 0.23, and V4: 0.56 + 0.26; two-sided t-test: #(542) = -6.728,p =4 - 107 S2(B) and
S2(C) Fig), because the SI of individual neurons was negatively correlated with the perfor-
mance yielded by our top model (p = -0.35, p < 107® on V4 neurons; S2(E) Fig).

Pre-training was very effective: Most models widely outperformed the untrained model
baseline with random weights—unlike earlier work in the mouse visual cortex [25]. The two
exceptions on V4 were 2D edges and 2D keypoints (Fig 2C), which did not improve over the
untrained baseline. These results are in line with previous work [26] where models using pre-
trained representations significantly outperformed untrained representations fitted to human
fMRI responses in inferior temporal cortex (IT).

Semantic classification tasks predict V4 best, while V1 is well-predicted by
diverse tasks

The best predictive task-models on V4 were the two semantic classification tasks: scene classi-
fication (0.4117 + 0.0013), and—consistent with prior work [8, 9] —object classification
(0.4089 + 0.0010). In contrast, we found that in V1 the top models with comparable perfor-
mance were diverse and not specifically tied to semantic-related tasks—they came from
semantic, 3D, and 2D task groups: semantic segmentation (0.6900 + 0.0003), 2D segmentation
(0.6886 + 0.0010), euclidean depth (0.6898 + 0.0007) (Fig 2C, left). Interestingly, the perfor-
mance of semantic segmentation in V4 (a pixel-to-pixel task), did not yield a high performance
in comparison (0.3739 + 0.0008), while it was among the best-performing tasks on V1 (see
Discussion).

To unveil trends that apply beyond individual tasks, but that are consistent for functionally
related task-groups (i.e. semantic, geometric, 3D, and 2D task clusters), we compared the aver-
age performances of each task cluster. Consistent with our previous results at the individual
task level, we found evidence at this coarser level for the specialized role of V4 towards seman-
tic tasks: there were significant differences between all pairs of clusters with the semantic
group on top. In contrast to observations at the individual task level, and in line with previous
work [18, 27], we found that semantic representations were significantly better at predicting
V1 responses than other groups (Fig 2D) and identified significant differences between all
pairs of groups (except between 2D and geometric). Nevertheless, when looking at the group
median performances, we found that the group type was less critical in V1 than V4: all groups
in V1 were above 74% of the gap between the untrained baseline and top median group
(semantic), while the lowest group median in V4 (2D) reached only 16% of that gap (Fig 2D
and 2E).

V4 is more specialized than V1

How important is the specific task objective over the untrained baseline to obtain better pre-
dictive performances? We found that the choice of task (and task cluster as shown before) did
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not affect performance as much in V1 as it did in V4 (Fig 2D, 2E and 2F). We quantified this
functional specialization by computing the variance of the performance of all task-models nor-
malized to their mean (excluding the untrained network). The variance for V4 was higher than
for V1 (p < 0.01, n = 23, Bartlett’s test after Fisher’s z-transformation; Fig 2F), rendering it
more specialized. These results support the traditional notion of generality in the features
extracted by V1, as they support multiple downstream tasks, while they also highlight the more
specialized role of V4 in visual processing.

Building models that jointly read out from pairs of tasks

Our comparisons at the individual and cluster levels suggest that semantic tasks drive repre-
sentations that best match ventral visual areas in the brain, especially area V4. However,
semantic tasks outperformed the next-best predictive tasks only by a relatively small margin
(Fig 2G, right), making it difficult to dismiss these other tasks altogether as computational
goals of V4 function.

Moreover, the task-models that directly followed object classification—reaching 81% of the
gap between the untrained and scene classification model—extract features relevant for 3D
understanding (3D keypoints, 2.5D segmentation, and surface normals estimation) which
could be aligned with V4 functions—as recent studies suggest that many cells in V4 are tuned
to solid-shape (3D) properties [16]. For example, the 3D keypoints task aims to find points of
interest that could be reliably detected even if an object in the scene is observed from different
perspectives, and then to extract local surface features at these points. Detecting 3D borders is
essential to solve this task because these keypoints tend to be around object corners [28], likely
capturing useful information for downstream invariant object recognition.

Do computational goals (like these 3D-related objectives) provide representations that
explain aspects of V4 computation beyond those explained by semantic tasks alone? We
addressed this question by comparing the individual task-model performances to the perfor-
mance of a single model that jointly reads out from pairs of pretrained feature spaces (Fig 3A).
If we find that a larger response variance is explained by adding a second set of features
extracted by a different task-network to the first one, we could claim that the nonlinearities of
second network are likely not implemented by the first one.

In practice, however, it is generally harder to find global optima with an increased set of
input features when the amount of training data is kept the same. Naively training the joint
readout of a pair of tasks from scratch could lead to worse performance than the individual
task-model performances. Therefore, we validated different training strategies together with
an L, regularization penalty (Fig 3B): (1) The readout weights were initialized randomly, and
we learned them from scratch, (2) The readout weights corresponding to the first core were
initialized with the optimal ones found previously (as per validation set), while those corre-
sponding to the second core were initialized with zeroes. Then we fine-tuned the readout
weights of the second core only. This is approach was repeated by swapping the order of the
cores. (3) We repeated the second approach, but instead of fine-tuning only the second core
readout weights, we fine-tuned all.

We built and trained models for pairs of tasks following these strategies. In addition to
scene and object classification, we considered the top three tasks on V4 of each group (Fig 2C,
right), and the untrained baseline; and built models with all possible pairwise combinations
(Fig 3C and 3D). This means 12 individual tasks and 78 pair task-models per brain area (Fig
3D).

We observed that initializing a portion of the readouts with the already optimized ones con-
sistently outperformed training from scratch, as illustrated in an example involving object
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the individual task-models’ optimum readout weights as per validation set from the models we trained earlier. We trained from scratch (i.e. initialized the
readout weights at random), initialized the readout of core 1 (2) and finetuned the readout of core 2 (1), and initialized the readout of core 1 (2) and
finetuned all readout weights. The individual task-model performances are in dotted lines for comparison. ¢ Comparison of pair task models in V1 (top)
and V4 (bottom). Pairs are grouped based on the task-group identities of pair members. In dark (middle-dark) color saturation, we show the worse (best)
individual task model from the pair. In lightest color saturation, we show the performance of the pair model. The highest performing pair model is shown
as a red dotted line to facilitate comparisons. Performances are shown in terms of correlation between model predictions and average over trials. Baseline
on all bar plots is the performance of the untrained network. d Heat map representation of pair task models’ performances in V1 (let) and V4 (right).
Here, in addition to the pairs in ¢, the pair models with identical members (diagonal), and pairs built between tasks and the untrained network (bottom
row) are included.

https://doi.org/10.1371/journal.pcbi.1012056.9003

classification and 3D keypoints (Fig 3B). Moreover, in most cases, fine-tuning all readout
weights yielded better results than updating only some of them.

Non-semantic tasks contribute useful nonlinearities beyond those provided
by individual semantic classification tasks

We found that the performance of pair task-models was always better than any of their indi-
vidual constituents (Fig 3C). The average performance improvements over the highest-per-
forming individual task in each pair were 3.9% (V4) and 2.2% (V1). The largest increase in
performance in V4 came from a pair comprising 3D keypoints and 2D segmentation, which
resulted in a 8.5% improvement over 3D keypoints alone. Similarly, the largest boost in V1
was obtained from a pair consisting of 2D keypoints and 3D keypoints, leading to a 4.0%
increase over 2D keypoints alone.

We conducted two control experiments. First, to determine whether the observed perfor-
mance gains may simply be due to the additional nonlinear capacity of the models, we trained
a set of pair task-models by pairing each individual task with an untrained model. In every
instance, the performance was found to be superior when pairing with another task instead of
the untrained baseline (Fig 3D; last row). Second, training models with higher-dimensional
feature spaces required adapting the hyperparameters of the non-convex optimization proce-
dure (regularization, number of iterations, etc.). To ensure that these changes did not trivially
lead to a better model, we trained pair task-models consisting of one task’s features simply
duplicated (Fig 3D; diagonals). We found that incorporating the nonlinearities of a different
task always resulted in better performance than a pair of duplicate task features (Fig 3D).
These results suggest that the improved performance observed in V1 and V4 is attributed to
the additional nonlinear computations provided by the supplementary tasks rather than just
the enhanced flexibility resulting from a greater feature dimensionality.

Semantic features are critical to explain the largest fraction of variance in
V4

We found that 2D tasks—in particular 2D keypoints—were consistently among the highest
performing pairs in V1: 2D keypoints + scene classification (0.711), room layout + 2D key-
points (0.710), object classification + 2D keypoints (0.710), 3D keypoints + 2D keypoints
(0.709), surface normals + 2D keypoints (0.709), scene classification + 2D segmentation
(0.708). Interestingly, the individual 2D keypoints model was not among the top ten tasks in
V1, but pairing it with members of other task groups yields the best performing models, sug-
gesting that 2D keypoints is the most non-redundant task with other top-performing V1 tasks.

On the other hand, we found that the semantic classification tasks were consistently among
the top pairs in V4 (Fig 3C): scene classification + object classification (0.432), scene classifica-
tion + 2D segmentation (0.433), scene classification + fixed camera pose (0.432), scene
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classification + inpainting (0.431), object classification + 2D segmentation (0.432), scene classi-
fication + 3D keypoints (0.431).

To investigate whether the nonlinearities captured by scene and object classification are
equivalent to those captured by other pairs of tasks exhibiting similar performance, we
extended our previous methods (Fig 3A) to jointly read from triplets of tasks. Following our
previous approach, we fine-tuned all readout weights after initializing the readouts corre-
sponding to two task cores with the optimal weights obtained from pair task models (Fig 3)
and the weights corresponding to the third core with zeroes. We focused on studying improve-
ments provided by the features of a third task core over the object + scene classification pair.
We observed only minimal improvements over this pair (0.4 + 0.1%) ranging from 0 to 1.1%.
Controls involving an untrained, scene, and object classification tasks as a third core yielded
no improvements. These improvements are within the variability range obtained across seeds
and are much smaller than than improvements provided by pairs of tasks over individual ones.
Therefore, most nonlinearities captured by non-semantic tasks that are helpful to predict V4
responses can emerge from purely semantic training objectives.

Data-rich and robust models predict V1 and V4 better

Taskonomy networks helped us addressed a prevalent issue in most goal-driven system identi-
fication studies where multiple sources of variability across models are simultaneously at play
(e.g. architecture, training dataset, training strategies, computational goal). By sharing archi-
tecture, training dataset, and optimization methods, these networks facilitated a fair compari-
son of the computational objective. To make progress in understanding the effects of other
sources of variation, we built V1 and V4 models that use the representations of widely used,
state-of-the-art networks that were largely trained on ImageNet [19] and had varying architec-
tures and different training strategies (Fig 4): AlexNet [29], VGG19 [30], Cornet-S [31],
Resnet50 [20], SimCLR [32], Resent50 with adversarial training (Robust Ly, € = 0.1) [33], and
Resnet50 trained on ImageNet and Stylized ImageNet (StylelmNet) [34].

We found that—beyond the semantic computational objective—the training dataset is criti-
cal in driving representations that best match V4 responses: all ImageNet models yielded
higher performance than the top semantic taskonomy networks (Fig 4; right). Our results also
suggests that a Resnet50 architecture is generally better than others (VGG19, AlexNet, Cornet-
S). Interestingly, a shape-biased network (StylelmNet) does not lead to better predictions than
a texture-biased counterpart (Resnet50), even though, at the object recognition behavioural
level, the visual system exhibits bias to shapes [34]. Furthermore, in line with previous work
[35], we found that self-supervised representations from SimCLR had comparable perfor-
mance to the supervised-trained Resnet50. Although not explicitly trained on object classifica-
tion, SimCLR provides useful features for this task: a shallow multi-linear-perceptron readout
with little supervision achieves competitive accuracy on ImageNet [32]. Finally, we obtained
the highest V4 performance (0.4786 + 0.0011) with the adversarially robust Resnet50 that was
trained to produce stable classification outputs under small perturbations of at most 0.1 L,
size. We observed that increasing the size of this robustness ball led to poorer performance in
V4—as it also negatively affects ImageNet top1 accuracy [33]. Overall, these results indicate
that the match to V4 neural data can be strongly influenced by the training dataset, architec-
ture, training objective, and adversarial robustness.

Our V1 results revealed trends that partially differ from those observed in V4. First, we
found that some ImageNet-trained models (AlexNet and Cornet-S) yielded comparable per-
formance to the top semantic taskonomy-based models. However, when using the same
Resnet50 architecture, we obtained better performance with ImageNet models. As in V4, self-
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Fig 4. Comparisons with ImageNet-trained networks. We considered CNNss trained on the ImageNet dataset with
varying architectures, data augmentation strategies, and losses (supervised vs. self-supervised) and compared them
with the taskonomy semantic classification networks on V1 (left) and V4 (right). Red dotted line indicates the
performance of the best model on each visual area. We found that ImageNet networks were better than taskonomy on
V4 for any architecture. Self-supervised (SimCLRx1, [32]) and shape-biased (StylelmNet Resnet50, [34]) networks
yielded comparable performance in V4 to the supervised, texture-biased Resnet50. The highest performing network on
V4 was the adversarially robust Resnet50 [33]. In V1, our top taskonomy networks were comparable to AlexNet and
Cornet-S but performed worse than the ImageNet counterpart with matching architecture (Resnet50). VGG19 [30]
and the robust Resnet50 were the best match to V1.

https://doi.org/10.1371/journal.pchi.1012056.g004

supervised learning and shape-biased networks performed similarly to their supervised, tex-
ture-biased counterpart. However, our best V1 models came from VGG19 (0.7199 + 0.0008)—
in line with [18] -, and the robust Resnet50 (0.7184 + 0.0027), which is consistent with find-
ings reported in [27] and [36]. In a similar way to V4, increasing the robustness size of the
ResNet50 model led to poorer performance. Overall, our results suggest that data-rich and
robust models are more effective in capturing V1 and V4 representations.

Discussion

A common challenge when comparing models in task-driven system identification studies is
that multiple axes of variability get confounded, making it difficult to draw conclusions about
individual factors like architecture or training objectives. We explored multiple normative
accounts beyond object classification of V4 and V1 single neuron responses to natural stimuli
using the representations of taskonomy networks as they have matching architectures and
were trained on the same dataset but different computer vision tasks. Beyond solidifying exist-
ing evidence suggesting that semantic goals (e.g. object classification) drive representations
that best match ventral stream responses [8, 18, 21, 37, 38], our results revealed a high task spe-
cialization of V4 function towards semantic tasks in contrast to the more general representa-
tions in V1 that can support multiple downstream tasks. Moreover, when predicting V4
responses from pairs of different tasks features, we found that non-semantic tasks contribute
useful nonlinearities over individual semantic ones. However, a model that jointly reads from
a pair of semantic-driven features alone was among the best of our taskonomy-based models of
V4, suggesting that semantic objectives can sufficiently capture the nonlinearities explained by
other models.
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V4 functional role and 3D processing

Over the last decades, the functional role of V4 has been characterized by identifying neuronal
tuning directions using creatively synthesized, parametric stimuli (see [1] for a review). This
powerful approach has led to multiple insights about V4’s preferences, but does require gener-
ating hypotheses of stimulus features (e.g. tuning for blurry vs. hard edges) and painstaking
experiments to test each of them. Based on the patterns of predictive performance across tasks
(and task-pairs) our systems identification approach provides another lens on how we can bet-
ter understand V4 function. Importantly, our results suggest that these two approaches can
inform each other. Specifically, our work predicts a strong relationship between 3D visual pro-
cessing and V4 function, shifting the long-standing focus of V4’s functional role in flat shape
processing: 3D representations ranked high after semantic ones (Fig 2), and they captured
novel nonlinearities over those of individual semantic tasks (Fig 3). This supports recent dis-
coveries showing that some V4 cells encode solid shape (3D) features [16]. A promising future
research direction is to explore the relationship between normative accounts of V4 at the pop-
ulation level and individual cell properties, specially now that we can first probe multiple stim-
ulus features in-silico using our best CNNs before moving to the expensive in-vivo alternatives.

V1’s affinity to 2D representations

Our results revealed the affinity of V1 to 2D processing, consistent with classical views of V1
function [39]. We found that 2D segmentation was among the top taskonomy networks (Fig
2), while it also maintained high predictive performance on the deepest layers that explicitly
solve the task (S3 Fig). Moreover, we found that the 2D keypoints tasks was consistently
among the highest performing pairs (Fig 3). This task approximates the output of a classical
computer vision algorithm (SURF [40]) that was engineered to identify points of interests in
an image (using an approximation of multi-scale difference-of-Gaussians [DoG]) and to
extract features around them (e.g. orientation tuning) that facilitate matching these points
across affine transformations of the image (rotation, translation, scaling, shear mapping). This
sequence of operations (multi-scale DoGs, and identifying orientation preference with rotated
wavelets) bears similarities with classical descriptions of V1 function [39]. Finally, we found
that ImageNet-trained CNNs (Fig 4) yielded our best performing V1 models. This observation
is consistent with recent observations [18, 27] claiming that object classification goals induce
useful V1 nonlinearities beyond energy models using multi-scale Gabor features [41], and that
these CNNs can learn known nonlinear phenomena like cross-orientation inhibition [42] that
those models miss [43].

Low performance of semantic segmentation

We found that in contrast to object and scene classification tasks, semantic segmentation was
not as effective at predicting V4 responses, while it was among the best in V1 (Fig 2). One
likely explanation has to do with the architecture of the taskonomy semantic segmentation net-
work: unlike modern networks like U-Net [44] or Mask R-CNN (with an FPN backbone [45])
[46] that include lateral connections between encoding and decoding streams at different
scales, the decoder of the taskonomy network has only access to the high-level output of the
encoder to infer a segmentation mask. To keep the architecture of the core consistent across
tasks, we considered the encoder’s representations. While the early encoder layers capture rich
enough representations to predict V1, the later layers underperform on V4, possibly because
1) they miss task-relevant nonlinearities that are only implemented by the decoder network,
and 2) they must maintain details about object boundaries at the pixel level in their representa-
tions due to the lack of multi-scale lateral connections provided to the decoder. This is
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particularly relevant because it contrasts with V4 units, which have been shown to exhibit a
degree of translation invariance [9, 47].

Low V4 performance compared to V1

We found that V1 was better predicted by task representations than V4 (Fig 2 and S5 Fig),
even though the stimulus-driven variability was comparable between these two areas. We do
not believe that the seemingly low explained variance by our V4 models lessens the conclu-
sions drawn in this paper: How well a model performs in absolute terms depends on many
experimental factors including the amount of data available to fit the model, the signal-to-
noise ratio of the model, the nature of the pre-training dataset etc. In our work, we believe that
the reasons for the comparably low values in V4 are two-fold. First, these results are likely due
to our experimental design that maintained the sequence of images (without interleaving
blanks) on the repeated test-trials. Although this choice makes history effects in V4 visible so
future (dynamic) models can account for them, it prevents averaging out the variability intro-
duced by the previous image, because the static image-based models cannot account for it. The
dynamic effects are likely stronger in V4 than in V1 because the latter—an earlier visual area—
has lower response latency and the image display times (120 ms) may be sufficient to reach sta-
ble dynamics (see Fig 2B from [18]). In contrast, display times of 120 ms in V4 have been used
to model “core object recognition”—a term coined for the first feed-forward wave of visual
processing [8]. Second, the models we compare were trained on the taskonomy dataset, whose
image statistics deviate from those of the ImageNet images shown in the experiments. Hence,
it is expected that these models do not perform on par with a model that was trained in-
domain. We do not think that this weakens our conclusions because all taskonomy models
have the same systematic disadvantage of having to generalize somewhat beyond their training
set in terms of image statistics. Because we do not have diverse task labels for ImageNet, we
make the assumption that the variable of interest (training objective) does not interact with the
image statistics. To verify that the lower performance of our models is indeed caused by those
two factors discussed above and not related to highly suboptimal modeling (e.g. readouts,
hyperparameter optimization, etc.), we conducted additional control experiments. When
using the same data-rich cores as current state-of-the-art models, we found that our models
perform similarly to those displayed on the BrainScore leaderboard [37]. We used ImageNet-
trained models (Fig 4) and found that our best V4 model was a Resnet50 trained to be robust
to small adversarial perturbations [33]. The performance of this model in V4 in terms of corre-
lation coefficient was ~ 0.48, which is in the same ballpark as the top models on the Sanghavi,
etal. (2021) [48] benchmark on BrainScore to date.

Apparent small performance differences across tasks

We found significant differences between task groups (Fig 2D and 2E), but the absolute value
of performance differences across tasks are seemingly small (test correlation values range from
0.3 to 0.48 in V4), which could potentially raise concerns about our claims. We think these
concerns can be partially alleviated for three reasons. First, we found a structured pattern of
tasks performances that is largely consistent with expectations based on existing work and far
from random. As discussed before, our results predict V4’s affinity to semantic and 3D tasks,
and highlight the important role of semantic and 2D representations in V1. Second, we found
that substantial fractions of neurons were better explained by one task group vs. another across
group comparisons (S7 Fig). This means that the overall population differences were not
driven by the better explanation of a few neurons, but instead likely represent a systematic
effect across the population. Third, we argue that small differences in test performance may
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carry meaningful implications about the ability of models to capture neural phenomena. For
example, in a previous study [43], we found that the difference between an energy model using
a Gabor filter bank (GFB) and a one-layer CNN with a divisive normalization nonlinearity
(CNN+DN) was seemingly small (~ 0.05 of FEVE) in favour of the latter. However, when
running in-silico experiments, it was found that CNN+DN was able to capture cross-orienta-
tion inhibition—a known nonlinear phenomenon in V1—while the GFB model was not.
Thus, the difference we find between task performances—although small—can be consequen-
tial and should not be quickly dismissed. Although we have not yet a similar (concise) descrip-
tion of V4 tuning that semantic models capture while others do not, we consider this an
important question to tackle. A promising idea is to leverage in-silico experiments to find sti-
muli that bring to light the differences between models, for example via controversial stimuli
[49, 50] that drive one model’s predictions while not the other(s).

Other taskonomy approaches to brain representations

In contrast to similar efforts applied to measurements of aggregated neural activity (i.e. fMRI
data) from multiple visual areas [12, 51], we evaluated the intermediate representations of task-
onomy networks—not just their final layers—to evaluate their affinities to single-cell responses.
We indeed found that intermediate layers provided the best match to the data—regardless of
the task—(S4 and S6 Figs) and that diverse tasks offered comparable top performances in V1
and mostly semantic tasks were optimal in V4. [12] considered large, separate regions of inter-
est (OPA, PPA, LOC, EarlyVis, and RSC) in human fMRI and found that object and scene
classification were best across areas and subjects. V1 and V4 would likely fall into the same
“EarlyVis” ROL preventing separate conclusions of each of these areas. Dwivedi et al. (2021)
[51] did consider more granular areas of the ventral stream including V1 and V4, and found
that 2D tasks best explain V1 (consistent with our results) and—in contrast to our findings—
also V4. This could be attributed the nature of fMRI where the nonlinear properties of individ-
ual cells can be averaged out, and last-layer 2D representations are more linear than other
tasks (see similarity across layers in [15]). Overall, our work complements these studies nicely
by distilling more insights about V1 and V4 function at the individual cell level than these
other data modalities.

Effect of architecture choice

An important limitation of our work and other related studies is that the conclusions hinge on
the particular choice of encoder architecture used in the original taskonomy work [15]:
ResNet50. One may ask whether our results will generalize to other architectures. We believe
that our results are likely to generalize if the candidate architectures do not unevenly harm per-
formance across the 23 target tasks. If they were, resulting changes in the neural response pre-
dictivity that may come out of their representations could be attributed to sub-optimal task
features. For example, a much shallower CNN could change the ratio between semantic and
2D task performance as semantic tasks requires sufficiently nonlinear computations while 2D
tasks rely rather on low-level features. Similarly, a deep CNN without skip connections may
yield good performance on semantic tasks but perform worse on 2D tasks (compared to
ResNet50) because skip connections facilitate low-level features to reach the final layers. For
novel architecture choices that share key attributes with our tested architecture (e.g. convolu-
tional nature, sufficient depth, skip connections) it is likely that our our results will hold: Korn-
blith and colleagues [52] show that architectures from the same class of models with varying
depth trained on the same task exhibit high similarity (> 0.9 CKA) between layers found in
corresponding fractions of network depth (see their Fig 5). This result suggests that we can
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find layers in alternative networks with equivalent brain predictivity because of their represen-
tational similarity.

Effect of initialization

Although we account for architecture, training dataset, and optimization methods to be equiv-
alent across core representations, a potential concern not addressed in our study is that there is
evidence for variability in intermediate representations of identical networks trained on the
same task but initialized differently [53]. This is a challenge faced by most goal-driven system
identification studies and it is constrained by the unavailability of multiple instances of a task-
network—as it is the case for taskonomy encoder networks. That said, we remark that the rep-
resentational consistency across instances is high for early to mid layers, decreasing with net-
work depth [53]. V1 and V4 were best explained by early to mid levels. Thus, the effects of
initialization are not expected to be as strong as if later layers were used. For example, in the
concrete case of AlexNet [29], an ImageNet-trained network considered in our work and in
the study by [53], we found that the best predictive layer of V4 was Layer 3, which had a repre-
sentational consistency above 0.95 (on a scale of 0-1), similar to that of the earliest layers (see
Fig 6 from [53]). Moreover, we did consider multiple tasks for each of the task groups (seman-
tic, 3D, geometric, and 2D), which serves as an implicit control for the variability induced by
different network initializations. We found significant differences at the group level (Fig 2 and
S7 Fig) that support our main claim favouring the semantic specialization of V4. We make our
data and code available to facilitate further progress identifying the effects of network
initialization.

Data richness driving better V1 and V4 representations

Are semantic training objectives critical to drive good representations of V1 and V4? We
found that a self-supervised network (SimCLR) worked just as well as Resnet50 in line with
[35]. Although these self-supervised methods contain no explicit semantic training objective,
their inherent data augmentation strategies enforce similar invariances as required for object
recognition [54] and their learned representations predict semantic labels well [32]. Moreover,
we found that additional data augmentations, particularly those provided by adversarial train-
ing, were very effective at improving our models’ performance in both areas. These results are
aligned with what has been found in V1 [27, 36] that suggested that robustness to perturba-
tions explain V1 responses better. Similar work that goes in the other direction, has shown that
making a CNN more brain-like by co-training on object classification and to predict neural
responses, makes CNNs more robust to small perturbations [55-57].

Conclusion

Taken together, our results provide evidence for semantic tasks as a normative account of area
V4 and predict that particular tasks (e.g. 3D) have strong affinities to V4 representations.
Although we are yet to explain most variance, our findings suggest that promising directions
to improve the predictive power of V4 responses require using data-rich, robust models (also
shown to be useful to match behavioural phenomena [58]), and architectural changes (e.g.
recurrence, top-down processing streams) that account for dynamical processing in the brain
[59]. Moreover, our multi-task modeling approach, together with in-silico experimentation,
promises to facilitate the generation of hypotheses about tuning directions via maximally excit-
ing inputs (MEIs) [10, 11, 60, 61], diverse exciting inputs (DEIs) [62, 63], or controversial sti-
muli [49].
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Materials and methods
Ethics statement

All behavioral and electrophysiological data were obtained from two healthy, male rhesus
macaque (Macaca mulatta) monkeys aged 15 and 16 years and weighing 16.4 and 9.5 kg,
respectively, during the time of study. All experimental procedures complied with guidelines
of the NIH and were approved by the Baylor College of Medicine Institutional Animal Care
and Use Committee (permit number: AN-4367). Animals were housed individually in a large
room located adjacent to the training facility, along with around ten other monkeys permitting
rich visual, olfactory and auditory interactions, on a 12h light/dark cycle. Regular veterinary
care and monitoring, balanced nutrition and environmental enrichment were provided by the
Center for Comparative Medicine of Baylor College of Medicine. Surgical procedures on mon-
keys were conducted under general anesthesia following standard aseptic techniques. To ame-
liorate pain after surgery, analgesics were given for seven days.

Electrophysiological recordings

We performed non-chronic recordings using a 32-channel linear silicon probe (NeuroNexus
V1x32-Edge-10mm-60-177). The surgical methods and recording protocol were described
previously [17]. Briefly, form-specific titanium recording chambers and headposts were
implanted under full anesthesia and aseptic conditions. The bone was originally left intact and
only prior to recordings, small trephinations (2 mm) were made over medial primary visual
cortex at eccentricities ranging from 1.4 to 3.0 degrees of visual angle. Recordings were done
within two weeks of each trephination. Probes were lowered using a Narishige Microdrive
(MO-97) and a guide tube to penetrate the dura. Care was taken to lower the probe slowly, not
to penetrate the cortex with the guide tube and to minimize tissue compression).

Data acquisition and spike sorting

Electrophysiological data were collected continuously as broadband signal (0.5Hz-16kHz) dig-
itized at 24 bits. Our spike sorting methods mirror those in [17, 18]. We split the linear array
of 32 channels into 14 groups of 6 adjacent channels (with a stride of two), which we treated as
virtual electrodes for spike detection and sorting. Spikes were detected when channel signals
crossed a threshold of five times the standard deviation of the noise. After spike alignment, we
extracted the first three principal components of each channel, resulting in an 18-dimensional
feature space used for spike sorting. We fitted a Kalman filter mixture model to track wave-
form drift typical for non-chronic recordings [64, 65]. The shape of each cluster was modeled
with a multivariate t-distribution (df = 5) with a ridge-regularized covariance matrix. The
number of clusters was determined based on a penalized average likelihood with a constant
cost per additional cluster [66]. Subsequently, we used a custom graphical user interface to
manually verify single-unit isolation by assessing the stability of the units (based on drifts and
health of the cells throughout the session), identifying a refractory period, and inspecting the
scatter plots of the pairs of channel principal components.

Visual stimulation and eye tracking

Visual stimuli were rendered by a dedicated graphics workstation and displayed on a 16:9 HD
widescreen LCD monitor (23.8”) with a refresh rate of 100 Hz at a resolution of 1920 x 1080
pixels and a viewing distance of 100 cm (resulting in ~ 63px/°). The monitors were gamma-
corrected to have a linear luminance response profile. A camera-based, custom-built eye track-
ing system verified that monkeys maintained fixation within ~0.95° around a ~ 0.15"-sized
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red fixation target. Offline analysis showed that monkeys typically fixated much more accu-
rately. After monkeys maintained fixation for 300 ms, a visual stimulus appeared. If the mon-
keys fixated throughout the entire stimulus period, they received a drop of juice at the end of
the trial.

Receptive field mapping and stimulus placing

We mapped receptive fields relative to a fixation target at the beginning of each session with a
sparse random dot stimulus. A single dot of size 0.12° of visual angle was presented on a uni-
form gray background, changing location and color (black or white) randomly every 30 ms.
Each fixation trial lasted for two seconds. We obtained multi-unit receptive field profiles for
every channel using reverse correlation. We then estimated the population receptive field loca-
tion by fitting a 2D Gaussian to the spike-triggered average across channels at the time lag that
maximizes the signal-to-noise-ratio. During V1 recordings, we kept the fixation spot at the
center of the screen and centered our natural image stimulus at the mean of our fit on the
screen (Fig 1B). During V4 recordings, the natural image stimulus covered the entire screen.
We accommodated the fixation spot so that the mean of the population receptive field was as
close to the middle of the screen as possible. Due to the location of our recording sites in both
monkeys, this equated to locating the fixation spot close to the upper border of the screen,
shifted to the left (Fig 1C).

Natural image stimuli

We sampled a set of 24075 images from 964 categories (~ 25 images per category) from Ima-
geNet [67], converted them to gray-scale (to be consistent with similar system identification
studies and reduce complexity), and cropped them to keep the central 420 x 420px. All images
had 8 bit intensity resolution (values in [0, 255]). We then sampled 75 as our test-set. From the
remaining 24000 images, we sampled 20% as validation-set, leaving 19200 as train-set. We
used the same sets of images for V1 and V4 recordings. During a recording session, we
recorded ~ 1000 successful trials, each consisting of uninterrupted fixation for 2.4 seconds
including 300ms of gray screen (128 intensity) at the beginning and end of the trial, and 15
images shown consecutively for 120ms each with no blanks in between. Each trial contained
either train and validation, or test images. We randomly interleaved trials throughout the ses-
sion so that our test-set images were shown 40-50 times. The train and validation images were
sampled without replacement throughout the session, so each train / validation image was
effectively shown once or not at all. In V1 sessions, the images were shown at their original res-
olution and size covering 6.7° (screen resolution of 63 pixels per visual angle). The rest of the
screen was kept gray (128 intensity). In V4 sessions, the images were upscaled preserving their
aspect ratio with bicubic interpolation to match the width of the screen (1920px). We cropped
out the upper and bottom 420px bands to cover the entire screen. As a result, we effectively
stimulated both the classical and beyond the classical receptive fields of both areas. Once the
neurons were sorted, we counted the spikes associated to each image presentation in a specific
time window following the image onset. These windows were 40-160ms (V1) and 70-160ms
(V4).

Explainable variance

A few isolated neurons were discarded if their stimulus-driven variability was too low [18].
The explainable variance in a dataset is smaller than the total variance because the observation
noise prevents even a perfect model to account for all the variance in the data. Thus, targeting
neurons that have sufficient explainable variance is necessary to train meaningful models of
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visually driven responses. For a neuron’s spike count r, the explainable variance Var.y[r] is
the difference between the the total variance of all observed responses Var[r] and the variance
of the observational noise ¢°

noise’

Var

exp[r] = Var[r] — o2 . - (1)

noise

We estimated the variance of the observational noise by computing the variance of a neu-
ron’s response r, in multiple trials ¢ in which we presented the same stimulus x; and subse-
quently taking the expectation E; over all images,

Troise = E[Var,[r|x]] . (2)
Neurons for which the ratio between the explainable to total variance (Eq 3) was below 0.15
were removed. The resulting dataset includes spike count data for 202 (V1) and 342 (V4) iso-
lated neurons, with an average ratio of explainable to total variance (s.d) of 0.306(0.181) and
0.323(0.187), respectively (S2 Fig). All variances were computed using the unbiased estimator
and on the test-set responses due to the available repeated trial presentations.
Var, [7]

e
BV = Varlr] )

Measuring sparseness

We computed the selectivity index [24] (SI) as a measure of sparseness for every neuron on its
test-set average responses. To do this, we first plotted the fraction of images whose responses
where above a threshold, as a function of normalized thresholds. We considered 100 threshold
bins ranging from the minimum to the maximum response values. The area under this curve
(A) is close to zero for sparse neurons, and close to 0.5 for a uniform distribution of responses.
Thus, following Quiroga et. al (2007) [24], we computed the selectivity index as ST =1 — 2A. SI
approaches 0 for a uniform distribution, and 1 the sparser the neuron is. In this study, we
reported the mean and standard deviation of SI for both brain areas and found sparser
responses in V4 than in V1 (see Results).

Image preprocessing and resizing

An important step of our modeling pipeline was to adjust the size and resolution of the input
images to our computational models (S1 Fig). In V1, we effectively cropped the central 2.65°
(167px) at its original 63px/° resolution and downsampled with bicubic interpolation to differ-
ent target resolutions: 3.5, 7.0, 14, 21, 24.5, and 28px/°. For practical and legacy reasons [18],
in our codebase we first downsampled the images to a resolution of 35px/°, followed by crop-
ping and another downsampling step to obtained the target sizes and resolutions just reported.
In V4, we cropped the images up to the bottom central 12°, corresponding to 168px at the
original 14px/" resolution (63px/° x 420/1920), in accordance with the neuron’s RF positions.
These images were similarly downsampled to multiple target resolutions: 1.4, 2.8, 5.6, 8.4, and
11.2px/".

Model architecture

Our models of cell responses consisted of two main parts: A pretrained core that outputs non-
linear features of input images, and a spatial point readout [22] that maps these features to
each neuron’s responses. We built separate model instances for each visual area, input image
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resolution, task-dependent pretrained CNN, intermediate convolutional layer, regularization
strength, and random initialization. Input images x were forwarded through all layers up to
the chosen layer [, to output a tensor of feature maps I(x) € R"*"** (width, height, channels).
Importantly, the parameters of the pretrained network were always kept fixed. We then
applied batch-normalization [68] (Eq 4), with trainable parameters for scale (y) and shift (8),
and running statistics mean (y) and standard deviation (o). These parameters were held fixed
at test time (i.e. when evaluating our model). Lastly, we rectified the resulting tensor to obtain
the final nonlinear feature space (®(x)) shared by all neurons, with same dimensions as . The
normalization of CNN features ensured that the activations of each feature map (channel)
have zero mean and unit variance (before rectification), facilitating meaningfully regularized
readout weights for all neurons with a single penalty—having input features with different var-
iances would implicitly apply different penalties on their corresponding readout weights.

X—p

BN(x) =1y- -

+B (4)

The goal of the readout was to find a linear-nonlinear mapping from ®(x) to a single scalar
firing rate for every neuron. Previous approaches have attempted to 1) do dimensionality
reduction on this tensor and regress from this components (e.g. partial least squares) [8]; 2)
learn a dense readout with multiple regularization penalties over space and features [18]; and
3) factorize the 3D readout weights into a lower-dimensional representation consisting of a
spatial mask matrix and a vector of feature weights [69]. In this work we used the recently pro-
posed spatial point readout [22]—also called Gaussian readout by the authors—that goes a step
further and restricts the spatial mask to a single point. Per neuron, it computes a linear combi-
nation of the feature activations at a spatial position, parametrized as (x, y) relative coordinates
(the middle of the feature map being (0, 0)). Training this readout poses the challenge of main-
taining gradient flow when optimizing the objective function. In contrast to previous
approaches that tackle this challenge by recreating multiple subsampled versions of the feature
maps and learn a common relative location for all of them [70], the Gaussian readout learns
the parameters of a 2D Gaussian distribution A/ (y,, £, ) and samples a location during each
training step for every n” neuron. I, is initialized large enough to ensure gradient flow, and is
then shrunken during training to have a more reliable estimate of the mean location y,,. At
inference time (i.e. when evaluating our model), the readout is deterministic and uses position
Un. Although this framework allows for rotated and elongated Gaussian functions, we found
that for our monkey data, an isotropic formulation of the covariance—parametrized by a sin-
gle scalar 0> —was sufficient (i.e. offer similar performance as the fully parametrized Gaussian).
Thus, the total number of parameters per neuron of the readout were ¢ + 4 (channels, bivariate
mean, variance, and bias). Finally, the resulting dot product between the features of ®(x) at the
chosen location with an L, regularized weight vector w, € R* was then followed by f, a point-
wise nonlinear function ELU [71] offset by one (ELU + 1) to make responses positive (Eq 5).

P00 = F(0, 0w+ D,) )

k

Beyond offering comparable performance compared to the factorized readout alternative
with far less parameters, the most important motivation to use a single point readout was to
make sure that all spatial nonlinear computations happen in the pretrained core feature extrac-
tor. We could draw mistaken claims about the nonlinear power of a feature space by comput-
ing new ones in the readout that combine rectified features computed at different spatial
positions. For example, a readout that rectifies features produced by multiple simple cells with
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similar orientation at different locations can easily approximate phase invariance (i.e. complex
cells) [39].

Model training

We trained every model to minimize the summed Poisson loss across N neurons between
observed spike counts r and our predicted spike rate 7 (Eq 6, first term) in addition to the L,
regularization of the weights (Eq 6, second term) with respect to the batch-normalization, and
readout parameters.

N
L= (7, —r,log?,) 1> |w,]| (6)
i=1 nk

Since neurons across session from the same visual area didn’t necessarily see the same
images (they were differently drawn over sessions), during each training step, we cycled
through all sessions of the same visual area, sampling for each of them a fixed batch size of
image-response pairs without replacement and kept track of the gradients of the loss with
respect of our trainable parameters. Once a cycle was through, the gradients were added to
execute an update of the weights of the weights based on the Adam optimizer [72]—an
improved version of stochastic gradient descent. The initial learning rate was 3 - 10™* and
momentum 0.1. We continued to exhaust image-response pair batches from all sessions until
the longest session was exhausted to count a full epoch. Once all image-response pairs had
been drawn from a session, we restarted sampling batches from all available image-response
pairs.

Every epoch, we temporarily switched our model into evaluation mode (i.e. we froze the
batch-normalization running statistics), and computed the Poisson loss on the entire single
trial validation-set. We then used early stopping to decide whether to decay the learning rate:
we scaled the learning rate by a factor of 0.3 once the validation loss did not improve over five
consecutive epochs. Before decaying the learning rate, we restored the weights to the best ones
up to that point (in terms of validation loss). We ran the optimization until four early stopping
steps were completed. On average, this resulted in ~ 50 training epochs (or ~ 40 minutes on
one of our GPUs) per model instance.

Taskonomy networks

The taskonomy networks [15] are encoder-decoder CNNs trained on multiple computer vision
tasks. The original goal of the authors was to identify a taxonomy of tasks that would facilitate
efficient transfer learning based on the encoder representations of these networks. Importantly
for our study, all these networks were trained by the authors on the same set of images, which
have labels for all tasks. These images consisted of 120k indoor room scenes. In this work, we
used the encoder architecture of these networks, which was based on a slightly modified ver-
sion of Resnet50 [20] that excluded average-pooling, and replaced the last stride 2 convolution
with stride 1. However, these modifications did not change the number of output features of
the intermediate layers we considered, keeping our taskonomy-based results fairly comparable
with those of the original Resnet50.

The Resnet50 architecture—originally developed to solve ImageNet [67]—is made up of a
series of hierarchical stages that include 1) an initial strided convolutional layer (conv1) fol-
lowed by batch normalization, rectification, and max-pooling; 2) four processing layers, with
3,4,6, and 3 residual blocks, respectively; and 3) a final average pooling layer that maps features
to the number of classes. Each residual block amounts to the rectified sum of two pathways:
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one that simply projects the input to the end (i.e. skip connection), and a second that consists
of three successive convolutional layers with sizes 1, 3, and 1. In this work we trained models
on the output of the first convolutional layer (conv1), and the output of the first residual
block of each processing layer (i.e. layerl.0, layer2.0, layer3.0, layer4.0). The
corresponding number of output feature maps (channels) for these layers was 64, 256, 512,
1024, and 2048, respectively.

We used several taskonomy encoder networks, listed in (Fig 1C). The structure of the repre-
sentations of these networks was presented by the authors via a metric of similarity across
tasks: with agglomerative clustering of the tasks based on their transferring-out behavior, they
built a hierarchical tree of tasks (see Figure 13 of their paper [15]). They found that the tasks
can be grouped into 2D, 3D, low dimensional geometric, and semantic tasks based on how
close (i.e. how similar) they are on the tree. We now briefly describe the tasks (for more details,
see Supplementary Material from [15]):

2D tasks. Autoencoding PCA finds a low-dimensional latent representation of the data.
Edge Detection responds to changes in texture. It is the output of a Canny edge detector with-
out nonmax suppression to enable differentiation. Inpainting reconstructs missing regions in
an image. Keypoint Detection(2D) both detects locally important regions in an image (key-
points), and extracts descriptive features of them that are invariant across multiple images.
The output of SURF [40] was the ground-truth output of this task. Unsupervised 2D Segmenta-
tion uses as ground-truth the output of Normalized cuts [73] which tries to segment images
into perceptually similar groups.

3D tasks. Keypoint Detection (3D) are like the 2D counterpart, but derived from 3D data,
accounting for scene geometry. The output of the NARF algorithm [28] was the ground-truth
output of this task. Unsupervised 2.5D Segmentation uses the same algorithm as 2D, but the
labels are not only computed from RGB image, but also jointly from aligned depth, and surface
normal images. It thus has access to ground-truth 3D information. Surface Normal Estimation
are trained directly on the ground-truth surface normal vectors of the 3D meshes of the scene.
Curvature Estimation extracts principal curvatures at each fix point of the mesh surface. Edge
Detection (3D) (Occlusion Edges) are the edges where an object in the foreground obscures the
background. It depends on 3D geometry and it is invariant to changes in color and lighting. In
Reshading, the label for an RGB image is the shading function that results from having a single
light point at the camera origin, multiplied by a constant albedo (amount of diffuse reflection
of light radiation). Depth Estimation, Z-Buffer. Depth Estimation, Euclidian measures the dis-
tance between each pixel to the camera’s optic center.

Geometric tasks. Relative Camera Pose Estimation, Non-Fixated predicts the relative six
degrees of freedom (yaw, pitch, roll, x, y, z) of the camera pose between two different views
with same optical centers. Relative Camera Pose Estimation, Fixated is a simpler variant of the
previous one where the center pixel of the two inputs is always the same physical 3D point—
yielding only five degrees of freedom. Relative Camera Pose Estimation, Triplets (Egomotion)
matches camera poses for input triplets with a fixed center point. Room Layout Estimation esti-
mates and aligns 3D bounding boxes around parts of the scene. Point Matching learns useful
local feature descriptors that facilitate matching scene points across images. Content Prediction
(Jigsaw) unscrambles a permuted tiling of the image. Vanishing Point Estimation predicts the
analytically computed vanishing points corresponding to an x, y, and z axis.

Semantic tasks. Object Classification uses knowledge distillation from a high-performing
network trained on ImageNet [67] where its activations serve as a supervised signal (within the
manually selected 100 object classes appearing in the taskonomy dataset). Scene Classification
follows a similar approach, but uses a network trained on MITPlaces [74] with 63 applicable
indoor workplace and home classes for supervised annotation of the dataset. Semantic
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Segmentation also follows the same supervised annotation procedure using a network trained
on COCO [75] dataset with 17 applicable classes.

Finally, we included a control with matching architecture (Resnet50) but with random
initialization.

Other network architectures

In addition to the task-models based on taskonomy pretrained networks, we also built models
with CNN feature extractors pretrained on the large image classification task ImageNet
(ILSVRC2012) [67]. This is a dataset of 1.2 million images belonging to 1000 classes. In addi-
tion to the original Resnet50 [20] described before, we also considered other popular architec-
tures (S4 Fig): AlexNet [29], VGG19 [30], and Cornet-S [31].

AlexNet [29] consists of five convolutional layers with rectification, three max-pooling lay-
ers (between the first and second, second and third, and after the final convolutional layers),
two fully connected layers after the last convolutional layer, and a final softmax layer. We used
the output of all five convolutional layers in our study: convl 1, conv2_1,conv3_1,
conv4 1, conv5_ 1. Their number of output feature maps is 96, 256, 384, 384, and 256,
respectively. We used the pretrained Pytorch implementation of this network found in the
torchvision model zoo.

VGG19 [30] consists of 16 rectified convolutional layers that can be grouped into five
groups (named convl to conv5) with 2, 2, 4, 4, and 4 convolutional layers with 64, 128 256,
512, and 512 feature maps, respectively; and a pooling layer after every group. Finally, three
fully connected and a softmax layers map the convolutional features to the 1000 predictions
for each class. We used the original weights provided by [30], and not the default Pytorch ver-
sion available in the torchvision model zoo.

Cornet-S [31] has a recurrent network architecture designed with known biological compu-
tations in the brain attributed to core object recognition. The network consist of a sequence of
five main modules conveniently named V1, V2, V4, IT, and decoder. The V1 module con-
sist of two subsequent convolutional layers with batch normalization and rectification with 64
channels in total; V2-IT are recurrent modules with an initial convolutional layer with batch
normalization, and a recurrent series of three convolutional layers with rectification and batch
normalization. The number of features are 128, 256, and 512 with 2, 4, and 2 recurrent time
steps for V2, V4, and IT, respectively. The final decoder consist of average pooling, and a
linear mapping to the 1000 output classes. The implementation of this network, including pre-
trained weights can be found here: https://github.com/dicarlolab/CORnet. We used the output
of the first four modules of this network and found that V4 was best predicted by the corre-
sponding V4 module, but our V1 data was best predicted (although only marginally better
than V1) by the V2 module (54 Fig).

Model configurations

In this study, we fitted a large set of task-models (> 10, 000) that include all viable combina-
tions of 1) brain areas (2: V1, V4); 2) input resolutions (5); 3) pretrained CNNs (23 taskonomy,
1 random); 4) intermediate convolutional layers (5), 5) L, regularization strengths (1-3 for
most models); and 6) random initialization (5 seeds). Because of the receptive field size of
higher layers in all networks, only large enough input resolutions were permitted in those
cases. We used only 1-3 regularization penalties for most model configurations because we
found that the optimal parameters from a fine-grained search of a single model where also
appropriate for the corresponding layers of the taskonomy networks—actual optimal penalties
led to negligibly differences in validation performance (within the noise of random seeds). The
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specific values we cross-validated over (after the fine-grained search) were: A ony; = {0.33, 1, 3},
klayerl.o = {3}, llayerZ.O = {3, 6}, }\flayer3.0 ={3,9}, }\flayer4.0 ={6,12}.

Performance evaluation

We computed the Pearson correlation between a model’s predictions with the average
response over multiple presentations of our test-set to get comparable values to published
results (e.g. [37]).

Furthermore, we also report the fraction of explainable variance explained (FEVE) (S5 Fig).
The FEVE per neuron is given by Eq 7

\Y
FEVE=1— Var,[r] @)
Var,, [r]
which utilizes the variance that is explainable in principle, Vareg[r] (Eq 1), and the variance of
the residuals corrected by the observation noise,

N

1 s )
Var,[r] = NZ(’} - rj)z ~ Orge > 8)

2
noise

where j indexes images. This measure corrects for observation noise, which variance 2 we

estimated with Eq 2. To compute model performance we averaged the FEVE across neurons.

Computational tools and libraries

For this study, we used Pytorch [76], Numpy [77], scikit-image [78], matplotlib [79], seaborn
[80], DataJoint [81], Jupyter [82], and Docker [83]. We also used the following open source
libraries: neuralpredictors (https://github.com/sinzlab/neuralpredictors) for torch-
based functions for data loading, model implementation, model training, and evaluation.
nnfabrik (https://github.com/sinzlab/nnfabrik) for DataJoint-based pipelines, ptrnets
(https://github.com/sacadena/ptrnets) for readily available pretrained CNNs and access to
their intermediate layers.

Supporting information

S1 Fig. A case for input scale optimization. a, A single excitatory neuron from visual cortex,
recorded from a head-anchored monkey sitting at a certain distance from a screen and fixating
on a spot; extracts a nonlinear function of the input stimulus with a specific receptive field cov-
erage. b, A pretrained deep convolutional neural network (CNN) extracts several nonlinear
feature maps at each of its intermediate layers. A single output unit of a feature map computes
anonlinear function on its analytical receptive field with a fixed size in pixels. Even if the real
neuron’s nonlinear function was exactly matched to that of a CNN unit, we would have trou-
bles finding it if we were to forward the input image at the wrong input resolution (in terms of
pixels per visual angle). It is oftentimes difficult to predict a priori the optimal resolution at
which a certain layer extracts the right nonlinearities that best match our responses, especially
when the receptive field sizes of neurons are difficult to estimate for higher visual areas, and
when recording beyond the foveal region of the visual field. We thus treated the input resolu-
tion as a hyperparameter that we cross-validate on the validation set. This facilitates removing
the confound between the degree of nonlinearity and receptive field growth when trying to
establish hierarchical correspondence between CNN layers and the biological visual system.
(TIFF)
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S2 Fig. Response properties. a, Explainable variance (Eq 3) distribution of V1 (n = 458) and
V4 (n = 255) neurons. Red line shows the threshold (0.15) we chose to filter unreliable neurons
from our test evaluations. b, Curves of the fraction of images evoking responses larger than a
threshold vs. threshold value (normalized). We selected 100 evenly spaced thresholds between
minimum and maximum value of the responses. Results for 342 neurons in V1 (left) and 202
neurons in V4 (right) show each neuron’s curve (gray). A small sample of curves were colored
for clarity. We then computed for each neuron the selectivity index (SI) [24] as 1 - 2AUC
where the AUC is the area under the curve. ¢, Density distribution of selectivity indices in V1
and V4. Two-sided t-test shows that means are different between areas. d, Density distribution
of kurtosis statistic computed for each neuron over the test images in V1 and V4. Two-sided ¢-
test shows that means are different between areas, highlighting increase sparsity in V4. e, We
evaluated how well SI correlates with the predictive performance of our best model on each
area (using features of Robust Resnet50) and found that selectivity index only weakly explains
V1 and V4 test performance.

(TIFF)

S3 Fig. Individual task-model performances on V1 (upper row) and V4 (bottom row) as a
function of network layer organized in columns by the task-clusters [15]. The task-model
labels are shared between V1 and V4, and placed to the right of each column. Each line repre-
sents the average performance over seeds of the mean performance over neurons of the best
task-model configuration in the validation set. That means that these lines represent the test
set performance after pooling over input scales, and hyper-parameters (i.e. regularization pen-
alty). Bars represent 95% confidence intervals of 1 s.e. of the mean for five seeds. We measured
performance as the average test score over single units (ny, = 458, ny, = 255) calculated as the
correlation between model predictions and mean responses over repetitions.

(TIFF)

S4 Fig. Single-trial correlation performance of ImageNet-based models at multiple input
resolutions on the validation set of V1 (upper row) and V4 (bottom row). We considered
four popular CNNs with different architectures, pretrained on ImageNet (columns; from left
to right: AlexNet [29], VGG-19 [30], Resnet50 [20], Cornet-S [31]). For each network, we built
neural predictive models that use features from multiple layers (x axis) that span the depth of
the network. Each dot in the plot is the average over seeds of the best model configuration
pooled over regularization parameters (see Methods). Assigning a layer to a brain area depends
on the input scale—the peak of the curves shifts across input resolutions. Moreover, optimiz-
ing the layer using the wrong input resolution may lead to sub-optimal performance (S1 Fig).
We found that all of these models reveal a hierarchical ordering of nonlinear computations in
the two areas, even when we account for input scale—V1 is predicted always by an earlier layer
than V4 (dotted vertical lines represent the most predictive layer over scales).

(TIFF)

S5 Fig. Task-model performances in terms of fraction of explainable variance explained
(FEVE). a, Individual task-model performances on V1 (upper row) and V4 (bottom row) as a
function of network layer organized in columns by the task-clusters [15]. Equivalent to S3 Fig
but performance is measured in terms of FEVE. b, Comparison of diverse task-driven models
on V1 and V4 measured in FEVE (Fig 2A and 2B). ¢, Tasks performances in terms of FEVE
after optimizing over layers and hyperparameters on the validation set ordered as in Fig 2C.
(TIFF)

S6 Fig. Optimal input scale and layers for task-models on V4. In contrast to area V1 where
the optimal layer and scale was shared among all task-models (Layer1.0 and 21px/°), there was

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012056 May 23, 2024 24/29



PLOS COMPUTATIONAL BIOLOGY Task-driven models of V4 reveal semantic specialization

variability of the optimal layer in the V4 task-models. In some models, including the untrained
network, Layer1.0 with a low input resolution was optimal. The top performing models,
including the two semantic classification, and most of 3D tasks (Fig 2C) chose an intermediate
resolution (~ 5.6px/°) at Layer3.0. Interestingly, most geometric and 2D tasks yielded optimal
performances at the same layer, but at a higher resolution.

(TIFF)

S7 Fig. Comparison of the average task-cluster performance on single-neurons in V1 (a)
and V4 (b). The dotted line in each pairwise comparison represents the identity and the panels
in the main diagonal shows the performance distribution of each task-cluster. A pairwise Wil-
coxon signed rank test reveal that the differences between task-clusters were significant (Fig
2D and 2E). Insets show the percentage of neurons better explained by one task group (row) vs
another (column).

(TIFF)
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Abstract

Divisive normalization (DN) is a prominent computational building block
in the brain that has been proposed as a canonical cortical operation.
Numerous experimental studies have verified its importance for cap-
turing nonlinear neural response properties to simple, artificial stimuli,
and computational studies suggest that DN is also an important com-
ponent for processing natural stimuli. However, we lack quantitative
models of DN that are directly informed by measurements of spiking
responses in the brain and applicable to arbitrary stimuli. Here, we pro-
pose a DN model that is applicable to arbitrary input images. We test
its ability to predict how neurons in macaque primary visual cortex (V1)
respond to natural images, with a focus on nonlinear response proper-
ties within the classical receptive field. Our model consists of one layer
of subunits followed by learned orientation-specific DN. It outperforms
linear-nonlinear and wavelet-based feature representations and makes
a significant step towards the performance of state-of-the-art convolu-
tional neural network (CNN) models. Unlike deep CNNs, our compact
DN model offers a direct interpretation of the nature of normalization.
By inspecting the learned normalization pool of our model, we gained
insights into a long-standing question about the tuning properties of DN
that update the current textbook description: we found that within the
receptive field oriented features were normalized preferentially by fea-
tures with similar orientation rather than non-specifically as currently
assumed.
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Abstract

Divisive normalization (DN) is a prominent computational building block in the brain that has
been proposed as a canonical cortical operation. Numerous experimental studies have veri-
fied its importance for capturing nonlinear neural response properties to simple, artificial
stimuli, and computational studies suggest that DN is also an important component for
processing natural stimuli. However, we lack quantitative models of DN that are directly
informed by measurements of spiking responses in the brain and applicable to arbitrary sti-
muli. Here, we propose a DN model that is applicable to arbitrary input images. We test its
ability to predict how neurons in macaque primary visual cortex (V1) respond to natural
images, with a focus on nonlinear response properties within the classical receptive field.
Our model consists of one layer of subunits followed by learned orientation-specific DN. It
outperforms linear-nonlinear and wavelet-based feature representations and makes a sig-
nificant step towards the performance of state-of-the-art convolutional neural network
(CNN) models. Unlike deep CNNs, our compact DN model offers a direct interpretation of
the nature of normalization. By inspecting the learned normalization pool of our model, we
gained insights into a long-standing question about the tuning properties of DN that update
the current textbook description: we found that within the receptive field oriented features
were normalized preferentially by features with similar orientation rather than non-specifi-
cally as currently assumed.

Author summary

Divisive normalization (DN) is a computational building block throughout sensory pro-
cessing in the brain. We currently lack an understanding of what role this normalization
mechanism plays when processing complex stimuli like natural images. Here, we use
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modern machine learning methods to build a general DN model that is directly informed
by data from primary visual cortex (V1). Contrary to high-predictive deep learning mod-
els, our DN-based model’s parameters offer a straightforward interpretation of the nature
of normalization. Within the receptive field, we found that neurons responding strongly
to a specific orientation are preferentially normalized by other neurons that are highly
active for similar orientations, rather than being normalized by all neurons as it is cur-
rently assumed by textbook models.

Introduction

A crucial step towards understanding the visual system is to build models that predict neural
responses to arbitrary stimuli with high accuracy [1]. The classical standard models of primary
visual cortex (V1) are based on linear-nonlinear models [2], energy models [3] and subunit
(LN-LN) models [4-9]. Fueled by advances in machine learning technology, recent studies
have shown that multi-layer convolutional neural networks (CNNs) can significantly improve
the prediction of neural responses to complex images and videos at several stages of the visual
pathway, outperforming classical models [10-17]. The current state-of-the-art data-driven
model of single-unit activity in monkey V1 is a three-layer CNN [14]. However, it is challeng-
ing to gain insights into V1 function from the features produced by deeper layers of such
models. In particular, we do not have first principles explaining the kind of nonlinearities
approximated in successive layers of CNNs, or if these nonlinearities can be described in a
compact way in the first place.

A promising candidate to facilitate a more succinct description of V1 neurons is to replace
the computations from the CNN’s deeper layers by a divisive normalization nonlinearity [18]
that is easier to understand. Divisive normalization has been proposed as a canonical neural
computation present throughout the visual pathway [19] because it (1) explains a wide variety
of neurophysiological phenomena using simple stimuli [19, 20] and (2) can be derived from
first principles of redundancy reduction [21, 22]. The significance of DN is also supported by
its recent success in computer vision where it enables state-of-the-art natural image compres-
sion with high perceptual quality [23].

Divisive normalization has been invoked to explain several nonlinear neurophysiological
phenomena in V1, which can be classified into (1) phenomena that are restricted to the recep-
tive field (RF) only or (2) phenomena that involve an interaction between receptive field and
its surround. A prominent example for a mechanism restricted to the receptive field is cross-
orientation inhibition [18, 24-29], whereas an example for an interaction of the RF with its
spatially adjacent surround is surround suppression [30-34]. In our work, we focus on the
first aspect: divisive normalization within the RF and cross-orientation inhibition. In this phe-
nomenon, the response of a neuron to a driving grating stimulus in the RF is suppressed by
superimposing a second grating also within the RF that does not elicit a response when pre-
sented alone: for instance, a grating with orientation orthogonal to the neuron’s preferred
orientation.

The basic idea of divisive normalization (Fig 1A) is that a neuron’s driving input is normal-
ized divisively by a weighted sum over nearby neurons’ responses [18, 19]. While the general
idea is simple, elegant and powerful, our current knowledge of DN is limited in two important
ways: (1) DN has been studied mostly with simple, synthetic stimuli, but its implications under
natural image stimulation are unclear. For example we do not know whether incorporating
DN into system identification models predicting neural responses to natural stimuli improves
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Fig 1. Overview of our divisive normalization (DN) model. The model takes as input an image covering 1.1° of
visual field and predicts neurons’ spike counts in response to this image (details in Fig 2). The model is split into two
parts: a core that computes a shared nonlinear feature space and a readout that maps the shared feature space
individually to each neuron’s spike count. A. Divisive normalization mechanism (simplified). The visual input is
convolved with 32 filters covering 0.4° of visual field and then rectified and exponentiated to produce an excitatory
output. The output of each filter is then divided by a weighted sum of the excitatory outputs of all filters with
normalization weights py; and a semi-saturation constant o;. In our general formulation, all weights and constants are
learned from the data. B. Readout that maps the shared feature space to each neuron’s spike count through an
individual weighted sum over the entire shared feature space and a pointwise output nonlinearity. The readout weights
are factorized into a feature vector—capturing the nonlinear feature(s) that a neuron computes—and a spatial mask—
localizing each neuron’s receptive field (RF).

https://doi.org/10.1371/journal.pcbi.1009028.g001

performance. (2) We currently do not know how response properties of neurons with overlap-
ping receptive fields determine whether a neuron contributes to the normalization pool of
another neuron and, if so, with which strength [27].

To explain normalization phenomena within the receptive field like cross-orientation inhi-
bition, current models of divisive normalization assume that all nearby neurons with diverse
orientation tuning preferences and with similar receptive field locations contribute equally to
the normalization pool [18, 27, 29]. However, some earlier experimental studies suggest that
this assumption may not be correct for some neurons [24, 26], and normative models of
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normalization predict that the magnitude with which a given neuron contributes to another
neuron’s normalization should depend on the relationship of their response properties [21].

In this paper, we address the two main questions raised above: (1) How well does a data-
driven model with divisive normalization predict V1 responses to natural images, compared to
classical subunit models and deep convolutional neural networks, and (2) what stimulus fea-
tures are learned for normalizing a V1 neuron’s response in relation to its favoured feature
selectivity within the receptive field?

We focused on effects restricted to the receptive field and on models that only account for
local normalization interactions between neurons with overlapping receptive fields. We devel-
oped an end-to-end trainable model predicting V1 spike counts from natural stimuli, replac-
ing the CNNs deeper layers by the canonical neural DN computation [19] and learning the
filters of all neurons as well as their normalization weights directly from the data. We also
explored how our DN model could be extended in a way that might enable it to capture sur-
round interactions from outside of the RF, however, our control experiments demonstrate
that our results are very unlikely to include the extra-classical surround.

We fitted our DN model to monkey V1 responses to natural images and found that it out-
performs linear-nonlinear and subunit models, suggesting that DN mechanisms are useful for
capturing nonlinear computations unlocked by natural stimuli beyond those evoked by sim-
pler gratings. The power of our model was further strengthened as it captured cross-orienta-
tion inhibition within the receptive field, brought to light via in silico experiments. In contrast
to the three-layer CNN, which also reproduced this phenomenon, the single divisive layer of
the DN model provides direct interpretations of the normalization pool. These revealed that
oriented features were preferentially normalized by other features with similar orientation,
which quantitatively improved predictive performance over a model with nonspecific normali-
zation. However, the three-layer CNN outperformed our DN models, suggesting that there are
additional non-linear mechanisms beyond the ones captured by our DN model (e. g. phase
invariance and divisive effects), that are required to achieve optimal performance in modeling
V1 responses. Thus, our work advances our understanding of V1 function, highlighting the
importance of orientation-specific gain control to predict responses to natural images, and
shows how embedding theories of neural processing into the architectures of generic data-
driven models can improve our understanding of sensory processing in the brain.

Results
Learning divisive normalization

The basic idea of divisive normalization (Fig 1A) is that the response of neuron [

_ »'(x) (1)
0+ D kexPu Vi (x)

z(x)

is given by its driving input activity y,(x) exponentiated by »; and divisively normalized by a
weighted sum over nearby neurons’ exponentiated responses y;*(x) [18, 19], where x repre-
sents the stimulus, o0y is a semi-saturation constant, and all quantities are non-negative. Here,
the set of normalizing neurons XC and the normalization weights py; define which neurons k
contribute to the normalization pool of neuron / and with what strength, respectively.

While this formulation is straightforward to write down, it is challenging to build quantita-
tive models based on it that are applicable to arbitrary inputs. The denominator depends on a
potentially large population of neurons—which is unknown in general—and the structure of
the normalization weights has been studied only using very restricted sets of simple stimuli
such as oriented gratings and bars. Previous modeling work on divisive normalization has
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therefore made specific assumptions about the filter properties of the underlying neuronal
population and either modeled only a closed set of stimuli such as gratings of different orienta-
tion [18, 27-29, 35] or evaluated models only qualitatively [21, 36, 37].

We developed a general, image-computable predictive model of divisive normalization fol-
lowing Eq (1), which is applicable to arbitrary images and whose parameters are learned by
optimizing the accuracy of the model in predicting the spiking activity of a large number of
neurons in response to natural images (see Fig 1). Our model builds on a recent innovation in
predictive modeling [12, 14, 38-40], jointly modeling all recorded neurons instead of learning
a predictive model for each neuron individually. Because many neurons perform similar com-
putations—up to shifts in receptive field location—jointly modeling them makes more effi-
cient use of the data and we can learn more complex models. The basic idea is to split the
model into two parts (Fig 1): (A) a core that transforms the input image into nonlinear features
shared among all neurons, and (B) a readout that linearly combines the features to produce a
prediction of each neuron’s response.

We use a convolutional network for the core, whose architecture lends itself very well to
model divisive normalization. By construction, we have a model that contains all filters neces-
sary to account for the recorded neurons’ responses. All of these filter responses are automati-
cally extracted at each location, providing a good approximation of the underlying population
of neurons in the brain although it is only sparsely sampled during the experiment. As a conse-
quence, we can optimize the pool of neurons providing normalizing inputs and their corre-
sponding weights py; (Eq 1) to account for the neural responses. In this work we mostly focus
on normalization effects from neurons with overlapping receptive fields, rather than investi-
gating interactions with the RFs’ surround.

In summary, our model’s core (Fig 1A) consists of a set of convolutional filters w; and biases
o; (we use 32) that provide the driving inputs y; from an image x at all locations in the neurons’
RFs,

¥, =max(0, w; xx+0,) . (2)

As a specific feature is extracted by its according convolutional filter at each spatial location of
the image, the driving responses y; form a map of responses for the according features, hence
named feature map. This operation is followed by a DN stage (Eq 1) in which all operations
are performed element-wise across space. This core is shared among all neurons and converts
the image into a set of feature maps z; containing information from the neurons’ RFs. We
mapped those normalized feature maps into response predictions 7 by a linear readout step
(Fig 1B) that picks the relevant features by readout weights b and spatial locations by readout
weights a for each neuron i, followed by a pointwise output nonlinearity ¢,

A CPENE (3)

uw,l

n

where u, v index space (see Methods for additional details). To ensure that the readout does
not model any inhibitory or complex interactions, we constrained its weights a, b to be non-
negative and added a sparsity prior. The non-negativity ensures that activations can only add,
preventing the readout stage from accounting for any suppressive effects. The readout can,
however, account for response invariances such as phase invariance of complex cells; see
Methods for an in-depth explanation. While our model reflects the general formulation of
divisive normalization, mathematically it is not identical to the classical formulation of DN
due to the additional linear-nonlinear readout after the model’s core.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009028 June 7, 2021 5/31



PLOS COMPUTATIONAL BIOLOGY Learning divisive normalization in primary visual cortex

Silicon
probe

Rece

ptive
field

Neuro® )
Neuro®

Neuro® !

Predict

Fig 2. Experimental paradigm from Cadena and colleagues [14]. Natural images were flashed to a monkey covering
2° of their visual angle, and located at the center of the multi-unit receptive field. Multiple neurons were isolated from
recordings with silicon probes inserted into V1 [41]. Natural images were shown in a fast sequence without blanks,
each presented for 60 ms. Spike counts from all isolated neurons corresponding to each image were extracted from a
window 40 ms after the image onset lasting 60 ms.

https://doi.org/10.1371/journal.pcbi.1009028.g002

DN model outperforms subunit model, half-way closing the gap to state-of-
the-art performance

We fitted the model described above to a dataset of 166 neurons recorded in V1 of two awake,
fixating monkeys, who viewed a fast sequence of localized natural images and textures (Fig 2;
data from Cadena and colleagues [14]). The stimuli were placed at the neurons’ receptive fields
and primarily stimulated the center (i. e. the RF) as they covered one degree of visual field,
quickly fading off reaching zero contrast at two degrees (see Discussion and Methods for addi-
tional details). Images were shown for 60 ms each, without blanks in between. Single unit
activity was recorded with laminar silicon probes sampling from all cortical layers. We fit the
model jointly to the responses of all neurons. As neurons were recorded in 17 recording ses-
sions, the dataset sampled a diverse range of preferred orientations. The objective function
during training was to minimize the difference between the model’s prediction and the
observed spike counts of the neurons in a time window 40-100 ms after image onset (to
account for response latency).

To evaluate model performance, we estimated the fraction of explainable variance
explained (FEV), which quantifies the fraction of the stimulus-driven response variance that is
accounted for by the model, and ignores unexplainable trial-to-trial variability in the response
of the neurons (see Methods). A perfect model would reach a FEV of 100%. Since model per-
formance depends on the parameters’ initial values before optimization, we initialized all
weights randomly before model training and repeated this procedure multiple times. To
ensure that the reported performance is not a spurious characteristic of one particular model,
we picked the best ten models of a model class (assessed in terms of validation set accuracy)
and report the mean performance together with its 95% confidence interval. We perform this
analysis for each of the four model classes.

Subunit models are an established approach to model primary visual cortex responses [4-
9]. In addition to capturing a fair portion of the explainable variance [14], their computations
are easily understandable because they are rather shallow models consisting of a first stage of
rectified linear filtering followed by a static nonlinearity, and then a pooling stage with a subse-
quent output nonlinearity. Although the final output nonlinearity is capable to learn various
pointwise functions like sigmoids, in most cases (across all model types) it leads to only slight
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expansive deviations of the identity function. Structurally, the subunit model is the same

as our DN model, but without the normalization stage. Therefore, we considered a convolu-
tional subunit model as a strong baseline for our model. This subunit model accounted for
(46.6 £ 0.2)% FEV (mean and 95% confidence interval over the ten best models selected in
terms of validation set accuracy). In comparison, a regularized linear nonlinear Poisson model
(LNP) only accounted for 16.3% FEV on the same dataset [14] due to its inability to model
complex cells.

As recent developments in machine learning technology have allowed us to improve pre-
dictive performance, we used the current best data-driven model as a gold standard. This
model is a convolutional neural network with three convolutional layers and a linear-nonlin-
ear readout [14]. To enable fair comparison of this model to all other models in this study, we
optimized the CNN comparable to our DN model, reaching (52.3 + 0.1)% FEV (mean and
95% confidence interval over the ten best models selected in terms of validation set accuracy;
outperforming previously reported performance of 49.8% FEV [14]). However, although this
CNN model outperforms the simpler subunit model, it is of higher complexity requiring a
higher number of parameters.

To evaluate how well our DN model accounts for the data, we placed its performance on a
scale between 0% (baseline: subunit model) and 100% (gold standard: CNN). On that scale,
our DN model achieved a score of (52 + 3)% between the baseline and gold standard (Fig 3;
(49.6 + 0.1)% FEV; mean and 95% confidence interval over the ten best models selected in
terms of validation set accuracy). The performance differences between all model pairs were
statistically significant (pairwise Wilcoxon signed rank test on best models in terms of valida-
tion accuracy: p < 0.024, N = 166 neurons, family-wise error rate a = 0.05 using Holm-Bonfer-
roni correction to account for multiple comparisons). Notably, we achieved this performance
gain by simply adding the trainable DN stage to the convolutional subunit model, which
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Fig 3. Performance comparison of our models fitted to the data from Cadena and colleagues [14] relative to the
gap between the best shallow model—a subunit one layer convolutional neural network (CNN)—and the deeper
data-driven state-of-the-art three-layer CNN [14]. Non-specific divisive normalization (DN) accounts for 41% of
this gap, while specific DN improves it up to 52%. Absolute values in terms of percentage of explainable variance
explained (FEV) on the right (mean over the ten best models selected in terms of validation set accuracy, see main text
for details). Error-bars (black) indicate the standard error of the mean. Model performance is significantly different
between each model class (pairwise Wilcoxon signed rank test on best models in terms of validation accuracy:

P <0.024, N = 166 neurons, family-wise error rate a = 0.05 using Holm-Bonferroni correction).

https://doi.org/10.1371/journal.pchi.1009028.g003
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quantifies the importance of divisive normalization as computational mechanism to predict
neural responses in V1 under stimulation with complex, natural images. At the same time, the
CNN outperformed the DN model, suggesting that further non-linear dependencies in addi-
tion to phase invariance (complex cells) and divisive normalization are required to reach opti-
mal predictive performance.

Divisive normalization and CNN models learn cross-orientation inhibition

We wanted to test if our DN model captured non-linear interactions between the neurons
inside the receptive field leading to cross-orientation inhibition, a phenomenon that was
explained by DN within the RF before [18, 24-29]. As the gold standard three-layer convolu-
tional neural network explains more variance than the divisive normalization model, we asked
if the CNN captured cross-orientation inhibition, too. To assess if our models learned cross-
orientation inhibition, we performed the experiments done before by experimentalists i silico.
Specifically, for each unit we determined the optimal Gabor maximizing our models’ predic-
tions. Subsequently, we combined the optimal Gabor by adding the same Gabor pattern with
orthogonal orientation, obtaining a plaid stimulus (Fig 4A insets). We then presented the
plaids to our models varying the contrasts of each Gabor component and measured the result-
ing tuning curve for all models i silico, averaging across the orthogonal Gabor’s phase to get
independent of any phase dependency. For the DN model and the CNN, we found cross-ori-
entation inhibition in a number of cells: the response elicited by presenting the optimal Gabor
was inhibited by increasing the contrast of the orthogonal Gabor component (Fig 4A). How-
ever, such behavior was not clearly visible for the subunit model.

To quantify the models’ capability to learn cross-orientation inhibition, we defined a cross-
orientation inhibition index measuring the percentage an orthogonal Gabor inhibits response
when added to an optimal Gabor presented alone (Fig 4A left; see Methods for details). To
determine how many cells are cross-orientation inhibited by at least 10%, we assess the highest
cross-orientation inhibition index across all contrast combinations of the two component
Gabors. To ensure we report a general property of all models, we quantified cross-orientation
inhibition across the ten best models of each model-type (assessed in terms of performance on
the validation set, only differing in the initialization of the model parameters before training).
In the subunit model we found no significant cross-orientation inhibition (Fig 4B). Although
the 3% FEV performance gain of the DN model over the subunit model might seem small, the
phenomenological difference between those models was quite substantial, as in the DN model
half of the cells showed cross-orientation inhibition. The gold-standard three-layer CNN cap-
tured cross-orientation inhibition in fewer cells, likely approximating divisive normalization
through its deeper layers as its filters in the first convolutional layer are qualitatively similar to
the DN model, showing Gabor-like and blob patterns. At the same time, the CNN seems to
capture additional effects from the data that are not explained by DN in the RF center, leading
to the CNN’s higher performance.

Normalization within the receptive field is feature-specific

Having established that both the DN and the CNN models learned a phenomenon explained
by divisive normalization within the RF, namely cross-orientation inhibition, we next asked
which features and how strongly they contribute to the normalization pool. In the CNN model
there is no explicit notion of a normalization pool that we could comprehensively analyze. On
the other hand, our DN model offers a way to investigate the structure of the normalizing
input within the receptive field, i. e. the image-averaged products (p,, - yi*(x)), in the denomi-
nator of Eq (1), to quantify the strength by which different features contribute to it (see
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Fig 4. Cross-orientation inhibition was learned by our DN model and the three-layer CNN, but not significantly by the subunit model.
A. Tuning curves for an example neuron of all three models and various contrast combinations of the optimal Gabor (box on the right,
examples for contrasts of 0%, 1% and 2% not shown) and an orthogonal Gabor masking. As the contrast of the orthogonal mask increases,
the model prediction (normalized by the maximum response) decreases. The cross-orientation inhibition (inhib.) index measures the
percentage of response inhibition by adding the masking compared to the optimal Gabor presented alone, in this case approximately 20%.
A. insets: [llustration of plaid stimuli, created by overlaying an optimally oriented Gabor with an orthogonal mask. B. Histograms of the
cross-orientation inhibition indices accumulated across the best ten models (in terms of validation set accuracy) per model type, with kernel
density estimate of the underlying distribution. The fraction of cells that show more than 10% cross-orientation inhibition is displayed right
of the dotted line (mean and 95% confidence interval over the ten best models selected in terms of validation set accuracy). For the DN
model, more cells show cross-orientation inhibition compared to the other models. The subunit model shows almost no cross-orientation
inhibition.

https://doi.org/10.1371/journal.pchi.1009028.g004

Methods for details). When visualizing the feed-forward features learned by the DN model we
found that several exhibited clear orientation selectivity (i. e. features with an anisotropic struc-
ture; see Fig 5A). Thus, for these features we first wondered about the relationship between
their preferred orientation and the orientation of the features by which they are preferentially
normalized. To this end, we visualized the feature pair-wise normalizing input (Fig 5A) and
found that oriented features are normalized preferentially by features with similar orientation
preference, while orthogonal features seem to contribute less.

First, we coarsely quantified the difference with which these two groups contribute to nor-
malization. We split the sum in Eq (1) into two parts and collected the normalizing input of
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response providing normalizing input (columns). Darker shades of blue indicate stronger normalization. Orientation-selective filters are
grouped at the top, ordered by preferred orientation and marked by the black square. The dashed black lines within the square separate pairs of
filters with similar (< 45°) and dissimilar (< 45°) orientations. Normalizing inputs are stronger for similarly tuned filters. Unoriented filters
mainly accounting for orientation-unspecific contrast are sorted by total normalization input. Darkest blue color corresponds to the maximum
normalization input for the group of oriented filters, higher normalization input values for the unoriented filters are clipped to that value. Data
of the model with highest accuracy on the validation set is shown. B. Normalization input from similar orientations (< 45°) compared to the
normalization input from dissimilar orientations (> 45°) for each oriented linear filter. Grey line: identity. Most features are normalized
preferentially by the responses of filters with similar preferred orientations. Data of the model with highest accuracy on the validation set is
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validation set). The shaded area depicts the standard deviation per bin. C inset. Normalization input (norm. input) vs. cosine similarity between
linear filters (cos. sim.) averaged across the top-10 models (assessed on the validation set). A cosine similarity greater than zero corresponds to
similar features. Error bars: standard error of the mean. D. Histogram of DN exponents (#;in Eq 1) of the ten best performing models in terms
of validation set accuracy. Darker/lighter color: exponents corresponding to driving inputs due to oriented/unoriented linear filters. Most values
are larger than one, with a few exceptions mainly corresponding to unoriented filters.

https://doi.org/10.1371/journal.pchi.1009028.g005
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features with similar orientation as the driving feature (< 45°) and that of features with dissim-
ilar orientations (> 45°). By analyzing the normalization of each oriented feature individually,
we found that most oriented features are more strongly normalized by features with similar
orientations (Fig 5B). To assess whether our qualitative observation above is a general property
of the data or a spurious characteristic of the best model chosen, we repeated this analysis for
the top-10 performing models (assessed in terms of accuracy on the validation set, only differ-
ing in the initialization of the model parameters before training) and observed a similar behav-
ior. Summing up the normalizing input across the features, we found that, for all of these
models, similar orientations contributed more strongly than dissimilar orientations. Taking
the data of all top-10 models into account, we found that similarly oriented features contrib-
uted (1.5 + 0.1)-fold more normalizing input than dissimilar features (mean and 95% confi-
dence interval over the ten best models selected in terms of validation set accuracy; Wilcoxon
signed rank test: p < 0.006, N = 10 models; Cohen’s d = 1.2).

We further quantified the orientation-specific nature of normalization at a more fine-
grained level. Instead of lumping orientation differences into two groups as before, we split up
the normalizing inputs into nine bins of 10° width each and averaged those bins across the
top-10 models. This analysis revealed that the strength of the normalizing inputs decreased as
the difference in orientation increased (Fig 5C). Hence, the more similar a normalizing fea-
ture’s orientation was to the feature to be normalized, the stronger was its contribution to nor-
malization (linear regression analysis on all normalization input vs. orientation difference
pairs of best model in terms of validation accuracy: p < 107°). In fact, features in the group
most similar to the driving input contributed (2.3 + 0.4)-fold more than those in the orthogo-
nal group (mean and 95% confidence interval over the ten best models selected in terms of val-
idation set accuracy; Wilcoxon signed rank test: p < 0.006, N = 10 models; Cohen’s d = 1.9).

An immediate question that follows from our previous findings relates to the contribution
of more general feature properties beyond orientation selectivity. Is the normalization input
higher only for similar orientation, or is normalization input generally higher for similar fil-
ters, without pre-specifying a certain property like orientation? To answer that question,
we split the input to normalization in terms of cosine similarity between all oriented and
unoriented filters into a group of similar (cosine similarity > 0) and dissimilar (cosine
similarity < 0) features. Summing up the normalizing input across the features and averaging
across the best ten models, we found that in general similar features contributed (1.9 + 0.5)-
fold more normalizing input than dissimilar features (Fig 5C inset; mean and 95% confidence
interval over the ten best models selected in terms of validation set accuracy; Wilcoxon signed
rank test: p < 0.006, N = 10 models; Cohen’s d = 2.9).

Analysing the exponents of our divisive normalization model, we found a mean value of
1.61 (averaged across the best ten models on the validation set) with most values being greater
than one (Fig 5D), which previously has been connected to an intensified winner-take-all
behavior of responses [19, 29]. In a few exceptions exponents learned by our model are smaller
than one, mainly corresponding to driving inputs from unoriented filters.

Control: Nonspecific divisive normalization reduces accuracy. To determine how
important orientation-specific normalization is, we performed a control experiment: For each
feature | being normalized, we constrained all of its incoming normalization weights py, to be
identical. This model is an instantiation of the previous models [18, 27, 29] assuming non-spe-
cific normalization from all features. Note that, since the feature orientations were non-uni-
formly distributed (Fig 5A), this model’s normalization was weakly orientation tuned despite
equal weights for all features (orientation difference < 45° contributed 1.1-fold stronger
than > 45°; Wilcoxon signed rank test; p < 0.007, N = 10 models; Cohen’s d = 0.3). This
model achieved a performance of (41 + 2)% between the baseline and gold standard
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Fig 6. Histogram of feature readout weights of the ten best performing models in terms of validation set accuracy.

For each model, feature weights are normalized across channels and averaged across individual neurons. All model’s
channels are used to predict neural activity.

https://doi.org/10.1371/journal.pchi.1009028.g006

((48.9 + 0.1)% FEV, mean and 95% confidence interval over the ten best models selected in
terms of validation set accuracy). The unspecific DN model was included in the hypothesis test
showing statistically significant performance differences between all model types (pairwise
Wilcoxon signed rank test on best models in terms of validation accuracy: p < 0.024, N = 166
neurons, family-wise error rate a = 0.05 using Holm-Bonferroni correction). While the unspe-
cific control model does not match the performance of our more general DN model, it does
outperform the subunit baseline. Thus, stronger orientation-specific normalization is neces-
sary to achieve the full DN model performance, but a simpler form of uniform divisive nor-
malization can account for a large fraction of the improvement over the subunit baseline.

Control: All channels contribute to our model’s prediction. One potential caveat of our
analyses so far is that we analyzed the orientation specificity of DN in terms of the convolu-
tional feature maps in our model’s core rather than the actual neurons we recorded. These
features provide a much more compact view of the population of neurons, because they are
invariant to the receptive field locations and the neural responses are simple linear combina-
tions of those features. Moreover, the model’s core offers a direct interpretation of its normali-
zation weights. However, it is not clear a-priori whether all features are equally important for
predicting the activity of the neurons in our population. Thus, considering convolutional fea-
tures instead of actual neurons may lead to a skewed view of the population. To verify that this
is not an issue, we quantified how much each feature contributed to the overall activity of all
neurons by normalizing the feature readout weights across channels and averaging across neu-
rons. The resulting distribution (Fig 6) containing these averaged feature readout weights for
the best ten models had a coefficient of variation of 0.2. We therefore concluded that all fea-
tures were read out by roughly the same number of neurons and hence were similarly impor-
tant to predict neural activity. Thus, our interpretation of orientation-specific normalization
is unlikely to be an artifact of analyzing the convolutional features rather than the actual
neurons.

Control: Surround interactions are unlikely driving orientation-specific normalization
in the RF center. We observed orientation-specific divisive normalization in the receptive
field. Surround suppression is known to be orientation-specific as well [30-34], so a potential
concern would be that some of the extra-classical surround of a unit’s RF contributed to the
results presented above. To rule out this possibility, we explicitly verified in silico that our
model learning DN inside the RF learned no significant surround-suppression. For each
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Fig 7. Size-tuning in silico experiments and spatially extended DN control models. A. inset: Prediction of the best DN model (chosen by
validation set accuracy) for all neurons to gratings of increasing size. The gratings’ properties were determined from the units” optimally
stimulating Gabor pattern. As grating diameter increased, only very few neurons showed mostly weak suppression. Predictions normalized to
maximum response per neuron. Suppression index measures asymptotic suppression relative to the maximum prediction A. main panel:
Across all neurons and the ten best DN models (chosen by validation set accuracy), almost no neurons show significant surround suppression.
B. Test set performance of the ten best performing DN models. The model’s performance rapidly decreases for spatially increasing
normalization pool size (in units of visual angle in degrees). The best model on the validation set is indicated by a blue dot. C. & D. Weights of
the spatial normalization pool for the best performing model with pool size of (C.) 1.06° of visual field (5 px x 5 px) and (D.) 1.34" of visual field
(7 px x 7 px; all evaluated in terms of the validation set accuracy). For each feature (columns), the two components (rows) of the in total 32
spatial normalization pools are shown. Darker color corresponds to higher weights. Both components are similar. B. insets: Average across
features and normalization pool components. The model learned normalization from the receptive field center (on average).

https://doi.org/10.1371/journal.pcbi.1009028.9007

neuron, we generated a circular grating stimulus with optimal orientation and spatial fre-
quency, which we presented to our model. As we increased the grating diameters, our DN
model’s spike count predictions were suppressed only for very few cells for very large stimuli
(Fig 7A, inset), suggesting only weak surround-suppression in very few cells. To quantify this
observation, we computed a surround suppression index reporting the reduction from the
highest measured response to the response for a grating completely filling the whole image for
each neuron (Fig 7A, inset). Thus, no suppression is indicated by a suppression index of zero,
whereas a value of one would mean maximum suppression (see Methods for details). Across
the best ten DN models and all neurons, we found only very few exceptions from no suppres-
sion (Fig 7A) with an average suppression index of (1.6 + 0.8)% (mean and 95% confidence
interval over the ten best models selected in terms of validation set accuracy). If our DN model
would have learned surround suppression, we would have expected that the predictions of a
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substantial number of neurons would significantly decrease for larger grating sizes leading to
substantially higher suppression indices [32], which is not the case for our DN model. In con-
clusion, we expect the influence of very few neurons showing mostly very weak surround-sup-
pression to our results to be very small making it unlikely that surround suppression could
have led to the substantial orientation-specific normalization we observed. For the non-spe-
cific DN model and the three-layer CNN we found very similar behavior.

As a further control to verify that the orientation-specific normalization we observed in the
RF is unlikely to be caused by surround influence, we fit a more general DN model which
could additionally learn the spatial structure of the normalization pool, instead of limiting it
only to neurons with overlapping receptive fields. To account for the RF’s surround, we spa-
tially expanded the model’s normalization weights py; — pir., and introduced a convolution
across space into the normalizing sum in Eq (1):

y' (%) (4)

z(x) = — - .
) o' + D el * Vi (%)

Here, the normalization weights py;.. = pir.., encode which input drives y;* are pooled over
what spatial extent (indexed by u, v) to normalize the input drive y}". Note that for the special
choice of normalization weights py;; we perform a u x v =1 x 1 convolution resulting in Eq
(1) describing a DN model without surround. To keep the number of parameters computa-
tionally tractable, we factorized the normalization weights p,, allowing for two normalization
pools (indexed by m) per output channel [, each consisting of a set of spatial integration
weights c and feature weightings d,

2
Priwy = chuv.m - (5)
m=1

We constrained ¢ and d to be non-negative to make sure the denominator in Eq (4) is non-
negative (recall that y;* > 0 due to Eq (2)). The two normalization pools indexed by m could
have different patterns of weights along the feature and spatial dimensions. Our extended
model is therefore general enough to account for the standard model of DN with a nonspecific
center normalization pool and orientation-specific surround suppression (see Methods for
details).

In line with what we expect from our small stimuli mostly covering the RF center, spatially
expanding the normalization pool to cover larger surround areas did not increase our model’s
accuracy; in fact, for lager normalization pools the performance even decreased (Fig 7B; for
the best models on the validation set statistically significant beyond 0.77° of visual field, pair-
wise Wilcoxon signed rank test: p < 0.025, N = 166 neurons, family-wise error rate o = 0.05
using Holm-Bonferroni correction). This could be due to the increased number of parameters,
which might lead to over-fitting or non-optimal learning, since adding more weights to the
model makes optimization harder. The best performance was achieved by models with the
smallest normalization pool mostly within the units’ RFs (0.25°-0.75° diameter estimated by
spike triggered average, see Methods; 0.86" estimated from the smallest grating that leads to at
least 95% of the maximum response in our in silico analysis, averaged across neurons and the
best ten DN models with smallest normalization pool). The normalization weights of the
extended spatial normalization pools showed no visible separation into center and surround
and exhibited no or only weak contributions from the RF’s surround (Fig 7). If leakage from
the surround was the source of orientation-specific normalization, we would expect to observe
spatial profiles that cover the surround, which is not the case (except for a few exceptions,
which are mostly untuned features).
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In summary, we controlled that the orientation-specific normalization learned by our spa-
tially constrained DN model is unlikely caused by orientation-specific influence from the RF
surround but mainly from the RF center. The reason for this limitation could be in our dataset,
as the stimuli we used were mostly restricted to the receptive field masking out any surround
influences and their short presentation time compared to the delay after which surround influ-
ences kick in (see Discussion and Methods), preventing any model to capture information
from the surround.

Discussion

To improve our understanding of primary visual cortex, we asked what condensed nonlinear
function state-of-the-art CNNs might implement for predicting V1 responses to localized nat-
ural stimuli. To answer this question, we developed an end-to-end learnable divisive normali-
zation model and fit it to neural responses. Both the unspecific control model and the full
model that learned the normalization pool outperformed the subunit model, with the full DN
model outperforming its non-specific variant. Through the superior performance of the DN
model, we quantify the relevance of divisive normalization for predicting V1 responses to nat-
ural images. With the help of in silico experiments, we found that both, the DN and the CNN
model learned cross-orientation inhibition, showing that the deeper layers of the CNN model
approximate the DN nonlinearities. Compared to the multi-layer CNN, the DN model offers a
direct, easily understandable interpretation of its normalization pool. For the DN model, we
found that normalization by similar orientations, and in general by similar features, is higher
compared to dissimilar features within the receptive field.

Along those lines, one may ask whether the difference between the non-specific DN model
and the full model that learns orientation specific normalization weights is relevant, because
the full model may simply be able to better account for some insignificant biological heteroge-
neous imperfection due to its additional parameters. We believe that this explanation is
unlikely, because oriented features are preferentially normalized by channels with similar ori-
entation. If the model was simply picking up some biological imperfection, we would expect
random deviations from uniform normalization weights rather than weights that depend sys-
tematically on preferred orientation.

Previous experimental work investigated suppressive phenomena within the receptive field
only qualitatively or used simple stimuli that mainly consisted of a combination of driving and
mask gratings. Morrone and colleagues [25] found suppression at all orientations, but did not
investigate orientations similar to preferred orientation. Bonds [24] reported predominantly
orientation-nonspecific suppression, although three of fourteen cells exhibit stronger suppres-
sion with masks oriented similarly to the neurons’ preferred orientations, and a few other cells
were suppressed most strongly by mask orientations orthogonal to the preferred orientation.
Similarly, DeAngelis and colleagues [26] found suppression to be predominantly independent
of orientation, although for some cells an increased suppression for a range of orientations
near the optimal excitatory orientation was apparent. Heeger [18] explained those results by
proposing an orientation-nonspecific divisive normalization model. Carandini and colleagues
[27] considered the possibility of orientation-specific normalization which provides a marginal
improvement in the quality of their model fits to the data. However, they concluded that their
dataset was not specifically designed to provide a strong test of this question and their results
were inconclusive in this respect. Busse and colleagues [29] developed a quantitative model for
the response of a population of neurons to a combination of gratings. Assuming nonspecific
normalization by overall contrast, their model predicted the collective action of the whole neu-
ron population better than linear and winner-take-all baselines, but they did not test against
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an orientation-specific alternative model. To summarize, these studies found phenomena that
are predominantly explained by nonspecific normalization [18], some of them encountered
only weak orientation-specific phenomena and only in relatively few cells. Until now, a quanti-
tative analysis of orientation-specificity on a data set of natural images was missing.

Our findings are largely consistent with previous experimental results and quantitatively
refine them using a larger dataset, place them in the context of other models of V1 and show
that the same normalization mechanisms observed with simple stimuli also apply under more
natural stimulus conditions. Interestingly, and somewhat in contrast to earlier work, features
with preferred orientations within 10° of the driving feature provided twice as strong normal-
izing input than those with orthogonal preferred orientations.

The reason for this difference between our findings and previous studies could be that we
used natural stimuli, which have different image statistics compared to simple stimuli used in
earlier studies. Furthermore, most previous studies of divisive normalization were performed
in cats [24-26, 29] and the results therein may not generalize to monkeys, for which preceding
studies are inconclusive regarding orientation specificity [27].

Recent work modeling a large set of classical psychophysical data also suggests an orienta-
tion-specific divisive normalization: Schiitt and Wichmann [42] developed an image-comput-
able model of early vision very similar in structure to ours, and found that in order to explain
classical data on contrast detection, contrast discrimination and oblique masking, their model
required divisive normalization to be orientation-specific. Similar results had been reported in
an earlier study by Itti and colleagues [43]. In contrast to those psychophysical studies involv-
ing experiments with human observers, in our paper we studied individual spiking neurons in
primary visual cortex in response to natural stimulation, providing physiological evidence for
orientation-specific divisive normalization. Moreover, the previous psychophysical models
used a predefined Gabor filter bank and assumed that divisive normalization’s orientation
specificity is Gaussian distributed, learning only the standard deviation of the distribution. In
contrast, our model is far more flexible, not making such strong assumptions, relying solely on
the data to learn oriented filters and their divisive interactions.

Following a normative approach, Schwartz and Simoncelli [21] derive an ecologically
justified divisive normalization model from the efficient coding hypothesis [44] that is able
to qualitatively describe the orientation masking data of Bonds [24]. Reducing the statistical
redundancy of responses to natural stimuli predicts that normalization should be stronger for
neurons that exhibit a higher dependency in their unnormalized responses. This theoretical
result implies that normalization weights should not be uniform, consistent with our empirical
findings. Iyer and Burge [45] compare the output statistics of a divisive normalization model
with broadband and narrowband normalization to natural images, 1/f stimuli and white noise
stimuli. They report that feature-specific divisive normalization improves the discriminability
among natural images compared to unspecific normalization.

Other research motivated by the efficient coding hypothesis [44] found that a recurrent
sparse coding model reproduces several phenomena explained by DN, like cross-orientation
inhibition [46]. In a recurrent excitation-inhibition network trained with Hebbian learning
rules the inhibitory connections yielded stronger inhibition for similarly oriented cells, while
the responses of excitatory cells were decorrelated [47]. This result of orientation specific nor-
malization is qualitatively consistent with the findings of Schwartz and Simoncelli [21] and
our results. These earlier models were trained using an unsupervised objective. Future research
could focus on investigating the relationship between DN and recurrence within cortical cir-
cuits using recurrent models trained to predict neural responses in V1 to natural stimuli.
Another interesting question could be to which degree efficient coding models match our find-
ings of orientation specific normalization.
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Is our discovery of divisive normalization by similar orientations actually implemented by
the connectivity of neurons in primary visual cortex? The answer to this question could be
reflected in the connectivity from inhibitory parvalbumin-expressing (PV) interneurons to
pyramidal cells and their relation to neurons’ tuning properties. Hofer and colleagues [48] find
that, in the mouse, pyramidal cells and PV cells are homogeneously connected. Although a
weak bias towards orientation tuning is apparent, they conclude that local inhibition in V1 is
primarily non-specific. However, despite the connection probability between PV and pyrami-
dal cells being homogeneous, connection strengths are quite heterogeneous: Individual PV
cells strongly inhibit those pyramidal cells that share their visual selectivity [49]. This result is
in line with our finding of orientation-specific normalization. Similarly, recent work employs
single-neuron perturbations in layer 2/3 of mouse V1 and directly measures higher suppres-
sion of neighbouring excitatory neurons with a similar preferred orientation [50].

The stimuli in our dataset were specifically designed to investigate nonlinear processing in
the RF center and to minimize surround suppression. The control analyses showing that sur-
round suppression is unlikely in our dataset serve only the purpose of verifying that our con-
clusions about orientation-specific normalization in the receptive field are not due to leakage
of surround suppression (which is known to be orientation-specific [30-34]). Without ques-
tion, surround suppression is an important component of nonlinear processing in V1 and
deserves further investigation and modeling using a dataset designed for that purpose.

In our stimuli the fully visible part was spatially restricted to approximately the size of the
receptive field. For our dataset the RF diameters of 0.25°—0.75° have been roughly estimated
by spike-triggered average. RF size estimates based on the grating summation field (GSF) tend
to be larger by approximately a factor of two [32]. The GSF is defined by the smallest grating
diameter that leads a unit to respond with at least 95% of its maximum activity [32]. Accord-
ingly, the average GSF size we estimated based on our in silico size-tuning experiments had a
diameter of 0.86°, roughly corresponding to the fully visible part of our stimuli (1° of visual
field). For the remaining stimulus portion (1°—2°) outside of the GSF there could be normal-
izing influences from the surround (Figs 1A and 2 in ref. [32]). However, it is rather unlikely
that this region strongly influenced our data, as in our stimuli a cosine mask fading to zero
was applied in this area (see Methods). Rather, we would expect significant surround effects
beyond 2° of visual field, which is not covered by our stimuli. Furthermore, in the results we
have shown here, our model saw only the central 1.14° of the images (except for the variants
extended to the surround, which did not learn significant surround interactions either). Thus,
as we expected, our DN model did not exhibit significant surround suppression in our size-
tuning control experiments and spatially extended DN control models suggested no surround
interaction (Fig 7). Summarizing our control analysis, literature suggests that in general there
are surround interactions under stimulation with natural images [34, 51], however, our spa-
tially constrained stimuli likely restricted us to study DN within the receptive field and very
likely prevented us from learning the influence of the RF’s surround on normalization, making
the surround unlikely to affect our result of orientation-specific normalization within the RF
center.

Another property of our dataset that minimized the effect of surround suppression is that
we focused on single images to predict a spike count in a relatively short time window covering
the transient response, and ignored any temporal aspects or more sustained periods of the
response. If there was some interaction from the partly masked surround, we would expect the
onset of these effects to be delayed. Several studies report that the onset of surround suppres-
sion exhibits a 15—60 ms delay relative to the onset of center RF responses [52]. Bair and col-
leagues [53] reported average delays as short as 9 ms, however, surround suppression’s peak
effect was typically reached 40—50 ms after its onset. As responses to the center RF occur on
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average 52 ms after stimulus onset [53], in the dataset we used [14] we would expect significant
surround influences to set in at the end of the recording window, which was 40—100 ms after
stimulus onset. Hence, if there might be any contribution from the surround, we would expect
it to contribute only very weakly to the overall spike counts determined in this time window.
Note, the limitations in studying surround effects are imposed by the available data—the
modeling approach may well generalize to cover both the surround and the temporal structure
—and thus the extra-classical receptive field should be addressed in future work with a dataset
containing larger stimuli.

Compared to our divisive normalization model, the three-layer CNN performs a few per-
centage points FEV better, showing that it captures additional (non-linear) phenomena that
divisive normalization cannot account for. Future work will be necessary to find out what
these unexplained effects are. This result shows the importance of quantitative, data-driven
modeling: our work suggests that a model that can account for pooling of subunits (complex
cells) and divisive normalization is structurally insufficient to achieve optimal performance in
modeling V1 responses.

The performance difference between subunit and DN model measured in terms of FEV is
also just a few percentage points. However, the phenomenological difference between those
models is quite substantial, as the DN model correctly captures cross-orientation inhibition
while the subunit model does not. Therefore, one should probably not only measure model
performance by considering FEV over a set of randomly sampled natural images, but instead
also consider other metrics or specifically chosen test sets that highlight certain aspects of neu-
ral computation—such as cross-orientation inhibition.

Important future research directions that follow our methods include studying the role of
divisive normalization in higher areas of the ventral stream, like V4 and inferotemporal cortex.
Building a predictive model by stacking successive DN layers or including a final divisive non-
linearity for the shared feature space are great candidates for future consideration, especially as
earlier studies already report signs of normalization in these higher areas [54-56].

In conclusion, we developed a model consisting of one layer of subunits followed by learned
orientation-specific divisive normalization, which accounted remarkably well for V1 data. We
hope that this quantitative approach of evaluating theories of computation in the brain by for-
malizing them as (components of) trainable predictive models will be used more widely in the
future, so the field will (slowly) converge to an accurate general-purpose model of the visual
system applicable to natural inputs.

Methods
Experimental details

We used the dataset described in detail by Cadena and colleagues [14] and provide a summary
of the most important characteristics here. Electrophysiological recordings from two healthy,
male rhesus macaque monkeys aged 12 and 9 years were performed with a 32-channel linear
silicon probe. The monkeys were head-fixed and placed in front of a screen. They were trained
to fixate on a target located at the center of the screen. The start of a trial was determined by
maintained fixation on the target for 300 ms. The fixation tolerance was set to 0.42° around
the center of the target. At the beginning of each recording session, population receptive fields
were mapped with a sparse random dot stimulus. Each dot was of size 0.12° of visual angle and
was presented over a uniform gray background, changing location and light intensity (black or
white) randomly every 30 ms. The receptive field profiles per electrode channel were then
obtained via reverse correlation (i. e. spike-triggered average). The center location of the popu-
lation receptive field was subsequently estimated by averaging over channels and fitting a two-
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dimensional Gaussian to the reverse correlation profiles. Afterwards, this location was used to
place the images of the natural stimulus paradigm.

The dataset by Cadena and colleagues [14] consists of 7 250 distinct natural, greyscale
images which were presented two to four times each. A fifth of these images (1 450) were taken
from ImageNet [57]. Four additional texturized images were synthesized from each of them,
preserving varying degrees of higher-order statistics. The images were cropped to 2 x 2 degrees
of visual angle (140 px x 140 px). Before displaying the images on the screen, the images were
normalized such that the central 1° (70 px) of each image had the same mean (111.5) and stan-
dard deviation (45) determined across the central portion of all original images. Pixels with an
intensity that fell outside the display’s range [0, 255] where clipped. Afterwards, all images
were overlaid with a circular mask with a soft cosine fade-out fading to the screen’s mean gray
intensity (128) and an aperture with a diameter of 1°.

Images were presented for 60 ms with no blanks in between. Neural responses were
extracted in time windows of 40-100 ms after image onset (Fig 2), accounting for typical
response latencies in primary visual cortex. The image sequence was randomized with the
restriction that consecutive images do not belong to the same type (i. e. natural or one of the
four texturized versions).

A few isolated neurons were discarded if their stimulus driven variability was too low [14].
The explainable variance in a dataset is smaller than the total variance because the observation
noise prevents even a perfect model to account for all the variance in the data. Thus, targeting
neurons that have sufficient explainable variance is necessary to train meaningful models of
visually driven responses. For a neuron’s spike count r, the explainable variance Var,y,[r] is
the difference between the the total variance Var[r] and the variance of the observational noise
02

noise”

Var,[r] = Var[r] — ol - (6)

We estimated the variance of the observational noise by computing the variance of a neuron’s
response 7, in multiple trials ¢ in which we presented the same stimulus x; and subsequently
taking the expectation E; over all images,

noise

B2 = B Va1 5] ?)

Neurons for which the ratio between the explainable to total variance was below 0.15 were
removed. The resulting dataset includes spike count data for 166 isolated neurons, with an
average ratio of explainable to total variance of 0.285. These neurons were recorded at 1°-3°
eccentricities and estimated receptive field size diameters were between 0.25° and 0.75°. Since
RF sizes were roughly estimated using spike-triggered average, it is likely that the values
reported here underestimate the grating summation field defined by the smallest grating
diameter that leads a unit to respond with at least 95% of its maximum activity by a factor of
approximately two (see Discussion; similar to the minimum response field (MRF) underesti-
mating the GSF as reported by Cavanaugh and colleagues [32]).

To keep the results of our models consistent and comparable to the gold standard baseline
from Cadena and colleagues [14], we down-sampled the images by a factor of two to train our
models. Likewise, images were cropped symmetrically, keeping the 40 x 40 central pixels
(1.14° of visual angle). This size covers all of the recorded neurons’ receptive fields, with a
slight variability in their spatial location. Furthermore, the stimuli light intensities across all
pixels and all images were centered around zero and normalized to have unit standard devia-
tion. Additionally, we used the same random dataset splits of Cadena and colleagues [14] into
training (64%), validation (16%) and testing (20%). We assessed our models’ accuracy for a
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specific architecture or set of hyper-parameters in the validation set and we report perfor-
mance on the test set. We consistently used the same split throughout our study.

Divisive normalization model

Our model consists of two parts, a nonlinear core and a linear readout (see Results and Fig 1).
The core (Fig 1A) processes the input stimulus x by convolving it with 32 filters wy, of size 13
px x 13 px (0.37° of visual angle) without padding, defining a bank of features indexed by k.
Subsequently, we apply batch normalization [58] without re-scaling (BN*) which adds a bias
term (0, in Eq 2) and scales the responses to be of unit variance. This operation does not affect
the overall computation and biological interpretation of our model, since scaling the driving
inputs (y in Eq 1) by a factor § whilst scaling the normalization weights (p in Eq 1) and linear
readout weights (Eq 3) by 1/8 yields the same output. The batch normalization step is followed
by a rectified linear unit (ReLU) nonlinearity

f() = max(0,-) . (8)

Hence, equivalent to Eq (2), the resulting 32 feature maps of size 28 px x 28 px for the excit-
atory drive are given by

71 =f(BN x (w, * x)) )

and contain information about the full input space covering 1.14° of visual field. Many neu-
rons perform similar computations but respond at different localized areas of the visual field.
Those receptive fields are represented by the kernels w;, which we implemented convolution-
ally to make use of this knowledge. Furthermore, the ReLU nonlinearity (Eq 8) ensures that
all feature maps are non-negative, y; > 0 being coherent to the biological interpretation of an
excitatory drive.

The feature maps y; are then normalized divisively to produce 32 output feature maps

b
KRS VN 1o
shared by all neurons. Here, all operations are element-wise and the scalar semi-saturation
constant 0; > 0 is learned from the data. To include normalization by other channels k, we first
exponentiate the excitatory feature maps yj by the scalar ny, > 0 element-wise, which is learned
from the data as well. Subsequently, low-pass filtering (y;*) is performed through average pool-
ing in space with pool-size 5 px x 5 px (0.14°, covering 0.49° in the input space taking the con-
volutional layer into account). We perform this pooling in order to achieve (approximate)
phase invariance of the normalizing input without requiring a large number of filters with dif-
ferent phases. Subsequently, the results of the low-pass filtering are summed up, weighted by
the normalization weights py;, and added into the denominator, resembling Eq (1). Further-
more, the normalization weights are constrained to be non-negative, py; > 0. Together with
¥k > 0and g; > 0, this ensures that the denominator in Eq (10) is non-negative, hence having a
well-defined biological interpretation.

We converted the core’s output feature maps z;, shared by all neurons, to the activity of
individual neurons via a readout for each of them (Fig 1B). To do so, we factorized the readout
into spatial readout weights a,,,; > 0 and feature readout weights b;; > 0 that pick the relevant
locations and features plus a bias g;,

g; = Z(aum’ bl.i) Zuvl + qi . (11)

ul
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Here, u, v index space and i indexes neurons. This factorization is beneficial because it reduces
the number of parameters in the readout. Also, we wanted to ensure that the readout does not
model any complex computations, which we achieved by this factorization and the non-nega-
tivity of the readout weights. Additionally, we limited complexity by imposing a sparseness
prior on both weights, because each neuron should only respond to its receptive field which is
represented by a sparse spatial readout weight and should not mix many different features
which corresponds to a sparse feature readout weight. The readout can, however, model a
complex cell [59] by linearly combining multiple channels of the shared feature space.

We fitted an output nonlinearity to obtain the final prediction of a neuron’s activity 7, as
suggested by Cadena and colleagues [14] from which we paraphrase the description here.
Optimizing the output nonlinearity improves data-driven models, but has to be done carefully
when simultaneously learning the shared core and the readout weights end-to-end. We there-
fore construct the output nonlinearity inspired by the shifted exponential linear unit (ELU*)
(60],

if g >1

&
7. =h(g)- ELU"(g) , uu@g:{ (12)
exp (g, —1) otherwise ,

keeping the resulting activity non-negative, and multiply it by a non-negative function
h(g) = th(gi) e (13)
J

with parameters a;; which are learned for each neuron i independently. The basis functions
ti(x) in the argument of / are tent functions leading to a piecewise linear function inside the
exponential. The tent functions are defined as

9= i (), (05 w

with interpolation points x; = -3, ~2.82, ..., 6 and Ax = 0.18. By regularizing the coefficients a;
with a L, and a smoothness penalty, the model is pushed towards using the identity function
for inputs larger than one and a shifted exponential function for smaller inputs. If the data pro-
vides strong evidence in favor of a different output nonlinearity, the piecewise function h; can
be used to modify it. For example, the output nonlinearity is general enough to learn a sigmoi-
dal shape, although for our best-fit models across model types it learned a slight expansive
deviation from the identity in most cases and in a few cases a mix of slight expanding and
slight compressing deviations from the identity function.

To optimize our model’s parameters, we maximized the log-likelihood of the model’s pre-
dictions given the data. To do so, we assumed that neurons’ spikes are produced by a Poisson
process. Our model predicts the average spike count 7 of a neuron, hence the probability of
observing r spikes in the experiment is

pmﬂ:gaﬁ (15)

From that follows the Poisson log-likelihood

InP(r|?) = Z(r[(xj) In ’A'i(xj) —In (rx('xj)') - ;‘i(xj)) (16)

ij

for all neurons i and all stimuli x;. A neuron’s response r; = r(x;) depends on the stimulus x;,
which we suppress in our further notation for better readability. For implementation reasons,
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we wanted to minimize the Poisson loss function

Lygison = Z(’A’i —rn?), (17)

ij

which is the negative of the Poisson log-likelihood (Eq 16), where we omitted In(r;!) since this
term does not depend on our model.

Furthermore, three terms regularizing the model’s parameters were applied to the loss. We
imposed a smoothness prior on the kernels wy to ensure the spatial continuity of the predic-
tors’ receptive fields. The according penalty on the loss for weights being not smooth was
determined with a Laplace filter L to be

0.25 0.5 025
Lo = [>_(Lxw)s, , L=|05 -3 05 |. (18)
uvk
0.25 0.5 025

Due to their receptive fields, neurons only respond to a small, localized area of the visual field,
which is why we imposed a sparsity prior on the spatial readout weights a,,,. Furthermore,
neurons should only pool from a small set of feature maps to ensure that the readout does not
perform complex computations. Thus we imposed a sparsity prior on the feature readout
weights b; as well. We achieved this by adding the L;-norm of both weights

Esparse = ZZ'auv.i‘ : |bl.z“ (19)

iouwl

to the loss function. As described by Cadena and colleagues [14], we regularized the output
nonlinearity for all neurons by penalizing the sum of squares of the first and second finite dif-
ferences of the weights a;; to keep the learnable exponential function ;(x) smooth,

I o : 2
Lo, = NZZ((%: - aj—l,i)z + (2%’,1‘ — % T O(j+1.i)9) . (20)
=

i
The final loss function to minimize with respect to our model’s parameters is

L="C Lo+ Lo A A L

sparse ~sparse out “~out ? (21)

Poisson + 7\‘smooth smoot]

where Asmooths Asparse aNd Aoyt are hyper-parameters which set the strength of the smoothness,
the sparsity and the output nonlinearity penalty, respectively.

Divisive normalization model extended to normalization from surround

To extend our DN model to capture normalization from the spatial surround of a unit’s RF,
we replaced the weighted sum accounting for normalization (Eq 10) by a convolution that also
covers space, keeping the rest of the original DN model unchanged,

n
z = ) 5= Zpkl~ * (V) (22)
[

o+
equivalent to Eq (4). The new shared feature maps z; consist of all element-wise operations
where the newly introduced normalization feature maps s; represent the strength by which the

excitatory drive y" is normalized. The normalization feature maps are the result of a convolu-
tion between (y;") and normalization pool kernels py;,,-
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For a larger convolutional kernel p, the feature maps s have smaller spatial dimensions than
the excitatory feature maps y due to the convolution without padding. To be able to perform
the element-wise division, we symmetrically cropped the excitatory feature maps y so that the
resulting feature maps had the same spatial dimensions as s. Additionally, we wanted to keep
the complexity (number of parameters) of the linear readout constant for all the size choices of
the normalization kernel p. To this end, we symmetrically cropped the input images to a size
that corresponds—after a forward pass through our model—to a shared feature space of spatial
dimensions 28 px x 28 px (0.80°, covering 1.14" of the input image taking the convolutional
layer into account). Overall, this process enabled a fair comparison across all sizes of p.

To keep the kernel size of p computationally tractable, we used dilated convolutions which
have defined gaps between the weights of the convolutional kernels. We chose to skip four pix-
els between each weight which is reflected by a dilation factor of five. Thereby, we were able to
pool from a relatively large extra-classical RF while using few parameters. If we would compute
this convolution directly on the feature maps y;*, the dilation would cause us to skip some ele-
ments in the feature map y;* in the convolution’s inner product for one specific position of the
convolutional kernel, i. e. for one specific element in the suppression feature maps s;. To con-
sider all those elements we preceded the inner product computation of the convolution with
an average pooling of 5 px X 5 px pool size (same as the dilation factor; 0.14°, covering 0.49° in
the input space taking the convolutional layer into account) which we performed at every spa-
tial position in the input feature maps y;*. Then, exactly one weight of the convolutional kernel
accounts for one 5 px x 5 px pool. In this view, the pools of the dilated kernel’s neighbouring
weights have coinciding boundaries. So in addition to implementing shift invariance, the aver-
age pooling makes sure that we do not loose information for the extended DN model. Due to
this pooling, a normalization kernel p of spatial size 3 px x 3 px would spatially cover a
normalization pool of size 15 px x 15 px (0.43°, covering 0.77° in the input image taking the
convolutional layer into account). We investigated models with normalization kernel sizes of
1 px x 1 px, 3 px x 3 px, 5 px x 5 pxand 7 px x 7 px which spatially covered a five times larger
normalization pool due to dilation. Those normalization pools covered visual angles of 0.49°,
0.77°,1.06° and 1.34°, respectively.

Baseline models

Convolutional neural network. Since the divisive normalization computation in our
model was completely learned from the data, we wanted to compare to a baseline model that is
purely data-driven as well. For this, the current state-of-the-art model is a convolutional neural
network with three layers [14]. Its first convolutional layer consists of a kernel with spatial size
of 13 px x 13 px (0.37° of visual field) and for the second and third layer of size 3 px x 3 px
(0.09°) each, covering 0.43° and 0.49° of the input image, respectively. All layers use 32 chan-
nels, batch normalization [58] and ELU nonlinearity [60],

x if x>0

ELU (x) = { (23)

exp(x) —1 otherwise .

Similar to our model’s architecture, the core part of the CNN model results in a nonlinear fea-
ture space shared by all neurons which is mapped to each neuron’s activity with individual
readout weights factorized in spatial and feature weightings. Sparseness of both of them is
achieved by adding an L-penalty to the according loss function. This readout employs the
same final output nonlinearity as in our DN model but differs from ours in having no non-
negativity constraints on the weights.
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Convolutional subunit model. Our convolutional subunit baseline model is structurally
a one-layer convolutional neural network with multiple filters followed by a readout. It is
exactly the same as our divisive normalization model but with the normalization function (Eq
10) replaced by the identity function

z=1id(y) =y . (24)

Hence, the only difference to our DN model is the lack of normalization. The shared feature
maps z; consist of rectified outputs of linear filters (Eq 9) which approximate simple cells.
The subsequent readout can sum up those simple cell responses with additional weightings,
enabling the model to approximate complex cells [59]. We trained the model with the same
loss function (Eq 21) as the divisive normalization model.

Hyper-parameter optimization

Our model’s accuracy depends on several hyper-parameters. We set the initial learning-rate to
107> and used an early stopping training scheme: We evaluated the Poisson loss (Eq 17) every
100 training steps, after ten iterations of no improvement we decayed the learning-rate by a
factor of three, and we repeated this four times. For the filters wy, in the first convolution, we
found that a size of 13 px x 13 px (0.37° of visual field) was optimal, the same is true for the
number of 32 channels.

The weights Asmooth Of the smoothness penalty (Eq 18), Agparse Of the readout sparsity penalty
(Eq 19) and Ay, of the output nonlinearity’s penalty term (Eq 20) in the full loss function
(Eq 21) were extensively cross-validated using the validation set of our data. We randomly
sampled the smooth-weight Agyo0m from a logarithmic uniform distribution in the interval
[107°,107*°] and the readout sparse-weight Asparse from a logarithmic uniform distribution in
the interval [107°, 10™*°] for all models. For the divisive normalization model constrained to
the receptive field center and the subunit model, we drew the output nonlinearity penalty
weight Aoy from a logarithmic uniform distribution in the interval [107®, 10?]. For those two
models, we sampled 1 000 runs. For the non-specific divisive normalization model and the DN
models extended to the spatial surround, we narrowed down the relevant parameter space of
Aout and sampled them from a logarithmic uniform distribution in the interval [107°, 10°].
Since this halved the search space of the hyper-parameters, we halved the number of samples
drawn for those models. Thus, the density of sample points in the search space was the same
for all models and should lead to a fair comparison between their performance. For a fair com-
parison of all models in this study to the state-of-the-art three-layer CNN, we retrained this
model with the same optimization procedure. After running optimization for a few 100 hyper-
parameter samples, we observed that the best performing models were close to the upper
bound of the readout sparsity penalty weight. Thus, we discarded those data-points and started
searching again with a shifted search-interval for Agyaree € [107°°,107"], sampling 1 000 model
runs as before. In layer 2 and 3, we set the smooth-weights to zero and group-sparsity weights
to 2.5 - 107* since Cadena and colleagues [14] found best performance for those values and
these parameters are specific to the three-layer CNN, being not applicable to the other models
used in this study.

Accuracy evaluation

Average correlation. For architecture search, hyper-parameter optimization and the
selection of specific models for analysis we evaluated models’ accuracies on the validation set
with the Pearson correlation coefficient between the measured spike counts and our models’
predictions, averaged over neurons. If the prediction for one neuron is constant, the according
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standard deviation is zero. Hence, for such neurons the correlation coefficient was not com-
putable due to division by zero. For those neurons, we set the correlation coefficient to zero
before averaging. This average correlation measure does not consider observational noise
(Eq 7).

Fraction of explainable variance explained. For reporting accuracy values in this paper,
we used the data’s test set to compute the fraction of explainable variance explained (FEV) per
neuron

FEV — 1 . Varres[r}
Var,_[r]

[ (25)
exp
which utilizes the variance that is explainable in principle, Varey,[r] (Eq 6), and the variance of
the residuals corrected by the observation noise,

1 .
Var(es[r} = Nz(rj - rj)2 - Jioise ’ (26)

where j indexes images. This measure corrects for observation noise, which variance o2, , we

noise

estimated with Eq (7). To compute model performance we averaged the FEV across neurons.

In silico experiments

To perform cross-orientation and size tuning experiments in silico, we first had to determine
the optimal Gabor pattern that elicited maximum response for all units in the models we inves-
tigated. We specified an image containing a Gabor pattern by the Gabor’s center location, size,
spatial frequency, phase, orientation and contrast. For each neuron and model, we obtained
the optimal Gabor image by finding the parameter combination that lead to maximum model
prediction. For the center location we tested all positions in the 40 px x 40 px (1.14° of visual
field) image using 12 different orientations with equally spaced angles ¢/7 =0, 1/12,2/12, ..,
11/12 (in units of 7) and 8 phases y/2m =0, 1/8, 2/8, .. ., 7/8 (in units of 27r). We searched for
size, spatial frequency and contrast with equidistant values in log-space. Specifically, we sam-
pled 8 sizes s; = 4 px - (1.3895),i=0, 1, .. ., 7, resulting in a maximum size of 40px, where the
size of the Gabor is defined as +2 standard deviations of its Gaussian envelope. For spatial fre-
quency, we used 10 values f; = (1.3)7'-(1.3),i=0,1,2,...,9 measured in cycles per four stan-
dard deviations of the according Gaussian envelope. We determined the maximum contrast
from the images in our training set. After normalization, the mean across all pixel values was
zero, the minimum and maximum pixel values were —2.52 and 3.20, respectively. Thus, mak-
ing sure that the Gabor’s pixel values are within the value range seen by the models during
training, we set the maximum contrast to ¢, = 2 - 2.52 corresponding to a maximum ampli-
tude of ayqy = 2.52. We chose 6 amplitude (contrast) values a; = ¢;/2 = 0.01 ap,y - (2.51189)’,
i=0,1,2,..., 5resulting in 5 = Cpay.

Cross-orientation inhibition. For the cross-orientation inhibition experiment, we used
the parameters determined for the optimal Gabor to generate plaids (Fig 4A, insets) by linear
superposition of the optimal Gabor with a 90° rotated version of it. We sampled the contrasts
of both Gabor components from all combinations out of C = {0, ¢;} with ¢; = 0.01 ¢ -
(1.63069)",i=0, 1,2, ..., 8 where the highest contrast was 50% of the maximum contrast, ¢g =
0.5 Cimax making sure the pixel values of the combined plaid stimulus stayed within the value
range seen by our models during training. In addition, for the orthogonal Gabor we used 8
phases y/2m =0, 1/8,2/8, ..., 7/8 (in units of 2). We obtained contrast tuning curves present-
ing all plaid stimuli averaging across phases to get results that are independent of relative
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phase between optimally and orthogonally oriented Gabor components. To quantify cross-ori-
entation inhibition strength, we defined a cross-orientation inhibition index (COI) measuring
the relative reduction in response due to adding an orthogonal Gabor with contrast ¢; to the
driving Gabor of optimal orientation with contrast ¢; for all contrast combinations

(c) €C X C

orthogonal optimal®

COI(c,c) =1 He6)
“ T TR G =0,g)

(27)
We define a cell to be cross-orientation inhibited if the cross-orientation inhibition index COI
is at least 10% for any combination of optimal and orthogonal Gabor contrasts, i.e. the pres-
ence of the orthogonal Gabor reduces response by at least 10%.

Size tuning and surround-suppression control analysis. To obtain size tuning curves,
we generated gratings using the parameters of the optimal Gabor for each cell. Then, instead
of presenting a Gabor with a Gaussian envelope, we present a sinusoidal grating with full con-
trast and a sharp cut-off to zero intensity (50% grey) outside of a circular area with predefined
diameter (Fig 7). We set the maximum grating diameter to dy,.x = 120px (3.43° of visual field),
making sure to cover the whole 40 px x 40 px (1.14" of visual field) image even if the grating’s
center would be in one of the image corners. Then, we chose diameters d; = 0.05 dyax -
(1.23859),i=0,1,2, ..., 14. As almost all optimal Gabors had maximum contrast, we pre-
sented the gratings in this experiment with maximum contrast, too. To quantify any surround
suppression, we used the suppression index (SI) proposed by Cavanaugh and colleagues [32],
measuring the reduction from the highest model prediction 7, to the prediction 7, fora
grating completely filling the whole image for each neuron,

T
SI=1-"2 (28)

;.max
Hence, a SI of zero corresponds to no suppression, whereas a fully suppressed cell would lead
to a SI of one.

Evaluation of orientation-specific normalization

To analyse how the preferred orientation of the features being normalized depend on that of
the features providing normalizing inputs (Fig 5), we determined for each feature map whether
it extracts oriented features and—if so—its preferred orientation. To do so, we windowed each
convolutional kernel of size 13 px x 13 px (0.37° of visual field) with a Gaussian window (stan-
dard deviation: 3 px, corresponding to 0.09°), normalized it and then computed its 2D power
spectrum (using the discrete Fourier transform with 64 x 64 samples). We then quantified
how power spectral density is distributed across orientations by computing a mean resultant
vector m given by:

— 2i¢
m=3 Fe", (29)

u,veR

where F,, is the Fourier transformed kernel, R = {(u,v) : 0.3 < v/u? + > < 0.7} contains all
frequencies between 0.3 and 0.7 (with 1.0 being the Nyquist frequency), ¢ = atan2(v, u) is the
orientation, i the imaginary unit and the factor 2 in the complex exponential accounts for the
fact that we are interested in orientation, which is periodic in 180° or 7. If all power in a kernel
is concentrated in one orientation, the mean resultant vector will be long, whereas an unor-
iented kernel will have a mean resultant vector near zero. Based on visual inspection of the
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kernels in model fits of the top 11 to 20 model runs (in terms of validation set accuracy), we
found |m| = 0.125 to be a reasonable threshold for separating oriented from unoriented fea-
tures and used it as a heuristic for further analyses of the best ten model runs, avoiding issues
with post-hoc statistical testing.

To quantify how strong a feature  is normalized by other features k, we computed the aver-
age normalizing input, which is given as the expected value (over images) of the product py; -
Yku(x) in Eq (1). Since this normalization input depends on the stimulus, we computed its
expected value of all images in the validation set. We removed the dependence on space by
averaging over all locations within the feature map.

Control: All channels contribute to our model’s prediction

To verify that all features contribute to normalization, we analyzed the readout feature weights
for the best ten models (assessed in terms of performance on the validation set). However,
there are two issues that prevent a direct comparison across models and neurons of the feature
weightings. First, the factorization of the readout into spatial and feature weightings is not
unique: scaling the spatial weights (a in Eq (11)) by a factor B whilst scaling the feature weights
(bin Eq (11)) by 1/B yields the same output limiting comparisons across neurons. Second, a
similar exercise between the normalization weights p and the semi-saturation constant o (Eq
10) impedes comparison across models. To solve these issues, we normalized the feature read-
out weights of each neuron for this control analysis so that the resulting vectors for each neu-
ron and model convey how much a certain feature map contributes to predict a neuron’s
response compared to the other feature maps, making the feature readout weights comparable
across neurons. Next, we averaged these weights across neurons to assess the importance of
the features in a model. Since these normalized feature readout weights were comparable
across both neurons and models, we calculated a collective distribution of the averaged feature
readout weights from the best ten models. To make sense of this distribution’s absolute values,
we evaluated its width in terms of the coefficient of variation, which is the standard deviation
in units of the mean.

Implementation details

We used Tensorflow [61] to implement models as well as Python, which we additionally used
for data analysis. We optimized models with the Adam optimizer [62] using mini-batches of
size 256. In addition, we used the Python packages Numpy/Scipy [63], Pandas [64], Matplotlib
[65], Seaborn [66], Datajoint [67, 68] and the tools Jupyter [69] and Docker [70].
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standing their computations. Many previous studies aimed to visualize
the selectivity of individual units by finding meaningful images that
maximize their activation. However, comparably little attention has been
paid to visualizing to what image transformations units in DNNs are
invariant. Here we propose a method to discover invariances in the re-
sponses of hidden layer units of deep neural networks. Our approach is
based on simultaneously searching for a batch of images that strongly
activate a unit while at the same time being as distinct from each other
as possible. We find that even early convolutional layers in VGG-19 ex-
hibit various forms of response invariance: near-perfect phase invariance
in some units and invariance to local diffeomorphic transformations in
others. At the same time, we uncover representational differences with
ResNet-50 in its corresponding layers. We conclude that invariance trans-
formations are a major computational component learned by DNNs and
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Abstract. Visualizing features in deep neural networks (DNNs) can
help understanding their computations. Many previous studies aimed to
visualize the selectivity of individual units by finding meaningful images
that maximize their activation. However, comparably little attention has
been paid to visualizing to what image transformations units in DNNs
are invariant. Here we propose a method to discover invariances in the
responses of hidden layer units of deep neural networks. Our approach
is based on simultaneously searching for a batch of images that strongly
activate a unit while at the same time being as distinct from each other
as possible. We find that even early convolutional layers in VGG-19 ex-
hibit various forms of response invariance: near-perfect phase invariance
in some units and invariance to local diffeomorphic transformations in
others. At the same time, we uncover representational differences with
ResNet-50 in its corresponding layers. We conclude that invariance trans-
formations are a major computational component learned by DNNs and
we provide a systematic method to study them.
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1 Introduction

As deep neural networks have gained popularity in many scientific disciplines
and technological applications, there is a growing interest in understanding the
representations they learn and the computations they perform. One approach
towards achieving such understanding is to visualize the features that activate
the neurons in a network. There is a growing body of work that seeks to visualize
features by synthesizing images which maximally drive hidden layer units. While
this approach can give us a rough intuition about a unit’s selectivity, it provides
only a very incomplete picture of its computation. In addition to characterizing
feature detectors by the stimulus that elicits the largest response, it is important
to identify the nuisance parameters to which the neuron is invariant. As hidden
layers build up response invariances gradually with depth, it is not the image
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that most strongly drives a unit that is the most telling about this unit’s function,
but instead the set of images that elicit a strong response. While some previous
work has visualized multiple ‘facets’ of neurons’ selectivity, these efforts focused
mostly on the highest layers of the network and relied on initialization or random
sampling strategies to create multiple images for each unit. However, as we show
in the present paper, these approaches underestimate the true diversity of the
selectivity of even relatively low-level units. Additionally, these approaches have
not offered insights about how the representations of different networks trained
on the same task compare. Our contributions are the following;:

1. Motivated by the phase invariance of complex cells in the early visual system
of the brain, we show why visualizing invariance is as important as visualizing
selectivity for understanding the computations of even low-level units.

2. We develop a non-parametric approach to map the manifold of highly-
activating inputs as exhaustively as possible.

3. We show that even relatively low-level units exhibit a remarkable degree of
invariance in VGG-19 [28], which is not revealed by finding highly activating
stimuli from multiple optimization runs with random initializations.

4. We find that in low to intermediate layers of VGG-19, at least two types of
invariances emerge: tolerance to local diffeomorphic transformations tuned to
specific features, and phase invariance, where units respond well to periodic
texture patterns and are insensitive to their phase. We additionally offer a
way to quantify these invariances.

5. In contrast, we find that low to intermediate layers of a network with skip
connections (ResNet-50 [11]) that was trained on the same task as VGG-
19 exhibit far less phase invariance, revealing representational differences
between these two networks.

6. We showcase our visualization approach on a CNN trained to predict re-
sponses to natural images in primary visual cortex of the primate brain.

We provide the code to replicate our results. !

2 Related work

One way to identify selectivity of hidden units is to look for image patches in
the dataset that drive them maximally [6,33]. These image patches can some-
times hint at a unit’s selectivity, but it can be difficult to identify their common
features. Optimization-based techniques have proven more useful for feature vi-
sualization: a common approach is to search for pre-images that drive individual
neurons maximally via gradient ascent [6]. Most previous work focused on deep
layers, where finding natural-looking pre-images is challenging. For example,
the activation objective leads to adversarial-like patterns [20,29]. As a conse-
quence, much of the follow-up work focused on developing regularization tech-
niques to obtain more natural pre-images, including penalties on high-frequency

! https://github.com /sacadena/diverse_feature_vis
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Fig. 1. Simple and complex cells, phase invariance. A. Energy model of complex cell.
B. Hubel & Wiesel model of complex cell. C. Neural response as a function of phase
of Gabor stimulus with optimal orientation and spatial frequency.

noise [16,20] or the distance between the generated visualizations and natural
images patches [32], or performing gradient descent in the feature space of a
deep generator network [19].

Goodfellow et al. [9] were the first (to our knowledge) to study invariances
in deep networks. Their approach allows to quantify how invariant a unit is to
known transformations such as translation, (3D-) rotation or scaling, but it does
not allow to discover these transformations if they are unknown in advance.

Recent work proposes visualizing multiple ‘facets’ of the neuron’s selectivity
by obtaining multiple images from different random initializations [17], using a
diverse set of highly activating images as initializations [21], or using a generative
image model to sample highly-activating images [18].

These methods do not explicitly specify an objective to produce a diverse
set of images. In contrast, we optimize a batch of images to drive the neuron
of interest strongly while simultaneously being as distinct from each other as
possible. Recent concurrent work [22] introduces a similar idea, albeit with a
different loss function based on texture representations [7,8].

3 Discovering invariances

3.1 Motivation: simple and complex cells

We illustrate our point by considering a toy example well known from early
vision in the brain (Fig. 1): simple and complex cells [12], which are found in
the primary visual cortex, an early stage of visual processing in the mammalian
brain. Simple cells can be approximated well by a linear filter followed by a
thresholding nonlinearity (e.g. ReLU). The linear filter usually resembles a Gabor
filter. Complex cells are, like simple cells, selective for a specific orientation and
spatial frequency. However, unlike simple cells they respond to Gabor patches
of arbitrary phases — they are phase-invariant. The standard model for this
phase invariance is the so-called energy model (Fig. 1A, [1]), which sums over
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the squared responses of two Gabor filters phase-shifted by 90° (Fig. 1C, black).
This energy model has also been used to study rotation, scaling and more general
invariances in the context of unsupervised representation learning [2,3,15]

An alternative formulation was originally proposed by Hubel & Wiesel, who
discovered complex cells in the 1960ies in the primary visual cortex of cats [12].
Their model suggests that complex cells are the result of pooling over multiple
simple cells with a range of phase preferences (Fig. 1B). If the learned weights
and phase preferences exhibit some variability, the resulting phase invariance is
only approximate (Fig. 1C, blue).

Now, consider what happens when we study simple and complex cells us-
ing activity maximization. For a simple cell, we will recover its selectivity. For
a complex cell, however, all Gabor patches of optimal orientation and spatial
frequency will elicit a high response, irrespective of their phase. In the case of
the Energy Model, which is perfectly phase-invariant, we may obtain this set of
optimal images by starting with random initializations. However, for an imper-
fect model more likely to occur in reality (e.g. Hubel & Wiesel model, blue in
Fig. 1C), there is a unique maximum, which we will find despite the fact that
activations are consistently above 80% of the maximum for all phases. Thus,
activity maximization will produce the same result for both simple and com-
plex cells (a single Gabor patch), but this result will miss the key aspect of the
complex cell’s computation: its phase invariance.

3.2 Mapping invariances

Objective. The idea behind our approach is to find a batch of images in which
each image maximally drives a specific unit while the images are maximally
different from one another. Starting with a batch of n images {1, - - ,z,},
initialized as white noise, we mazximize the following objective using gradient
ascent:

n n
_ O , ; e
L—;yik +a;10gP(xz)+)\Hi1’1jnd(xz,mj). (1)
Here, ygli) is the output activation of unit & in layer [ for the i*"" image in the batch,
P(x;) is the likelihood of the image under a generative model of natural images
and d(z;,x;) is a distance between two images, The likelihood and distance
measures are specified below. Note that we set the image size to the receptive
field size of units in the layer to be visualized, such that the outputs yz(,? are
1 x 1 spatially and we can omit the indices over space. We constrain the norm of
the synthesized images to be equal to half the average norm of natural images
patches of the same size taken from the ImageNet dataset?, where we assume

that zero in each color channel corresponds to the average value of this channel

2 Using half the average norm is a heuristic that we use because the synthesized images
tend to be localized to the center of the patch.
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across the ImageNet training set. For visualization, we add this mean and clip
the values between 0 and 255. Very few pixels fall outside this range.

The first and the second term in the objective are similar to previous work,
encouraging the optimization to find natural images that strongly activate the
unit. The third term forces all images in the batch to be as distinct as possible
from all other images, since we penalize the minimum distance between any
pair of images. This objective presents a trade-off: we allow for some degree of
non-maximal responses if this allows us to increase the set of strongly activating
pre-images substantially.

It is important to use the minimum distance in the objective rather than the
average. Maximizing the average distance does not necessarily lead to coverage
of the invariant subspace. Consider the Energy Model: assuming we generate
an even number of n images, the optimal solution maximizing the average Lo
distance is to place all images at either of two distinct phases separated by 180°.
Now we fail to generate a diverse set of images but the average distance is high
(90°). In contrast, the desired solution of images evenly separated by 360°/n will
give a smaller average distance for n > 4 and can be obtained when maximizing
the minimum distance.

It has also some advantages to consider a single unit within a feature map
compared to considering the entire feature map. When maximizing the activa-
tion of the entire feature map, the resulting image will be shift-invariant by
construction and properties such as phase invariance of individual units cannot
be detected.

Natural image prior. We use Pixel CNN++ [27] as a natural image prior, as
it allows directly evaluating and optimizing the likelihood of an image patch of
arbitrary size. In a nutshell, Pixel CONN++ improves upon PixelCNN [23] and
earlier autoregressive models [24,30,31] that attempt to capture the distribution
of natural images by expressing the joint distribution of all pixels as the product
of the distributions of individual pixels conditioned on a causal neighborhood.
We use the model pre-trained on Cifar-100 provided by OpenAI® which is state-
of-the-art in terms of likelihood on natural images.

Distance metric. To evaluate the distance between two images, we use a
feature space given by the neural network to encourage diversity on perceptually
interesting image properties. For an output unit y; in layer [, we compute the
Euclidean distance in the feature space of the preceding convolutional layer:

d(zi ;) = Iy —y$ e i A 2)

where ygl_l) and yg.l_l) are vectors of activations in the preceding layer flattened

over space and channels.

3 https://github.com/openai /pixel-cnn
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Fig. 2. Mapping invariances as a trade-off between diversity and maximizing activation.
A. Trade-off between activation and image diversity. For a complex cell, images can
be made quite diverse while keeping the activation level high. When A gets too large
(A > 2), there is a qualitative change. B. Set of images for three different A. C.
Distribution of phases of synthesized Gabor patches, showing that with the optimal
A = 2 we get equally spaced images, i.e. cover the invariant subspace well.

Optimization. We optimize the objective defined in Eq. (1) using the Adam
optimizer [13] with a learning rate of 0.1 until the objective converges (maximum
of 1000 steps). Similar to Olah et al. [22], we precondition the gradient to reduce
the effect of high frequencies by dividing each frequency component by /f.

We manually set the hyperparameter «, which controls the strength of the
natural image prior, based on qualitative inspection of the resulting images in
an exploratory experiment. We used o = 0.0005 for all experiments.

We sweep a range of values for A (0.02, 0.04, 0.08, ... 20.48) and for each
unit pick the largest such A\ that the average activation level remains above a
threshold. This threshold is 80% of the maximum for the complex cell model
and 90% for VGG-19 and ResNet-50. See Fig. 2A and Fig. 4 for a qualitative
justification of these thresholds.

3.3 Application to complex cell models

Before applying our approach to a deep neural network, we verify that it works
when the units are only approximately invariant to some transformation. To
this end, we use the Hubel & Wiesel model of a complex cell outlined above
(Fig. 1B), which does not produce perfect phase invariance, but still responds
strongly to Gabor patches of all phases.

Indeed, our approach can visualize the entire invariant subspace spanning the
full range of phases (Fig. 2). Without the diversity term (A = 0), the optimization
tends to converge to the same pre-image (Fig. 2B). Four out of six solutions
correspond to the globally most strongly driving image (see also Fig. 1C, top).
In contrast, with an appropriate choice of A, the images distribute uniformly
(Fig. 2B, C). If we increase A too much, however, the diversity penalty becomes
too large and the optimization will converge to solutions including non-optimal
images. Thus, to visualize the invariant subspace, we should pick the largest A
that leads to only a small decrease in activation level. This point depends on how
‘clean’ the invariance of the cell is. For the Hubel & Wiesel model considered
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Fig. 3. Invariant subspace of two example units in conv3_2 (feature maps 9 and 26).
A. Invariance/activation trade-off B. Pre-images obtained for different values of A.

here, this drop in activation occurs when the average activation falls below 80%
of the maximum, which corresponds to the response range for images within the
approximately invariant subspace (see Fig. 1C, blue line).

Note that for the simple cell, which does not exhibit any such response in-
variance, the curve looks qualitatively different (Fig. 2A, red line). Thus, we
can quantify response invariance of units in a DNN by computing the minimum
distance between any two images in the batch at the optimal \.

4 Invariances in VGG-19

We asked to what extent deep neural networks trained on large-scale object
recognition (ImageNet [25]) exhibit response invariances in their convolutional
layers. Previous work focused mostly on higher layers and did not find much
invariance in low and intermediate layers. However, in neuroscience it is well-
known that low- and mid-level neurons in the brain — like complex cells — can
exhibit a substantial degree of response invariance. Moreover, there is evidence
for a considerable degree of similarity between neural representations in DNNs
trained on object recognition and the primate visual system [14,10,4,5]. In par-
ticular, we have shown [4] that the convolutional layers of VGG-19 [28] around
layer conv3_1 best predict neural activity in primary visual cortex, including
that of many complex cells. Therefore we would expect that these layers in the
VGG-19 network should also exhibit some degree of invariance to phase and
potentially other transformations.

4.1 Convolutional layers of VGG-19 exhibit response invariances

We start by considering two example units from layer conv3_2 (Fig. 3) of VGG-
19. As in the complex cell example, we can increase the diversity of generated
images quite substantially while maintaining a high activation level (Fig. 3A).
Only when we increase A too much, the activation level drops substantially and
the images start deteriorating (Fig. 3B, top row). Overall, the trade-off between
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Fig. 5. VGG units are more invariant than expected
from random weights. A. All 256 units in conv3_1
(colored lines) are more invariant than units in a net-
work with the same architecture but random weights
(black lines). B. Histogram of the diversity terms
for the optimal X relative to their value for A = 0
(black: random weights; purple: trained conv3_1).
This means that for the least invariant units we can
increase the diversity of the images two-fold while
maintaining the average activation above 90% of the

maximum obtained with A = 0.

image diversity and activation level looks qualitatively similar to the complex
cell example above.

Moreover, the images generated with the optimal A look significantly more
diverse than those obtained by random initialization at A = 0 (Fig. 3B, middle
and bottom rows). Indeed, most units showed quite some degree of invariance:
we can increase the image diversity considerably while maintaining activation
levels above 90% of the maximum (Fig. 4 for conv3_1; see Sect. 1 in the Supp.
for additional convolutional layers). Below, we therefore use the largest such A
that maintains the average activation level above 90% of the maximum.

4.2 Response invariances are a learned property of the network

Is this invariance a learned property of the network or does it arise trivially from
the network architecture? We repeated the analysis on a network with the same
architecture as VGG-19 but random weights. To keep the two networks compa-
rable, we normalized both the activations and the distances between images such
that they are equal to one for A = 0. We found that units in the random network
are substantially less invariant than those of VGG-19 (Fig. 5A), suggesting that
the neurons’ response invariance is indeed a learned property. Remarkably, by
introducing the diversity term into the pre-image search, we could increase the
minimum distance between any two images in a batch by a factor of at least two
and up to 100-fold without ‘sacrificing’ more than 10% of the unit’s activation
level (Fig. 5B), a property that the random network does not exhibit.
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texture-detector shape-detector

Fig. 6. Examples of invariant subspaces of texture-like and shape-like detectors of
feature maps 13 (left) and 22 (right) in conv3_1.

4.3 Types of invariance: texture vs. shape detectors

We now investigate the types of invariance learned by different units in the
network. We start by considering two example units from layer conv3_1 (Fig. 6).
The first unit responds to a dark grid on brighter background of arbitrary color.
In addition to this selectivity, it appears to be entirely phase- and rotation-
invariant: the location of the grid lines and their orientation is irrelevant for the
unit’s activation, but their general spatial scale and the foreground color are
important. We refer to units that exhibit this property as texture detectors.

The second unit, in contrast, detects a circular feature in the lower half of
its receptive field. While it is sensitive to the location of this pattern within its
receptive field, it exhibits a substantial degree of color and scale invariance: the
contours have a sinusoidal cross-section whose local phase varies across images,
such that by using linear combinations of multiple of these images one can obtain
the circular pattern in various different sizes and color combinations. We refer to
such units as shape detectors: they are sensitive to location but allow for some
degree of local diffeomorphic transformation.

The two units shown here are representative of a larger number of units in
various layers of VGG-19 (see Fig. 7 and Sect. 2 from Supp. for more examples).
As we will quantitatively show below, they lie on two extremes of a spectrum
along which we can characterize low- and intermediate-level units.

4.4 Quantification of phase invariance (textures)

So far, we have described texture and shape units only qualitatively. We therefore
developed metrics to quantify these properties more systematically. We start by
quantifying phase invariance, the property that characterizes texture detectors.

While shift equivariance is built into CNNs, phase invariance of individual
units has to our knowledge not been reported. A perfectly phase-invariant unit
would maintain a high activation when presented with shifted versions of its
preferred texture. Therefore, to quantify phase invariance, we optimize an im-
age twice as large as the unit’s receptive field such that the average activation
of all possible windowed crops from this image is maximized (Fig. 8A, 1-4).
Indeed, for a decent number of units we had qualitatively labeled as ‘texture
detectors,” the crops generated in this way (Fig. 8A,3) resemble the templates
we synthesized earlier (Fig. 8A,4) and elicit similarly high activations (Fig. 8C).
On the other hand, ‘shape-selective’ units expect certain structures in specific
locations within their receptive field. Generating a texture where arbitrary crops
are highly activating is not possible for these units (Fig. 8B).
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conv3_3
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Fig. 7. Invariant subspaces of a selection of units in convolutional layers convl_2 to
conv3_4 of VGG-19. Each horizontal block of six images represents one unit. It contains
the six maximally diverse images resulting in an activation of the unit above 90% of its
maximum. Images for higher layers are scaled up slightly to improve visibility, but the
pixel sizes are not matched across layers (lower layers have comparably larger pixels).

To quantify this intuitive argument, we defined shift invariance as the ratio
between the average activation of all crops from the larger texture and the aver-
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Fig. 8. Quantification of invariances in VGG19. For layer conv3_1, examples of tex-
ture (A) and shape (B) units. Left: Phase invariance. We optimize a texture (1) to
maximize the average activation of all windowed (2) crops (3). The mask has the form
exp (— (r/a)4) where r = y/x? + y2. We picked o so that the ratio between the unit’s
receptive field and o is ~ 2.5. (4): individual images maximizing the unit’s activation.
Right: Invariance to local deformations is supported by features that locally form
quadrature pairs. Linear combinations (5) of templates (4) produce images with high
activations. C. Histogram of the phase invariance (examples from A+B labeled). D.
Histogram of metric measuring invariance to local deformations. E. Scatter plot of the
two metrics (shift invariant index and linear combination index) for all units at each
convolutional layer of VGG19.

age activation of the diverse templates produced earlier (see example histogram
in Fig. 8C, for conv3_1). Indeed, the units labeled as phase-invariant (Fig. 8A),
maintain a high activations despite arbitrary phase shifts, while the activation
of the shape-selective units (Fig. 8B) drops substantially (Fig. 8C).

Note that synthesizing a larger image by maximizing all crops is similar to
maximizing an entire channel’s activity (i. e. feature map) for a sufficiently large
input image, an approach other authors have taken for feature visualization [22].
Although insightful in many occasions, the drawback is that this procedure often
occludes shape selectivity. For instance, the first unit in Fig. 8B is selective to
a circular pattern in the top-right with rays pointing towards the bottom-left
when maximized individually. However, the resulting texture looks like a field of
oriented edges, thus missing the crucial pattern that drives this unit.

4.5 Tolerance to local deformations (shapes)

The second invariance we identify is tolerance to local deformations. A closer look
at some examples (e.g. Fig 6, right; Fig. 8B, top) reveals that some of the units
have local tolerance for phase changes. The patterns these units are tuned for
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Fig. 9. Toy example (A) where linear combinations (C) of highly activating images (B)
are also highly activating. It detects a top-left corner by combining two complex cells.

can be locally built by spatially arranging multiple complex-cell-like quadrature
pairs. This would suggest, that — although mapped into a nonlinear feature space
— linear combinations of the ‘template’ images spanning the invariant subspace
should highly activate these units as well. We illustrate this seemingly counter-
intuitive hypothesis with a toy example and then show how it applies to CNNss.

Consider the following example comprised of two complex cells arranged
such that they detect a top-left corner (Fig. 9). The unit allows for individually
shifting up or down the horizontal edge, and left or right the vertical edge. Each
of the two edges is detected by an energy model of a complex cell (Fig. 9A), each
at a defined location within the receptive field. Accordingly, the highly activating
template images are made up of combinations of odd and even Gabors (Fig. 9B)
and any linear combination of them is again a highly activating image (Fig. 9C).

To quantify whether the same property holds for VGG units, we computed
the average activation level of linear combinations of the maximally activat-
ing images. Specifically, we took the averages (in pixel space) of all 15 pairs of
templates (Fig. 8A.5), renormalized them to the same norm as the templates
and compared their average activation to that of the templates. For ‘texture-
selective’ units this procedure deteriorates the clear texture patterns revealed
by the templates (see for instance Fig. 8A.5). Accordingly, the unit’s activation
level to these images drops substantially (Fig. 8D, red+orange). We quantify
this drop by computing a linear combination index, defined as the ratio be-
tween the average activation of average-image pairs and the average activation
of the diverse templates. Units tuned to shape patterns that are tolerant to
local transformations give average-pairs that are fairly similar to the original
templates, producing a high linear combination index.

4.6 Characterization of invariances across layers

We have identified two metrics that quantify two different forms of invariance in
VGG units. Our examples from Fig. 8 suggest that these two types of invariance
are anticorrelated. As this does not have to be the case a priori — a complex cell
would score high on both metrics — we asked whether this was just due to our
selection of examples or whether it holds more generally across layers. Indeed,
shift invariance and tolerance to local deformations appear to be anticorrelated
across a wide range of layers (Fig. 8E; conv3 in particular). We also observe that
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Fig. 10. ResNet-50 results. A, Example units of block conv2_3 (compare to Fig.8). We
noticed that maximizing windowed crops (2) of a big texture (1) are largely different
from the maximizing templates (3). 15 template-pair averages (4) are on the other
hand highly activating and similar to the templates. B, Scatter plot of the two metrics
proposed for said layers of ResNet-50.

higher layers tend to be less shift-invariant than lower ones (e. g. compare within
conv3 in Fig. 8E).

5 Diverse visualizations of early layers of ResNet-50

To test whether our results so far are properties of VGG-19 or apply more gen-
erally to CNNs trained on ImageNet, we also applied our methods to ResNet-
50 [11]. We considered its early layers up to conv3_1 (fourth block), which have
receptive field sizes comparable to the layers we studied in VGG-19. We first
synthesized diverse image batches with different diversity penalties and found a
similar trade-off between activation and diversity as found before (see Sect. 3 in
Suppl. Material). However, for the A that evoked at least 90% of the maximal re-
sponses we observed on average a smaller diversity compared to that of VGG-19
units. We then ran our analysis to identify both phase and shape invariance and
surprisingly found a much reduced number of phase-invariant units compared to
VGG-19 (Fig. 10): there are basically no ResNet-50 units for which the crops
from the optimal texture look like the optimized templates (e.g. Fig. 10A,2+3).
On the other hand, template-pair averages do not appear to qualitatively de-
viate from the synthesized templates (Fig. 10A,4) indicating a strong presence
of tolerance to local changes. The two metrics introduced above confirm this
observation quantitatively: the distribution of shift invariance indices is shifted
towards zero in ResNet-50 layers (Fig. 10B) with respect to those in VGG-19.
This is a very interesting finding, because it shows that the different architec-
tures learn quite different features in their early layers despite both being trained
on ImageNet and achieving comparable classification accuracy. Thus, our novel
approach to feature visualization helped us identify strong representational dif-
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Fig. 11. Subspaces of V1 cells. Complex (left) and simple (right) cells

ferences in the canonical directions between two architectures that would not
have been observed with conventional activity maximization

6 Phase invariance in Primary visual cortex (V1)

As a final practical use case, we applied our method to a three-layer CNN that
has been trained to predict neural responses in V1 when monkeys are shown
natural images (data from [4]; see also their Fig. 3). Our method unveils the
known cell types — simple: phase-selective and complex: phase-invariant (Fig 11).
Although complex cells can also be identified using specifically designed stimuli
or analysis methods relying on quadratic features (e. g. spike-triggered covariance
[26]), our non-parametric approach could in principle also uncover other types
of invariance that are not captured by quadratic features. Given that we see no
such additional invariances, there are likely no other major features V1 cells are
invariant to — a conclusion that could not be drawn using parametric approaches.

7 Conclusion

Motivated by early vision in the brain, we investigated the response invariances
in the early to intermediate convolutional layers of DNNs. We found that units
in early layers of VGG-19 show invariance to global texture-preserving transfor-
mations and invariance to local shape-preserving transformations. In contrast,
ResNet-50 does not exhibit the same degree of shift invariance. This difference
could explain why practitioners working on texture synthesis and style transfer
observe that the features of VGG work substantially better than those of more
modern architectures such as residual networks.

We conclude that these methods not only give new insights into the com-
putations performed by DNNs and how they compare with other architectures,
but also constitutes an important step towards a unified language for describing
neural representations in both biological and computer vision.
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8 Supplementary

8.1 Diversity/activation maximization trade-off VGG19

As in Figures 4 and 5, we show here the trade-off between diversity and ac-
tivity maximization for all layers including the natural image prior. Diversity
is measured as the minimum L, distance in feature space between all pairs of
synthesized templates. Each curve represents a unit (feature map) of the corre-
sponding layer. The curves connect the average of three optimization runs for a
choice of A\ from Equation 1. The penalty for the natural image prior o was set
to 0.0005 after visual inspection. The curves were normalized to the maximum
sum of activations (relative average activation level). On the left: The trade-off
between minimum distance and relative average activation. On the right: The
same curves normalized to have a unit minimum distance. This facilitated com-
parison with the network with random weights (black). Here, we show in black a
sample of units from a random network with the same architecture as VGG-19.
Note that the VGG units exhibit more invariance at each layer than expected
from random weights for all studied layers.
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8.2 Example invariant subspaces at optimal A for early
convolutional layers of VGG-19

convl_2 .




Diverse feature visualizations of early layers of CNNs 21

conv2_1 .




22 SA Cadena, MA Weis, LA Gatys. M Bethge, AS Ecker

conv2_2 .




Diverse feature visualizations of early layers of CNNs 23

conv3_1 .




24 SA Cadena, MA Weis, LA Gatys. M Bethge, AS Ecker

conv3_2




Diverse feature visualizations of early layers of CNNs 25

conv3_3 .




26 SA Cadena, MA Weis, LA Gatys. M Bethge, AS Ecker

conv3_ 4 .




Diverse feature visualizations of early layers of CNNs

8.3 Diversity/activation maximization trade-off ResNet-50
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8.4 Example invariant subspaces at optimal A for early
convolutional layers of ResNet-50
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