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Abstract

Learning under limited supervision has been a long-standing theme in machine learning.
This thesis explores how limited supervision can be effectively leveraged in the domains
of computer vision and vision-language modeling. It covers a range of settings, from
scenarios with no access to training data, to those with only a few labeled examples, and
further to human intervention to AI systems that incorporate minimal but meaningful
feedback. Across these settings, the central goal is to improve model generalization with
limited real data.

We first consider scenarios where no training data is available for a downstream task in
the vision-language models. We explore how to better utilize pre-trained foundation mod-
els without additional supervision. WaffleCLIP investigates the role of class descriptors
in the zero-shot classification of the vision-language models and shows that performance
gains stem from an ensemble of multiple noisy prompts rather than the semantic richness
of the prompts, throwing a question of current prompting techniques. FLM introduces
a feasibility prediction module that leverages large language models to assess the feasi-
bility of novel state-object compositions for each class, thereby improving performance
in open-world compositional zero-shot learning by discarding infeasible classes in the
class candidate set. Together, these contributions improve the downstream performance
of vision-language models in zero-shot settings.

Next, we examine the case where users have access to a small number of labeled
examples. To maximize the utility of this data, we propose synthetic data generation
frameworks guided by few-shot real examples where the synthetic data is used as training
data for the downstream classification tasks. DataDream fine-tunes text-to-image gener-
ative models using LoRA on a handful of class-specific images, allowing the fine-tuned
models to generate more realistic and discriminative data. Building on this, LoFT fine-
tunes LoRA modules for each image, and then fuses two LoRAs within the same class at
inference time, improving the fidelity and diversity of generated samples. These works
demonstrate that synthetic data can provide complementary information to real data.

Finally, we explore the role of human intervention in interpretable models. While
Concept Bottleneck Models allow humans to modify intermediate concept predictions,
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current approaches require extensive manual correction. To address this, we propose
a Concept Realignment module that reduces the number of necessary interventions by
automatically adjusting related concepts after a small correction by human. This leads
to more efficient human-in-the-loop collaboration, making interpretable models more
practical in real-world applications.

Together, these contributions present a comprehensive study of learning under limited
supervision in computer vision and multimodal tasks. We demonstrate that through
thoughtful leverage of the foundation model, synthetic data augmentation, and efficient
human interaction, it is possible to improve performance with minimal labeled data.
This thesis lays the groundwork for future research toward data-efficient, adaptive, and
human-aligned AI systems.
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Zusammenfassung

Lernen unter begrenzter Aufsicht ist seit Langem ein zentrales Thema im Bereich des
maschinellen Lernens. Diese Dissertation untersucht, wie begrenzte Aufsicht effektiv in
den Bereichen der Computer Vision und des Vision-Language-Modellings genutzt werden
kann. Dabei umfasst diese Dissertation eine Vielzahl von Szenarien – von Fällen ohne
Zugang zu Trainingsdaten, über solche mit nur wenigen annotierten Beispielen bis hin zu
menschlicher Intervention in KI-Systeme, die minimales, aber aussagekräftiges Feedback
einbeziehen. In all diesen Szenarien ist das zentrale Ziel, die Generalisierungsfähigkeit
von Modellen mit begrenzten realen Daten zu verbessern.

Zunächst betrachten wir Szenarien, in denen keine Trainingsdaten für eine nach-
gelagerte Aufgabe in Vision-Language-Modellen verfügbar sind. Wir untersuchen, wie
vortrainierte Foundation-Modelle ohne zusätzliche Aufsicht besser genutzt werden kön-
nen. WaffleCLIP analysiert die Rolle von Klassenbeschreibungen bei der Zero-Shot-
Klassifikation von Vision-Language-Modellen und zeigt, dass Leistungsgewinne eher
durch ein Ensemble mehrerer verrauschter Prompts als durch deren semantische Tiefe
entstehen – was aktuelle Prompting-Techniken infrage stellt. FLM führt ein Modul zur
Realismus-Vorhersage ein, das große Sprachmodelle nutzt, um den Realismus neuartiger
Objekt-Zustands-Kompositionen je Klasse einzuschätzen. Dadurch wird die Genauigkeit
im offenen, kompositionellen Zero-Shot-Lernen verbessert, indem unrealistische Klassen-
kandidaten verworfen werden. Diese Beiträge verbessern die Downstream-Performance
von Vision-Language-Modellen in Zero-Shot-Szenarien.

Anschließend betrachten wir den Fall, in dem Nutzende Zugang zu einer kleinen An-
zahl annotierter Beispiele haben. Um den Nutzen dieser Daten zu maximieren, schlagen
wir Frameworks zur Generierung synthetischer Daten vor,die durch wenige reale Beispiele
geleitet werden, wobei die synthetischen Daten als Trainingsdaten für nachgelagerte Klas-
sifikationsaufgaben dienen. DataDream passt text-zu-Bild-Generierungsmodelle mithilfe
von LoRA auf eine Handvoll klassenspezifischer Bilder an, sodass die angepassten Mo-
delle realistischere und differenziertere Daten erzeugen können. Darauf aufbauend passt
LoFT LoRA-Module für jedes Bild einzeln an und fusioniert dann für die Inferenz zwei
LoRA-Module derselben Klasse, was die Qualität und Vielfalt der generierten Beispiele
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erhöht. Diese Arbeiten zeigen, dass synthetische Daten reale Daten sinnvoll ergänzen
können.

Abschließend untersuchen wir die Rolle menschlicher Intervention in interpretier-
baren Modellen. Während Concept Bottleneck Models es Menschen ermöglichen, Zwi-
schenvorhersagen von Konzepten zu modifizieren, erfordern aktuelle Ansätze umfang-
reiche manuelle Korrekturen. Um dem entgegenzuwirken, schlagen wir ein Concept
Realignment-Modul vor, das die Anzahl notwendiger Eingriffe reduziert, indem es nach
einer menschlichen Korrektur automatisch verwandte Konzepte anpasst. Dies führt zu
effizienterer Human-in-the-Loop-Zusammenarbeit und macht interpretierbare Modelle
praktikabler für reale Anwendungen.

Diese Beiträge zusammen liefern eine umfassende Untersuchung des Lernens unter
begrenzter Aufsicht in Computer-Vision und multimodalen Aufgaben. Wir zeigen, dass
durch den durchdachten Einsatz von Foundation-Modellen, synthetischer Datenaugmen-
tation und effizienter menschlicher Interaktion die Leistung mit minimal gelabelten Daten
verbessert werden kann. Diese Dissertation bildet die Grundlage für zukünftige Forschung
hin zu daten-effizienten, adaptiven und menschzentrierten KI-Systemen.
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1

Introduction

Nature has long demonstrated remarkable efficiency in learning from limited examples.
A child can recognize cats after seeing just a few specimens, and can learn the language
by capturing auditory features from adult speech. This ability to generalize from sparse
data represents one of the most fundamental aspects of natural intelligence. Machine
learning systems, by contrast, have historically required vast quantities of labeled data to
achieve comparable generalization. This disparity between natural and artificial learning
efficiency has motivated a long-standing research agenda which is to build AI systems
that learn effectively from limited supervision.

In machine learning, numerous approaches have been proposed to train the model
from limited supervision. Early work in Bayesian learning, semi-supervised learning,
weakly-supervised learning, transfer learning, few-shot learning, or meta-learning ex-
plored how the model could benefit from minimal supervision. Most recently, the advent
of foundation models has reshaped the landscape. These models offer impressive general-
ization capabilities, yet their performance in domains with limited labeled data remains
an open and active area of research.

In this thesis, we visit the problem of limited supervision in the context of modern
foundation models, particularly within computer vision and vision-language tasks. We
examine three key directions: (1) how to better leverage foundation models in zero-shot
setting to improve the performance of the downstream tasks, (2) synthetic data generation
for downstream model training in few-shot scenarios, and (3) how to build interpretable
models that enable efficient human intervention. Each of these directions addresses a
distinct facet, contributing toward more generalized AI systems. The remainder of this
chapter first provides a historical overview of learning under limited supervision, tracing
its evolution from early paradigms to current practices. We then introduce key challenges
in vision-language models, synthetic data generation, and human intervention to the AI
models. Finally, we summarize the core contributions of this thesis and outline how each
chapter builds upon the broader goal of learning with less.
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CHAPTER 1. INTRODUCTION

1.1 Historical Background

The challenge of learning under limited supervision has been a long-standing theme
in machine learning. From the earliest days of the field, researchers have recognized
that labeled data is often expensive, noisy, or scarce. Before the deep learning era,
the lack of large-scale labeled data naturally led researchers to explore how models
could learn from limited supervision. This practical constraint drove developments in
statistical learning approaches that could generalize effectively from small datasets [16,
204]. Techniques such as kernel methods [176, 179] and Bayesian approaches [16, 198]
provided theoretical frameworks for handling limited data scenarios. Also, there was
a development of approaches such as semi-supervised learning [138, 245], self-taught
learning [156], and weak supervision [38, 41] where models were trained using incomplete
or indirect labels. Early work on active learning also addressed this challenge by selecting
the most informative examples for labeling [177].

With the rise of deep learning in the 2010s, large-scale datasets like ImageNet [42]
enabled unprecedented performance in tasks such as image classification and object
detection. However, these advances came with a growing dependence on large labeled
datasets, which limited applicability in domains where such data is difficult to obtain.
This led to growing interest in transfer learning, where models pre-trained on large-scale
datasets are fine-tuned on smaller, task-specific datasets [214, 223]. Data augmentation
techniques [39, 43, 186, 231] also emerged as crucial tools to artificially expand limited
training data.

Around the same time, few-shot learning emerged as a separate line of research, aiming
to recognize new classes from just a few labeled examples [190, 205, 210]. For instance,
Prototypical Networks [190] reformulated classification as a metric learning problem,
where models learn to compare query images with support examples rather than directly
classifying them. To support such generalization, meta-learning, also known as learning
to learn, has been explored where models are trained to adapt quickly to new tasks using
limited supervision [57, 79, 136]. For instance, the Model-Agnostic Meta-Learning [57]
method optimizes for initial parameters that can be efficiently fine-tuned with just a few
gradient steps on novel tasks.

Another related direction that gained traction was zero-shot learning (ZSL), which
aimed to recognize unseen classes without any labeled examples during training. Classical
ZSL methods relied on semantic embeddings such as attribute vectors orword embeddings
to relate seen and unseen categories [1, 58, 160, 217]. For instance, embedding-based
methods like DeViSE [58] aligned visual and word embeddings to transfer knowledge to
novel categories.

The emergence of foundation models [19, 110, 155] in the 2020s has fundamentally
changed how zero-shot and few-shot learning are understood and applied. These models

2
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offer powerful pre-trained architectures that are trained on millions to trillions of data
points. Unlike traditional models that were trained for specific tasks, these foundation
models serve as general-purpose systems that can be adapted to numerous downstream
applications with minimal task-specific data or fine-tuning. In this context, zero-shot and
few-shot learning typically refer to directly applying a pre-trained model to a new task.
For instance, in the case of few-shot learning, it is often possible that the relevant concepts
in the downstream data were partially observed or learned by the model during the
pre-training phase, which distinguishes it from the classical few-shot setting that assumes
completely novel classes or tasks. This distinction has prompted researchers to reconsider
the terminology of few-shot learning, with some suggesting that foundation models are
performing a form of transfer learning rather than few-shot learning in the classical sense.
Alongside these conceptual arguments, foundation models have dramatically advanced
the state-of-the-art in solving tasks with limited supervision across domains.

In vision-language models (VLMs) [30, 84, 106, 107, 110, 155], zero-shot learning
is performed by leveraging textual prompts, either by class names or natural language
descriptions, to guide the model in classifying or retrieving images [141, 152, 155]. This
allows the model to perform tasks like image classification without having seen any
labeled examples of the target classes. The effectiveness of these approaches has been
further improved through prompt ensembling techniques [128, 162].

In few-shot settings, when a small number of real images from the target task are
available, they can be used to either fine-tune the pre-trained model [9, 61, 194, 243] or to
serve as reference examples in a retrieval-style setup [237, 238] where the model compares
a query image to the provided support images. For instance, Parameter-efficient fine-
tuning methods like adapters [61] and prompt tuning [9, 243] have emerged as effective
approaches to adapt foundation models to downstream tasks with limited data.

In large language models [5, 6, 19, 32, 143, 199, 200], few-shot learning often relies
on in-context learning [19, 44], where a few examples are included directly in the input
prompt at inference time. This enables the model to adapt to a new task without pa-
rameter updates, by mimicking the desired behavior based on the provided examples.
Moreover, various techniques have been explored to optimize in-context learning, includ-
ing example selection strategies [111, 166], chain-of-thought prompting [98, 212], and
retrieval-augmented generation [83, 104].

Despite their broad capabilities, foundation models still face challenges in composi-
tional ability, fine-grained discrimination, and visual/semantic understanding [114, 175,
195, 229]. These factors limit the effectiveness of foundation models in zero-shot and
few-shot learning scenarios. In zero-shot cases, performance can be highly sensitive to
prompt formulation, and models may struggle to distinguish between visually similar
classes (e.g., different bird species with subtle differences in feather patterns) or polysemy
words (e.g., clothing "iron" vs. material "iron"). In few-shot settings, models often require
carefully selected or balanced examples (e.g., ensuring that each class in a rare disease
classification task is represented with similar image quality or diversity), and may overfit
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to spurious correlations in small datasets (e.g., associating background color with object
category due to a biased training subset), limiting their ability to generalize to new inputs.

Beyond passively consuming labeled data, another increasingly important direction
involves human interaction with AI models, particularly in few-shot scenarios [97, 189]. In
real-world applications, few-shot supervision sometimes arises not from curated datasets
but through human-in-the-loop interactions, where users provide feedback, corrections,
or examples during deployment. This type of supervision is inherently limited in quantity,
making the efficacy of human intervention critical. For AI systems to serve as effective
assistants, they must be designed to not only perform well with limited examples, but also
to understand and respond meaningfully to human input. This includes being sensitive
to user feedback, incorporating corrections into future predictions, and maintaining
transparency in their decision-making process.

Belonging to the said field of research, this thesis aims to explore how AI models can
generalize effectively under limited supervision and how human can effectively intervene
the interpretable model to improve the model performance.

1.2 Contributions

This thesis primarily explores learning under limited supervision in the computer vision
domain. It addresses challenges in zero-shot generalization, data augmentation under
few-shot guidance, and human intervention in the AI system.

The thesis makes three key contributions. First, it aims to improve how models operate
in data-scarce environments by leveraging pre-trained foundation models. Second, it
introduces methods for synthetic data generation guided by few-shot real images to
create high-quality training data that improves model performance. Third, it proposes a
framework for efficient human intervention in interpretable AI models, allowing users to
correct model decisions with minimal trial to achieve the target performance.

The following sections describe these contributions in detail.

1.2.1 Zero-Shot Learning in Vision-Language Models

Zero-shot learning is a paradigm where a model is expected to classify new, unseen
categories without explicit training examples. With the rise of foundation models, the
definition of zero-shot learning has expanded beyond its traditional form. In these
large-scale pre-trained models, zero-shot learning often refers to the ability to perform
downstream tasks directly using the pre-trained model, without fine-tuning on task-
specific data. In vision-language models, this is basically done by giving textual prompts
with the class names of downstream benchmarks. While this approach has demonstrated
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impressive capabilities, its effectiveness remains inconsistent since the alignment between
textual descriptions and visual features is often weak.

We investigate how foundation models can be leveraged in zero-shot learning sce-
narios of the vision-language models (VLMs). VLMs classify images based on textual
descriptions, yet the way these descriptions influence classification performance is not
well understood. The first contribution examines whether language-model-generated
descriptions genuinely enhance classification or if their performance gains stem from an
ensemble of multiple prompts. Our findings reveal that noisy prompts can achieve similar
improvements to semantic descriptions, and further performance gains can be obtained by
strategically combining both. This warns us to be cautious about interpreting the model’s
improvement, and systematic study is needed to understand the behavior of VLMs.

The second contribution is in the field of open-world compositional zero-shot learning
where each class is composed of state and object pair. We introduce a feasibility prediction
pipeline that leverages large language models to assess the feasibility of unseen state-object
compositions, helping VLMs make more reliable and semantically coherent predictions
by removing unfeasible classes from the class set for prediction.

1.2.2 Synthetic Data Generation with Few-shot Guidance for Data
Augmentation

Synthetic data generation is a technique where a generative model is used to create
synthetic data, which is then employed as a training set for a downstream task. This
approach is particularly valuable when the availability of real training data is limited,
expensive, or difficult to collect. By augmenting small datasets with high-quality synthetic
samples, the downstream models can generalize better, reducing the reliance on large-scale
manual annotation efforts.

This thesis investigates how text-to-image generation models, specifically Stable Dif-
fusion [159], can be leveraged to generate synthetic training data for the downstream
classification tasks. A naive approach to generating synthetic data is to use a class
name as a text prompt and pass it through a pre-trained diffusion model to produce
class-representative images. However, this method suffers from several key limitations.
First, semantic ambiguity in language models can lead to misinterpretations of prompts,
generating objects that do not match the intended category (e.g., generating an image of
the material "iron" instead of the clothing "iron"). Second, pre-trained diffusion models
struggle with fine-grained visual details, making them unreliable for tasks requiring
precise visual differentiation.

To address these challenges, this thesis explores how fine-tuning generative models
on a few real images can significantly improve synthetic data quality and downstream
classification performance. The key insight is that pre-trained diffusion models lack
sufficient domain-specific alignment, which leads to inconsistent object representations.
By introducing few-shot fine-tuning techniques, we ensure that generated images better
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CHAPTER 1. INTRODUCTION

reflect real-world distributions and maintain the granularity needed for fine-grained
classification tasks. This approach improves the realism, diversity, and relevance of
synthetic data, making it a more effective augmentation strategy for training classification
models in low-data regimes. Beyond fine-tuning, this work also examines how fusing
multiple fine-tuned models can further enhance data diversity without sacrificing fidelity.
This fusion approach further improves the generalization of the classification model.

1.2.3 Effective Human Intervention for Interpretable AI

An interpretable model is an AI system whose decision-making process can be understood
by human users. Unlike traditional deep learning models, which operate as black boxes,
interpretable models provide reasoning behind their predictions, allowing users to assess
and trust the model’s decisions. Beyond transparency, a key advantage of interpretable
models is that they enable human interaction, allowing users to intervene and refine
the model’s predictions. This ability to directly modify the model’s reasoning process
is particularly valuable in high-stakes applications where errors can have significant
consequences.

This thesis investigates how Concept Bottleneck Models (CBMs) can facilitate human
intervention to improve model performance. CBMs first predict human-understandable
concepts (e.g., "has a spotted pattern" or "has a black wing" for bird classification) before
making a final classification decision. This structuredrepresentation allows users to inspect
which concepts contributed to the model’s decision, making AI predictions interpretable.
Furthermore, users can directly modify incorrect concept predictions, which in turn
adjusts the final classification output. However, despite the advantages of CBMs in
human-AI collaboration, their effectiveness is limited by the efficiency of user intervention.
If corrections require too many manual edits, the practical benefits of interpretability
diminish, making CBMs difficult to scale in real-world applications.

To overcome this limitation, this thesis introduces a concept intervention realignment
mechanism that improves the efficacy of human intervention in CBMs. Instead of requiring
manual corrections for every mispredicted concept, our approach enables the model to
automatically adjust related concepts once a small number of corrections have been made.
By leveraging concept dependencies and structured realignment, our method reduces the
burden on human users, making interventions more scalable and efficient. This structured
correction framework ensures that minimal human effort leads to maximum improvement
in model performance.

1.3 Outline

This section presents a concise summary of each chapter in this thesis, highlighting relevant
publications and collaborations, along with their contributions to the overall research. The
content covered in these chapters is based on published work. The overview of the overall
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Figure 1.1: The overview of the main theme and categorization of the thesis.

theme and categorization of each work is shown in Figure 1.1. Appendix E provides a
comprehensive list of publications, their respective co-authors, and the contribution of
each author for each publication.

Chapter 1: Introduction introduces the historical background and outlines the chal-
lenges of learning under limited supervision in computer vision. The background starts
from the pre-deep learning era, deep learning in 2010s, to the era of foundation models,
and provides the list of methods suggested in each era to train AI models under limited
supervision. The chapter then defines the primary research directions explored in this
thesis: (1) leveraging foundation models for zero-shot learning, (2) improving model
generalization through synthetic data generation, and (3) enabling minimal human inter-
vention to refine interpretable models. Lastly, this chapter contains a structural overview
of the thesis.

Chapter 2: Zero-shot Learning by Leveraging Foundation Models introduces two
projects that are leveraging foundation models to improve the downstream performance
of the vision-language models in the zero-shot setting. We first introduce our WaffleCLIP
method which studies and leverages the inherent ability of the vision-language models.
We question the performance improvement when leveraging language-model-generated
textual descriptions, whether the improvement attributes from meaningful semantic
enrichment or merely structured noise effects. The study finds that structured noise alone
can achieve comparable performance to semantic descriptors and proposes a strategy to
combine both the noise and descriptors for further gains. This work was published at
ICCV 23 as a shared first-author paper together with Karten Roth and a collaboration with
Sophia Koepke.

Second, we introduce our FLM method which predicts the feasibility of each class for
open-world compositional zero-shot learning. For feasibility prediction, FLM leverages
large language models to better comprehend the semantic relationships between states
and objects of the given class. By identifying feasible state-object combinations, the
proposed approach prunes the class list for prediction, reducing the number of implausible
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candidates in open-world scenarios where all possible state-object combinations are
considered as candidate classes. This improves the accuracy and reliability of zero-shot
classification by focusing on realistically co-occurring compositions. This work was
published at ECCV 2024 OODCV Workshop. Jae Myung Kim participated in this project
as a first author, and it was done in collaboration with Stephan Alaniz.

Chapter 3 DataDream: Few-shot Guided Dataset Generation introduces a method
for synthetic data generation which is used as a training dataset for classification tasks.
Motivated by the observation of the text-to-image generative models that the standard
prompts or even rich sentences sometimes do not generate the object of interest, we
propose that few-shot guidance is necessary to achieve faithful image generation. We
propose DataDream, a method that fine-tunes LoRA weights of the generation model on
a few real images, and generates training data using the adapted model. This improves
the fidelity of synthetic images, leading to the improved performance of the classification
models. This work was published at ECCV 2024 as a shared first-author paper with Jessica
Bader and a collaboration with Stephan Alaniz.

Chapter 4 LoFT: LoRA-Fused Training Dataset Generation with Few-shot Guidance
introduces our LoFT method, a follow-up work of the DataDream project. Motivated by
the observation that the DataDream is sometimes unstable in training generative models
with few-shot images, we propose LoFT that has more stability in training by fine-tuning
LoRA weights on individual real images. To achieve diversity of the generated images,
after training is done, LoFT fuses random two LoRA weights within the same class at
inference time, producing synthetic images that combine the features of corresponding
real images. This work is under submission. Jae Myung Kim participated in this project
as a first author, and it was done in collaboration with Stephan Alaniz.

Chapter 5 Improving Intervention Efficacy via Concept Realignment in Concept Bot-
tleneck Models introduces the module that improves the efficacy of human intervention
in the AI model. We propose CRM, a concept intervention realignment module that learns
statistical concept relations. It realigns the concept values after an intervention has been
performed in the concept bottleneck models. This reduces the number of interventions
needed to achieve the target performance. This work was published at ECCV 2024. Jae
Myung Kim participated in this project as a second author, in collaboration with Nishad
Singhi and Karsten Roth.

Chapter 6 Discussion and Conclusion reflects on the thesis’s contributions and their
broader impact. It discusses the key findings and how they advance research in the
limitation of data. Additionally, it outlines the future research direction.
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2

Zero-shot Learning by Leveraging
Foundation Models

In this chapter, we present two lines of work that do not use any of the training data but
rather leverage the foundation models to improve the downstream performance of the
vision-language models in a zero-shot way.

In Section A.1, we question the true source of performance gains in descriptor-based
prompts for zero-shot classification of vision-language models. We show that improve-
ments often stem from the structure of averaging multiple prompts rather than the
semantic content of the descriptors themselves. We propose WaffleCLIP, a method that
uses multiple noisy prompts to achieve similar classification performance compared to
the descriptor-based prompts. We further propose to use both noise and descriptor in the
prompts to enable better classification results.

In Section A.2, we present FLM which addresses the problem of open-world com-
positional zero-shot learning. This method leverages large language models to predict
the feasibility of unseen compositions between a state and object for a given class name.
This allows to filter out classes with infeasible combinations, reducing the number of
class candidates when predicting the class of the image input. This leads to an improved
performance of the open-world compositional zero-shot classification.
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CHAPTER 2. ZERO-SHOT LEARNING BY LEVERAGING FOUNDATION MODELS

2.1 Waffling around for Performance: Visual Classification with
Random Words and Broad Concepts

The visual classification performance of vision-language models such as CLIP has been
shown to benefit from additional semantic knowledge from large language models (LLMs)
such as GPT-3. In particular, averaging over LLM-generated class descriptors, e.g. “waf-
fle, which has a round shape”, can notably improve generalization performance. In this
work, we critically study this behavior and propose WaffleCLIP, a framework for zero-
shot visual classification which simply replaces LLM-generated descriptors with ran-
dom character and word descriptors. Without querying external models, we achieve
comparable performance gains on a large number of visual classification tasks. This
allows WaffleCLIP to both serve as a low-cost alternative, as well as a sanity check
for any future LLM-based vision-language model extensions. We conduct an exten-
sive experimental study on the impact and shortcomings of additional semantics in-
troduced with LLM-generated descriptors, and showcase how - if available - semantic
context is better leveraged by querying LLMs for high-level concepts, which we show
can be done to jointly resolve potential class name ambiguities. Code is available here:
https://github.com/ExplainableML/WaffleCLIP.

2.1.1 Introduction

Task-specific tuning of natural language prompts [27, 81, 112, 243] can improve the
performance of large vision-language models (VLMs) [155]. However, if the model does
not have access to additional training data, i.e. in the zero-shot setting, this is not an
option. Instead, a promising alternative [128, 141, 152] is querying large language models
(LLMs) to provide additional semantic context to enrich class representations. Extending
classnames with fine-grained class descriptors generated by GPT-3 [19] and minimal
human intervention has experimentally shown to boost results [128, 152], for instance
with class-based descriptors on top of classnames, e.g. a round shape for waffle [128].

However, close inspection of GPT-3 generated semantic cues indicates a high degree of
diversity, limited visual relevance, and ambiguity [128]. For instance, multiple descriptors
can be assigned to the same class despite likely not co-occurring, e.g. “steamed” and
“fried”, or non-visual attributes might be mentioned, e.g. “a sour and spicy smell”, or the
class interpretation might be ambiguous, e.g. “webbed feet” for “Peking duck” as a food
item. Hence, the underlying drivers of performance improvements when using generated
fine-grained class descriptors are unclear.

To understand these performance gains, we first show that each set of class-specific
GPT-3 generated descriptors can be replaced with a fixed set of randomly selected, class-
independent descriptors while still retaining similar benefits in performance. Motivated
by this observation, we take this one step further and propose WaffleCLIP, named after
waffling around the class name, that replaces the LLM-generated fine-grained descriptors,
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2.1. WAFFLING AROUND FOR PERFORMANCE: VISUAL CLASSIFICATION WITH
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Figure 2.1: Substituting GPT-3 generated fine-grained descriptors with random word or
character sequences yields competitive performance. High-level concepts further resolve
classname ambiguities for additional gains.

e.g. a round shape, a grid pattern, with random words (e.g. "foot loud") or character lists
(e.g. "jmhj, !J#m") based on average class name length and word counts (cf. Figure 2.1).
As WaffleCLIP does not require access to LLMs for additional context (unlike e.g. [128,
141, 152, 201]), it remains inherently zero-shot. Consequently, it also serves as an important
sanity check for future methods utilizing external model queries.

Naturally, the convincing performance of WaffleCLIP across benchmarks raises ques-
tions regarding the true benefits of additional semantics introduced by LLM-generated
descriptors. We provide answers with extensive experiments, showcasing that semantic
descriptors produced by LLMs offer a structurally different and complementary impact on
the classification behavior. However, we find this not to be fully driven by additionally
introduced semantics, but rather a different form of structured noise ensembling. Instead,
we show that actual semantic context is better introduced through coarse-grained, high-
level concepts. Given access to external LLMs, we suggest a query mechanism for GPT-3
to automatically generate these concepts (e.g. food for waffle, peking duck), while jointly
resolving issues of context-dependent class label ambiguity.

In summary, our contributions are: 1) We motivate and propose WaffleCLIP to use
random character and word descriptors to enhance the semantic retrieval process in VLMs
(particularly CLIP); 2) we demonstrate that WaffleCLIP yields comparable zero-shot
classification performances at lower cost compared to methods reliant on LLM-generated
descriptors, thus also serving as an important sanity check for future models; 3) we
extensively study the semantic context introduced through LLM-generated descriptors
and propose (automatically extracted) high-level LLM-generated concepts as an alternative
for better use of semantics while tackling classname ambiguities.

11



CHAPTER 2. ZERO-SHOT LEARNING BY LEVERAGING FOUNDATION MODELS

2.1.2 Related Work

Image classification with VLMs such as CLIP [155] has gained popularity particularly in
low-data regimes. As input prompts have a significant impact on the performance, recent
research has focused on the exploration of learnable prompts for the text encoder [119,
187, 242, 243], the visual encoder [9, 26, 117, 216] or for both encoders jointly [219].
Alternatively, synthetic images generated from the classnames can support image classifi-
cation [bansal2023leaving, 69, 201]. In contrast, we do not tune prompts or query image
generation methods, but propose to use prompts containing random characters or words
to enhance the zero-shot capabilities of VLMs.
Adding external knowledge to language prompts. Recently, multiple works have lever-
aged LLMs to obtain more effective prompts. [124, 131, 152] utilized GPT-3 [19] to produce
and study lengthy, descriptive sentences that articulate the visual concepts for each cat-
egory, while [141] generated semantic hierarchies to identify subclasses of categories
for zero-shot class prediction. [128] used multiple fine-grained LLM-generated class de-
scriptors, which enhance accuracy and appear to provide interpretability by assigning
weights to each descriptor. Similarly, different kinds of descriptions have been used for
image classification, by manually crafting descriptions [70, 158], or by utilizing external
databases based on Wikipedia [34, 52, 133, 147], the WordNet hierarchy [129, 164, 180],
or the ImageNet-Wiki [21]. Whilst external knowledge from LLMs can be valuable, we
can match the image classification performance of using fine-grained LLM-generated
descriptors with randomly sampled characters and words as class descriptors. In addi-
tion, we find that if semantic context is available through LLMs, it is better integrated
through high-level context (c.f. also [48]), for which we provide an automatic extraction
mechanism.
Noise augmentation. Data augmentation through noise is known to enhance the perfor-
mance and robustness of model training for a variety of tasks and domains [56, 186]. In the
language domain, noise can be incorporated in the embedding or input space. For instance,
[28, 66, 192] used linguistic embedding space augmentations inspired by mixup [235], and
[31] added Gaussian embedding space noise. Augmentation through input space noise
has been performed at the word- [96, 213], token- [213] or character-level [11, 71, 140, 171].
For character-level noise augmentation, characters are randomly substituted, added, or re-
moved [11, 71, 140]. In all cases, these augmentation are used to prevent overfitting during
training. Instead, our approach utilizes character- and word-level language augmentation
to perturb the class prompts for improved zero-shot image classification.

2.1.3 Method

We first describe image classification using class descriptors following [128] (§2.1.3.1),
before motivating and explaining our LLM-free, random semantic descriptor alternative
WaffleCLIP (§2.1.3.2). Finally, if LLMs are available, we highlight a simple extension to
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2.1. WAFFLING AROUND FOR PERFORMANCE: VISUAL CLASSIFICATION WITH
RANDOM WORDS AND BROAD CONCEPTS

ViT-B/32 ImageNetV2 ImageNet CUB200 EuroSAT Places365 Food101 Oxford Pets DTD Avg
CLIP [155] 54.71 62.01 51.28 40.78 39.12 82.59 85.06 43.18 57.34
DCLIP [128] 55.82 63.12 52.47 43.29 40.47 82.79 86.54 43.99 58.56
DCLIP (same, 1x) 55.47 ±0.24 62.89 ±0.19 52.64 ±0.28 39.74 ±2.69 40.29 ±0.47 83.82 ±0.48 87.04 ±0.27 43.35 ±0.41 58.16 ±1.01
DCLIP (same, 2x) 55.75 ±0.21 63.10 ±0.19 52.72 ±0.23 39.73 ±1.66 40.61 ±0.22 84.01 ±0.23 87.10 ±0.14 43.29 ±0.22 58.29 ±0.62

Table 2.1: Motivating random class descriptors. Comparing CLIP [155] and the GPT-
descriptor-extended CLIP [128] (DCLIP) with the same set of randomly sampled descrip-
tors for each class, where the set size is either the average number of descriptors per class
in DCLIP (same, 1x), or twice that (same, 2x). A random set of descriptors per class can
match or even outperform DCLIP across backbone architectures (results for ViT-L/14
and ResNet50 are included in the suppl. material) confirming that randomized prompt
averaging leads to higher performance.

incorporate semantics while jointly resolving ambiguities with automatically extracted
high-level semantic concepts (§??).

2.1.3.1 Image classification with class descriptors

Given target categories 𝐶 and a query image 𝑥, the zero-shot image classification protocol
used in CLIP [155] defines the classification problem as nearest neighbour retrieval:

𝑐 = arg max
𝑐∈𝐶

𝑠(𝜙𝐼(𝑥), 𝜙𝐿( 𝑓 (𝑐))), (2.1)

with prompt 𝑓 (𝑐) = "A photo of a {c}." and image and language encoder 𝜙𝐼 and 𝜙𝐿.
To improve the retrieval process, [128] converts the simple class-embedding retrieval to
a dictionary-based one, where a class 𝑐 is associated with a set of descriptors 𝐷𝑐 : "{c }

which (is/has/etc) {descriptor}." with e.g. c = "waffle" and descriptor = "a

round shape". Given 𝐷𝑐 for classes c, classification is reformulated as

arg max
𝑐∈𝐶

1
|𝐷𝑐 |

∑
𝑑∈𝐷𝑐

𝑠(𝜙𝐼(𝑥), 𝜙𝐿(𝑑)), (2.2)

which defines the similarity between the image 𝑥 and class 𝑐 as the average similarity to all
its descriptor variants. We abbreviate this descriptor-based extension of CLIP as DCLIP.

2.1.3.2 WaffleCLIP

DCLIP [128] 1 requires external LLMs for descriptors that convert the single-class matching
problem to one over an ensemble of fine-grained class representations.
Motivation. We observe that LLM-generated class descriptors reveal high diversity, limited
visual relevance, and ambiguity. From a conceptual perspective, this makes it hard to
pin down the precise benefits of generated class descriptors used e.g. in [152] or [128].
To understand a possible driver of performance improvements, we conduct a simple
experimental study, shown in Tab. 2.1. We take all available LLM-generated descriptors

1DCLIP [128] reports improvements over CLIP by using the phrase "{c }, which (is/has/etc)
{descriptor}." instead of "A photo of {c }, which (is/has/etc) {descriptor}." as suggested in the
original CLIP paper. For fair comparison with CLIP, we utilize the latter.
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“Q: Tell me in five words or 
less what {list_of_classes} 
have in common. It may be 
nothing.   A: They are all ”

A photo of a {concept}: a {c}, which (is/has/etc) {char_seq_2}.
A photo of a {concept}: a {c}, which (is/has/etc) {word_seq_1}.

A photo of a {concept}: a {c}, which (is/has/etc) {word_seq_2}.

A photo of a {concept}: a {c}, which (is/has/etc) {char_seq_1}.

CLIP
image encoder

Classname

+ Random characters 
    and average + Concept descriptor

    and average

CLIP
text encoder

Text Image

A photo of a specific types of foods: a cup cakes, yydxAm0h

A photo of a specific types of foods: a cup cakes, jmhj<J#m

A photo of a specific types of foods: a cup cakes, (R(u]0sR

cup cakes, yydxAm0h

cup cakes, jmhj<J#m

cup cakes, (R(u]0sR

cup cakes

A photo of a {c}, which (is/has/etc) {word_seq_1}.

A photo of a {c}, which (is/has/etc) {word_seq_2}.

A photo of a {c}.

CLIP
text enc.

A photo of a {c}, which (is/has/etc) {char_seq_2}.

CLIP embedding space

A photo of a specific {concept}: a {c}, {seq 1}.
A photo of a specific {concept}: a {c}, {seq 2}.
A photo of a specific {concept}: a {c}, {seq 3}.

A photo of a {c}, {seq 2}.
A photo of a {c}, {seq 3}.

A photo of a {c}. CLIP
text encoder

list_of_classes = 
“waffle, sushi, pizza, steak ”
c = “waffle ”

Classnames

CLIP
image encoder

Random sequence generator

{seq 1} = “yydxAm0h ”
{seq 2} = “jmhj<J#m ”
{seq 3} = “(R(u]0sR ”

Query GPT-3 for high-level concepts
“Tell me in a short sentence what 

{list of classes} have in 
common. It may also be nothing. ”

GPT-3

{concept} = “types of foods ”

A photo of a {c}, {seq 1}.

CLIP image-text embedding space

CLIP
image enc.

{c} = “cupcake”
{list of classes} = 

“sushi, cupcake, pizza ”

Classnames

GPT-3 concept = 
“food ”

A photo of a {c}, which (is/has/etc) {char_seq_1}.

Random characters/words generator

word_seq_1 = “foot loud ”
word_seq_2 = “life ring ”

char_seq_1 = “aks@, pg2f ”
char_seq_2 = “jmhj, !J#m ”

Query GPT-3 for high-level concept

Figure 2.2: Visual classification with WaffleCLIP using random characters/words. Intro-
ducing character-level or word-level noise following the classname increases the similarity
between the image features and text features (orange). WaffleCLIP can be further en-
hanced by adding a high-level concept descriptor in the prompt (red).

for a dataset from [128], sample a small set of descriptors where the cardinality of the set
is the average number of descriptors per class used in DCLIP, and assign this same set of
random descriptors to every class, i.e. DCLIP (same, 1x). This shows a close match to DCLIP
(e.g. 58.56% and 58.16% for ViT-B/32 in total average) and in parts even better performance
(e.g. 0.83% improvement in Food101 for ViT-B/32 ). This reveals averaging over descriptor
variations as one of the key drivers for performance. The results further improve when
increasing the number of random LLM-generated descriptors for each class (DCLIP (same,
2x), e.g. 58.16% → 58.29% for ViT-B/32 ). This indicates that the role of additional
descriptor semantics is likely overestimated, especially when uncurated descriptors are
used. Building on the benefits of averaging over various prompt variants to extract a
better semantic representation estimate of an associated class, we investigate whether fully
randomized prompt descriptors can provide similar benefits, without querying external
LLMs.

WaffleCLIP. This motivates WaffleCLIP, an LLM-free descriptor alternative that uses
simple randomized descriptors. In particular, we populate 𝐷𝑐 with class-independent,
random word sequences or random character lists, with a fixed number of characters
per word 𝑙𝑤 , and a fixed number of words 𝑛𝑤 . For example, 𝑙𝑤 = 4 and 𝑛𝑤 = 2 for
char_seq_1 = "aks@, pg2f" in Fig. 2.2. To avoid introducing hyperparameters, we
leverage a simple heuristic where the average number of words and average number of
characters per word in the provided class labels determines 𝑙𝑤 and 𝑛𝑤 . As a result, this
converts the standard CLIP input prompt "A photo of a {c}." into "A photo of a {c},

which (is/has/etc) {random_sequence}.", where we follow the extension structure
used in [128].
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2.1. WAFFLING AROUND FOR PERFORMANCE: VISUAL CLASSIFICATION WITH
RANDOM WORDS AND BROAD CONCEPTS

ViT-B/32 ImageNetV2 ImageNet CUB200 EuroSAT Places365 Food101 Oxford Pets DTD Avg
CLIP [155] 54.71 62.01 51.28 40.78 39.12 82.59 85.06 43.18 57.34
+ Concepts ↓ ↓ 52.23 48.86 39.31 84.66 86.73 ↓ 58.96
DCLIP [128] 55.82 63.12 52.47 43.29 40.47 82.79 86.54 43.99 58.56
WaffleCLIP (ours) 55.92 ±0.08 63.31 ±0.09 52.38 ±0.12 44.31 ±1.07 40.56 ±0.07 83.25 ±0.21 85.70 ±0.25 43.16 ±0.25 58.57 ±0.41
+ Concepts ↓ ↓ 52.83 ±0.19 48.51 ±0.70 40.97 ±0.08 85.21 ±0.06 87.52 ±0.10 ↓ 59.47 ±0.42
+ GPT descr. + Concepts ↓ ↓ 52.77 ±0.26 51.64 ±0.25 41.35 ±0.09 84.87 ±0.05 87.71 ±0.18 ↓ 60.21 ±0.20

Table 2.2: Image classification with WaffleCLIP which extends input prompts with
random word and character sequences and matches the performance of DCLIP [128] using
GPT-generated class descriptors. Additional semantic context through high-level concepts
(+ Concepts) can offer further boosts, particularly on benchmarks where classnames can
be generic or ambiguous. We further find that WaffleCLIP complements the use of GPT-
generated descriptors (+ GPT descr.). (↓) denotes same results as previous lines where
high-level concept guidance is not applicable. For ViT-L/14 and RN50, see Supp.

2.1.3.3 Better semantics and reduced ambiguity via high-level concepts

Due to the limited impact of additional semantics introduced by fine-grained descriptors
(c.f. §2.1.3.2), we propose an alternative way of querying LLMs that does not require
averaging across multiple descriptors and simultaneously addresses the issue of class
ambiguities. Therefore, we suggest taking a step back and searching not for additional
class details, but instead for higher-level commonalities between the classes, akin to the use
of class hierarchies in image classification [64]. Understanding commonalities between
multiple target classes can help resolve ambiguities. If the class "boxer" is seen in the
context of animal classification, it likely refers to the animal instead of a human athlete.
We propose to automatically produce such high-level concepts by using available class
names (or subsets if the class count exceeds the maximum LLM input sequence length)
𝐶𝒟 for a dataset𝒟 and querying GPT-3 [19] with:

"Q: Tell me in five words or less what {list_of_classes} have in common.

It may be nothing. A: They are all ".

After extracting the shared concept, simple filtering of concepts is executed to check if
generated concepts are non-specific, namely "Object", "Thing", "Verb", "Adjective",
"Noun", or "Word". If so, high-level concept guidance is omitted (this is only the case
for three out of eleven visual classification benchmarks, see also §??). We then augment
the default CLIP prompt to "A photo of a {concept}: a {c}." and for WaffleCLIP,
the prompt is extended to "A photo of a {concept}: a {c}, which (is/has/etc)

{random_sequence}." While the prompt style can likely be improved, this naive extension
already offers remarkable benefits.

2.1.4 Experiments

We firstprovide implementation details before comparing WaffleCLIP to DCLIP in §2.1.4.1.
Extending our observations in Tab. 2.1, we study the source of performance gains via
LLM-generated descriptors (§2.1.4.2) and present a better way for introducing semantics
into the retrieval process while tackling semantic ambiguities with automatically extracted
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high-level concepts (§2.1.4.3). Finally, §2.1.4.4 provides additional insights on additional
(OOD) benchmarks and a comparison to using prompt ensembles and latent space noise.
The suppl. material contains further experiments.
Implementation details. We utilize CLIP [155] as the underlying VLM for WaffleCLIP.
As there is no direct cost associated with generating random character or word sequences,
their number is only bounded by inference speed requirements (which is minimal as all
respective language embeddings can be computed a priori [128]). However, we find dimin-
ishing returns for very high numbers (see also §2.1.4.4), and use 30 random descriptors
per class (or 15 random character and word descriptor pairs) if not mentioned otherwise,
with similar performance for both half or double the descriptor count (c.f. §2.1.4.4). All
experiments use PyTorch [146] and are conducted on a single NVIDIA 3090Ti GPU. Wher-
ever necessary, fine-grained LLM-generated descriptors are either taken from or generated
following the codebase provided by [128]. If not mentioned explicitly, all results involving
WaffleCLIP are computed over seven random seeds.
Benchmarks. The datasets considered are (mostly from [128]) ImageNet [42] and Ima-
geNetV2 [99], CUB200-2011 [207] (fine-grained bird classification), EuroSAT [72] (satellite
image recognition), Places365 [241], Food101 [17], Oxford IIIT Pets [145], DTD (Textures,
[36]), Flowers102 [139], FGVCAircraft [122], and Stanford Cars [100].
High-level concepts. Following §2.1.3.3, the GPT-3 generated high-level concept for
CUB200-2011 is "Bird", "Land Use" for EuroSAT, "Place" for Places365, "Food" for
Food101 and "Breed" for Oxford Pets. For additional benchmarks, extracted concepts are
noted in section §2.1.4.4. For ImageNet (V2) and DTD, the concepts are too generic and
thus filtered out ("Object", "Noun", or "Adjective"), with high-level guidance omitted.

2.1.4.1 WaffleCLIP vs LLM-generated descriptors

We start by analyzing the impact of randomization beyond fixed, randomized sets of
fine-grained LLM-generated descriptors as done in Tab. 2.1, by instead using randomized
character or word descriptors through our proposed WaffleCLIP. For that, we investigate
visual classification accuracies across the eight diverse benchmarks studied in [128] in
Tab. 2.2, where we compare WaffleCLIP, which does not use any external LLMs, with
DCLIP. We find that averaging over randomized descriptors yields performances com-
parable to or better than those obtained with LLM-generated fine-grained descriptors
over a majority of studied datasets, with average performance being comparable: 58.56%
using DCLIP versus 58.57% for WaffleCLIP with a ViT-B/32 backbone and (see supp.
material) 69.14% → 68.95% for ViT-L/14, and 54.77% → 54.20% for ResNet50. Beyond
the inherently zero-shot nature of WaffleCLIP and ease of use, these results highlight
that improved visual classification with pretrained VLMs does not require external LLMs,
and further cements prompt averaging as a potential key driver behind DCLIP.

16



2.1. WAFFLING AROUND FOR PERFORMANCE: VISUAL CLASSIFICATION WITH
RANDOM WORDS AND BROAD CONCEPTS

ViT-B/32 ImageNetV2 ImageNet CUB200 EuroSAT Places365
CLIP [155] 54.71 62.01 51.28 40.78 39.12
DCLIP [128] (mean) 55.82 63.12 52.47 43.29 40.47
DCLIP [128] (max) 54.41 61.67 52.40 37.11 37.21

Food101 Oxford Pets DTD Flowers102 FGVCAircraft Stanford Cars Avg
82.59 85.06 43.18 62.89 24.99 58.54 55.01
82.79 86.54 43.99 64.01 26.94 57.08 56.05
82.37 88.03 43.35 63.62 25.77 56.21 54.74

Table 2.3: Importance of semantics in DCLIP. Comparing similarity score averaging
(mean) and maximum selection (max) reveals that taking the most similar entry even
underperforms CLIP. This points to limited impact of LLM-generated semantics on
improved visual classification.

ViT-B/32 ImageNetV2 ImageNet CUB200 EuroSAT Places365 Food101 Oxford Pets DTD Avg
DCLIP [128] 55.82 63.12 52.47 43.29 40.47 82.79 86.54 43.99 58.56
DCLIP (interchanged) 52.51 ±0.42 59.62 ±0.13 52.52 ±0.41 33.63 ±4.16 35.52 ±0.32 81.71 ±0.35 86.28 ±0.50 38.42 ±1.14 55.03 ±1.56
DCLIP (scrambled) 55.12 ±0.12 62.57 ±0.12 52.18 ±0.28 40.48 ±2.52 39.91 ±0.08 82.46 ±0.13 86.10 ±0.40 41.58 ±0.31 57.55 ±0.92
DCLIP (random, 1x) 54.11 ±0.28 61.37 ±0.18 52.42 ±0.19 36.83 ±4.27 38.80 ±0.26 82.86 ±0.23 85.99 ±0.62 42.20 ±0.85 56.82 ±1.57
DCLIP (random, 5x) 55.43 ±0.12 62.81 ±0.05 52.66 ±0.17 38.57 ±1.52 40.54 ±0.05 84.03 ±0.11 86.75 ±0.21 43.41 ±0.74 58.02 ±0.61

Table 2.4: Progression from systematic to fully randomized descriptor scrambling. To
model systematic semantic shifts, we randomly swap descriptor lists between classes
(interchanged), before progressing to shuffling descriptor words within the classes (scram-
bled) and randomly sampling LLM-generated descriptors for each class (random) from the
complete set of descriptors with counts as in (or five times that of) DCLIP (1x, 5x). As
can be seen, a systematic shift results in a notable performance drop, while more inde-
pendently randomized descriptors can recover the DCLIP performance, aligning with the
observation that fully randomized prompt averaging is the main performance driver for
WaffleCLIP.

2.1.4.2 Are descriptors from LLMs obsolete?

Our results above question the benefits of LLM-generated fine-grained semantics, as
averaging over fully randomized character and word sequences achieves comparable
performance. But does that mean that there is no benefit in leveraging descriptors
produced by LLMs?
Impact of Averaging. To better understand this, we extend our motivational experiments
from Tab. 2.1. First, we look at what happens when not performing averaging over all class
descriptor distances as in DCLIP, but instead choosing the maximum. If additional fine-
grained semantics were indeed beneficial, selecting the most suitable one should similarly
raise the performance. However, as Tab. 2.3 reveals, performance actually drops, showing
that the VLM cannot leverage the additional semantics to improve visual classification
performance2. Instead, this again points to descriptor ensembling as the main driver in
performance.

We further support this by studying additional descriptor randomization variants
beyond those in §2.1.3.2. In particular, instead of swapping specific descriptors, we
interchange full class-specific descriptor lists (interchanged). As descriptions often contain
class-specific keywords, this models a systematic semantic shift away from the actual
class. Additionally, we evaluate shuffling words within a descriptor list (shuffled), and
descriptor lists subsampled from all available ones (random). This gives a progression
from systematic to more independent descriptor randomization. Our results in Tab. 2.4

2This is potentially influenced by bag-of-words behavior of CLIP-like VLMs [229]. We leave the detailed
analysis of this to future research.
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Figure 2.3: Label flipping experiment from
CLIP to DCLIP or WaffleCLIP. Each bar
indicates the percentage of data points get-
ting either positively or negatively flipped
(i.e. labelled correctly or incorrectly ad-
justed) when switching from CLIP to either
DCLIP or WaffleCLIP. The consistently
higher flip percentage indicates structural
differences between natural language de-
scriptors and randomized ones.
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Figure 2.4: Study of semantic impactofGPT-
3 generated high-level concepts. We find
that interchanging the concepts generally
reduces performance, indicating that high-
level concepts provide complementary se-
mantic context.

reveal that directly interchanging full class-dependent descriptor lists (interchanged) drops
performance significantly (e.g. from 58.56% to 55.03% for ViT-B/32). In cases where no
such shift is happening, we find performances to match DCLIP (e.g. 86.54%→ 86.28% on
Oxford Pets). Similarly, when moving from a systematic shift closer to fully randomized
descriptors, performance approaches DCLIP (scrambled with 58.56%→ 57.55% to random
with 58.56% → 58.02%, see supp. material for more results). While this offers further
evidence for WaffleCLIP and the fact that class-dependent ensembling drives gains, it
does not yet allow us to directly compare the impact on the prediction behavior of LLM-
generated descriptors and randomized ones.
Structural differences. We consider the percentages of samples that get positively or
negatively flipped - i.e. classified correctly while previously being classified incorrectly
(and vice versa) - when moving from CLIP to either DCLIP or WaffleCLIP in Fig. 2.3. We
find that using LLM-generated fine-grained descriptors flips significantly more predictions
than randomized words and characters, even when WaffleCLIP outperforms DCLIP. For
example, DCLIP achieves 43.29% compared to WaffleCLIP with 44.31% on EuroSAT or
82.79% to 83.25% on Food101 in Tab. 2.2, but DCLIP flips a significantly larger portion
of samples than WaffleCLIP. This reveals that full sentence, LLM-generated descriptors
have a structurally different impact on the classification process, which we find to be
complementary to randomization (see Tab. 2.2, + GPT descr.), where the use of both leads to
additional improvements over WaffleCLIP (e.g. 58.57%→ 60.21% for ViT-B/32).

This means that even if additional semantics are not the leading factor, LLMs for
structured descriptor generation can still facilitate more robust class embeddings. Even
with access to an external model for producing class descriptors, WaffleCLIP can provide
additional benefits.
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ViT-B/32 Flowers102 FGVCAircraft Stanford Cars Avg
CLIP [155] 62.89 24.99 58.54 48.81
DCLIP [128] 64.01 26.94 57.08 49.34
WaffleCLIP 66.27 ±0.26 25.66 ±0.19 58.91 ±0.17 50.28 ±0.21
+ Concepts 67.19 ±0.19 28.44 ±0.22 59.70 ±0.12 51.78 ±0.18
+ GPT dsc. + Conc. 66.71 ±0.39 28.96 ±0.37 59.33 ±0.14 51.67 ±0.32

Table 2.5: We find similar performance
improvements with WaffleCLIP and high-
level concept guidance for three additional
benchmarks, which in parts do not benefit
from LLM-generated descriptors (e.g. Stan-
ford Cars).

Benchmarks ImageNet-R [74] ImageNet-S [208] ImageNet-A [75]

CLIP [155] 65.97 40.73 29.63
DCLIP [128] 65.12 41.09 29.19

WaffleCLIP 67.31 42.00 31.52

Table 2.6: Performance gains of
WaffleCLIP on distribution-shifted
datasets further highlight general appli-
cability through simple averaging over
randomized descriptors, even if natural
language ones fail.

2.1.4.3 Semantic guidance with high-level concepts

While we verified the relevance of additional semantic context through fine-grained
descriptors, methods using additional fine-grained class information [128, 141, 152] suffer
from the inherent ambiguities of some class names. As proposed in §2.1.3.3, our aim
is to understand if high-level semantic context can be used to resolve such ambiguities
by providing coarse semantic guidance for the class-retrieval process. Our results with
extracted high-level concepts in Tab. 2.2, i.e. (+ Concepts), demonstrate consistent and
significant improvements across most benchmarks and backbones when used with CLIP,
with WaffleCLIP, and even alongside WaffleCLIP and DCLIP. These improvements are
especially evident on benchmarks with ambiguous (e.g. Food101) or generic labeling (e.g.
EuroSAT, with labels such as Industrial or Residential): For ViT-B/32, classification accuracy
increases from 40.78% to 48.86% when applied to CLIP. Overall, the average classification
accuracy also increases consistently (e.g. from 57.34% to 58.96% for ViT-B/32). This
even beats DCLIP, despite only being applicable on five out of eight benchmarks (58.96%
versus 58.56%). When applied to WaffleCLIP, improvements across most benchmark and
backbone settings are also significant, although we find diminishing returns on the largest
backbone, ViT-L/14, with average performance increasing only from 68.95% to 69.12%
(see suppl. material). This might be due to its capabilities of retaining the most common
concepts associated with specific classes, resulting in a robust class retrieval setup when
averaging over multiple randomized descriptor variants.

We verify the benefits of high-level semantics further by looking at performance
changes when concepts are interchanged (Fig. 2.4). For most benchmarks, the largest
improvements are obtained with GPT-generated concepts. Some off-diagonal terms
with higher scores, e.g. CUB200 where "bird" performs similar to/worse than "land

use"/"food", do appear out of distribution and warrant future research to improve our
understanding of how semantics concepts are truly encoded in large VLMs.

However, seeing maximum performances primarily on the diagonal heuristically
supports that additional semantics introduced as high-level concepts and commonal-
ities, can offer reliable guidance. Indeed, considering a selection of ambiguous sam-
ples such as "Boxer" or "Sphynx" in the Oxford Pets dataset, "Mussels", "Oysters" or
"Grilled Salmon" in the Food101 dataset, or highly generic labels such as "Industrial"
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ViT-B/32 IN1k-V2 IN1k CUB Euro Places Food Pets DTD Flowers FGVC Cars Avg
CLIP [155] 54.71 62.01 51.28 40.78 39.12 82.59 85.06 43.18 62.89 24.99 58.54 55.01
DCLIP [128] 55.82 63.12 52.47 43.29 40.47 82.79 86.54 43.99 64.01 26.94 57.08 56.05
P. Ensemble 55.49

±0.21
62.79
±0.29

51.46
±0.43

45.76
±0.49

40.58
±0.06

82.67
±0.37

83.26
±0.72

42.53
±0.54

63.30
±0.33

25.14
±0.45

58.38
±0.29

55.58 ±0.42

+ Concepts ↓ ↓ 52.08
±0.17

49.80
±0.66

40.61
±0.14

84.45
±0.15

87.42
±0.20

↓ 65.38
±0.27

26.64
±0.50

59.12
±0.14

56.94 ±0.34

WaffleCLIP 55.92
±0.08

63.31
±0.09

52.38
±0.12

44.31
±1.07

40.56
±0.07

83.25
±0.21

85.70
±0.25

43.16
±0.25

66.27
±0.26

25.66
±0.19

58.91
±0.17

56.31 ±0.37

+ Concepts ↓ ↓ 52.83
±0.19

48.51
±0.70

40.97
±0.08

85.21
±0.06

87.52
±0.10

↓ 67.19
±0.19

28.44
±0.22

59.70
±0.12

57.52 ±0.26

Table 2.7: Prompt ensembling versus WaffleCLIP (+concepts). Across all visual classifi-
cation benchmarks, we find matching or improved performance of WaffleCLIP compared
to prompt ensembling (improving on eight out of eleven benchmarks), with the increase in
average classification performance of WaffleCLIP compared to prompt ensembling higher
than the increase of a prompt-ensembled version compared to standard CLIP, without
requiring a handcrafted list of prompts.
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Figure 2.5: Ablation study on the number of randomized word and character descriptors
used in WaffleCLIP. We find consistent competitive performance with just four random-
ized descriptor pairs (c.f. DCLIP Tab. 2.2). CLIP (blue line) is outperformed with just a
single descriptor pair.

or "Residential" in the EuroSAT satellite image dataset, we find a consistent increase in
average similarity to all associated test images by up to 13%. This confirms that concept
guidance can re-align and refine class embeddings based on the relevant context.

2.1.4.4 Ablation studies

Evaluation on additional (OOD) benchmarks. We observe further evidence for the gen-
erality of WaffleCLIP and concept guidance by studying three additional benchmarks
beyond those in Tab. 2.2 and [128]: Flowers102 [139] (extracted concept: "flower"), FGV-
CAircraft [122] ("aircraft"), and StanfordCars [100] ("car"). Our results in Tab. 2.5
(and in the suppl. material for other backbones) again show consistent gains when going
from CLIP to WaffleCLIP or WaffleCLIP + Concepts. Interestingly, DCLIP is detrimen-
tal on very fine-grained benchmarks like Stanford Cars, losing 1.46% against CLIP. We
speculate that this is due to semantically similar descriptors for multiple classes that are
coarser than the actual class label (e.g. "BMW Active Hybrid" and "BMW 1 Series" being
assigned similar generic BMW descriptors). Consequently, embeddings of related classes
are systematically moved too close, harming performance. Meanwhile, WaffleCLIP (+
Concepts) can still offer performance boosts (58.54%→ 58.91%→ 59.70%). Furthermore,
we study WaffleCLIP on OOD benchmarks: Adversarial natural images (ImageNet-A,
[75]), sketches (ImageNet-S, [208]) and renditions (ImageNet-R, [74]). Results in Tab. 2.6
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show that while DCLIP does not improve consistently, WaffleCLIP operates well even for
out-of-distribution data (e.g. 29.63%→ 31.52% on ImageNet-A).

Avg. ViT-B/32 ViT-L/14 RN50
Joint 58.57 ±0.41 68.95 ±0.18 54.20 ±0.23
Random Words 58.18 ±0.44 68.73 ±0.58 55.24 ±0.41
Random Characters 58.59 ±0.27 68.02 ±0.14 53.79 ±0.16

Table 2.8: Randomized descriptor modes.
Considering the joint usage of randomized
word and character sequences compared
to only randomized word or character se-
quences, joint usage provides the most con-
sistent performance improvements across
benchmarks and backbones.

Impact of randomization types. We ana-
lyze how performance changes when either
using only random character sequences or
only random word sequences instead of
a combination of both as in WaffleCLIP.
Across benchmarks and architectures (see
Tab. 2.8), we observe dichotomies in perfor-
mance between either random word or ran-
dom character sequences, often perform-
ing either best or worst on a specific bench-
mark and backbone, while the joint usage
of random words and character sequences
strikes a consistent and best transferable average improvement across benchmarks and
backbone architectures. Therefore, we chose the joint usage of both random words and
characters as our default setup.
Comparison to latent noise. To highlight that input-level class-conditioned randomization
is crucial, we compare to hyperspherical latent randomization. We use a von-Mises-Fisher
distribution [40, 165, 209, 246]) to model hyperspherical unimodal distributions of class
embedding vectors 𝜙̂𝑐 :

𝑝(𝜙̂𝑐 |𝜙𝑐
𝑙
, 𝜅) = 𝒞𝑑(𝜅) exp(𝜅𝜙𝑐

𝑙
𝑇 𝜙̂𝑐), (2.3)
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Figure 2.6: We compare latent space noise
(vMF distribution around CLIP language em-
beddings) against standard CLIP. Reducing
latent noise (i.e. increasing concentration 𝜅)
converges to initial performance, highlight-
ing no notable benefit of deploying noise in
the latent space.

centered around a class centroid vectors
𝜙𝑐
𝑙

with constant normalization 𝒞𝑑(𝜅) only
dependent on the dimensionality of 𝜙 and
concentration 𝜅. To sample from a vMF
distribution around each class embedding,
we leverage the sampler utilized in [40, 95]
with the same budget of 30 noise embed-
dings. Average performance as a function
of the (inverse) concentration 𝜅 is visual-
ized in Fig. 2.6. For high concentrations (i.e.
random embedding samples placed close
to the mean direction), one can replicate the
CLIP performance. For higher variances,
performance continuously drops, with a
hard inflection at around 𝜅 ≈ 104. This
shows that class-conditioned randomized
descriptors as used in WaffleCLIP are cru-
cial for providing a more robust estimate
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of semantic concepts, and cannot be simulated through simple embedding space noise.
Comparison to prompt ensembles. We also compare WaffleCLIP to prompt ensembling
(c.f. e.g. [152]) with the same budget of 30 randomly selected prompt options from a
list of eighty handcrafted ones (taken from [152], such as "A tattoo of a {class}.", "A

{class} in a video game.", ...). Unlike WaffleCLIP, prompt ensembling still requires
human input and design. Results on all eleven benchmarks are listed in Tab. 2.7, which
favor WaffleCLIP, outperforming prompt ensembling in eight out of eleven benchmarks
and comparable performance on the remaining ones. In particular, improvements over
prompt ensembling are higher than the improvement of prompt ensembling over vanilla
CLIP (56.31%→ 55.58%→ 55.01%). This further supports the benefit of extracting more
robust semantic representations, for which randomized descriptors provide a cheap and
suitable tool. In addition to that, we highlight the complementarity of high-level concept
guidance in combination with prompt ensembling in Tab. 2.7 (wherever the classname
is included, we simply use "a {concept}: a {classname}" instead), raising the average
classification accuracy from 55.58% to 56.94%.
Dependence on descriptor counts. We study the impact of the randomized word and
character sequence pair count for WaffleCLIP in Fig. 2.5. A value of one indicates a single
pair comprising a random words and characters descriptor, respectively. We achieve
competitive performance already with 4 to 15 descriptorpairs (c.f. DCLIP in Tab. 2.2), while
consistently outperforming CLIP (blue line) even with a single randomized descriptor pair.
As class embeddings can be computed a priori, the impact on overall inference time is low,
making WaffleCLIP and its extensions very attractive for enhancing image classification
performance of VLMs.

2.1.5 Conclusion

In this work, we systematically examined the benefits of using LLM-generated class
descriptors for improved training-free image classification with vision-language models
(VLMs). In-depth studies reveal how similar performance gains can be achieved by
replacing LLM-generated descriptors with randomized ones, giving rise to WaffleCLIP.
Without access to external LLMs, across eleven visual classification benchmarks, we get
comparable or better results than those obtained when using fine-grained GPT-3 generated
descriptors. This makes WaffleCLIP very attractive for practical use in true zero-shot
scenarios, and it serves as a crucial sanity check for future methods using external queries.
We also show that VLMs struggle to leverage the actual semantics introduced through
fine-grained semantic descriptors, and instead show that if given access to external LLMs,
semantics are better exploited through coarse, high-level concepts. Using specific queries,
we show how these can be automatically extracted, while jointly helping to address issues
of class ambiguity.
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2.2. FEASIBILITY WITH LANGUAGE MODELS FOR OPEN-WORLD COMPOSITIONAL
ZERO-SHOT LEARNING

2.2 Feasibility with Language Models for Open-World
Compositional Zero-Shot Learning

Humans can easily tell if an attribute (also called state) is realistic, i.e., feasible, for an
object, e.g. fire can be hot, but it cannot be wet. In Open-World Compositional Zero-Shot
Learning, when all possible state-object combinations are considered as unseen classes,
zero-shot predictors tend to perform poorly. Our work focuses on using external auxiliary
knowledge to determine the feasibility of state-object combinations. Our Feasibility with
Language Model (FLM) is a simple and effective approach that leverages Large Language
Models (LLMs) to better comprehend the semantic relationships between states and
objects. FLM involves querying an LLM about the feasibility of a given pair and retrieving
the output logit for the positive answer. To mitigate potential misguidance of the LLM
given that many of the state-object compositions are rare or completely infeasible, we
observe that significant work needs to go into exploiting the in-context learning ability of
LLMs. We present an extensive study on many prompt variants and involving six LLMs,
including two LLMs with open access to the logit values, identifying Vicuna and ChatGPT
as best performing, and we demonstrate that our FLM consistently improves OW-CZSL
performance across all three benchmarks.

2.2.1 Introduction

Humans have the ability to discern the feasibility of state-object pairs, effortlessly dis-
tinguishing between realistic and implausible combinations. For instance, while it is
convincing for a fire to be hot, the notion of a wet fire is nonsensical. Open-world composi-
tional zero-shot learning (OW-CZSL) [123] seeks to emulate human-like understanding
for compositional concepts. The task is to classify images to the correct state-object pair in
the absence of explicit knowledge regarding the feasibility of the pairs in the candidate
classes (referred to as open-world compositional zero-shot learning, OW-CZSL) when the
model is trained with a small subset of feasible pairs. Models often struggle to achieve
satisfactory performance in the open-world setting since all combinations of state-object
pairs are considered prediction candidates, which includes both unseen feasible pairs and
infeasible pairs, making the number of candidates much larger than the number of classes
considered during training.

To address this challenge, prior works [86, 123] proposed to remove possibly infeasible
pairs from the label space using word vectors such as GloVe [148] or using external
resources such as ConceptNet [191]. While these approaches represent a step forward,
open-world compositional zero-shot learning remains extremely challenging as these
approaches are limited in their capability to capture the semantic relationships underlying
many rare concept compositions. Therefore, our goal is to propose a more effective
approach for determining the feasibility of state-object pairs even if they are rare.

Large language models (LLMs) recently demonstrated strong language comprehension
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capabilities across various NLP tasks [239]. In this work, we propose Feasibility with
Language Model (FLM) to predict the feasibility score of any state-object pair, with
the purpose of better aligning with the human-annotated ground-truth feasibility than
previous approaches. Concretely, we ask an LLM to give a binary response, i.e., "Yes"
or "No", indicating the feasibility of the given state-object pair. The output logit for the
positive answer would then be considered the feasibility score for the corresponding pair.

Inevitably, one challenge in using LLMs for feasibility prediction is that, provided
without context a query could lead to many false negatives. Consider the “dark fire” class
of the MIT-States [82] dataset, that is considered feasible. Asking a LLM, whether “dark
fire” exists, yields the answer “No”, presumably because the state “dark” is not typically
associated with bright objects. However, “dark fire” is a reasonable class in MIT-States, as
humans assigned this label to highlight the dark surroundings and dim visual theme for
these images of fire. To teach the LLM about the relevant context for image classification,
we can inform the LLM of semantically similar and feasible compositions from the training
set, such as “dark lightning”. As a result, the LLM can correctly infer in-context that the
state "dark" can also be associated with “fire”.

To summarize, our contributions are: 1) in Feasibility with Language Model (FLM)
we propose to leverage LLMs to predict the feasibility of state-object pairs in open-
world CZSL where we provide guided prompts that include examples of true feasible
pairs, enhancing the LLMs’ understanding of the CZSL task via in-context learning, 2)
while the compositional label’s feasibility judgement via FLM better align with human-
annotated ground truth, FLM can also be integrated into any existing VLM, 3) FLM
consistently improves CZSL performance over previous state-of-the-art methods on all
three challenging benchmark datasets.

2.2.2 Related work

CZSL. CZSL aims to classify instances of state-object compositions not seen during
training. Early approaches tackle CZSL by employing two separate classifiers for state
and object primitives, followed by an additional module composing them to generate a
classifier for the composition pairs [130, 153]. Another line of research treats the state
as a transformation operator that modifies attributes of the object, and trains models to
satisfy properties like symmetry or commutativity [108, 134]. Additionally, GCNs have
been leveraged to capture the relevance between states, objects, and state-object pairs,
enhancing the models’ generalization ability to unseen classes [132, 167].
VLMs for CZSL. VLMs like CLIP [155] have been employed to address CZSL. CSP [135]
introduces a parameter-efficient learning technique, which fine-tunes the prompt, similar
to CoOp [243], but it updates the tokens representing states and objects instead of the
prefixed context tokens. CSP utilizes vision-language understanding while adapting
specifically to the downstream CZSL task, outperforming previous CNN-based task-
specific methods.
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OW-CZSL. Initially, CZSL models were evaluated exclusively on unseen classes. Then [24]
introduced a generalized setting that considers both seen and unseen classes as potential
labels, which was first used in CZSL by [153]. The open-world setting [123], extends the
output space to include all possible combinations of states and objects, which is a more
challenging task due to the substantial increase in the number of potential candidates.
Consequently, identifying and disregarding infeasible state-object pairs becomes crucial.
Prior approaches have employed word vectors, i.e., CompCos [123], or external knowledge,
i.e., KGSP [86], to determine the feasibility of pairs. In contrast, we propose to leverage
state-of-the-art large language models to capture the feasibility of pairs more effectively.
LLMs as guidance. LLMs have solved many NLP tasks, e.g. GPT-3 [19], ChatGPT [144],
PaLM 2 [5], Claude 2 [6] LLaMa 2 [199, 200] and Vicuna [32] demonstrate exceptional
language understanding capabilities and have been widely applied across diverse NLP
downstream tasks. It was shown by [19] that LLMs can perform in-context learning with-
out requiring fine-tuning, i.e., LLMs can significantly improve on a given task through
task-specific exemplars demonstrating how a task is performed. On top of few-shot ex-
amples, providing explanations in-context further boost task performance on challenging
tasks [101]. Additional context can also be directly provided by the LLM. With chain-of-
thought prompting [212], the in-context demonstrations provide more elaborate answers,
resulting in the same behaviour of the LLM and ultimately more accurate responses. Simi-
larly, [7] find that aggregating multiple prompting structures helps alleviate the sensitivity
of LLMs in-context prompt design.

2.2.3 In-context Feasibility Prediction Framework

In this section, we first describe the general setting of compositional zero-shot learning in
§2.2.3.1. Next, we explain the novel utilization of large language models for predicting
feasibility scores in §2.2.3.2.

2.2.3.1 Open-World Compositional Zero-Shot Learning (OW-CZSL)

CZSL aims to classify an image, where each class is a state-object combination. Given a set
of states 𝒮 and objects 𝒪, the label space of a training set 𝒴𝑠𝑒𝑒𝑛 corresponds to the subset
of all possible pairs of state and object, 𝒴𝑠𝑒𝑒𝑛 ⊂ 𝒴𝑎𝑙𝑙 , where 𝒴𝑎𝑙𝑙 = {(𝑠, 𝑜)|𝑠 ∈ 𝒮 and 𝑜 ∈ 𝒪}.
The model is trained on the training set with candidate labels as seen classes 𝒴𝑠𝑒𝑒𝑛 , and
the goal of CZSL is to classify an image from the test label space 𝒴𝑡𝑒𝑠𝑡 that contains both
seen and unseen classes, 𝒴𝑡𝑒𝑠𝑡 = 𝒴𝑠𝑒𝑒𝑛 ∪𝒴𝑢𝑛𝑠𝑒𝑒𝑛 , where 𝒴𝑢𝑛𝑠𝑒𝑒𝑛 denotes the unseen classes
during the training, 𝒴𝑠𝑒𝑒𝑛 ∩ 𝒴𝑢𝑛𝑠𝑒𝑒𝑛 = ∅ and 𝒴𝑢𝑛𝑠𝑒𝑒𝑛 ⊂ 𝒴𝑎𝑙𝑙 .

In the closed-world setting, it is assumed that we have prior knowledge of feasible
sets, i.e., the label space at test time is restricted to 𝒴𝑡𝑒𝑠𝑡 B 𝒴𝑠𝑒𝑒𝑛 ∪ 𝒴𝑢𝑛𝑠𝑒𝑒𝑛 and known
to the model. The open-world setting assumes no prior information about the set of
unseen compositions at test time, i.e., 𝒴𝑡𝑒𝑠𝑡 B 𝒴𝑎𝑙𝑙 . The substantial increase in the label
space in the open-world setting leads to a significant performance gap compared to
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Figure 2.7: The pipeline of our Feasibility with Language Model (FLM) method. We
constrict a prompt containing a list of related seen classes from the training set and a
query to classify an unssen state-object pair as feasible. By comparing the LLM logit for
the token “Yes” with a threshold 𝜏 we determine whether a pair is feasible, in which case
it is used for OW-CZSL classification.

the closed-world setting. To mitigate this performance gap, previous works [86, 123]
have developed a function 𝑔(·) that assigns a feasibility score to each class, indicating
the likelihood of its feasibility. By setting a threshold 𝜏, classes with scores below the
threshold are deemed infeasible and consequently removed from the test label space,
𝒴𝑡𝑒𝑠𝑡 B {𝑦|𝑦 ∈ 𝒴𝑎𝑙𝑙 and 𝑔(𝑦) ≥ 𝜏}.

It is important to note that an accurate feasibility function plays a critical role in
open-world CZSL. If the function assigns low feasibility scores to truly feasible classes,
the model will fail to predict the correct class as it is absent from the test label space.
Conversely, if the function assigns high feasibility scores to numerous infeasible classes,
it becomes more likely that the model will make incorrect predictions.

2.2.3.2 Feasibility with Language Model (FLM)

LLMs are autoregressive models that generate words by sampling from a predicted
probability distribution, i.e., they model 𝑝LLM(𝑡𝑘 |𝑡1 , . . . , 𝑡𝑘−1)where 𝑡 is a token from the
vocabulary of the language model. In other words, the output probability indicates how
certain the LLM is that a given token should appear next. Essentially, our FLM uses the
output of an LLM as a measure of feasibility.
Canonical prompt. To obtain feasibility scores using LLMs, we construct a prompt 𝑐 that
consists of a system message, sysmsg, and a human message, hmsg. The sysmsg provides
the LLM with general guidance while the hmsg asks the LLM to assess the feasibility of a
given class.

𝑐 = { 𝑠𝑦𝑠𝑚𝑠𝑔 : “ You are a helpful, respectful and honest assistant.

Answer with a single word, yes or no. ”,
ℎ𝑚𝑠𝑔 : “ Does a/an {s} {o} exist in the real world? ” }
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where we refer to the first sentence of the sysmsg as the persona component [172], the
second as the instruction component, and the sentence of the hmsg as the query component.
The placeholders {𝑠} and {𝑜} represent the state and object of the class, respectively.

The output probability distribution generated by the LLM reflects its level of certainty
regarding the occurrence of specific words. In our case, the probability or the logit of the
word "Yes" in the output distribution indicates the LLM’s confidence in the feasibility of
the given pair (𝑠, 𝑜). We interpret this output as a feasibility score. More formally, our
feasibility score function is

𝑔(𝑠, 𝑜) = log 𝑝LLM
(
𝑡 = "Yes"| 𝑓 (𝑠, 𝑜; 𝑐)

)
(2.4)

where log 𝑝LLM indicates the unnormalized output logits and 𝑓 (𝑠, 𝑜; 𝑐) denotes a function
that composes the prompt 𝑐 with the target state-object pair (𝑠, 𝑜). To obtain a real-valued
score, this method requires local access to the LLM. When an LLM is accessed through an
API, such as ChatGPT, it might not expose the output probabilities or logits of the model,
i.e. log 𝑝LLM

(
𝑡 = "Yes"| 𝑓 (𝑠, 𝑜; 𝑐)

)
. In this case we can only retrieve a binary score of "Yes"

or "No".
In-context learning. There is potential for incorrect responses when simply querying
the LLM about the feasibility of a given pair, e.g. "dark fire" as mentioned in §2.2.1.
Motivated by this, we leverage the in-context learning capabilities of LLMs. In-context
learning enables LLMs to adapt to new tasks with minimal examples. In addition to
the query component, we introduce a guidance component to the human message. The
guidance includes a few examples of true feasible pairs, allowing the LLMs to learn from
these instances and better understand what constitutes feasibility within the dataset. For
example, a human message with guidance would be:

“ The following list consists of word combinations that make sense.
− {𝑠1} {𝑜1}
− · · ·
− {𝑠𝑛} {𝑜𝑛}
Does "{𝑠} {𝑜}" fit into the list above? ”

where {(𝑠𝑖 , 𝑜𝑖)}𝑛𝑖=1 are few-shot examples of true feasible pairs. Several approaches
can be employed to select examples for the guidance prompt. One straightforward
method is to randomly sample pairs from the seen classes 𝒴𝑠𝑒𝑒𝑛 . Another approach
is to leverage the information from the query pairs. Motivated by [123], we choose
guidance pairs from the seen classes that either include the state 𝑠 or the object 𝑜, i.e.,
𝒴𝑝𝑜𝑠 = {(𝑠𝑖 , 𝑜𝑖)|(𝑠𝑖 , 𝑜𝑖) ∈ 𝒴𝑠𝑒𝑒𝑛 , 𝑠𝑖 = 𝑠 or 𝑜𝑖 = 𝑜}. This strategy enables the LLMs to
gain a deeper understanding of the dataset-specific task within the in-context learning
framework, improving predictions of the feasibility of query pairs. The overall pipeline is
drawn in Figure 2.7. Our feasibility score function, denoted as Feasibility with Language
Model (FLM), is formulated as

𝑔(𝑠, 𝑜) = log 𝑝LLM
(
𝑡 = "Yes"| 𝑓 (𝑠, 𝑜,𝒴𝑝𝑜𝑠 ; 𝑐)

)
(2.5)
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where 𝑓 (𝑠, 𝑜,𝒴𝑝𝑜𝑠 ; 𝑐) denotes a function that composes the prompt 𝑐 with the target
state-object pair (𝑠, 𝑜) and the related seen pairs 𝒴𝑝𝑜𝑠 .
Versatility. Once we obtain the feasibility scores for all combinations of pairs, the threshold
𝜏 determines the subset of all pairs that are deemed feasible. The infeasible pairs are
discarded, and only the feasibile pairs are used as candidate labels for the VLM’s prediction.
Our feasibility scores can be integrated with any existing VLM to improve performance
in the open-world setting.

2.2.4 Experiments

We present our experimental findings on LLM-guided feasibility prediction in OW-CZSL.
The experimental setup is detailed in §2.2.4.1 and Appendix, followed by a quantitative and
qualitative comparison with baselines in §2.2.4.2. We evaluate the feasibility prediction
in isolation in §2.2.4.3, compare a variety of LLMs in §2.2.4.4, and conduct an ablation
study in §2.2.4.5, examining the different prompt components, such how the number of
guidance examples influence the results.

2.2.4.1 Experimental setup

Benchmarks. We use three standard datasets for OW-CZSL, i.e., MIT-States [82], UT-
Zappos [225, 226], and C-GQA [132]. Each dataset comprises a set of states and objects,
where an object-state combination forms a class.
Evaluation metric. We follow the protocol of [153] for OW-CZSL. Since the VLM is trained
only on seen classes, it is prone to being biased towards classifying an image as one of
the seen classes at test time. Concretely, a calibration bias is subtracted from the model
outputs of the seen classes, and then the class is predicted. The calibration bias is varied
to get the best combination of seen class accuracy (denoted as S), unseen class accuracy
(U), harmonic mean of accuracy on seen class and unseen class (H), and area under the
curve of seen class and unseen class accuracy (AUC). By tackling the feasibility prediction
of unseen classes, we focus on improving the more challenging metrics (U, H, AUC) while
the seen class accuracy (S) remains unaffected.
Implementation details. For OW-CZSL, hyperparameters are traditionally explored, and
the best model is chosen based on the highest unseen validation accuracy. We perform
a grid search on sentence variations as well as choose the threshold 𝜏 that determines
whether the query class is feasible by the best unseen validation accuracy (more details
in the Appendix). For the LLM, we use the Vicuna-13B model [32] for the experiments
unless otherwise indicated.
Feasibility baselines. We compare with GloVe embeddings [148] as used in Comp-
Cos [123] and CSP [135], and the ConceptNet [191] as used in KGSP [86]. For GloVe, the
cosine similarity between the concepts of the same primitives are calculated and merged
to represent the feasibility score. ConceptNet [191] is a knowledge graph connecting

28



2.2. FEASIBILITY WITH LANGUAGE MODELS FOR OPEN-WORLD COMPOSITIONAL
ZERO-SHOT LEARNING

ViT-L/14 MIT-States UT-Zappos C-GQA
VLM Method S U H AUC S U H AUC S U H AUC

CLIP
GloVe 30.21 14.6 13.0 3.10 10.8 19.3 10.6 1.60 7.59 3.92 2.46 0.20
ConceptNet —"— 12.5 12.7 2.75 —"— 21.3 10.3 1.69 —"— 2.01 2.59 0.13
FLM (ours) —"— 16.1 13.7 3.38 —"— 23.6 11.5 1.94 —"— 2.62 2.82 0.16

CoOp
GloVe 38.2±0.9 16.7±0.3 16.2±0.4 4.78±0.2 61.2±1.8 36.7±2.4 34.2±3.7 18.1±2.8 26.9±1.6 5.09±0.5 6.16±0.5 1.03±0.1

ConceptNet —"— 14.5±0.3 15.6±0.3 4.36±0.1 —"— 42.1±2.3 36.6±3.2 20.6±2.5 —"— 4.14±0.5 5.88±0.7 0.92±0.2

FLM (ours) —"— 18.7±0.3 17.4±0.5 5.40±0.1 —"— 49.6±1.7 40.6±3.1 24.4±2.7 —"— 5.16±0.3 6.91±0.3 1.13±0.1

CSP
GloVe 45.1±0.9 14.9±0.3 16.4±0.4 5.12±0.2 62.8±0.9 45.8±1.8 38.9±0.8 22.6±1.0 30.2±0.5 4.58±0.5 6.12±0.5 1.09±0.1

ConceptNet —"— 13.4±0.8 15.5±0.5 4.74±0.3 —"— 54.0±1.7 43.3±0.9 26.9±1.1 —"— 1.31±0.1 2.25±0.3 0.34±0.0

FLM (ours) —"— 16.6±0.3 17.4±0.6 5.76±0.2 —"— 56.7±1.3 43.9±0.9 30.0±1.1 —"— 4.55±0.5 6.55±0.5 1.13±0.1

Table 2.9: CSZL results comparing Glove, ConceptNet and our FLM (Vicuna, logit) on
MIT-States, UT-Zappos and C-GQA. We report seen (S) and unseen class accuracy (U),
harmonic mean (H) and AUC using the CLIP, CoOp and CSP as base models. Ditto (—"—)
denotes “same as above”.

words to obtain the feasibility scores which are calculated by the cosine similarities of
ConceptNet embeddings.

2.2.4.2 LLM-generated feasibility in OW-CZSL

We evaluate our FLM method using three VLMs: CLIP [155], CoOp [243], and CSP [135],
which are CLIP-based models. We choose VLMs since they outperform the CNN-based
task-specific CZSL methods, as reported by [135]. We use ViT-L/14 as the VLMs’ backbone
and run the CSP official code3 with fixed hyperparameter settings for CoOp and CSP
(details in Appendix), although optimizing these hyperparameters as done by [135] could
further yield improvements. We run CoOp and CSP with 5 different seeds and report
the mean and the standard deviation. CLIP is applied without any fine-tuning, and thus
standard deviation is not reported.
Quantitative comparison. The experimental results are presented in Table 2.9 where we
improve OW-CZSL performance across various scenarios and on all datasets. We first
observe that on the MIT-States dataset, our FLM method achieves the highest harmonic
mean of 17.4% and AUC of 5.76%, surpassing the GloVe feasibility function which shows
16.4% and 5.12%, and the ConceptNet feasibility function with 15.5% and 4.74% using the
CSP model. FLM exhibits even more significant improvements on the UT-Zappos dataset.
When compared to the GloVe feasibility, we observe a substantial 7.4% increase in AUC
(from 22.6% to 30.0%) for the CSP model, a 6.3% increase (from 18.1% to 24.4%) with the
CoOp model, and a 0.34% increase (from 1.60% to 1.94%) in the CLIP model. Similarly,
FLM outperforms ConceptNet on UT-Zappos. On the C-GQA dataset, FLM performs
the best everywhere except on U and AUC metrics in the CLIP model. However, CLIP
is not the best model for OW-CZSL and generally falls behind CoOp and CSP. Overall,
FLM achieves the best results on all metrics across all datasets. These results indicate

3https://github.com/BatsResearch/csp
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s  = "huge", o  = "wave"

CompCos       : - 0.01

LMFS (Ours) : +0.02

s, o = "ruffled chair"

GloVe           : - 0.12
ConceptNet  : - 0.10

FLM (Ours) : +0.06

s  = "cracked", o  = "eggs"

CompCos       : - 0.14

LMFS (Ours) : +0.08

s  = "engraved", o  = "stone"

CompCos       : - 0.03

LMFS (Ours) : +0.18

s  = "rusty", o  = "gear"

CompCos       : - 0.05

LMFS (Ours) : +0.22

s  = "mossy", o  = "boulder"

CompCos       : - 0.15

LMFS (Ours) : +0.09

s  = "coilded", o  = "basket"

CompCos       : - 0.13

LMFS (Ours) : +0.11

s  = "windblown", o  = "tree"

CompCos       : - 0.05

LMFS (Ours) : +0.24

s  = "huge", o  = "snake"

CompCos       : - 0.03

LMFS (Ours) : +0.07

s  = "rusty", o  = "chair"

CompCos       : - 0.05

LMFS (Ours) : +0.24

s  = "weathered", o  = "paint"

CompCos       : - 0.12

LMFS (Ours) : +0.20

s  = "cracked", o  = "wall"

CompCos       : - 0.06

LMFS (Ours) : +0.18
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s, o = "suede slippers"

GloVe           : - 0.08
ConceptNet  : +0.41

FLM (Ours) : +0.49

s, o = "teal armchair"

GloVe           : - 0.24
ConceptNet  : - 0.03

FLM (Ours) : +0.02

s, o = "painted nest"

GloVe           : - 0.12
ConceptNet  : - 0.06

FLM (Ours) : +0.10

s, o = "canvas loafers"

GloVe           : - 0.08
ConceptNet  : +0.08

FLM (Ours) : +0.44

s, o = "yellow dome"

GloVe           : - 0.04
ConceptNet  : - 0.05

FLM (Ours) : +0.18

s, o = "windblown tree"

GloVe           : - 0.04
ConceptNet  : - 0.01

FLM (Ours) : +0.13

s, o = "sheepskin boots"

GloVe           : - 0.01
ConceptNet  : +0.29

FLM (Ours) : +0.24

s, o = "orange truck"

GloVe           : +0.13
ConceptNet  : - 0.06

FLM (Ours) : +0.09

s, o = "modern clock"

GloVe           : - 0.10
ConceptNet  : - 0.08

FLM (Ours) : - 0.09

s, o = "nylon boots"

GloVe           : +0.29
ConceptNet  : +0.18

FLM (Ours) : - 0.08

s, o = "busy courtyard"

GloVe           : - 0.21
ConceptNet  : - 0.02

FLM (Ours) : - 0.13

Figure 2.8: Feasible examples from the unseen test set along with feasibility scores
normalized such that the threshold 𝜏 is at 0. Positive scores (green) indicate a correct
prediction as feasible, while negative scores (red) incorrectly infer infeasibility of a pair.
Red box includes failure cases of FLM.
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Figure 2.9: Distributions of feasibility scores of all state-object pairs. For best separation,
feasible classes should be close to 1 and all remaining confusing classes close to 0.

that FLM can better differentiate between feasible state-object pairs and infeasible ones,
as it facilitates all base OW-CZSL models to obtain a higher score, closing the gap to the
closed-world setting.
Qualitative comparison. In Figure 2.8, we show qualitative results of feasible images
from the unseen classes alongside the absolute difference of the feasibility score from
the threshold. Positive values (green) indicate a correctly identified pair, while negative
values (red) indicate an incorrect feasibility prediction. Foreach dataset, we show examples
comparing FLM with GloVe and ConceptNet. For instance, FLM correctly identifies that
“ruffled chair” is feasible for the MIT-States dataset, and that “teal armchair” is feasible in
the context of the C-GQA dataset, both of which are considered infeasible by GloVe and
ConceptNet. By providing seen pairs that are relevant to the query pair in the guidance
prompt, e.g. “ruffled bed” for the query “ruffled chair” and “tan armchair” for the query
“teal armchair”, our FLM correctly identifies the given query pairs as feasible.

2.2.4.3 Ablation Study: Feasibility Prediction in Isolation from the OW-CZSL Task

We evaluate the feasiblity prediction in isolation from the OW-CZSL task and analyze
the distributions of feasibility scores on the C-GQA dataset. In Figure 2.9, the unseen
classes are referred to as “feasible classes” (blue) and the classes that are absent in both
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MIT-States UT-Zappos C-GQA
Feas.
acc.

Infeas.
acc.

Arith.
mean

H.
mean

Feas.
acc.

Infeas.
acc.

Arith.
mean

H.
mean

Feas.
acc.

Infeas.
acc.

Arith.
mean

H.
mean

GloVe 51.7 93.2 72.5 66.5 78.8 38.2 58.5 51.4 40.0 98.5 69.2 56.9
ConceptNet 52.0 92.5 72.3 66.6 100.0 13.2 56.6 23.3 26.3 91.7 59.0 40.9
FLM (ours) 64.7 86.1 75.4 73.9 93.9 46.1 70.0 61.8 70.9 89.2 80.1 79.0

Table 2.10: Accuracy of correctly identifying feasible and infeasible open-world pairs from
𝒴𝑎𝑙𝑙 using the same threshold 𝜏 as in Table 2.9. FLM uses Vicuna (logit) as LLM.

the seen and unseen sets are referred to as “confusing classes” (orange). Note that the
scores obtained from each method have been normalized to fall within the range of 0 and
1.

FLM exhibits a better separation between the two distributions than GloVe and Con-
ceptNet implying that our approach more effectively distinguishes between feasible and
infeasible classes, providing an accurate assessment of the feasibility. It is important to
note that many combinations contained in the “confusing classes” can still be realistically
feasible, but simply not included in the dataset. Therefore, is is unlikely these distributions
can be perfectly separated. By employing an appropriate threshold, our FLM method
includes a greater number of feasible classes while significantly reducing the inclusion of
infeasible classes among the candidate labels for open-world CZSL.

We evaluate overlap of the feasibility scores with the human annotations quantitatively
in Table 2.10. For every state-object pair in 𝒴𝑎𝑙𝑙 , we compute the feasibility prediction
of GloVe, ConceptNet, and FLM and compare it to the human-annotated ground truth
of feasible classes 𝒴𝑢𝑛𝑠𝑒𝑒𝑛 . We report feasibility accuracy as the ratio of pairs in 𝒴𝑢𝑛𝑠𝑒𝑒𝑛
correctly identified as feasible and, analogously, infeasible accuracy for the ratio of all other
classes predicted as infeasible. As we have seen above, the distributions of feasible and
infeasible pairs are not perfectly separable and, thus, these two metrics form a trade-off
that can be varied using the threshold value 𝜏. The reported metrics are calculated using
the same threshold values as in Table 2.9. We observe that our FLM performs the best
on either feasible accuracy or infeasible accuracy, which suggests that the best trade-off
between feasible and infeasible accuracy varies by dataset. Considering both metrics
together through arithmetic and harmonic means, our method performs the best across all
datasets, often by a significant margin, such as improving harmonic mean over GloVe by
+10.4% on UT-Zappos and +22.1% on C-GQA. Consequently, the more accurate prediction
of feasibility scores, which better align with the human-annotated ground truth, results
in FLM performing better than GloVe and ConceptNet.

2.2.4.4 Ablation Study: Comparing Large Language Models

We use ChatGPT [19, 144], GPT-4 [143], PaLM-2 [5], Claude-2 [6], LLaMa-2-Chat-13B [200]
and Vicuna-13B [32]. Vicuna-13B and LLaMa-2-Chat-13B are open-source language
models fine-tuned to follow instructions that reach similar capabilities to ChatGPT in some
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Figure 2.10: Comparison of FLM using Vicuna, LLaMA-2, and proprietary models (GPT-4,
PaLM-2, Claude-2, and ChatGPT) as LLMs. Proprietary models can only provide a binary
“Yes” or “No” response, whereas for Vicuna and LLaMA-2 we evaluate both the binary
and logit outputs as feasibility scores.

settings. For brevity, we refer to these models as “Vicuna” and “LLaMa-2” in the following.
One advantage of Vicuna and LLaMa-2 over proprietary models is the accessibility of
internal values such as the probability or logit of the output words. Specifically, we utilize
the logit value of the word “Yes” as our feasibility score. Moreover, we compare with
ChatGPT, GPT-4, PaLM-2 and Claude-2 as proprietary LLMs where we query the API to
obtain binary feasibility scores, i.e., a score of 1 when the model answers with “Yes” and 0
when it answers with “No”. In this case, the threshold 𝜏 cannot be varied and is set to 0.5.

Proprietary LLMs such as ChatGPT [19, 144] often demonstrate superior performance
compared to open-source models such as Vicuna [32] and LLaMa-2. However, there
are distinctions between the two types of models in terms of accessibility. To ensure
consistency and eliminate randomness, we set the temperature parameter to 0 during
these experiments. Due to API constraints, we conduct these experiments only on the
MIT-States and UT-Zappos datasets. The results for GPT-4, PaLM-2, Claude-2, ChatGPT,
LLaMa-2, and Vicuna are depicted in Figure 2.10.

Across both datasets, we observe consistent trends. Firstly, both Vicuna and LLaMa-2
show lower performance with a binary answer compared to using logits on all three
evaluation metrics. This suggests that accessing the logits provides valuable information
for estimating feasibility. Among these two models, Vicuna outperforms LLaMa-2 clearly.
Secondly, among the proprietary LLMs, ChatGPT performs best, surpassing PaLM-2,
Claude-2 and even GPT-4. The differences are more pronounced on MIT-states than on
UT-Zappos where most LLMs tend to perform similarly. Lastly, ChatGPT with a binary
answer consistently outperforms Vicuna with a binary answer and oftentimes achieves
even better results than Vicuna using logits. From these findings, we speculate that
ChatGPT with logit access would likely surpass Vicuna with logit considerably, implying
that more advanced LLMs with logit access would yield improved feasibility scores and,
thus, could further push state-of-the-art in OW-CZSL.
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MIT-States UT-Zappos C-GQA
Prompt U H AUC U H AUC U H AUC
Canonical 13.5±0.4 15.4±0.3 4.70±0.2 47.1±1.4 39.2±0.6 23.1±0.6 2.16±0.5 3.40±0.6 0.52±0.1

Instruction: hmsg begin 15.5±0.4 16.6±0.3 5.32±0.2 58.2±1.2 44.1±0.6 28.3±0.7 3.06±0.4 4.42±0.3 0.69±0.0

Instruction: hmsg last 14.8±0.3 16.4±0.3 5.11±0.1 56.6±1.2 43.8±0.9 27.9±1.1 2.84±0.1 4.23±0.3 0.66±0.1

Format
QA: yes 10.3±0.7 12.0±0.5 3.39±0.3 53.1±1.6 42.4±1.3 26.7±1.2 2.23±0.3 3.40±0.6 0.49±0.1

QA: score 10.8±0.3 12.3±0.3 3.53±0.1 54.2±1.6 43.4±0.9 26.9±1.0 2.36±0.1 3.69±0.1 0.54±0.0

In-context

𝒴𝑝𝑜𝑠 , 5 13.8±0.3 15.3±0.3 4.74±0.1 48.2±8.0 39.9±4.0 24.0±4.2 3.16±0.3 4.67±0.6 0.76±0.1

𝒴𝑝𝑜𝑠 , 20 14.7±0.6 16.3±0.3 5.12±0.1 56.7±1.3 43.9±0.9 30.0±1.1 2.66±0.5 4.00±0.7 0.63±0.1

𝒴𝑝𝑜𝑠 , 50 16.6±0.3 17.4±0.6 5.76±0.1 —"— —"— —"— 3.25±0.5 4.62±0.7 0.76±0.1

𝒴𝑝𝑜𝑠 , 200 —"— —"— —"— —"— —"— —"— 4.55±0.5 6.55±0.5 1.13±0.1

random, 200 13.2±0.6 14.9±0.7 4.50±0.3 50.4±0.9 40.7±0.7 24.8±0.7 2.95±0.3 4.51±0.6 0.72±0.1

FLM (ours) 16.6±0.3 17.4±0.6 5.76±0.1 56.7±1.3 43.9±0.9 30.0±1.1 4.55±0.5 6.55±0.5 1.13±0.1

Table 2.11: Ablation study. Experiments are done with CSP as VLM model. We ablate
the canonical query without in-context exemplars, placing instruction component in the
human message, a different format of the guidance component, varying the number of
in-context pairs, and a random ordering of in-context examples. Ditto (—"—) denotes the
result is the same as the previous line.

2.2.4.5 Ablation Study: Analysis of LLM-Prompts

Comparison of instruction prompts. We investigate the impact of the prompt by com-
paring the performance of our in-context learning prompt with two ablations: 1) the
canonical prompt described in §2.2.3.2 which does not use in-context examples, and 2)
placing instruction component, e.g. “Answer with a single word, yes or no.”, in the
human message instead of the system message. The results on the three datasets are
presented in the first three rows of Table 2.11.

Across all datasets, we observe that using the canonical prompt significantly drops the
performance, e.g. 17.4%→15.4%, 43.9%→39.2%, 6.55%→3.40% in harmonic mean on MIT-
States, UT-Zappos, and C-GQA, respectively. This highlights the importance of providing
in-context guidance in our FLM for feasibility prediction. Moreover, placing an instruction
in the human message, whether at the beginning or end, drops the performance on MIT-
States and C-GQA while showing similar performance on UT-Zappos. This suggests that
incorporating an instruction in the system message effectively guides the LLMs to the
desired behavior.
Format for in-context learning. [7] have demonstrated the effectiveness of LLMs’ in-
context learning when using a question-and-answer format. To investigate this approach
for FLM, we use a question-answer format for the guidance prompt instead of a list.
Specifically, we employ the guidance prompt "Does a/an {𝑠𝑖} {𝑜𝑖} exist in the real

world? Yes.", which is repeated for every related seen pair in 𝒴𝑝𝑜𝑠 , and the query prompt
"Does a/an {𝑠} {𝑜} exist in the real world?" while keeping the rest of the process
the same. The results are shown in the “Format QA: yes” row of Table 2.11.
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We observe the performance drops across datasets, e.g. 17.4%→12.0 and 6.55%→3.69%
in harmonic mean on MIT-States and C-GQA. The lower performance originates from this
prompt format biasing the LLM to answer "Yes" because we only have access to feasible
pairs. We observe a similar trend for “Format QA: score” where we use the same question-
answer format, but instruct the LLM to respond with an integer score indicating the level
of feasibility (see Appendix for details). Both of these results indicate that employing our
proposed list format is crucial in obtaining accurate feasibility scores because we do not
have access to infeasible examples.
Number of pairs for in-context guidance. To analyze the influence of the number of
in-context examples in the guidance prompt, we conducted experiments varying the
number of positive pairs. Recall that our FLM method selects related pairs in the guidance
as 𝒴𝑝𝑜𝑠 = {(𝑠𝑖 , 𝑜𝑖)|(𝑠𝑖 , 𝑜𝑖) ∈ 𝒴𝑠𝑒𝑒𝑛 , 𝑠𝑖 = 𝑠 or 𝑜𝑖 = 𝑜}. The performance results are presented
in the “in-context” rows of Table 2.11.

Across all datasets and evaluation metrics, performance consistently improves as the
number of pairs in the guidance increases. For instance, on MIT-States, the harmonic mean
increases from 15.3% to 16.3%, and subsequently to 17.8%, as the number of pairs expands
from 5, to 20, and to 50, respectively. Each dataset contains a different maximum number
of related seen pairs. Thus, performance does not improve beyond 50 for MIT-States
and beyond 20 for UT-Zappos. Moreover, using up to 200 randomly selected state-object
pairs results in worse performance than just 5 related pairs from 𝒴𝑝𝑜𝑠 on MIT-States and
C-GQA. This suggests that it is important to provide relevant in-context pairs and that
more few-shot examples allow the LLM to better comprehend the context-dependent task,
leading to more accurate feasibility scores.

2.2.5 Conclusion

In this paper, we proposed a novel approach that leverages large language models (LLMs)
to predict the feasibility of the state-object pair for the open-world compositional zero-shot
learning (OW-CZSL). By leveraging the autoregressive nature of LLMs, we designed
prompts to query the feasibility of class pairs to LLMs, and obtain the output of the word
“Yes” which we consider as feasibility score. We used the in-context learning capabilities
of LLMs by providing guidance prompts that included a few examples of true feasible
pairs. Our experimental results validated the effectiveness of our LLM-guided feasibility
approach. We compared our FLM method with previous approaches and achieved better
performance in MIT-States, UT-Zappos, and C-GQA datasets. Through an analysis of the
feasibility score prediction, we demonstrated that our Feasibility with Language Model
effectively differentiated between feasible and infeasible classes when compared to human-
annotated ground truth. Furthermore, ablation studies on the prompt setting revealed
that the in-context learning framework with seen pairs as a guide was a key factor to
having high-quality feasibility scores.
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3

DataDream: Few-shot Guided Dataset
Generation

While text-to-image diffusion models have been shown to achieve state-of-the-art results
in image synthesis, they have yet to prove their effectiveness in downstream applications.
Previous work has proposed to generate data for image classifier training given limited
real data access. However, these methods struggle to generate in-distribution images or
depict fine-grained features, thereby hindering the generalization of classification models
trained on synthetic datasets. We propose DataDream, a framework for synthesizing
classification datasets that more faithfully represents the real data distribution when
guided by few-shot examples of the target classes. DataDream fine-tunes LoRA weights
for the image generation model on the few real images before generating the training
data using the adapted model. We then fine-tune LoRA weights for CLIP using the
synthetic data to improve downstream image classification over previous approaches on
a large variety of datasets. We demonstrate the efficacy of DataDream through extensive
experiments, surpassing state-of-the-art classification accuracy with few-shot data across
7 out of 10 datasets, while being competitive on the other 3. Additionally, we provide
insights into the impact of various factors, such as the number of real-shot and generated
images as well as the fine-tuning compute on model performance. The code is available
at https://github.com/ExplainableML/DataDream.

3.1 Introduction

The emergence of text-to-image generative models, such as Stable Diffusion [159], not only
enables us to create photo-realistic synthetic images, but it also presents opportunities
to enhance downstream tasks. One potential application lies in training or fine-tuning
task-specific models on synthetic data. This is shown to be particularly useful in domains
where access to real data is limited [37, 69, 109, 197], as generative models offer a cost-
effective means of generating large amounts of training data. In this paper, we study the
impact of synthetic training data on image classification tasks in low-shot settings, i.e.
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Figure 3.1: Synthetic images comparison. The previous methods for synthesizing training
data sometimes misunderstand the class name due to its ambiguity (FakeIt [173] confuses
the clothes iron with the metal iron) or fail to capture fine-grained features (DISEF [37]
generated images lack the propeller in front of the wings in the DHC-3-800 aircraft, a red
circle indicates the propeller). Meanwhile, our method accurately generates images of the
class of interest and captures fine-grained details.

where we have access to a few images per class, but the collection of an entire dataset
would be prohibitively expensive.

Previous research has primarily focused on using the class names of a given dataset [69,
173, 185, 227] to inform the data generation process. Concretely, they generated images
with text-to-image diffusion models, using the class names as conditional input. To better
guide the model to generate accurate depictions of the target object, they incorporated
textual descriptions of each class to the prompt, sourced from language models [69, 227]
or human-annotated class descriptions [173]. While intuitive, these methods lead to some
generated images lacking the object of interest. For instance, while the real images for
the class name "clothes iron" from the ImageNet [42] dataset display the appliance for
ironing clothes, the images generated by FakeIt [173] mostly depict iron as the metal or
arbitrary objects made thereof (Figure 3.1, left). This occurs when the generative model
misunderstands class name ambiguities or rare classes. Such misalignment between the
real and synthetic images limits the generated images’ informational value for image
classification and hinders performance gains.

To bridge the gap between real and synthetic images, real images can better inform
the generative model about the characteristics of the real data distribution [8, 37, 49, 69,
244]. For instance, the concurrently developed DISEF [37] method uses few-shot samples
as conditional input to the pre-trained diffusion model by starting from a partially noised
real image when generating the synthetic dataset. It additionally uses a pre-trained
captioning model to diversify the text-to-image prompt. While this approach improves
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the alignment of real and synthetic data distributions, it sometimes falls short of capturing
fine-grained features. For example, while the real images for the class name "DHC-3-800"

in the Aircraft [121] dataset include a propeller in front of the wings, the synthetic images
by DISEF lack this detail (Figure 3.1, right). Accurately representing class-discriminative
features can be critical for classification tasks, particularly in fine-grained datasets.

In this work, we propose a novel approach, called DataDream, aimed at adapting
generative models using few-shot real data. Motivated by personalized generative model-
ing methods [60, 168], in which generation models are fine-tuned with a small set of real
images depicting an identical object, our method focuses on aligning the generative model
to a target dataset which has multiple classes and diverse objects for each class. This differs
from previous few-shot dataset generation methods such as [37, 69], which have not ex-
plored fine-tuning the generative model. Concretely, we adapt Stable Diffusion [159] with
LoRA [80] in two ways: DataDreamcls, which trains LoRA per class, and DataDreamdset,
which trains a single LoRA for all classes. To the best of our knowledge, we are the
first to propose using few-shot data to adapt the generative model for synthetic training
data, rather than leveraging the frozen, pre-trained generation model. Following training,
we generate images with the same prompt used for fine-tuning DataDream, resulting in
images depicting the object of interest (e.g. the clothes iron) or fine-grained features (e.g.
the propeller of the DHC-3-800 plane) as shown in the last row of Figure 3.1.

We demonstrate the effectiveness of DataDream through extensive experiments,
achieve the state of the art across all datasets when using only synthetic data, and achieve
the best performance on 7 out of 10 datasets when training with both real few-shot and
synthetic data. To understand the effectiveness of our method, we analyze the alignment
between real and synthetic data, revealing that our method shows better alignment with
the distribution of real data compared to baseline methods. Finally, we explore the scala-
bility of our method by increasing the number of synthetic data points and real samples,
showing the potential benefits of larger datasets. To summarize, the contributions of our
work are as follows:

1. We introduce DataDream, a novel few-shot method which adapts Stable Diffusion
to generate better in-distribution images for downstream training that outperforms
state-of-the-art few-shot classification on 7 out of 10 datasets, with the other 3
comparable.

2. We emphasize the importance of reporting results with only synthetic data. We
demonstrate that our method achieves superior performance when training the
classifier with solely synthetic data, in some cases outperforming those trained
solely with real few-shot images, indicating that our method generates images that
glean more insightful information from the few-shot real data.

3. We study the effectiveness of our method by analyzing the distribution alignment
between synthetic data and real data. Under few-shot guidance, synthetic data
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generated by our method aligns the best with real data.

3.2 Related work

Synthetic image generation has made immense progress, now being capable of generating
images that even humans may find difficult to distinguish from real images. In the
following, we review related work on image generation and training on synthetic data.
Synthetic Image Generation. The suite of image generation models is growing, including
Variational Auto-Encoders [94], GANs [63], and Diffusion Models [159]. With their recent
popularity, diffusion models such as Stable Diffusion [159], SDXL [151], DALL-E [13,
157], Imagen [170], GLIDE [137], and Wuerstchen [149] have revolutionized text-to-image
generation. Diffusion models aim to incrementally de-noise data by modeling the reverse
process of a Markov chain progressively adding Gaussian noise to the sample conditioned
on text. At test-time, this facilitates the generation of synthetic images from specified
text and random noise. These large pre-trained models can be adapted to user specific
needs [60, 168] or better control generation [33, 113]. Textual inversion [60] uses a small
number of images of a specific object to learn a representational language token which
can be used to prompt the frozen generation model to create better images of that object
(e.g. a photo of your cat, rather than a cat). On the other hand, DreamBooth [168] achieves
personalization by fine-tuning the generation model while providing a unique input token
with two losses: one to reconstruct the personalized concept, and the other to preserve
the original model generations without the unique token.
Training with Synthetic Data. A pool of research has blossomed in its wake, exploring
downstream applications; namely: can models be trained on synthetic data? Some works
augmented real datasets with synthetic images [10, 22, 49, 244]. Others focused on pre-
training on large amounts of synthetic data, followed by fine-tuning on a limited number
of real images [65, 197]. Similarly, several works evaluated the effectiveness of training on
entirely synthetic datasets [65, 173].

Different tasks have been considered, including classification [10, 22, 69, 173, 185, 244],
object detection [109], image generation [3], and representation learning [197]. Attempts
have been made to optimize the selection process from large pools of synthetic data,
generally by focusing on two primary factors: faithfulness and diversity. Faithfulness has
been addressed by CLIP filtering [49, 69, 109], including additional class information [173],
and spectral clustering [109]. On the other hand, diversity can be increased by lowering
the guidance scale [173], generating a wide variety of natural language prompts with
LLMs [65, 69], specifying domains [49, 185] or backgrounds [173], and using multiple text
prompt templates [22]. Generally, data collection is considered resource intensive, while
generating synthetic data is comparatively inexpensive and can therefore be done at scale;
[173] showed that as the number of synthetic images increases, model performance can
even surpass that of models trained on a lower fixed number of real images.
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Finally, the few-shot setting is seeing increased interest, where the focus lies on
leveraging large amounts of synthetic data in conjunction with limited amounts of real
data. More than simply pooling the data sources together, we can guide the generation
of better synthetic data with real data. In [69], the authors explored two strategies: 1)
generating images by starting from a partially noised few-shot sample and 2) using the
similarity of synthetic image features to real ones to remove low-confidence samples.
When adapting the CLIP model using Classifier Tuning [215] the first strategy works best.
Concurrently to our work, Diversified In-domain Synthesis with Efficient Fine-tuning
(DISEF) [37] proposes to create a synthetic augmentation pipeline which leverages few-
shots by starting the geration process from a noised real sample (same as [69]), then
promotes diversity by denoising it conditioned on the caption from a different real image.
The authors apply CLIP filtering to remove synthetic images which would be classified
incorrectly and then adapt CLIP as the classifier with LoRA [80] on either the few-real shots
alone or the combination of few-shots and synthetic data. In contrast to these methods,
we propose to additionally fine-tune the diffusion model with LoRA to obtain a better
alignment with the real data distribution.

3.3 Methodology

In this section, we start by describing the preliminaries in §3.3.1, before introducing
DataDream in §3.3.2. DataDream fine-tunes the text-to-image diffusion model with few-
shot data. To measure performance, synthetic images are generated with the adapted
model and a classifier trained on both synthetic and real data.

3.3.1 Preliminaries

Latent diffusion model. We implement our method based on Stable Diffusion [159],
a probabilistic generative model that learns to generate realistic images using a textual
prompt. Given data (𝑥, 𝑐) ∈ 𝒟, where 𝑥 is an image and 𝑐 is a caption describing 𝑥, the
model learns a conditional distribution 𝑝(𝑥|𝑐) by gradually denoising the Gaussian noise
in the latent space. Given a pretrained encoder 𝐸 that encodes an image 𝑥 to a latent 𝑧, i.e.
𝑧 = 𝐸(𝑥), the objective function is defined as:

min
𝜃

E(𝑥,𝑐)∼𝒟 , 𝜖∼𝒩(0,1), 𝑡
[
∥ 𝜖 − 𝜖𝜃(𝑧𝑡 , 𝜏(𝑐), 𝑡) ∥22

]
, (3.1)

where 𝑡 is a timestep, 𝑧𝑡 is a latent noised 𝑡 steps from the latent 𝑧, 𝜏 is a text encoder,
and 𝜖𝜃 is a latent diffusion model. Intuitively, the parameters 𝜃 are trained to denoise
the latent 𝑧𝑡 , given a text prompt 𝑐 as conditional information. In the inference phase, a
random noise vector 𝑧𝑇 is passed through the latent diffusion model 𝑇 times, along with
the caption 𝑐, to get a denoised latent 𝑧0. 𝑧0 is then fed into a pretrained decoder 𝐷 to get
an image 𝑥′ = 𝐷(𝑧0) for the text-to-image generation.
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Figure 3.2: Overview of DataDream. We fine-tune LoRA weights for the linear weights of
the attention layers in both the text-encoder and the diffusion U-net to generate images
closer to the few-shot images. We can train one set of DataDream weights for the whole
dataset sharing common dataset-specific characteristics between classes, or a separate set
of weights for each class to better learn fine-grained details of each classes.

Low-rank adaptation. The Low-Rank Adaption method (LoRA) [80], is a fine-tuning
method to adapt a large pre-trained model to downstream tasks in a parameter-efficient
manner. Given pre-trained model weights 𝜃 ∈ R𝑑×𝑘 , LoRA introduces a new parameter
𝛿 ∈ R𝑑×𝑘 that is decomposed into two matrices, 𝛿 = 𝐵𝐴, where 𝐵 ∈ R𝑑×𝑟 and𝐴 ∈ R𝑟×𝑘 with
small LoRA rank 𝑟, 𝑟 ≪ min(𝑑, 𝑘). The LoRA weights are added to the model weights
to obtain the fine-tuned weights, i.e. 𝜃(ft) = 𝜃+ 𝛿, for adaptation to downstream tasks.
During training, 𝜃 remains fixed while only 𝛿 is updated.

3.3.2 DataDream method

Our goal is to improve classification performance by leveraging synthetic images generated
by diffusion models. To this end, it is crucial to align the synthetic image distribution
to that of the real images. We achieve alignment by adapting the diffusion model to a
few-shot dataset of real images.

We assume access to a few-shot dataset 𝒟fs = {(𝑥𝑖 , 𝑦𝑖)}𝐾𝑁𝑖=1 , where 𝑥𝑖 is an image,
𝑦𝑖 ∈ {1, 2, · · ·, 𝑁} is its label, 𝐾 is the number of samples per class, and 𝑁 is the number
of classes. To match the real data distribution, we fine-tune it with the few-shot dataset
𝒟fs. Concretely, we introduce LoRA weights in both the text-encoder and the U-net of the
diffusion model, where we make the parameter-efficient choice of adapting the attention
layers. For every attention layer, we consider the query, key, value, and output projection
matrices𝑊𝑞 ,𝑊𝑘 ,𝑊𝑣 ,𝑊𝑜 , where for each matrix, the linear projection is replaced by

ℎ𝑙 ,★ =𝑊★ℎ𝑙−1 + 𝐵★𝐴★ℎ𝑙−1 (3.2)

with ℎ representing the input/output activations of the projections, and resulting in the
trainable LoRA weights 𝛿(𝑙) = {𝐴★, 𝐵★|∀★ ∈ {𝑞, 𝑘, 𝑣, 𝑜}} for every attention layer 𝑙. We
omit bias weights for notational simplicity. All other model parameters are kept frozen
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(including 𝑊★) while 𝛿 weights are optimized with gradient descent. To start training
from the pre-trained diffusion model checkpoint, weight matrices 𝐵★ are initialized with
zeros while 𝐴★ is initialized randomly. As a result, the combined fine-tuning weights
𝐵★𝐴★ are zero initially and incrementally learn modifications to the original pre-trained
weights. At test time, LoRA weights can be integrated into the model by updating the
weights with𝑊 (ft)

★ =𝑊★ + 𝐵★𝐴★, such that inference time is equivalent to the pre-trained
model. In contrast to DreamBooth [168], we do not fine-tune all network weights and do
not add a preservation loss, as its regularization would prevent a strong alignment with
the real images.

We further consider two settings: 1) DataDreamdset, where we train the LoRA weights
of the diffusion model on the whole dataset 𝒟fs, and 2)
DataDreamcls, where we initialize 𝑁 sets of LoRA weights {𝛿𝑛 |𝑛 = 1, · · ·, 𝑁}, one for
each of the dataset classes trained on the subset𝒟fs

𝑛 = {(𝑥, 𝑦)|(𝑥, 𝑦)∈ 𝒟fs , 𝑦=𝑛}.
In the DataDreamdset setting, the original model parameters 𝜃 are kept frozen and

only the LoRA weights are trained with the objective function

min
𝛿
ℒD = min

𝛿
E(𝑥,𝑦)∼𝒟fs , 𝜖∼𝒩(0,1), 𝑡

[
|| 𝜖 − 𝜖𝜃,𝛿(𝑧𝑡 , 𝜏𝛿(𝐶(𝑦)), 𝑡) ||22

]
. (3.3)

In the DataDreamcls setting,𝒟fs
𝑛 and 𝛿𝑛 would replace𝒟fs and 𝛿, respectively. Since we

use a text-to-image diffusion model, we define the text condition through the function 𝐶
which maps the label 𝑦, i.e. class name, to a prompt using the standard template, "a photo

of a [CLS]" [155, 243]. The prompt is passed through the text encoder and subsequently
used during the decoding steps of the diffusion model. We illustrate both DataDream
fine-tuning and our two settings in Figure 3.2.

Both settings have distinct advantages. In DataDreamdset, LoRA weight sharing
between classes allows knowledge transfer about common characteristics within the
whole dataset. This would be beneficial in a fine-grained dataset that shares the coarse-
grained features across classes. On the other hand, DataDreamcls allocates more weights
to learn about details of each class, which allows the generation model to better align with
the per-class data distribution.

After adapting the diffusion model to the few-shot dataset, we generate 500 images per
class with the adapted model conditioned on the same textual prompt used for DataDream,
forming a synthetic dataset𝒟𝑠𝑦𝑛𝑡ℎ . We train a classifier on either only synthetic images
or the combination of synthetic and real few-shot images𝒟 𝑓 𝑠 .

For classifier training, we adapt a CLIP model [155], similar to previous work in
few-shot classification [37]. We add LoRA adaptors [80] to both image encoder and text
encoder of CLIP ViT-B/16 model [155]. When training with synthetic and real images
jointly, we use a weighted average of the losses from real data and synthetic data,

ℒC = 𝜆E(𝑥,𝑦)∼𝒟fs CE( 𝑓 (𝑥), 𝑦) + (1−𝜆)E(𝑥,𝑦)∼𝒟synth CE( 𝑓 (𝑥), 𝑦) , (3.4)

where 𝜆 is the weight assigned to the loss from real data and the function CE is a
cross-entropy loss.
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3.4 Experiments

In this section, we present our experimental results on DataDream. We present details
of the experimental setup in §3.4.1. In §3.4.2, we compare our methods to baselines both
quantitatively and qualitatively. Furthermore, we analyze the synthetic data of DataDream
to understand why it outperforms baselines in §3.4.3, followed by ablation studies in §3.4.4.

3.4.1 Experimental setup

Benchmarks. We evaluate our method on 10 datasets: ImageNet [42], Oxford Pets [145]
containing fine-grained pet classes, FGVC Aircraft [121] containing fine-grained aircraft
classes, Food101 [17] containing common food classes, Stanford Cars [100] containing
fine-grained car classes, DTD [36] with texture images, EuroSAT [72] with satellite images,
Flowers 102 [139] containing fine-grained flower classes, SUN397 [218] with scene images,
and Caltech 101 [105] with pictures of common objects.

Implementation details. We implement DataDream based on Stable Diffusion [159]
version 2.1. For each seed, we randomly sample the few-shot images from the training
samples of each dataset. Our method is trained for 200 epochs with a batch size of 8
for all datasets, with the exception of DataDreamdset on ImageNet, which is trained for
100 epochs. Hence, DataDreamdset and DataDreamcls share the same amount of training
compute, i.e. each of the 𝑁 DataDreamcls adapter weights (one for each class) performs
𝑆/𝑁 update steps where 𝑆 is the total number of steps of DataDreamdset for the whole
dataset. We use AdamW [118] as an optimizer and learning rate 1𝑒−4, with a cosine
annealing scheduler. We use LoRA rank 𝑟=16 for all adapted weights in DataDream. For
synthetic image generation with DataDream, we use 50 steps and guidance scale 2.0. We
generate 500 images per class if not mentioned otherwise. For the classifier, we use CLIP
ViT-B/16 [155] as a base model, and fine-tune LoRA applied on both the image encoder
and text encoder of CLIP with rank 16. We set the weight assigned to the real loss term
to 𝜆=0.8. DataDream is computed on three random seeds. Additional implementation
details can be found in Appendix B.

Baseline methods. As all methods adapt CLIP ViT-B/16 as the classifier, we provide CLIP
zero-shot performance as a baseline. In our first setting, we update the classifier using only
synthetic data. For this, we compare against two alternative data-generation methods:
IsSynth [69] and DISEF [37]. In our second setting, classifier adaptation uses the synthetic
data in addition to the few-shot real data. We refer to LoRA [80] training with only the real
few-shot data as Real-finetune, to signify that this is the baseline version of DataDream,
without the benefit of our synthetic data, as done in [37]. DataDreamdset, DataDreamcls,
and DISEF [37] all build upon this foundation. These experiments highlight the benefit
of adding synthetic data to the real few-shot images. We also compare against several
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Method R S IN CAL DTD EuSAT AirC Pets Cars SUN Food FLO Avg

CLIP (zero-shot) [155] 70.2 96.1 46.1 38.1 23.8 91.0 63.1 63.8 85.1 71.8 64.1

IsSynth [69] ✓ 70.0±0.6 95.7±0.7 67.6±0.5 71.3±2.9 34.5±3.4 92.1±0.6 65.9±0.0 72.2±0.0 85.4±0.1 90.0±0.2 74.5±0.9

DISEF [37] ✓ 67.1±0.2 93.4±1.0 66.1±0.6 69.2±2.7 26.8±2.2 91.0±0.0 63.2±0.0 73.5±0.1 85.1±0.0 85.4±0.7 72.1±0.8

DataDreamcls (ours) ✓ 71.6±0.2 96.4±0.0 68.6±2.0 85.4±2.9 60.3±0.9 94.2±0.4 90.5±0.3 74.5±0.0 86.9±0.1 97.2±0.2 82.6±0.7

DataDreamdset (ours) ✓ 71.5±0.0 96.2±0.1 69.5±1.2 80.3±4.1 71.2±0.1 94.0±0.1 92.2±0.1 74.5±0.1 86.7±0.1 98.0±0.4 83.4±0.7

Real-finetune ✓ 73.4±0.2 96.8±0.1 78.3±2.8 93.5±0.7 59.3±2.8 94.0±0.1 87.5±0.6 77.1±0.1 87.6±0.0 98.7±0.1 84.6±0.8

IsSynth [69] ✓ ✓ 73.9±0.1 97.4±0.2 81.6±0.4 93.9±0.1 64.8±0.8 92.1±0.1 88.5±0.3 77.7±0.0 86.0±0.0 99.0±0.0 85.5±0.2

DISEF [37] ✓ ✓ 73.8±0.2 97.0±0.1 81.5±0.6 94.0±0.5 64.3±0.4 92.6±1.2 87.9±0.5 77.6±0.1 86.2±0.6 99.0±0.2 85.4±0.4

DataDreamcls (ours) ✓ ✓ 73.8±0.1 97.6±0.2 81.6±0.4 93.8±0.3 68.3±0.4 94.5±0.3 91.2±0.2 77.5±0.1 87.5±0.1 99.4±0.2 86.5±0.4

DataDreamdset (ours) ✓ ✓ 74.1±0.3 96.9±0.7 81.6±0.6 93.4±0.0 72.3±0.2 94.8±0.3 92.4±0.1 77.5±0.1 87.6±0.1 99.4±0.1 87.0±0.4

Table 3.1: Few-shot classification performance with DataDream using real 16-shot and
synthetic images where the training dataset includes synthetic data only (top), or synthetic
data + 16 real shots (bottom). All results use CLIP ViT-B/16 as the base classification model,
and 500 synthetic images generated by 16 real shots. Datasets are IN: ImageNet, CAL:
Caltech 101, EuSAT: EuroSAT, AirC: FGVC Aircraft, FLO: Flowers 102. R/S means using
real/synthetic images for fine-tuning. DataDream and baseline methods are computed
on three random seeds.

SOTA few-shot methods. In these, we include two Parameter Efficient Fine-Tuning (PEFT)
techniques: VPT [85] and CoOp [243], which only use real few-shot data. We additionally
compare to two SOTA image generation techniques, IsSynth [69] and DISEF [37]. For fair
comparisons, we use Stable Diffusion v2.1 to generate images for all baselines instead of
the originally used GLIDE [137] or Stable Diffusion v1.5. More details are described in
Appendix C.

3.4.2 Classification performance with DataDream

Quantitative results on solely synthetic data. We refer to the upper portion of Table 3.1 for
the synthetic-only setting, where we show that DataDream-generated data achieves state-
of-the-art results on all 10 datasets. For example on FGVC Aircraft [121], DataDreamdset

achieves an impressive 47.4% point increase over the CLIP zero-shot model. In addition,
on Stanford Cars [100] DataDreamdset achieves 92.2%, while IsSynth [69] is at 65.9% and
DISEF [37] at 63.2%. On Flowers102 [139], DataDreamdset obtains 98.0% while IsSynth
and DISEF reach only 90.0% and 85.4%, respectively. These boosts signify that DataDream
is able to closely follow the real few-shot data distribution in its generated images.

We believe that this evaluation benchmark allows the best assessment of the quality
of the synthetic image generations for training image classifiers. While adding real data
to the synthetic images at training time generally provides a performance boost, it also
makes it harder to quantify the quality of the synthetic images for the task, because
most of the improvement still stems from the real images. Hence, issues with synthetic
data generation, such as redundancy or class misrepresentation, will be more visible in
synthetic-only benchmarks.
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Method S IN CAL DTD EuSAT AirC Pets Cars SUN Food FLO Avg

VPT [85] 69.6 95.4 66.1 92.3 36.2 91.8 69.0 70.5 87.0 91.0 76.9

CoOp [243] 68.0 95.2 70.7 87.1 45.5 89.9 81.4 73.0 83.7 97.6 79.2

IsSynth [69] ✓ 73.9 97.4 81.6 93.9 64.8 92.1 88.5 77.7 86.0 99.0 85.5

DISEF [37] ✓ 73.8 97.0 81.5 94.0 64.3 92.6 87.9 77.6 86.2 99.0 85.4

DataDreamdset (ours) ✓ 74.1 96.9 81.6 93.4 72.3 94.8 92.4 77.5 87.6 99.4 87.0

Table 3.2: Comparing DataDream with few-shot SOTA. We compare DataDream with
SOTA few-shot methods. The base setting, dataset abbreviations, and setting notations
match those in Table 3.1. S indicates methods using synthetic data generation.

Comparing DataDreamcls and DataDreamdset, the results are split over method supe-
riority. We hypothesize that this difference comes from inherent dataset properties. For
datasets where all classes share high visual similarity, sharing weights becomes beneficial
as distribution characteristics generalize across classes. For example, we find that FGVC
Aircraft [121] and Stanford Cars [100] show a significant advantage of DataDreamdset over
DataDreamcls. On the other hand, datasets where classes span a wide range benefit from
fully specializing to the unique classes, as seen in the results for Caltech101 [105] and
Food101 [17].

Quantitative results on real+ synthetic data. In Table 3.1 (bottom), we present the results
for the synthetic + real setting. Real-finetune provides the foundation for this section,
consisting of LoRA applied to CLIP with the real few-shot data. DISEF, DataDreamcls, and
DataDreamdset build upon this by adding their respective synthetic images to the training
data, which is generated from the same few-shot data. Comparing DataDreamdset and
DataDreamcls to Real-finetune, we observe that our synthetic data improves performance
on 9 out of 10 datasets over naive use of real few-shot data. For example, on FGVC Aircraft
[121], our synthetic data facilitates an improvement of 13.0% over using the real few-shot
data naively. In comparison, DISEF only achieves a 5.0% increase. Furthermore, we
improved upon Stanford Cars [100] by 4.9%, where DISEF saw only a 0.4% increase. This
shows that generating images with DataDream consistently provides value not only over
naive use of the few-shot examples, but also over other data generation techniques. In
fact, especially in case of the Stanford Cars dataset, the real images do not provide more
information than the synthetic images generated by our model (92.2% on synthetic only
vs 92.4% real + synthetic settings), which is an exciting observation.

Quantitative results comparing with SOTA. We compare DataDream with SOTA few-
shot methods in Table 3.2. Ours, i.e. DataDreamdset, improves over the previous SOTA on
7 out of 10 datasets, while being competitive on the other 3. On the FGVC Aircraft [121]
dataset, we improve SOTA by 7.5%, on Pets [145] by 2.2%, and on Stanford Cars [100]
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Figure 3.3: Qualitative results with increasing number of shots vs 16-shot images
generated with SOTA of the class Spitfire from the FGVC Aircraft [121] dataset. The
real few-shot images at the top are used to generate the presented synthetic images at the
bottom. We always use a fixed set of 16 samples, i.e. 1-shot image is a subset of 16-shots,
to insure fairness in comparing results with the increasing number of shots.

by 3.9%. This highlights that synthetic images generated by DataDream provide more
training value than the previous SOTA generation method. On average, we improve over
the next best synthetic augmentation method by 1.5% and over the best method without
data generation, CoOp [243], by 7.8%.

3.4.3 Analysis of DataDream

Qualitative results. We provide a qualitative analysis of DataDream in Figure 3.3 of the
Spitfire class in FGVC Aircraft. To support our 1-, 4-, 8-, and 16-shot generated images,
we include the real few-shot examples used to generate them. We also show previous
SOTA images for comparison, from two other image-generation methods: DISEF [37] and
IsSynth [69].

When comparing to the previous SOTA, we notice that DataDream is better able to
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generate images that match the target domain. For example, they imitate that in the
context of the dataset, planes are more likely to be photographed on the ground, in a
hangar, or taking off than in the air, unlike both previous methods that generate images
that are unlikely to be found in the dataset. We also notice that our models are better able
to match the color palette of the real data, as opposed to DISEF, where we find the colors
to be too bright compared to the real data. Furthermore, our model is the only one of all
three that replicates the black border at the bottom of all images, even after only a single
shot.

Furthermore, we notice thatDISEF has a higher tendency to generate out-of-distribution
data, sometimes omitting the target class entirely and therefore creating a need for CLIP
filtering. We hypothesize this might be due to their use of diverse captions, which may
sometimes guide the image generation too far from the core distribution. By focusing
on fidelity to the class distribution and keeping our prompts simple, we generate fewer
out-of-distribution samples. This allows us to use all samples generated, which is a better
use of resources.

We also notice some interesting differences between DataDreamdset and
DataDreamcls. On the one hand, we find that DataDreamcls is better able to accurately
represent the Spitfire class, especially at a low number of shots. On the other hand, the
additional data in DataDreamdset allows it to avoid certain overfitting mistakes, such
as creating only black and white images after the first shot, which happens to be a
monochrome image.

Comparing DataDream models trained on different numbers of few-shot examples, we
notice an increase in quality with number of images, showing qualitatively the benefit of
adding even a few more images. Already at four shots, we obtain images that are not only
better quality, but closer to the real data domain. We also note that the lower the number
of shots, the more the model benefits from careful selection of a diverse and representative
group, so that the model does not pick up on patterns that are not representative of the
full data distribution. At only four shots, we notice that the real images contain a specific
color palette that is not necessarily representative of the full dataset, as evidenced by the
next four images; this led to the 4-shot results lacking diversity of color and brightness.
This goes to show that wherever possible, careful selection of representative data is highly
beneficial. It also highlights the ability of our method to find and replicate patterns in the
few-shot distribution.

Distribution alignment. The qualitative analysis shows DataDream being able to capture
both the presence of objects of interest and the fine-grained features essential for class
discrimination. To gain more insights, we examine the alignment between synthetic and
real datasets. To quantitatively assess the alignment, we use the Frechet Inception Distance
(FID) [76] score, a metric that quantifies the quality of generated images. Concretely, we
compute the set of FID scores for each method by evaluating the distance between the
distribution of synthetic images and that of real images on a per-class basis. Lower FID
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Figure 3.4: Distribution of FID scores per-class. The FID score is calculated per-class to
measure how close the synthetic data distribution is to the real data distribution.
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Figure 3.5: Ablation study of DataDream. Left: We vary the number of synthetic images
per class to understand the scaling effect. Right: We vary the number of real examples
used for training DataDream.

indicates synthetic images are closer to the real data distribution. We visualize the FID
scores using histograms, as shown in Figure 3.4.

In the experiment on ImageNet, we observe that the histogram for our method skews
left, indicating lower FID scores. Meanwhile, the histogram of DISEF tends to lean
towards the right. This is attributed to how DISEF uses LLM-generated prompts for
image generation. While it gives the generated images diversity, it also introduces out-of-
distribution artifacts, as observed in the qualitative analysis. Compared to DISEF, IsSynth
aligns more with the real data, but may have less diversity due to its usage of a standard
prompt, generating similar images from the conditioned real image. In contrast, our
DataDreamdset balances fidelity, due to the adaptation of the generative model to match
few real shots, and diversity, due to the initial randomness in the generation pipeline.
This results in the synthetic images of DataDreamdset closely matching the real data
distribution. We posit that the better alignment contributes to classification performance,
as demonstrated in §3.4.2.

3.4.4 Ablation study

Accuracy scaling by number of synthetic images. Previous literature has shown that
as the number of synthetic images increases, model accuracy may also increase [173].
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Therefore, we provide Figure 3.5, where the left part shows the effect on DataDream of
increasing the number of images for FGVC Aircraft [121]. We find that as more images
are generated, model accuracy increases in all settings: DataDreamdset and DataDreamcls

and Synth and Synth + Real. Even at 500 images, we observe that performance is not
yet saturated. Compared to Real-finetune, we observe that in the Synth + Real setting,
DataDream performs better already starting at 100 images per class.

In the synthetic-only setting, DataDreamcls out-performs real images entirely after
generating only 200 images. Another interesting result is the gap between DataDreamcls

and DataDreamdset: this difference holds between any number of images, showing that
DataDreamdset is a better fit for this dataset than DataDreamcls, regardless of the number
of synthetic images. However, remembering from Table 3.1 that DataDreamdset performed
better than DataDreamcls on 5 out of 10 datasets, we note that this advantage is dataset-
dependent rather than a general trend.

Varying the number of few-shot images 𝐾. Furthermore, we operate in a 𝐾-shot regime;
therefore, we expect that as 𝐾 increases, the model accuracy should increase as well. As
done in [37], we show the effect of 1-, 2-, 4-, 8-, and 16-shots on FGVC Aircraft [121]
dataset, for 500 images in the real + synth setting, compared to previous literature. We
observe that as the number of few-shot images increases, DataDream consistently shows
higher accuracy than previous SOTA. We believe that this behavior is expected; as with
any training or fine-tuning regime, at least a small training dataset base is necessary. Too
few samples could be prone to overfitting, thus reducing variety and failing to include
enough information to successfully understand the overall class distribution. At the same,
since we use LoRA on a subset of all model parameters, we limit the amount of overfitting
from our fine-tuning as compared to full model fine-tuning. This allows DataDream to
outperform Real-finetune even when we use only a single shot. As more data becomes
available, however, DataDream is able to successfully leverage even as few as four or eight
shots to noticeably adapt to the data distribution, as was shown in Section 3.4.3. Hence,
we obtain a relative performance boost when compared to other methods.

3.5 Conclusion

In this paper, we studied the efficacy of leveraging the generative models for improving
the image classification performance in few-shot scenarios. We proposed DataDream,
a method to generate synthetic data with the guidance of few-shot samples, which are
then used for training the image classifier. We introduced LoRA adaptors on both the
text encoder and the diffusion U-Net to efficiently fine-tune the generative model. We
proposed two variants: DataDreamdset, which trains LoRA on the whole targeted dataset,
and DataDreamcls, which adapts LoRA per-class. Our experiments demonstrate that our
method consistently improves classification performance across benchmarks, both in the
synthetic-only and synthetic+real settings. Through qualitative analysis, we observed
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that images generated by our method more precisely generate objects of interest as well
as fine-grained details, contributing to their alignment with real data distributions, as
quantitatively examined by FID scores. Furthermore, we investigated the scalability of
our method by increasing the number of synthetic data samples and the number of real
samples.
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4

LoFT: LoRA-fused Dataset Generation
with Few-shot Guidance

Despite recent advances in text-to-image generation, using synthetically generated data
seldom brings a significant boost in performance for supervised learning. Oftentimes,
synthetic datasets do not faithfully recreate the data distribution of real data, i.e., they
lack the fidelity or diversity needed for effective downstream model training. While
previous work has employed few-shot guidance to address this issue, existing methods
still fail to capture and generate features unique to specific real images. In this paper, we
introduce a novel dataset generation framework named LoFT, LoRA-Fused Training-data
Generation with Few-shot Guidance. Our method fine-tunes LoRA weights on individual
real images and fuses them at inference time, producing synthetic images that combine
the features of real images for improved diversity and fidelity of generated data. We
evaluate the synthetic data produced by LoFT on 10 datasets, using 8 to 64 real images
per class as guidance and scaling up to 1000 images per class. Our experiments show
that training on LoFT-generated data consistently outperforms other synthetic dataset
methods, significantly increasing accuracy as the dataset size increases. Additionally,
our analysis demonstrates that LoFT generates datasets with high fidelity and sufficient
diversity, which contribute to the performance improvement. The code is available at
https://github.com/ExplainableML/LoFT.

4.1 Introduction

Synthetic data offers a cost-effective alternative to the labor-intensive process of real
data collection. One promising downstream application of diffusion-based text-to-image
generative models [13, 77, 151, 157, 159, 170] is to augment real datasets with synthetic
images [49, 185] or training models on entirely synthetic data [69, 173, 227]. While these
methods show potential, models trained solely on synthetic data often underperform com-
pared to those trained on real data [55]. This is largely due to distributional misalignment
between synthetic and real data, as well as a lack of fine-grained detail in the generated
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Figure 4.1: LoFT: Given a few real images per class, we first adapt a diffusion model to
each image using LoRA. Next, two LoRA weights corresponding to images of the same
class are randomly selected and fused to generate new images. The generated synthetic
images above show diverse colors and compositions while maintaining the swing object.

images [55, 90].
To tackle distribution shift issue, recent works suggests to guide the dataset generation

with a few real data samples [37, 69, 90]. In this few-shot setting, we assume to have
access to a few real images for every class for an image classification task. Yet, the issue
of misalignment remains a challenge for certain classes or downstream datasets. For
instance, [37] use partially noised real image as conditional input to the diffusion model
and generate synthetic data using prompts from a captioning model. However, these
images often deviate from the real data distribution, making them less relevant to the task
at hand. [90] propose DataDream, which fine-tunes the diffusion model with few-shot
data to learn the data distribution, but we find that it struggles to generate in-distribution
images for all classes consistently. This is because DataDream finetunes on all available
images from the same class, which makes it challenging to retain high-fidelity details of
individual images (e.g., less frequently visible parts of a class, such as the back of a car),
focusing instead on commonly shared features.

We introduce LoFT, LoRA-Fused Training-data Generation with Few-shot Guidance to
generate high-fidelity, in-distribution synthetic images using few-shot real images. Instead
of fine-tuning a diffusion model on all image of a class jointly, we train separate sets of
Low-Rank Adaptation (LoRA) parameters on individual images, i.e., the diffusion model
learns to overfit to a single image, generating it exclusively. At inference time, we then
fuse together the LoRA weights of any two real images from the same class, to generate
synthetic images that share the characteristics of both images. As shown in Figure 4.1,
given two images of swings, the individual LoRA weights lead to generations similar to
the real image (top and bottom), while the fused LoRA weights create images inheriting
features from both source images while still maintaining the identity of a swing. There
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are two advantages of our LoFT method. First, learning separate LoRA weights for each
individual image eases the diffusion model adaptation as the finetuning can retain on
every detail of the real image. This instance-level adaptation ensures better alignment
between the distribution of the few-shot real images and the synthetic images generated
by the LoRA-tuned diffusion model, resulting in high fidelity. Second, by fusing the LoRA
weights from different images of the same class, we maintain the diversity of the generated
synthetic images.

Our key contributions are: (1) introducing LoFT, a few-shot guided synthetic dataset
generation method that generates high-fidelity, in-distribution synthetic datasets by train-
ing LoRA adapters per image and fusing them when generating synthetic images; (2)
providing a comprehensive comparison of four synthetic dataset generation methods on
ten downstream datasets, demonstrating superior performance in fine-tuning CLIP when
trained on data from LoFT; and (3) analyzing synthetic data generation methods based on
fidelity and diversity, showing that LoFT achieves high fidelity with sufficient diversity,
leading to improved performance when using its synthetic dataset.

4.2 Related Work

Diffusion-based text-to-image (T2I) models have enabled the creation of highly realistic
synthetic images [13, 137, 151, 157, 159, 170]. These models operate by gradually denoising
Gaussian noise, conditioned on textual prompts. Promising downstream applications
of T2I generative models include generating training data for classification [8, 49, 59, 69,
90, 102, 173, 185, 193, 222, 227, 228, 237, 240, 244], handling long-tail distributions [15,
73, 183], data distribution shifts [10, 46], semi-supervised learning [224], representation
learning [197], object detection [109], vision-language pre-training [65, 178, 196], and
image generation [3, 12]. For image classification, a lot of work has focused on generating
synthetic images zero-shot, which typically involves generating data from text prompts
that include the class names from the downstream task [69, 173, 185, 227, 237]. However,
this approach often leads to generated images that lack a faithful representation of the
target object, resulting in a mismatch between synthetic and real images, which hinders
performance gains [90, 196]. To mitigate these issues, there has been growing interest in
few-shot learning, where limited real data is used alongside synthetic data. Techniques
such as initializing the generation from a partially noised real image [37, 69] or fine-tuning
the diffusion model with few-shot data [90] have been employed to align the synthetic
data more closely with real-world distributions. Our method differs from other few-shot
guided methods by using LoRA fusion to combine the features of multiple real images.

Controllable text-to-image diffusion models have enabled personalization in image
generation [60, 154, 168, 169, 182, 203]. Fine-tuning a diffusion model with LoRA [80]
and fusing them in the image generation phase has been demonstrated to be an effective
technique for image morphing [236] and model customization [45], where LoRA weights
are fused to achieve customized outputs. In contrast, ourmethod leverages LoRA fusion for
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Figure 4.2: LoFT pipeline. In the first phase, given a few real images per class, we adapt
a diffusion model to each image using LoRA. In the second phase, two LoRA weights
corresponding to images of the same class are randomly selected and fused to generate
new synthetic images. These generated images are then compiled to form a dataset for
training the classification model.

synthetic dataset generation and demonstrates its effectiveness in training classification
models. While [244] proposed fusing learned tokens from Textual Inversion [60] for
synthetic dataset generation, we show that our LoFT outperforms these previous fusion
methods.

To understand and improve the impact of synthetic training data, [55] measure the
fidelity and diversity of synthetic datasets. Fidelity can be improved through methods
like CLIP filtering [49, 69, 109] and incorporating additional class information [173], while
diversity is affected by the guidance scale [55, 173], adding attributes to prompts [49,
173, 185], or using large language models to generate more varied prompts [65, 69].
Additionally, [55] have explored scaling laws in synthetic training data, demonstrating
that synthetic datasets do not exhibit the same scaling benefits as real data in supervised
tasks. In this work, we examine few-shot guided dataset generation methods in terms of
both fidelity and diversity, and further investigate how scaling up synthetic datasets to
sizes of up to one million affects the performance of these methods.

4.3 LoRA-Fused Training Dataset Generation

In this section, we begin by describing baseline methods for synthetic dataset generation
in the zero-shot and few-shot scenarios (§4.3.1). We then introduce our proposed method,
LoFT, in §4.3.2.
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4.3.1 Synthetic dataset generation

Stable diffusion: text-to-image generation. The Stable Diffusion [159] model learns a
conditional probability distribution 𝑝(𝑥|𝑐) given a data point (𝑥, 𝑐) ∈ 𝒟 where 𝑥 is an
image and 𝑐 is its caption. The model learns a reverse process of gradually denoising
Gaussian noise in the latent space. Concretely, the diffusion and reverse processes work in
a latent space, which is defined through a pre-trained image encoder 𝑓 that encodes the
image 𝑥 to a latent 𝑧, i.e. 𝑧= 𝑓 (𝑥), and the corresponding decoder 𝑔 where 𝑥= 𝑔(𝑧). Given
a time step 𝑡 ∈ {0, · · ·, 𝑇}, 𝑧𝑡 denotes noisy latent state after 𝑡 steps of small Gaussian noise
addition from 𝑧0= 𝑧 where 𝑧𝑇 is Gaussian noise. The latent diffusion models’ objective is
to minimize the following loss:

min
𝜃

E(𝑥,𝑐)∼𝒟 , 𝜖∼𝒩(0,1), 𝑡
[
∥ 𝜖 − 𝜖𝜃(𝑧𝑡 , 𝜏(𝑐), 𝑡) ∥22

]
, (4.1)

where 𝜏(·) is a text encoder. Intuitively, the loss enables the model to learn to denoise the
latent 𝑧𝑡 . During inference, we start with noise 𝑧𝑇 and iteratively denoise it through 𝑇
steps of the latent diffusion model, obtaining 𝑧0. This latent is decoded by the pre-trained
decoder 𝑔 to generate a final image 𝑥′ = 𝑔(𝑧0).

Zero-shot image generation. New images can be generated by conditioning the model
on a template prompt [69, 173], such as "a photo of a {𝑙}", where 𝑙 represents a class
name. As a result, the synthetic dataset

𝒟synth = {(𝑥𝑖 , 𝑦𝑖)}𝑠𝐿𝑖=1

contains 𝑠 generated images for each of the 𝐿 classes where every image 𝑥𝑖 is automatically
annotated by the class label 𝑦𝑖 ∈ {1, 2, · · ·, 𝐿} derived from its textual prompt. To improve
diversity in these generated images, lowering the guidance scale has been shown to
be effective, as it encourages more output variety, therefore improving classification
performance [55, 173]. We refer to this method as ClassPrompt.

Few-shot guided dataset generation. While zero-shot text-to-image methods can gen-
erate a large amount of distinct images, they often struggle to produce the classification
object of interest or capture fine-grained details of a class [90]. To address this, few-shot
guided approaches have been developed, where we assume access to a few real images
for each class. In the 𝑘-shot setting, we denote

𝒟fs = {(𝑥𝑖 , 𝑦𝑖)}𝑘𝐶𝑖=1

as the few-shot dataset, where 𝑥𝑖 is an image, 𝑦𝑖 is the label of the image, 𝑘 is the number
of available real images per class, and 𝐶 is the number of classes. Few images per class
can already provide rich visual information to better inform the data generation process
beyond textual labels alone, while not requiring an extensive effort to collect. For instance,
DataDream [90] fine-tunes LoRA weights applied on the diffusion model using few-shot
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real images. In our experiments, we use DataDream with LoRA weights trained for each
class as a representative of the few-shot guided image generation approach based on
fine-tuning, and refer to this as DataDream.

While lowering the guidance scale increases variety in zero-shot image generation,
using a template text prompt still limits the generation of a diverse dataset. To further
increase diversity, [227] have leveraged large language models (LLMs) to enrich prompts
with additional context or attributes related to the class name. Additionally, [49] and
[55] leverage real images by applying a captioning model to create detailed captions from
these images, which are then used as prompts for generation. In our experiments, we
include a baseline for few-shot guided data generation through captioning. Specifically,
we caption the few-shot images for each class with PaliGemma [14], a multimodal large
language model. We generate one caption per real image, i.e., 𝑘 captions per class in the
𝑘-shot setting. We then use these captions as prompts for synthetic image generation. We
refer to this method as CaptionPrompt.

4.3.2 LoFT method

While DataDream has shown promising results for few-shot guided dataset generation,
we find that it struggles to generate in-distribution images for some classes, limiting its
impact on classification performance. This issue arises when there is high diversity in
the few-shot images such that the fine-tuned diffusion models do not faithfully represent
fine-grained details that may occur only in one of the images, leading to underfitting.

To overcome these challenges, we propose LoFT, LoRA-Fused Training-data Genera-
tion with Few-shot Guidance for generating better in-distribution synthetic images. As
shown in Figure 4.2, LoFT fine-tunes the pre-trained diffusion model with one set of LoRA
weights for every real image 𝑥𝑖 from the few-shot dataset𝒟fs independently. Specifically,
for every attention layer of the diffusion model U-net, we add LoRA [80] parameters to
the linear weight matrices

ℎout =𝑊ℎin + Δ𝑊 (𝑖)ℎin (4.2)

where ℎ is the activation of a linear layer, 𝑊 ∈ R𝑑1×𝑑2 is the original weight matrix, and
Δ𝑊 (𝑖) is the low rank adaptation matrix which is optimized. The parameterization

Δ𝑊 (𝑖) = 𝐵(𝑖)𝐴(𝑖)

with 𝐵 ∈ R𝑑1×𝑟 and 𝐴 ∈ R𝑟×𝑑2 allows for efficient fine-tuning because the low rank
𝑟 ≪ 𝑚𝑖𝑛(𝑑1 , 𝑑2) reduces the number of tunable parameters significantly. The parameter
efficiency and modularity of LoRA lead to a low storage costs and flexible inference-time
manipulation (fusion).

Fine-tuning LoRA weights on a single image. As presented in the grey box in Figure 4.2,
we fine-tune a separate set of LoRA weights Δ𝑊 (𝑖) for each data point (𝑥𝑖 , 𝑦𝑖) with the
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Figure 4.3: Classification accuracy on ImageNet when fine-tuning CLIP on synthetic data
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LoFT consistently outperforms other methods and real k-shot result with small amount
of synthetic data.

diffusion model objective while keeping the original parameters fixed:

min
Δ𝑊 (𝑖)

E𝜖∼𝒩(0,1), 𝑡
[
|| 𝜖 − 𝜖𝜃,Δ𝑊 (𝑖)(𝑧𝑡 , 𝜏(𝐶(𝑦𝑖)), 𝑡) ||22

]
, (4.3)

where 𝑧𝑡 corresponds to the noised 𝑥𝑖 at step 𝑡 and 𝐶(𝑦𝑖) is the template prompt "a photo

of a {𝑙𝑖}" with 𝑙𝑖 being the class name of 𝑦𝑖 . By learning LoRA weights for every few-
shot image individually, LoFT overfits the diffusion model to a single sample, learning
to reproduce all of its details even if such features were not in the training data of the
original diffusion model. At inference time, every generated image will closely resemble
the original real image, increasing fidelity, i.e., replicating fine-grained details.

Fusing LoRA weights. To increase the generation diversity from single-image LoRAs,
we propose to interpolate their weights. We fuse two randomly selected LoRA weights
corresponding to real images from the same class with

ℎout =𝑊ℎin + 𝜆Δ𝑊 (𝑖)ℎin + (1 − 𝜆)Δ𝑊 (𝑗)ℎin (4.4)

where 𝜆 ∈ [0, 1] and {(𝑖 , 𝑗)|𝑦𝑖 = 𝑦 𝑗}.
This fusing strategy combines features from the different instances, effectively inter-

polating between real images in the weight space of the diffusion model, and improving
the diversity of the generated images, as shown in the second phase in Figure 4.2. While
𝜆 = 0 or 𝜆 = 1 are reproducing the real data, choosing 𝜆 = 0.5 best interpolates images to
produce new in-distribution samples of both high fidelity and diversity.

4.4 Experiments

We use Stable Diffusion [159] version 2.1 as the generative model for all synthetic dataset
generation methods. For the ClassPrompt approach, we utilize the template prompt, "a

photo of a {𝑙}". In the CaptionPrompt method, the prompt "Caption the image:"1

1Sourced from the original code base.
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Method Cal DTD Eur Air Pet Car SUN Food Flo Avg

CLIP zero-shot 93.0 44.4 47.6 24.7 89.2 65.2 62.6 86.1 71.4 64.9
ClassPrompt 93.9±0.2 53.7±0.5 46.2±0.7 26.5±0.1 92.5±0.1 74.1±0.5 67.0±0.0 85.1±0.0 71.9±0.5 67.9±0.1

CaptionPrompt 95.4±0.3 63.9±1.0 46.6±1.7 26.6±0.1 92.9±0.1 74.4±0.1 73.9±0.2 85.4±0.0 72.3±0.5 70.2±0.1

DataDream 96.0±0.4 64.9±0.2 84.1±3.4 61.4±0.9 93.5±0.2 90.5±0.4 74.4±0.2 86.5±0.0 98.0±0.2 83.2±0.4

LoFT (Ours) 96.7±0.2 70.5±0.1 86.8±2.2 66.1±1.5 93.2±0.1 89.3±0.5 75.5±0.0 86.0±0.0 98.0±0.2 84.7±0.2

Table 4.1: Classification accuracy on 9 fine-grained benchmarks when fine-tuning CLIP
on synthetic data with 16-shot guidance. 500 synthetic images are generated for each class.
Datasets are Cal: Caltech 101, Eur: EuroSAT, Air: FGVC Aircraft, Flo: Flowers 102.

Method Cal DTD Eur Air Pet Car SUN Food Flo Avg

CLIP zero-shot [155] 93.0 44.4 47.6 24.7 89.2 65.2 62.6 86.1 71.4 64.9
CoOp [243] 95.5±0.1 67.8±2.2 78.9±0.4 38.7±0.7 93.3±0.3 78.3±0.7 74.0±0.2 86.7±0.6 95.8±0.1 78.8±0.6

TIP-Adapter [238] 95.1±0.1 65.4±1.2 77.6±1.0 39.4±0.3 91.8±0.3 75.6±0.5 72.1±0.2 86.5±0.1 94.6±0.1 77.6±0.2

TIP-Adapter-f [238] 95.8±0.1 72.2±0.3 89.0±0.4 44.9±0.4 93.0±0.2 83.3±0.5 76.3±0.2 87.3±0.0 96.8±0.2 82.1±0.0

AMU-Tuning [194] 97.1±0.3 70.0±1.0 90.4±0.4 47.7±1.6 92.8±0.1 78.5±0.1 72.6±0.2 85.7±0.2 95.4±0.2 81.1±0.3

LoFT (Ours) 97.3±0.1 73.8±0.5 93.1±0.9 71.8±1.6 94.3±0.4 90.7±0.3 77.3±0.0 87.2±0.1 99.2±0.0 87.2±0.3

Table 4.2: Comparison between the state-of-the-art few-shot learning methods on 9 fine-
grained benchmarks. CLIP ViT-B/16 is used as a base model with a 16-shot setting.
Baseline methods use real data, and LoFT use real data as well as synthetic data for the
training set. Datasets are Cal: Caltech 101, Eur: EuroSAT, Air: FGVC Aircraft, Flo: Flowers
102.

is used to caption each input image with PaliGemma [14]. Once a list of captions is
generated, each caption is appended to the template prompt, forming prompts such as "a

photo of a {𝑙}, {caption}." These prompts are then used as conditional input to the
diffusion model to create synthetic images. For DataDream, We adopt the hyperparameter
configuration [90] except that we exclude LoRA on text encoders for training since we
found this to perform better. A guidance scale of 2.0 is used for all methods when
generating synthetic images.

For our LoFT method, we employ AdamW [118] as the optimizer, a learning rate of 1e-3
with a cosine annealing scheduler, and a LoRA rank 𝑟 = 2 for all trained LoRA adapters,
which proved sufficient for adapting to single images. When generating images, LoFT
fuses LoRA weights by randomly selecting two LoRA adaptations and fusing them with
equal weights 𝜆 = 0.5. Different fusion strategies of LoRA weights are studied in §4.4.5.

4.4.1 Synthetic training data on ImageNet

To evaluate different dataset generation methods, we train an image classification model on
each synthetic dataset. The target classification task is ImageNet [42], which contains 1,000
classes. For each generation method, we produce 50, 100, 250, 500, and 1,000 images per
class, corresponding to dataset sizes of 0.05M, 0.1M, 0.25M, 0.5M, and 1M. We use these
datasets to fine-tuning a pre-trained CLIP [155] model and evaluate it on the validation
set of ImageNet. Our goal is to investigate whether synthetic training data can provide
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additional useful information to improve the performance of a pre-trained model that
already has some knowledge of the downstream task. Following the work of [37] and [90],
we use the pre-trained CLIP ViT-B/16 model [155] as the base model, and fine-tune a LoRA
(rank 16) applied to both the vision encoder and text encoder with the synthetic training
data for ImageNet. We also conducted training ResNet50 [68] from scratch, which is shown
in Appendix B. For synthetic data generation methods leveraging few-shot real images,
we conduct experiments in 8-, 16-, 32- and 64-shot settings to examine performance under
different guidance levels. The CLIP fine-tuning results are shown in Figure 4.3.

ClassPrompt does not scale. ClassPrompt dataset generation (purple line) improves over
the baseline CLIP performance of 66.6%, and fluctuates between 69% and 70% as the
dataset size increases. It indicates that the ClassPrompt method fails to improve as more
images are generated. Consequently, synthetic images generated by the ClassPrompt
method provide minimal additional information to the pre-trained CLIP model and
showing no ability to scale.

Few-shot guided methods outperform ClassPrompt. Across all dataset sizes and k-shot
settings, all few-shot guided methods (△markers in Figure 4.3) outperform ClassPrompt
(◦ markers). This is because few-shot guided methods generate higher-quality images
with better diversity (for CaptionPrompt) or higher fidelity (for DataDream and LoFT). We
provide a detailed analysis in §4.4.3 and a qualitative examples in §4.4.4. This indicates that
the inclusion of real-image guidance in the synthetic data generation process significantly
improves the quality of the synthetic training dataset for training the downstream model.

Few-shot guided methods outperform real k-shot. The dashed line in each plot represents
the performance of a model trained solely on k real images per class. We observe that even
with a small number of synthetic images, models trained on a few-shot guided synthetic
dataset can easily outperform models trained with real k-shot data. For example, the
accuracy of the 16-shot real data is 70.48%. By generating 50 synthetic images per class
(resulting in dataset size 0.05M), the accuracy of the model trained on LoFT dataset can
reach 71.02%.

LoFT effectively scales across different k-shot settings. Unlike ClassPrompt, few-shot
guided methods show consistent improvement in performance as the dataset size increases,
with LoFT achieving the best performance across all k-shot settings. For instance, in the
16-shot setting, LoFT shows a 1.22% performance improvement, increasing from 71.02% to
72.24% as the dataset size grows from 0.05M to 1M training images, while CaptionPrompt
shows a 0.81% improvement (70.51% → 71.32%). The difference becomes bigger in
the 64-shot setting where LoFT shows a 2.14% improvement (71.05%→ 73.19%) while
CaptionPrompt shows a 1.02% improvement (70.56%→ 71.58%).
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Figure 4.4: Per-class analysis on synthetic datasets generated from different methods. The
color indicates a log-likelihood of the ImageNet validation dataset when CLIP is fine-tuned
on the 0.5M-sized synthetic dataset in the 16-shot setting.

4.4.2 Synthetic training data on fine-grained datasets

4.4.2.1 Comparison of synthetic data generation methods

To further examine the effectiveness of our LoFT method, we evaluate on 9 fine-grained
benchmarks: Caltech101 [105], DTD [36], EuroSAT [72], FGVC Aircraft [121], Oxford
Pets [145], Stanford Cars [100], SUN397 [218], Food101 [17], and Flowers102 [139]. For
each dataset, we generate 500 synthetic images for each class and fine-tune the CLIP model.
For few-shot methods, we use 16-shot.

The results are shown in Table 4.1. We observe that our LoFT method outperforms
other methods on 6 out of 9 benchmarks, achieving the best average accuracy of 84.7%.
For instance, LoFT performs significantly better than DataDream on the DTD dataset
(70.5% vs. 64.9%) which consists of texture images. This may attribute from LoRA
by DataDream having challenges in learning texture patterns with a batch of images,
whereas optimizing a single image using LoFT leads to better convergence, thus generating
more in-distribution images in the generation phase. Additionally, ClassPrompt and
CaptionPrompt underperform on the Aircraft and Cars benchmarks, due to the limitations
of diffusion models in distinguishing fine-grained classes based on their class names. We
further study when scaling the number of synthetic images in Appendix C. It shows that
for LoFT, the scaling curve meets a plateau at 500 images per class on DTD, while it keeps
increasing over 5000 images per class on the Aircraft dataset.

4.4.2.2 Comparison with Few-shot learning methods

We compare our method with state-of-the-art methods in the few-shot learning literature.
CoOp [243] optimizes the learnable token of textual input, TIP-Adapter [238] designs a
cache model from the few-shot training set, and AMU-Tuning [194] balances the CLIP
logit with MOCOv3 [29]. We reproduce the results using the official source code of each.
While the few-shot learning methods optimize a pre-trained model using real data only,
with LoFT method, we use both the few-shot real images as well as 500 synthetic images
per class for the training set. CLIP ViT-B/16 is used as a base model, and we conduct
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experiments in the 16-shot setting.
The results are presented in Table 4.2. Our LoFT method outperforms baseline methods

on 8 out of 9 benchmarks, achieving the best average accuracy of 87.2% vs. 82.1% of the
next best method TIP-Adapter-f. We observe that there are significant performance gaps
between LoFT and baseline methods on the Aircraft and Cars datasets, which consist of
fine-grained classes. This indicates the advantages of using the synthetic data of LoFT in
addition to the few-shot real images. Qualitative examples on these datasets can be found
in Appendix D.

4.4.3 Per-class analysis on ImageNet

To identify how different factors in the synthetic dataset impact performance, following
[55], we evaluate two metrics: recognizability and diversity. For our analysis, we randomly
sample 50 images per ImageNet class for each synthetic dataset generation method.

• Recognizability: To evaluate the fidelity of the generated images, we use a pre-
trained ImageNet ViT-B/16 classifier (accuracy of 86.2%) to classify the generated
images. The F1 score for each class serves as the metric.

• Diversity: For each class, we extract features from the same pre-trained ImageNet
ViT-B/16 classifier and compute their standard deviation as a measure of diversity
in the generated images.

Figure 4.4 presents the scatter plots for each method where each point summarizes one
class. The color of each point indicates the log-likelihood of the corresponding class in the
validation set of ImageNet, as predicted by the CLIP model fine-tuned on 0.5M synthetic
images in the 16-shot setting.
Recognizability and diversity are inversely correlated. Across all methods, there is an
inverse correlation between recognizability and diversity: as recognizability increases,
diversity tends to decrease, and vice versa.
Few-shot guided methods exhibit higher recognizability, while other methods have
higherdiversity. DataDream andLoFT show higherrecognizability compared to ClassPrompt
and CaptionPrompt. This is because these few-shot guided methods are specifically trained
to generate images similar to the real images. This alignment improves the realism and
quality of the generated images, leading to higher recognizability. While LoFT incor-
porates multiple LoRA weights to increase diversity, it still shows less diversity than
ClassPrompt and CaptionPrompt.
Distinct strengths of each method. CaptionPrompt obtains a good performance on classes
with high diversity (i.e., in the range of 20-25). On the other hand, DataDream and LoFT
demonstrate better performance with high recognizability (i.e., when it is greater than
0.8). This suggests that each method has its own strengths. It remains an open question
for further exploration of methods that combine these strengths, achieving high diversity
and recognizability.
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4.4.4 Qualitative comparison
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(b) Hourglass

Figure 4.5: Qualitative examples for the
classes Acoustic guitar and Hourglass from
ImageNet. Our LoFT method generates di-
verse images, such as variations in zoom level,
for acoustic guitar, and preserves an object of
interest better for hourglass.

We present qualitative results in Figure 4.5
to gain insights into the diversity and qual-
ity of images from different methods. For
the acoustic guitar class (Figure 4.5a), real
images have high variety, including dif-
ferences in zooming, color palettes, and
the presence of humans. In contrast,
ClassPrompt images lack this diversity, dis-
playing limited color variation and similar
representations of the guitar. DataDream
demonstrates a better level of diversity, gen-
erating images with various colors and tex-
tures. However, some DataDream images
exhibit artifacts, which can detract from
their overall quality. In contrast, our LoFT
method successfully balances diversity and
image quality. This is reflected in the quan-
titative metrics, where LoFT achieves the highest scores for recognizability (0.94) and
diversity (14.68), outperforming ClassPrompt (0.88, and 9.54).

In the hourglass category in Figure 4.5b, ClassPrompt sometimes produces image
related to “hour” but not “hourglass”, as seen in the second column. Some of the images
by DataDream show barely recognizable shapes of an hourglass. In contrast, images
from LoFT closely resemble the object of interest. This observation is consistent with the
quantitative metrics where LoFT achieves a recognizability score of 1.0 while ClassPrompt
and DataDream score 0.89 and 0.95, respectively.

4.4.5 Ablation study of LoFT

Our ablation study investigates how different methods of fusing representations impact
the synthetic training dataset. We conduct two studies: one exploring the effect of various
fusion techniques, and another examining the influence of the weight parameter 𝜆 in our
LoRA-based fusion method.

4.4.5.1 Fusion on different representations

To explore the effectiveness of different fusion techniques on the resulting synthetic dataset,
we compare three methods for fusing representations: 1) caption embedding fusion, which
involves averaging the text embeddings of the PaliGemma captions from two images; 2)
image embedding fusion, which directly embeds two images using an image encoder, and
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then passes the average image representation to Stable-Diffusion-2.1-unclip2, a model for
image-to-image generation; and 3) Textual Inversion [60] fusion, which optimizes input
tokens for each image and then fuses the learned token embeddings from two images.

Fusing representation 0.05M 0.1M 0.25M 0.5M

Caption embeddings 70.36 70.55 70.62 70.66

Image embeddings 69.88 69.95 69.99 70.02

Tokens from Textual Inversion 69.70 70.13 70.21 70.29

LoRA weights (= LoFT, ours) 71.02 71.37 72.05 72.21

Table 4.3: Comparison of methods on fusing
different representations when fine-tuning
CLIP. Experiments are done in the 16-shot
setting on ImageNet.

We generate up to 500 images per
class on ImageNet using each method and
fine-tune CLIP on the resulting datasets.
Our results in the 16-shot setting are pre-
sented in Table 4.3, which shows that our
LoRA-based fusion method outperforms
the other techniques both when generating
fewer samples (50K imgs, +0.66%) and with
increasing number of generations (500K
imgs, +1.55%). This suggests that our
method is more effective at capturing the underlying structure of the data and gener-
ating high-quality images.

4.4.5.2 𝜆 variation for LoRA fusion

Fusing LoRAs 0.05M 0.5M

𝜆 = 0.5 29.03 45.41

𝜆 = 0.7 (or 0.3) 25.60 39.18

𝜆 = 1 (or 0) 22.42 30.85

𝜆 ∼ Beta(2, 2) 28.28 43.15

𝜆 ∼ Beta(5, 5) 28.56 44.91

𝜆 ∼ Beta(10, 10) 29.40 45.36

[0.5, 0.25, 0.25] 27.87 43.63

[0.33, 0.33, 0.33] 28.46 44.10

[0.7, 0.15, 0.15] 22.19 36.28

Table 4.4: Ablation study
on LoRA fusion. We train
ResNet50 from scratch in the 16-
shot setting.

We also examine the impact of𝜆 on the generated images
and downstream classification performance. In §G we
show examples of images generated with different values
of 𝜆 illustrating that 𝜆 = 0.5 provides the best visual
results, especially in terms of diversity.

In Table 4.4, we quantitatively demonstrate the im-
portance of choosing an optimal value for 𝜆. When 𝜆

is set to 0.5, our method achieves the best performance,
with a significant increase in accuracy as the amount of
training data increases (scaling from 29.03% to 45.41%
with 0.05M to 0.5M samples). In contrast, setting 𝜆 to
values closer to 0 or 1 results in lower performance, due
to a lack of diversity in the generated images (only scal-
ing from 22.42% to 30.85% with 0.05M to 0.5M samples
for 𝜆 = 1).

Second, we explore the impact of introducing ran-
domness to the 𝜆 value, using a Beta distribution
Beta(𝛼, 𝛼), where 𝛼 controls the concentration of 𝜆 around the value of 0.5. Larger
values of 𝛼 lead to a distribution that is more concentrated around 0.5, while smaller
values of 𝛼 allow for a broader spread across the [0,1] interval. When 𝛼 is small, the
performance decreases, i.e., accuracy of 43.15% (𝛼 = 2) vs. 45.36% (𝛼 = 10) with 0.5M

2https://huggingface.co/stabilityai/stable-diffusion-2-1-unclip
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data samples. This suggests that having a more concentrated distribution around 𝜆 = 0.5
is beneficial for performance.

Finally, we also evaluate the performance of fusing three LoRA weights during dataset
generation. Our results, presented in the last three rows of Table 4.4, show that none of
these methods outperform the two-LoRA fusion with 𝜆 = 0.5. In fact, using more than
two LoRAs introduces artifacts into the generated images, which can deteriorate their
recognizability.

4.5 Conclusion

In this paper, we introduced LoFT, LoRA-Fused Training-data Generation with Few-
shot Guidance. LoFT fine-tunes LoRA weights on individual real images, ensuring high
fidelity when generating synthetic images, and then fuses them to achieve diversity. Our
experiments demonstrate that LoFT consistently outperforms other methods when fine-
tuning a pre-trained CLIP model. This is because the synthetic images generated by LoFT
complement the prior knowledge contained in CLIP by accurately capturing and fusing
the features of each class. Additionally, we showed that LoFT performs better as the
number of few-shot samples increases when training from scratch. Our analysis of the
synthetic datasets showed that LoFT achieves a balance of high fidelity with reasonable
diversity, while methods like ClassPrompt and CaptionPrompt focus more on generating
diverse images at the cost of fidelity.
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5

Improving Intervention Efficacy via
Concept Realignment in Concept

Bottleneck Models

ConceptBottleneckModels (CBMs) ground image classification on human-understandable
concepts to allow for interpretable model decisions. Crucially, the CBM design inherently
allows for human interventions, in which expert users are given the ability to modify
potentially misaligned concept choices to influence the decision behavior of the model in
an interpretable fashion. However, existing approaches often require numerous human
interventions per image to achieve strong performances, posing practical challenges in
scenarios where obtaining human feedback is expensive. In this paper, we find that this is
noticeably driven by an independent treatment of concepts during intervention, wherein a
change of one concept does not influence the use of other ones in the model’s final decision.
To address this issue, we introduce a trainable concept intervention realignment mod-
ule, which leverages concept relations to realign concept assignments post-intervention.
Across standard, real-world benchmarks, we find that concept realignment can signifi-
cantly improve intervention efficacy; significantly reducing the number of interventions
needed to reach a target classification performance or concept prediction accuracy. In
addition, it easily integrates into existing concept-based architectures without requiring
changes to the models themselves. This reduced cost of human-model collaboration is
crucial to enhance the feasibility of CBMs in resource-constrained environments. Our
code is available at https://github.com/ExplainableML/concept_realignment.

5.1 Introduction

Despite tremendous progress of Deep Learning (DL) techniques in research and applica-
tions, their adoption to high-stakes scenarios has been limited [97, 232, 234]. This is in
large part due to unpredictable biases and failure cases of deep models when transfer-
ring to unseen data or complex & ambiguous cases grounded in the numerous model
parameters, architecture designs and training choices [18, 23, 35, 47, 51, 54, 62, 127, 163].
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Figure 5.1: Concept-based classification models allow for human intervention, where a
human expert can correct specifically assigned concepts. However, to achieve satisfactory
performance, concept-based classification models often require a large number of inter-
ventions, where each additional intervention requires costly human interaction.

The black-box nature of typical DL models and their representation spaces [20, 23, 116,
161, 188] further exacerbate this problem, as it makes understanding and debugging the
decision-making process of these models difficult. Consequently, it becomes hard for
human practitioners to trustworthily operate these models in scenarios with significant
legal [53, 206] or ethical [50, 150] constraints.

To foster trust, transparency in the decision-making process, and the ability to operate
alongside expert feedback are required. In order to incorporate these desiderata into the
design space of deep models, Koh et al. [97] introduced Concept Bottleneck Models (CBMs).
These models break the decision process into the extraction of human-interpretable
concepts (such as "white wings" and "orange beak" when classifying a seagull) from
a given input, and a subsequent concept-grounded classifier operating on top of these
concept predictions. While this allows users to peek into the model decision process -
maybe even more importantly, it also uniquely allows for human-guided intervention and
feedback integration at test time. This is done through concept interventions, wherein an
expert user analyses predicted concepts and optionally replaces those they deem incorrect
with ground-truth information (Fig. 5.1).

Such interventions can significantly raise the performance and reliability of these
models [97, 184, 232, 234], while offering a natural interface for human-AI collaboration.
However, human annotation is expensive, especially when resources and access to expert
knowledge are limited. Ideally, such concept models should operate well with minimal hu-
man input. This becomes particularly prevalent as CBMs (as well as follow-up extensions
such as Concept Embedding Models (CEMs, [232])) often require numerous interventions
in order to significantly boost model performance [97, 232, 234], as the set of concepts
these models operate on can often be rather extensive. For example, on the widely used
CUB benchmark (bird classification, [207]), it takes 13 interventions per image on overage
to raise the accuracy of a baseline CBM model from around 68% to 90% (Fig. 5.4).
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In this work, we posit that a large part of this limited intervention efficacy can be traced
back to the independent nature of how concept interventions are treated. This means that
correcting for one concept (or a set of concepts) does not affect which other concepts are
predicted for the same image. However, the occurrence of concepts in real life is often
correlated, and informing the model about one concept should consequently influence
the use of related ones. Not doing so means that we do not leverage human feedback to its
full extent - intervening on one specific concept naturally gives additional context about
the potential occurrence of other concepts, which should be taken into account in the final
classification process. In particular, we study the extent of this crucial aspect when oper-
ating with concept-based models. Our study highlights how the use of a simple concept
intervention realignment module, which learns from statistical concept relations, can ef-
fectively and automatically realign concept values after an intervention (or multiple) have
been performed. Our experiments reveal how our concept intervention realignment can
seamlessly integrate into and improve any existing concept-based approach (e.g. default
CBMs [97], advanced CEMs [232] or recently introduced intervention-aware CEMs [234]),
and can be deployed both jointly during the initial training of the concept model, and as a
post-hoc trained realignment mechanism. Across three standard, real-world benchmarks
(CUB [207], CelebA [115] and AwA2 [217]), we showcase consistent, in parts very signifi-
cant improvements in intervention efficacy. Across both concept prediction accuracy as
well as overall classification accuracy, performance increases more rapidly with interven-
tions as compared to a baseline where concepts are not realigned (in parts reducing the
number of interventions needed to reach a target performance by over 70%). Combined
with its versatile usage and the minimal additional resource requirements, we believe our
insights into concept intervention realignment to be of high practical relevance, helping
to drive down the cost of human-model collaboration and facilitate the corresponding
practical deployment of concept-based models.

5.2 Related Works

Concept Bottleneck Models (CBMs) have been extensively studied since their introduc-
tion by [97]. [232] proposed Concept Embedding Models as a generalization, utilizing
embedding vectors for concepts rather than scalar probabilities, thus enhancing task per-
formance while maintaining interpretability. Recent efforts have explored methods to
enhance CBMs without requiring explicit concept supervision during training, leverag-
ing pre-trained vision backbones and language guidance [142, 221, 230]. [4] introduced
Self-explaining Neural Networks (SENNs) for unsupervised concept learning, while [174]
proposed CBM-AUC combining SENNs with CBMs. Probabilistic CBMs [87] were pro-
posed to model uncertainty in concepts and final predictions. [120, 126] addressed concept
leakage, while techniques proposed by [67, 125] aimed to alleviate it. Our work comple-
ments these efforts by enabling CBMs to update predictions of all concepts after human
intervention.
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Interventions on CBMs. [97] showed that intervening on randomly selected concepts
enhances classification performance in CBMs. [25] and [181] proposed uncertainty-
based strategies for expert interventions. [184] extensively studied concept selection
strategies, focusing on task performance and execution cost. [234] introduced interventions
during training to enhance model receptiveness to test-time interventions. Our approach
complements existing methods by updating predictions of all concepts following expert
interventions, allowing integration with prior strategies. Concurrently, [220] proposed
Energy-based CBMs to automate concept prediction updates. In comparison, our method
benefits from higher simplicity, improved performance, and seamless integration with
existing CBM approaches.

5.3 Methods

5.3.1 Background and Preliminaries

Concept Bottleneck Models. A Concept-Bottleneck Model (CBM) can be viewed as
a composition of two models, ℎ = 𝑓 (𝑔(𝑥)) : 𝒳 → 𝒴 , with concept encoder 𝑔 : 𝒳 →
𝒞 , and concept-based classification head 𝑓 : 𝒞 → 𝒴 . 𝒳 ,𝒴 , where 𝒞 denote input,
class label, and concept sets, respectively. CBMs get their name from an inherently
bifurcated optimization process: While the concept encoder 𝑔(𝑥) is trained to predict
concepts 𝑐 ∈ R𝑘 from the concept set with ∥𝒞∥ = 𝑘 concepts given an image 𝑥 ∈ R𝑑, the
classification head 𝑓 (·) is optimized to predict final target labels 𝑦 ∈ 𝒴 ∈ R𝑀 solely
based on concept assignments produces by 𝑔. CBM training data is thus given as
𝒟 := {𝑥(𝑖) , 𝑐(𝑖) , 𝑦(𝑖)}𝑁

𝑖=1, where 𝑥(𝑖) , 𝑐(𝑖) , 𝑦(𝑖) are the inputs, ground-truth concepts, and
ground-truth labels, respectively. Following existing works [97, 232, 233, 234], the concept
encoder 𝑔 is trained using a (weighted) binary cross-entropy loss (ℒconcept(𝑐, 𝑐)), while
the classification head 𝑓 utilizes a cross-entropy classification objective (ℒtask(𝑦̂ , 𝑦) =
ℒCE(𝑦̂ , 𝑦)).

Overall, there are three established schemes [97] for training CBMs: (1) Independent
training: the concept encoder and classification head are trained entirely independently,
with ground-truth concepts 𝑐 provided as inputs to the classification head during training.
(2) Sequential training: the concept encoder 𝑔 is trained first, followed by the classification
head 𝑓 trained using the concepts predicted by 𝑔. (3) Joint training: both the concept encoder
𝑔 and the classification head 𝑓 are trained together using a combination of ℒconcept and
ℒtask, respectively. In all cases, this means that the classification head leverages only
information on concept (co-)occurences to predict final class labels, making it easy to
ground the final classification decision on interpretable concept assignments.

Concept Embedding Models. The flow of information in a CBM is bottlenecked by the
set of user-defined concepts. This can potentially limit the processing capacity of the
model, especially when the concepts do not contain all the information that is needed to
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perform the downstream task. To overcome this issue, [232] proposed Concept Embedding
Models (CEMs) as a generalization of CBMs wherein every concept 𝑖 is represented by
a pair of high-dimensional vectors, ĉ+𝑖 and ĉ−𝑖 (as opposed to scalar concepts in CBMs).
These embeddings are generated by passing 𝑥 through concept-specific networks 𝜙+

𝑖
and

𝜙−
𝑖
, and represent the concept being present and absent, respectively.
The probability 𝑝̂𝑖 of the concept 𝑖 being in 𝑥 is then simply computed by passing ĉ+𝑖

and ĉ−𝑖 to a scoring function 𝑠 as 𝑝̂𝑖 = 𝑠([ĉ+𝑖 , ĉ−𝑖 ]). Similarly, both embeddings can also be
combined as ĉ𝑖 = 𝑝̂𝑖 ĉ+𝑖 +(1− 𝑝̂𝑖)ĉ−𝑖 to parameterize a joint embedding for concept 𝑖. The final
concept embedding which represents the full image 𝑥 and is passed to the classification
head is then given as ĉ := [ĉ1 , ĉ2 , ..., ĉ𝑘]. Notice the much higher dimensionality of the
concept embedding, which concatenates 𝑘 concept-specific embeddings (as opposed to
producing just a single 𝑘-dimensional concept vector).

Concept Interventions. Both CBMs and CEMs allow users to intervene on concepts
at test time. Concretely, starting from the concept predictions of the model, 𝑐, the user
sequentially intervenes on 𝑇 ≤ 𝑘 concepts. As a human expert has to both investigate
concept predictions and compare against input data, interventions are difficult to paral-
lelize, effectively equating concept intervention into a trajectory of 𝑇 concept intervention
steps [184] (see also Fig. 5.1 for intuition).

Let 𝒮𝑡 represent the set of concepts that have been intervened on up to time 𝑡 ≤ 𝑇.
The corresponding concept embedding at time 𝑡 is then given as 𝑐𝑡 = {𝑐𝒮𝑡 , 𝑐\𝒮𝑡}, where
𝑐𝒮𝑡 denotes the ground truth values of the intervened concepts, and 𝑐\𝒮𝑡 are the model’s
predictions of non-intervened concepts. Intervening on concepts in this way updates
the final prediction of the model from 𝑦̂ to 𝑦̃ = 𝑓 (𝑐). In the case of a CEM, intervening
on concept 𝑖 to update its value from 𝑝̂𝑖 to 𝑝𝑖 changes its embedding from ĉ𝑖 to c̃𝑖 =
𝑝𝑖 ĉ+𝑖 + (1 − 𝑝𝑖)ĉ−𝑖 .

After each intervention 𝑡, we use a concept intervention policy 𝜋(𝑐𝑡) to decide which
concept to intervene on next. While𝜋 can simply suggest random concepts for intervention,
it is often much better to leverage heuristics that rank concepts in the order of importance
(by some measure). A commonly deployed, effective intervention policy is UCP [103,
184], which utilizes the uncertainty of concepts. In particular, UCP selects concepts with
the highest uncertainty, i.e. concept predictions closest to 0.5. More details about the
intervention process can be found in Algorithm 1.

Intervention-aware CEMs. While test-time interventions typically improve performance,
this is not always guaranteed. In fact, recent works have shown that concept interventions
can in some cases even hurt the model’s performance [184, 233]. [234] noted that this
stems from the lack of training incentive for the model to perform well under intervention.
To address this, they proposed Intervention-aware CEMs (IntCEMs), which introduce
interventions during the training process to improve the model’s receptiveness to inter-
ventions at test time, outperforming all existing methods in the intervention setting. In
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Figure 5.2: Illustration of the concept intervention realignment module. Given the
concept encoding 𝑔(𝑥), we intervene on the concept 𝑖 selected by a concept selection
policy 𝜋. This concept is replaced with a ground-truth (GT) value (∈ {0, 1} depending
on whether it is present in a given image or not) to obtain 𝑐𝑡 (representing intervention
step 𝑡 ∈ {1, ..., 𝑇}). This intervened concept representation is then passed into the concept
realignment module (leveraging e.g. an MLP or LSTM reweighting mode), which outputs
the realigned 𝑢(𝑐𝑡). To ensure that the ground-truth values provided by the user are not
overwritten during realignment, 𝑢(𝑐𝑡) retains ground-truth corrections. The final concept
vector is then based into a concept-based classifier 𝑓 .

particular, they train a CEM to minimize the following objective:

ℒIntCEM(𝑥, 𝑐, 𝑦, 𝒯 ) = ℒpred(𝑥, 𝑐, 𝑦, 𝑐, 𝑐𝑡) + 𝜆concℒconc(𝑐, 𝑐) + 𝜆rollℒroll(𝑥, 𝑐, 𝑦, 𝒯 ) (5.1)

ℒpred(𝑥, 𝑐, 𝑦, 𝑐0 , 𝜅𝑡) =
CE( 𝑓 (𝑐, 𝑦) + 𝛾𝑇CE( 𝑓 (𝑐𝑡), 𝑦)

1 + 𝛾𝑇

ℒpred is the prediction loss for 𝑦,ℒconc the concept prediction loss,ℒroll the rollout loss
incentivizing the model to predict the most informative concept for intervention. 𝜆conc

and 𝜆roll are user-defined weights corresponding to ℒconc and ℒpred respectively, while
𝒯 denotes the intervention trajectory. ℒpred penalizes the model for incorrect predictions
both before and after the intervention, and 𝛾 ≥ 1 is a scaling term that prioritizes correct
predictions after intervention.

5.3.2 Concept Intervention Realignment

Previous works incrementally improve on predecessor methods by better parameterizing
concept representations or introducing an intervention-aware training objective. However,
all these works still treat concept interventions independently. This means that an inter-
vention on one specific concept has no effect on the assignment of other concepts. This
disregards relationships between concepts, which in practice do not occur independently
(e.g., "white wing" and "white belly" are more likely to co-occur). As a result, the existing
intervention process does not utilize human feedback optimally, as information about the
verified existence of one concept should naturally guide the prediction of other concepts.
While this aspect is naturally important to ensure that an accurate concept representation
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is passed to the label classifier, it is also crucial when utilizing concept-selection criteria
such as UCP because intervening on one concept should consequently reduce the chances
of intervening on other closely related, likely co-occurring concepts, while also raising the
probability that uncertain and unrelated concepts get intervened on.

Intervention Realignment Module. To address this, we propose a concept intervention
realignment module (CIRM), which consists of two interdependent components: (a) a
concept realignment model (CRM), 𝑢 : 𝒞 → 𝒞 . After a user intervenes on a subset of
concepts 𝒮, the remaining concepts (\𝒮) are updated by a realigner network; and (b) an
intervention policy 𝜋. The concepts predicted by the realignment model are fed to the
policy to suggest which concept to intervene on next. Both components are interdependent,
and together form the overall concept intervention realignment module, as also visualized
in Figure 5.2. The training of the full CIRM comprising both selection policy and concept
realignment model aims to simulate the complete intervention process. It thus starts from
the concept predictions of the base model, 𝑐, where we sequentially intervene on concepts
for 𝑇 ≤ 𝑘 time steps by following a policy of choice, 𝜋 (in our case UCP by default, which
we experimentally find to outperform random intervention significantly; See Supp. §B).

As in §5.3.1, let 𝒮𝑡 denote the set of intervened concepts and 𝑐𝑡 = {𝑐𝒮𝑡 , 𝑐\𝒮𝑡} denote
the concepts at time 𝑡, respectively. At every intervention time step, we feed 𝑐𝑡 to the
realignment model to obtain updated concept predictions as 𝜅𝑡 = 𝑢(𝑐𝑡), which in turn are
utilized by 𝜋(𝜅𝑡) to produce intervention recommendations for 𝑡 + 1. Finally, we train 𝑢
with the ground-truth labels as targets using the loss ℒ(𝑢) = (∑𝑇

𝑡=0 CE(𝑢(𝑐𝑡), 𝑐))/𝑇.

Using this simple objective, the concept realignment model 𝑢 learns to take concept
representations and leverage intervened concepts 𝒮𝑡 to predict an updated concept dis-
tribution, i.e., 𝑝(𝑖; 𝑐,𝒮𝑡). Note that this training objective utilizes standard CBM training
information (i.e., concept annotations, [97, 184, 232, 233, 234]); so no additional information
beyond the standard CBM pipeline is required.

The overall training pipeline can still follow the standard CBM training paradigms (see
previous section), with the intervention realignment module being trained independently
on top of a pre-trained frozen CBM/CEM as a posthoc realignment method, or jointly with
the CBM/CEM to introduce an explicit realignment objective during training. For posthoc
realignment, we first train the backbone 𝑓 and the classification head 𝑔. Subsequently, we
freeze those components and train the realignment model 𝑢.

Realignment Models. As shown in Fig. 5.2, we parameterize our concept realignment
model with a neural network 𝑣. To ensure that 𝑢 does not overwrite the ground-truth
concepts provided by the user, we also keep track of the already intervened concepts 𝒮𝑡 .
Using this information, we replace the output of the realigned concept embedding with
the user-provided values for concepts in 𝒮𝑡 . Hence, the final output of 𝑢 for the 𝑖𝑡ℎ concept
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is given as

𝑢(𝑐𝑡 ,𝒮𝑡)(𝑖) =

𝑣(𝑐𝑡)(𝑖) if 𝑖 ∉ 𝒮𝑡
𝑐
(𝑖)
𝑡 if 𝑖 ∈ 𝒮𝑡 .

Depending on the assumptions made on the realignment process, 𝑣 is either a simple
MLP or a recurrent model (such as an LSTM [78]). The former parametrizes our default
concept intervention realignment model, which only passes the set of intervened and
un-intervened concepts at intervention step 𝑡 to the concept realignment model consisting
of a simple MLP. The set of concepts fed into the MLP may either be the original
concept embedding 𝑐0, where all intervened concepts up to and including step 𝑡 have
been replaced with ground-truth values, or the previously realigned 𝜅𝑡−1 with similarly
updated intervened concepts (c.f. Fig. 5.2, "GT"). Note that in either case, 𝜅𝑡−1 informs the
selection process of the subsequent concept to intervene on. After all interventions, the
final concept embedding fed into the classifier is always 𝑢(𝑐𝑇). Practically, we found using
𝑐𝑡 to work slightly better than 𝜅𝑡−1. Both cases above however only pass the final set of
concepts at time 𝑡 to the realignment model. Given the sequential nature of interventions,
however, it may also be beneficial to account for the entire intervention history to inform
future concept realignment. As a result, we also introduce a recurrent realignment variant,
𝑢rec, which employs an LSTM model to retain the entire history of interventions until time
𝑡. An algorithmic summary is provided in supplementary §A.

End-to-End Realignment. In order to jointly train the CIR module and the base model
𝑓 ◦ 𝑔, we will perform interventions while also training the base model. This naturally
combines with the IntCEM framework [234], which incorporates train-time interventions,
and as such is our default choice for joint model and realignment module training.

Concretely, we modify IntCEMs such that after 𝑡 interventions, concepts 𝑐𝑡 are corrected
post-intervention to obtain 𝜅𝑡 = 𝑢(𝑐𝑡), which is then fed to the classifier 𝑓 . The new training
objective, then, is:

ℒIntCEM-ReA(𝑥, 𝑐, 𝑦, 𝒯 ) = ℒpred(𝑥, 𝑐, 𝑦, 𝑐0 , 𝜅𝑡)+𝜆concℒconc-ReA(𝑐, 𝑐, 𝜅0 , 𝜅𝑡)+𝜆rollℒroll (5.2)

ℒconc-ReA(𝑐, 𝑐, 𝜅0 , 𝜅𝑡) =
1
2

(
ℒconc(𝑐, 𝑐) +

CE(𝜅0 , 𝑐) + 𝛾𝑇CE(𝜅𝑇 , 𝑐)
1 + 𝛾𝑇

)
(5.3)

where ℒconc-ReA is the modified concept prediction loss which trains both the backbone 𝑔
of the base model (first term) as well as the CRM (second term). We use the same 𝛾 as in
ℒpred to prioritize correct predictions by the CRM after intervention, and the same 𝜆conc

and 𝜆roll as in Eq. 5.1.
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Figure 5.3: Conceptprediction loss vs. the numberof intervenedconcepts withandwithout
concept realignment. Concept realignment consistently improves concept predictions.

5.4 Experiments

5.4.1 Preliminaries

Datasets. We perform experiments on three datasets: (1) Caltech-UCSD Birds-200-
2011 (CUB) [207] containing 𝑛 = 11, 788 bird images over 200 classes. Following the
original CBM paper [97], we use 112 concepts grouped into 28 concept groups with the
same splits. (2) Large-scale CelebFaces Attributes (CelebA) [115] contains over 200,000
celebrity images annotated with 40 attribute labels, including noisy characteristics such
as gender and age. Following [232, 234], we use only the most balanced 8 concepts in our
experiments, resulting in 28 = 256 classes. (3) Animals with Attributes 2 (AwA2) [217]
is a collection of 𝑛 = 37, 322 animal images over 50 classes annotated with 85 attributes
such as species, color, and behavior.

Implementation Details. We perform experiments on CEMs, IntCEMs, and three types
of CBMs (sequential, independent, and joint). For all models and datasets, we follow
the hyperparameters used in [234]. During CIRM training, we sequentially intervene on
concepts𝑇 = 𝑘 times. By default, we use UCP both during training and inference, and if not
stated otherwise, use a multi-layered perceptron (MLP) for concept realignment. We use
the predictions of the base CBM (𝑐𝑡) as its input for un-intervened concept representations.
We perform a small, standard hyperparameter using Optuna [2] with 50 trials to search
over the number of hidden layers ∈ {1, 2, 3} and units ∈ {𝑘, 2𝑘, 𝑘/2}, the learning rate
∈ [10−5 , 10−1] and weight decay ∈ [10−6 , 5 × 10−5], and use the same batch size as used to
train the base model. We employ early stopping and learning rate decay on the validation
loss. For joint training, we instantiate the realigner MLP 2 hidden layers containing 𝑘

neurons each. Experiments are conducted using PyTorch [146].

5.4.2 Concept Realignment Improves Intervention Efficacy

To probe the efficacy of our concept intervention realignment module, we evaluate both
the change in concept prediction loss as well as overall classification accuracy as a function
of intervened concept counts. These are visualized in Fig. 5.3 and Fig. 5.4 for sequentially
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Figure 5.4: Classification accuracy vs. the number of intervened concepts with and without
concept realignment. Realignment consistently improves classification accuracy.

Table 5.1: Area Under Curve (AUC) of Concept Prediction Loss and Classification Accuracy
with/without CIRM. We use the same backbone for sequential and independent CBMs.
CIRM improves performance across all models and datasets. Intervention curves share
long saturation plateaus for high intervention counts. Accuracy AUC scores are thus
saturated, and best combined with performance graphs in Figs. 5.3, 5.4.

Base Model Realigned Concept Loss AUC ↓ Accuracy AUC ↑
CUB CelebA AwA2 CUB CelebA AwA2

Sequential CBM × 6.71 1.59 4.26 2460.8 280.7 8364.0
✓ 3.15 1.52 1.13 2510.9 284.3 8397.6

Independent CBM × 6.71 1.59 4.26 2653.4 280.2 8403.4
✓ 3.15 1.52 1.13 2678.3 282.1 8437.0

Joint CBM × 5.93 3.06 4.77 2580.3 273.1 8276.4
✓ 3.67 1.76 1.48 2609.0 273.9 8327.4

CEM × 5.99 1.61 4.90 2521.4 396.3 8429.3
✓ 3.20 1.46 1.69 2558.4 400.1 8433.9

trained CBMs (see §5.3.1), respectively, for all benchmark test sets - CUB, CelebA and
AwA2. Note that for AwA2, we only show the first 50 interventions for visual clarity, as
performance beyond that heavily plateaus since sufficient concepts have been intervened
on to perfectly solve the test data. Table 5.1 numerically summarizes these results via AUC
scores and provides additional scores for independently trained CBMs, jointly trained
CBMs as well as Concept Embedding Models (CEMs). Runs in Tab. 5.1 and Figs. 5.3, 5.4
all utilize the stronger UCP concept selection policy as opposed to the weaker random
selection policy (§B) to measure intervention efficacy at the highest level, and train the
concept realignment module on top of already trained concept models.

Improved concept attribution through intervention. Across all datasets, we can observe
a consistent, in parts vast reduction in concept prediction loss, which measures the correct
assignment of concepts for each input (using the concept loss described in §5.3.1). For
example on CUB, a tenfold reduction of the original unintervened concept loss (∼ 0.6 to
∼ 0.06) can be achieved with half the number of interventions (11 with concept realignment,
23 without). This effect becomes even more prevalent on AwA2, where a tenfold reduction
(∼ 0.17 →∼ 0.017) is achieved after around 16 interventions with realignment versus
more than 60 without; marking a more than 70% reduction in intervention efforts. This
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is also reflected in Tab. 5.1, where concept loss AUC drops by in parts more than half for
CUB and from 4.26 to 1.13 on AwA2. We find this significant improvement in concept
attribution persists across all CBMs and CEMs, as well as random seed initializations (see
Supp. Tab. D.1, D.2 and D.3)

We do find that for CelebA with a much more restrictive concept bottleneck than e.g.
CUB and AwA2, due to significantly fewer (note that in CUB concepts are already grouped,
see §5.4.1) and noisier concepts, that the overall gain in concept accuracy is smaller. This
is also reflected in the notably weaker performance of the base CBM (c.f. Fig. 5.4, middle -
less than 38% accuracy when intervening on all concepts), which strongly points towards
overall insufficient concept information provided in the CelebA training data. Overall,
however, we find very clear evidence that the concept intervention realignment module
allows practitioners to leverage human intervention feedback to a much larger extent
to attribute the correct concepts to respective inputs. This means that the subsequent
classifier will operate on a much more accurate set of concepts, thereby improving the
overall interpretability of the final classification decision.

Improved overall classification through intervention. On top of that, we also find that
the significant gain in intervention efficacy on a concept attribution level also translates to
subsequent gains in intervention efficacy for the overall classification performance (Fig. 5.4).
For example on CUB, the final classification accuracy after intervening on all concepts is
93.9%, which is achieved already after∼ 16 intervention steps. A comparable performance
without concept intervention realignment requires nearly complete, ∼ 24 intervention
steps, marking a 50% increase. The same can be seen on CelebA and AwA2 as well, where
the upper-bound performance can be achieved with much fewer interventions (particularly
without the need to intervene on all concepts). Even intermediate performance targets
are achieved much earlier; a classification accuracy target of e.g. 98% on AwA2 requires
only 12 concept interventions with realignment, while the non-aligned baseline needs 19
interventions on average. We find these results to be also reflected numerically in Tab 5.1,
where accuracy AUC increases from e.g. 2460.8 to 2510.9 on CUB. We do point towards
high numerical saturation given the larger performance plateaus at higher intervention
counts, and high starting accuracies (e.g. ∼ 90% on AwA2). Numerical results are thus
best considered alongside the intervention trajectories in Figs. 5.3 and 5.4.

Together, our experiments provide strong evidence that concept intervention realign-
ment is crucial to best leverage human feedback in concept-based decision systems;
allowing to significantly reduce intervention budgets by in parts over 70% to achieve a
desired target performance. These gains can also be achieved after concept models have
been trained, allowing for versatile applicability.
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Figure 5.5: Concept Intervention Realignment in intervention-aware CEMs. (a) Concept
prediction loss and (b) classification accuracy with jointly and post-hoc trained CIRMs. In
both cases, significant benefits can be seen, especially for correct concept attribution after
intervention - both for jointly and posthoc trained realignment modules.

5.4.3 Intervention Realignment for Intervention-aware CEMs

In this section, we investigate training the CIRM during the training process of an already
intervention-regularized concept model; namely the recently proposed, state-of-the-art
intervention-aware CEM [234] (see also §5.3.1). Following the objective described in
Eq. 5.2, we operate and train the concept intervention module in conjunction with the
intervention objective proposed by [234].

Our results are shown in Fig. 5.5. First, we find that explicit concept intervention
realignment can significantly improve correct concept attribution, even in intervention-
aware training setups (c.f. Fig. 5.5a). While not as significant as improvements over
standard CBM models, for specific target concept prediction losses (such as a fivefold
reduction from 0.5 to 0.1), half the number of intervention steps are needed (11 versus
20). The improved concept attribution is also reflected in higher intervention accuracies
as seen in Fig. 5.5b, albeit the overall (still notable!) improvement is less reflective of
the significant gains on a concept level (additional results can be found in Supp. §C).
Overall, however, our experiments highlight that even when applied to state-of-the-art
approaches that specifically simulate the intervention process during training, improved
intervention efficacy can be found. Importantly, the consistently significant improvements
on a concept attribution level mean that classification decisions are much better grounded
on correct concept attributions, which is crucial for interpretability [97, 232] of classification
results. Finally, we find that concept intervention realignment can be applied both as
a regularization mechanism during training, as well as adapted entirely posthoc, while
still offering consistent benefits. This supports the high versatility of CIRMs as a general-
purpose tool to increase intervention efficacy.
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Figure 5.6: (a) Concept prediction loss and (b) classification accuracy for various realigner
architectures alongside UCP policy. Using an MLP with concept predictions of the
base model works better than compounding refinements and accounting for intervention
trajectories using LSTMs.

5.4.4 Realignment Module Ablations

Realignment Model Architectures. In this section, we study the effect of various design
choices for the realignment module along two dimensions: (1) Recurrent vs. Feedforward
Networks: Since we intervene on concepts sequentially, it is possible that the realignment
module can benefit from the overall order and history of interventions to make more
accurate concept predictions. To do this, we instantiate the concept realignment network
using an LSTM [78]. We compare this against our default MLP. (2) Previous Output
vs. Original Concepts: By default, the realignment module takes as input a combination
of ground-truth concepts provided by the user and values predicted by the base model
at 𝑡 = 0 for the concepts that have not been intervened on (see also §5.3.2). Due to the
sequential nature of interventions, one may also directly feed the output of the realignment
module at time 𝑡 − 1 as input to it at time 𝑡 in order to compound the refinements over
multiple time steps. Combining both axes results in four recombinations, which we
compare in Fig. 5.6. As can be seen, there is limited gain when accounting for the
complete intervention history using an LSTM realigner network. Similarly, we find that
applying the MLP primarily for concept selection alongside UCP and as final input to the
classification head works better than compounding refinements over intervention steps.

Intervention Policy Transfer. In this section, we study the importance of aligning
intervention policies used during training with those deployed at test time. In particular,
we operate on the base setup, which deploys the CBM and the concept intervention
realignment module using only the much weaker random intervention policy at test
time. However, we change the policy used to train the concept intervention realignment
module. Our results are visualized in Fig. 5.7. As can be seen, while a realignment
module trained with UCP can still be effective when deployed with a random intervention
policy, it is notably outperformed by the weaker random policy at test-time when the
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Figure 5.7: Concept prediction loss and classification accuracy under random interventions
for realignment modules trained with random and UCP policy, respectively. Results
indicate that alignment of policy used during training and deployment is important.

realignment module has been trained on the same random policy as well. This means
that the realignment module adapts to the selection policy used during training. Thus to
get the most benefits out of concept intervention realignment, selection policies should
align during training and deployment.
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Figure 5.8: Classification accuracy vs con-
cept interv. counts, showing our updated
selection policies improving over the static
one.

Alignment b/w Realignment Module Com-
ponents. Finally, we study how important
the alignment between the concept realign-
ment model and intervention policy (i.e.,
UCP) is to form the overall concept inter-
vention realigment module. To accomplish
this, we employ two module variations: (a)
an original policy denoted as𝜋(𝑐0), which only
applies the UCP criterion to the original con-
cept predictions generated by the base model
without any concept realignment (i.e., the
policy does not change over time), and (b) our
default setup (updated policy), which informs
the intervention policy using realigned con-
cept values (𝜋(𝜅𝑡)). Note that in both cases,
the classification head still receives realigned concept embeddings, as we only want to
study the importance of alignment between the concept realignment model and the inter-
vention policy. Results in Fig. 5.8 clearly reveal that while simple realignment on its own
can already help improve intervention efficacy, much larger efficacy gains are unlocked
when both policy and the realignment model are utilized in conjunction.
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CHAPTER 5. IMPROVING INTERVENTION EFFICACY VIA CONCEPT
REALIGNMENT IN CONCEPT BOTTLENECK MODELS
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Figure 5.9: Qualitative examples for the improved intervention efficiency of CIRM. We
show the change in concept prediction errors of the ten worst predicted concepts, as a
function of concept intervention steps 𝑡. As can be seen, concept realignment allows
concept error even for strongly mispredicted concepts to be significantly reduced with
interventions, achieving correct label classification after much fewer interventions com-
pared to a non-realigned baseline.

A Closer Look at Concept Realignment. To understand the impact of the realignment
process qualitatively, we also provide examples in Fig. 5.9. In this figure, we showcase
the impact of interventions on the top 10 concepts with the highest prediction errors,
and the specific number of interventions required to predict the correct label. For both
examples, we find that intervention on a single concept is insufficient to flip incorrect class
predictions. However, as we intervene on more concepts, we can clearly see that concept
realignment jointly allows concept prediction error - even on the initially worst predicted
concepts - to be significantly reduced, while also reaching correct image classification
with in parts less than half the number of interventions (for Crested Auklet). These results
conceptually support the quantitative benefits of concept realignment seen in previous
benchmark experiments.

5.5 Conclusion

In this work, we identify the independent treatment of concepts during test-time interven-
tions in CBMs as a cause for reduced intervention efficacy. To remedy this problem, we
propose a concept intervention realignment module - a simple and lightweight technique
to automatically update concept assignments after human intervention on one or multiple
concepts. Our experiments demonstrate significant gains in concept attribution as well as
overall classification accuracy of concept-based models under intervention. We show that
our approach is versatile and can be applied to a wide range of concept-based models,
intervention policies, and training schemes. We believe that the reduction in required
human interventions to reach performance targets facilitates the practical deployment of
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concept-based models even in resource-constrained environments.
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6

Thesis Discussion and Conclusion

6.1 Summary of Contributions

This thesis investigated how AI models can operate effectively under limited supervision.
By focusing on zero-shot learning, data augmentation from few-shot data, and human
intervention to interpretable models, the work aimed to improve the generalization of
vision language models or vision models. Below, we summarize the main contributions
across these three research areas.

6.1.1 Zero-shot Classification

Our contributions to zero-shot classification in vision-language models focused on think-
ing how foundation models can be leveraged effectively without additional training data:

• WaffleCLIP introduced a new perspective on how descriptor-based zero-shot clas-
sification should be interpreted. While prior work used a large language model to
generate class descriptors to improve performance, we found that these gains could
be attributed to an ensemble of multiple noisy prompts rather than meaningful
semantics. It further suggested that by using both noisy prompts and semantic
descriptors, the classification performance could be matched or improved.

• FLM tackled the problem of open-world compositional zero-shot learning, where
the task is to classify novel combinations of known states and objects. By leveraging
large language models to predict the feasibility of unseen state-object compositions,
it removed the unfeasible classes from the class prediction set, leading to improved
classification performance. This approach is beneficial when many candidate labels
may be infeasible.

6.1.2 Data Augmentation by Generation with Few-shot Guidance

Our contributions to data augmentation by text-to-image generative models with few-shot
guidance followed a trajectory beginning with the challenges of naive synthetic data
generation method and moving towards two progressive solutions:
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6.2. BROADER IMPLICATIONS AND FUTURE DIRECTIONS

• We began by analyzing the limitations of synthetic data generated by text-to-image
generative models in a standard way. We observed that synthetic images generated
directly from class names often lack the object of interest or fail to capture fine-
grained visual details, two factors that are critical for learning effective class-specific
representations.

• DataDream addressed this issue by introducing a few-shot guided fine-tuning
approach. Specifically, it fine-tuned the LoRA weights of a diffusion model on a
small number of real class-specific images, enabling the model to generate more
realistic and discriminative samples. This improved the alignment between synthetic
and real distributions, leading to measurable gains in downstream classification
performance when using those synthetic data as training data.

• Building on this, we proposed LoFT which extended the DataDream approach
by fine-tuning LoRA modules per image and fusing them during inference. This
allowed the model to combine class-relevant features from multiple real examples,
resulting in improved diversity while maintaining the fidelity of the generated
samples. The transition from DataDream to LoFT highlights the effectiveness of
fine-tuning the diffusion model for synthetic data generation, especially in settings
where only a few annotated images are available.

6.1.3 Human Intervention in Interpretable Models

Finally, we contributed to reducing the number of human intervention when interacting
with the interpretable models:

• We introduced a Concept Intervention Realignment module for Concept Bottleneck
Models (CBMs). CBMs offer a promising framework for interpretable AI, but
their usefulness in practice depends on how efficiently users can intervene. Our
proposed CRM module learned to realign related concepts following a minimal
human correction, reducing the number of edits required to correct a model’s
reasoning. This improved the usability of human-in-the-loop systems, making
interpretable models more practical for real-world deployment.

6.2 Broader Implications and Future Directions

Beyond the specific tasks addressed in this thesis, the research presented here offers
broader insights into how foundation models can be adapted or leveraged in data-scarce
scenarios.

6.2.1 Synthetic Data Generation Beyond Classification

While our proposed methods for synthetic data generation were developed in the context
of image classification, the core idea could extend well beyond this task.
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As foundation models grow in scale and complexity, they face persistent limitations
such as hallucination, prompt sensitivity, poor adherence to textual instructions, and
difficulties with fine-grained detail generation. These issues are evident not only in
text-to-image generation models but also in large vision-language models and emerging
text-to-video models.

In such cases, synthetic data generation could offer a promising way to address failure
modes. For example, one can generate edge-case data in areas where models often
fail. Suppose it is revealed that the large vision-language models (LVLMs) struggle with
reasoning over visual charts. In that case, we can generate synthetic data with chart images,
construct corresponding preference annotations, and use these to fine-tune the LVLMs
through preference learning. In this way, targeted synthetic datasets can be curated to
align model behavior better in the edge cases. Compared to real data collection, this
approach is highly controllable, scalable, and cost-effective, making it well-suited for large-
scale model alignment. Notably, data generation in these open-world tasks differs from
traditional augmentation for classification: it is not bounded by predefined class labels or
fixed taxonomies, but instead operates in open-ended, instruction-driven environments,
where diversity and semantic alignment are critical.

6.2.2 Implicit Synthetic Data for Zero-Shot Learning in Generative Models

The principle of synthetic data generation has appeared explicitly/implicitly in other
learning frameworks. For instance, self-rewarding language models is a language model
itself being used to evaluate and score its own outputs and use them as training data for
the next training iteration. The output of the LLMs in this case could be understood as
synthetic data generation. In reinforcement learning, agents generate and interact with
their own training environments through trial-and-error, which can be viewed as a form
of synthetic data creation, with rewards serving as supervision.

These strategies highlight a common theme: models generating their own training
signals, whether as outputs to be refined or as exploratory behaviors to be evaluated.
Applying similar ideas to generative vision models, such as diffusion or video generative
models, remains a relatively unexplored direction. Introducing structured, self-guided
feedback loops for synthetic sample evaluation could help improve realism, relevance,
and adherence to user instructions, thereby enhancing the generative process.

6.2.3 Less is More: Efficient and Informative Data Generation

One often-cited advantage of synthetic data is its scalability where it is computationally
easier to scale the number of training data compared to collecting real data. However, a
perhaps more compelling advantage is its controllability: the ability to generate data with
specific properties, constraints, or content. This opens the door to the idea that less data,
if well-targeted and information-rich, can be more valuable than large amounts of generic
data. In other words, less is more.
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This direction invites future work in synthetic data generation. Rather than flooding
models with massive volumes of synthetic samples, we may aim to produce a minimal
set of highly informative examples, tailored to known model weaknesses or aligned with
desired behavior. This could lead to reductions not only in training time and storage, but
also in the environmental cost associated with large-scale model training, an increasingly
important concern in responsible AI development.

6.2.4 Collaborative and Teachable AI Systems

A key insight from this thesis is that interpretability should not be a passive, post-hoc
feature, but an active part of the model’s learning and adaptation process. Concept
bottleneck models allow users to inspect and modify intermediate concept representations,
offering a direct channel for human intervention. However, most current implementations
rely on manually initiated corrections and lack feedback mechanisms from the model to
the user. This limits their practicality in real-world applications, as users must manually
check every concept to determine whether it aligns with their intent or domain knowledge.

One future direction is the development of interactive and proactive feedback mecha-
nisms, where the model can initiate clarification requests, highlight uncertain or influential
concepts, and adapt its behaviors based on the user’s intervention. This vision of collabo-
rative AI aligns with a broader shift toward systems that are not only trainable, but also
teachable. Advancing this line of research could foster richer interaction between humans
and models, with wide-reaching implications for both usability and trust in AI systems.

6.3 Final Reflections

Training models under limited supervision remains one of the challenges in AI research.
This thesis has made substantial contributions toward addressing this problem by ad-
vancing model performance in zero-shot settings, proposing a few-shot-guided synthetic
data generation framework, and introducing an efficient human intervention strategy
through interpretable models. The trajectory of the thesis, from improving generalization
in zero-shot classification (WaffleCLIP, FLM), to enabling scalable data generation with
minimal supervision (DataDream, LoFT) and empowering users to minimally intervene in
interpretable models (CRM) demonstrates how minimal supervision can be strategically
leveraged for stronger generalization and usability.

We hope that this work encourages continued exploration at the intersection of zero-
shot learning, synthetic data generation by few-shot guidance, and human-in-the-loop
interpretability, bringing toward AI systems that are not only more data-efficient but also
adaptive and collaborative with human intent.
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A

Zero-shot Learning by Leveraging
Foundation Models

A.1 Waffling around for Performance: Visual Classification with
Random Words and Broad Concepts

In this supplementary material, we first provide a collection of additional results in §A.1.1
which extend those presented in the main paper to more backbone models. Finally, we
showcase the GPT-generated descriptors for our additionally used benchmarks beyond
[128] (§A.1.2), and present some exemplary images from the eleven benchmarks used in
this work in Fig. A.1.

A.1.1 Additional results

Motivational experiments for random class descriptors. In Tab. A.1, we extend our mo-
tivational experiments on random class descriptor assignment to motivate WaffleCLIP
from Tab. 2.1, highlighting similar behaviour on both a larger ViT-L/14 and a ResNet50
backbone network. Descriptor randomization does not result in a significant drop in
performance, but rather yields performances that match DCLIP.

Comparison of WaffleCLIP and DCLIP. Tab. A.2 extends results from Tab. 2.2 on the
ViT-L/14 and ResNet50 backbones, in which WaffleCLIP as a standalone method, as
well as equipped with high-level concepts and/or joint usage of LLM-generated descrip-
tors, is compared to DCLIP. The results confirm our conclusions drawn in §2.1.4.1,
wherein WaffleCLIP, without access to any external LLM, can match the performance
of LLM-descriptor-based approaches like DCLIP. In addition to that, we again find com-
plementarity of randomized descriptors and LLM-generated descriptors. Furthermore,
we observe performance gains through the usage of automatically generated high-level
concepts.
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A.1. WAFFLING AROUND FOR PERFORMANCE: VISUAL CLASSIFICATION WITH
RANDOM WORDS AND BROAD CONCEPTS

ViT-L/14 ImageNetV2 ImageNet CUB200 EuroSAT Places365 Food101 Oxford Pets DTD Avg
CLIP [155] 67.90 73.37 62.24 56.03 40.46 92.55 93.30 52.87 67.34
DCLIP [128] 69.72 75.26 63.53 58.72 42.60 92.81 93.89 56.60 69.14
DCLIP (same, 1x) 69.27 ±0.23 75.05 ±0.15 64.21 ±0.36 57.59 ±1.72 42.01 ±0.23 93.15 ±0.13 93.97 ±0.22 55.16 ±0.47 68.80 ±0.66
DCLIP (same, 2x) 69.58 ±0.21 75.30 ±0.16 64.30 ±0.26 59.32 ±1.63 42.28 ±0.17 93.31 ±0.05 94.04 ±0.11 55.31 ±0.50 69.18 ±0.62

ResNet50 ImageNetV2 ImageNet CUB200 EuroSAT Places365 Food101 Oxford Pets DTD Avg
CLIP [155] 51.34 58.16 45.20 28.09 36.63 78.37 83.76 38.51 52.51
DCLIP [128] 52.70 59.66 47.76 34.27 38.39 78.59 85.77 41.01 54.77
DCLIP (same, 1x) 52.63 ±0.28 59.69 ±0.30 47.76 ±0.39 32.74 ±1.49 38.63 ±0.22 80.08 ±0.58 85.36 ±0.52 40.77 ±0.63 54.71 ±0.67
DCLIP (same, 1x) 52.89 ±0.23 59.90 ±0.26 47.70 ±0.29 34.37 ±1.27 38.93 ±0.21 80.11 ±0.30 85.34 ±0.29 40.91 ±0.79 55.02 ±0.58

Table A.1: Motivating random class descriptors - additional backbones. Extension of
our motivational experiments from Tab. 2.1 with ViT-L/14 and ResNet50 backbones.

ViT-L/14 ImageNetV2 ImageNet CUB200 EuroSAT Places365 Food101 Oxford Pets DTD Avg
CLIP [155] 67.90 73.37 62.24 56.03 40.46 92.55 93.30 52.87 67.34
+ Concepts ↓ ↓ 63.01 61.23 41.07 93.52 93.65 ↓ 68.32
DCLIP [128] 69.72 75.26 63.53 58.72 42.60 92.81 93.89 56.60 69.14
WaffleCLIP (ours) 69.48 ±0.08 75.30 ±0.04 64.18 ±0.13 61.17 ±0.35 42.26 ±0.10 93.31 ±0.09 91.98 ±0.11 53.94 ±0.29 68.95 ±0.18
+ Concepts ↓ ↓ 63.40 ±0.17 60.20 ±0.87 42.57 ±0.09 93.65 ±0.05 94.38 ±0.08 ↓ 69.12 ±0.33
+ GPT descr. 69.80 ±0.13 75.57 ±0.06 64.32 ±0.21 60.63 ±1.23 42.96 ±0.12 93.28 ±0.08 93.35 ±0.22 56.33 ±0.42 69.53 ±0.48
+ GPT descr. + Concepts ↓ ↓ 63.14 ±0.16 61.82 ±1.07 42.95 ±0.09 93.49 ±0.04 94.12 ±0.09 ↓ 69.65 ±0.42

ResNet50 ImageNetV2 ImageNet CUB200 EuroSAT Places365 Food101 Oxford Pets DTD Avg
CLIP [155] 51.34 58.16 45.20 28.09 36.63 78.37 83.76 38.51 52.51
+ Concepts ↓ ↓ 46.60 34.06 37.43 80.89 83.43 ↓ 53.80
DCLIP [128] 52.70 59.66 47.76 34.27 38.39 78.59 85.77 41.01 54.77
WaffleCLIP (ours) 52.89 ±0.15 60.12 ±0.12 47.68 ±0.15 31.34 ±0.47 38.32 ±0.10 79.68 ±0.17 84.32 ±0.20 39.25 ±0.27 54.20 ±0.23
+ Concepts ↓ ↓ 48.34 ±0.13 35.08 ±0.42 39.03 ±0.08 81.38 ±0.08 85.80 ±0.12 ↓ 55.24 ±0.21
+ GPT descr. + Concepts ↓ ↓ 48.41 ±0.21 37.36 ±0.62 39.43 ±0.07 81.17 ±0.09 85.82 ±0.16 ↓ 55.75 ±0.26

Table A.2: Performance of WaffleCLIP with additional backbones. Here, we extend the
comparison of WaffleCLIP (Tab. 2.2) to GPT-generated fine-grained class descriptors in
DCLIP [128] for ViT-L/14 and ResNet50 backbones. We find similarly consistent insights,
where our LLM-free WaffleCLIP can match the performance of DCLIP. Joint usage of both
randomized and LLM-generated descriptors again reveals complementarity (WaffleCLIP
+ GPT descr). In addition to that, the usage of automatically extracted high-level semantic
concepts can provide consistent additional performance gains (+ Concepts). We use (↓)
to denote the same results as previous lines where high-level concept guidance is not
applicable.

Progression from systematic to fully randomized descriptor scrambling. Tab. A.3 extends
the descriptor scrambling progression studies from Tab. 2.4 to two additional backbones,
namely, ViT-L/14 and ResNet50. Similar to the ViT-B/32 backbone, a move from systematic
semantic shifts to independently subsampled descriptors can recover and even beat the
performance of DCLIP.

A.1.2 Exemplary GPT-3 generated descriptors for additional benchmarks

As we introduce descriptions for three additional datasets beyond those used in [128], we
provide four example descriptors for three random classes in each dataset.

Flowers102

Pink Primrose

• "delicate flower"

• "five petals in a star shape"
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ViT-L/14 ImageNetV2 ImageNet CUB200 EuroSAT Places365 Food101 Oxford Pets DTD Avg
DCLIP [128] 69.72 75.26 63.53 58.72 42.60 92.81 93.89 56.60 69.14
DCLIP (interchanged) 66.44 ±0.12 72.07 ±0.15 63.62 ±0.44 51.49 ±4.89 37.06 ±0.41 91.30 ±0.30 93.74 ±0.28 49.84 ±0.78 65.69 ±1.77
DCLIP (scrambled) 68.68 ±0.21 74.47 ±0.11 63.78 ±0.13 55.98 ±2.01 41.29 ±0.23 92.29 ±0.20 93.52 ±0.18 53.28 ±1.12 67.91 ±0.83
DCLIP (random, 1x) 68.01 ±0.22 73.89 ±0.08 63.81 ±0.22 55.72 ±2.01 40.32 ±0.29 92.37 ±0.31 93.60 ±0.19 52.83 ±0.46 67.57 ±0.76
DCLIP (random, 5x) 69.27 ±0.17 75.11 ±0.08 64.25 ±0.16 58.34 ±1.55 42.11 ±0.14 93.22 ±0.12 93.88 ±0.09 55.28 ±0.23 68.93 ±0.57

ResNet50 ImageNetV2 ImageNet CUB200 EuroSAT Places365 Food101 Oxford Pets DTD Avg
DCLIP [128] 52.70 59.66 47.76 34.27 38.39 78.59 85.77 41.01 54.77
DCLIP (interchanged) 49.80 ±0.22 56.35 ±0.06 47.68 ±0.32 28.17 ±4.43 33.77 ±0.34 77.59 ±0.29 84.60 ±0.63 35.81 ±1.12 51.72 ±1.64
DCLIP (scrambled) 52.20 ±0.20 59.21 ±0.06 47.60 ±0.39 34.98 ±2.00 37.90 ±0.18 78.33 ±0.14 85.07 ±0.34 39.19 ±0.95 54.31 ±0.81
DCLIP (random, 1x) 51.60 ±0.29 58.29 ±0.15 47.37 ±0.23 30.18 ±4.18 36.82 ±0.26 78.87 ±0.24 84.52 ±0.17 38.89 ±0.85 53.32 ±1.52
DCLIP (random, 5x) 52.81 ±0.09 59.73 ±0.05 47.74 ±0.10 34.53 ±0.74 38.62 ±0.15 80.20 ±0.13 85.30 ±0.15 40.29 ±0.46 54.90 ±0.32

Table A.3: Progression from systematic to fully randomized descriptor scrambling -
additional backbones. We extend our descriptor scrambling progression studies from
Tab. 2.4 to two additional backbones: ViT-L/14 and ResNet50. In both cases, the same trend
can be seen, in which a move from systematic semantic shift to independently subsampled
descriptors can recover the performance of DCLIP after an initial performance drop.
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Figure A.1: To get an intuition of the different visual classification tasks, we showcase
samples of four randomly selected classes for each of the eleven utilized visual classification
benchmarks.

• "pink in color"

• "often has yellow center"

Balloon Flower

• "a delicate flower with five petals"

• "a unique balloon-like shape"

• "a star-shaped center in the middle of the flower"

• "vibrant colors such as pink, purple, blue, white, and yellow"

Sunflower

• "large, bright yellow petals"

• "a dark center surrounded by disk florets"
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RANDOM WORDS AND BROAD CONCEPTS

• "long stem"

• "a single, long, narrow leaves tapered to a point"

FGVCAircraft

A300

• "black or silver color"

• "a rectangular body with rounded edges"

• "two lens ports"

• "a mode dial"

EMB-120

• "a cabin with 30-33 seats"

• "a distinctive high-wing design"

• "two Pratt and Whitney PW118 turboprop engines"

• "a T-tail configuration"

Tornado

• "dark, rotating funnel-shaped cloud"

• "strong winds"

• "dark clouds"

• "heavy precipitation"

Stanford Cars

Acura TL Sedan 2012

• "silver, grey, or black exterior"

• "Acura logo on the front grille"

• "distinctive headlights"

• "chrome accents on the exterior"

BMW X6 SUV 2012

• "four-door SUV"
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• "sloping roof-line"

• "signature BMW kidney grille"

• "round headlights and taillights"

Honda Odyssey Minivan 2012

• "four doors and a hatchback"

• "a curved hood"

• "wide, round headlights"

• "a Honda logo"
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A.2 Feasibility with Language Models for Open-World
Compositional Zero-Shot Learning

A.2.1 Broader Impact and Limitations

Determining the feasibility of state-object pairs in all combinations is crucial when deploy-
ing the model. By accurately assessing feasibility, we prevent the model from predicting
unrealistic classes, thus improving the model performance and reducing negative impacts
on end-users. However, our FLM is limited in that we use prior knowledge, i.e. seen
classes from the training dataset, which could be biased. If the seen classes represent only
part of the semantics, e.g. only the texture-related attributes like “furry” or “zigzag” for
animal in the seen classes while age-related states exist in the test set, our method may
struggle to predict the true feasible pairs accurately. The bias can also lead to fairness
issues if the seen classes only represent certain groups. Therefore, it is important to curate
an unbiased seen class set to support the model’s understanding of feasibility for the
query pairs.

A.2.2 Prompt search in FLM

There are four prompt components in FLM: persona, instruction, guidance, and query. In
ourexperiments, We keep the persona component fixed as “You are a helpful, respectful
and honest assistant.”. We conduct a grid search using four instruction, four guidance,
and four query sentences, which are:

𝑖𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛_𝑙𝑖𝑠𝑡 = {
“ Answer with a single word, yes or no. ”,

“ Answer with a single word, yes or no, followed by an explanation. ”,

“ Answer with yes or no. ”,

“ Answer with yes or no, followed by an explanation. ”,

},
𝑔𝑢𝑖𝑑𝑎𝑛𝑐𝑒_𝑙𝑖𝑠𝑡 = {

“ The following list consists of words that fit together. ”,

“ The following list consists of word combinations that make sense. ”,

“ The given list consists of word combinations that make sense. ”,

“ The given list comprises word combinations that make sense. ”,

},
𝑞𝑢𝑒𝑟𝑦_𝑙𝑖𝑠𝑡 = {

“ Considering the list above, does "{s } {o }" fit into the list? ”,

“ Does "{s } {o }" fit into the list above? ”,

“ Does "{s } {o }" align with the contents of the list provided above? ”,

“ Considering the list above, does "{s } {o }" align with the contents? ”,

} ,
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Figure A.2: Prompt variation results on MIT-States dataset.

and select the combination that yields the highest unseen validation accuracy follow-
ing the validation protocol and split of [135]. On MIT-States, we use “Answer with a

single word, yes or no, followed by an explanation.” as instruction, “The following

list consists of words that fit together.” as guidance, and“Does "{𝑠} {𝑜}" fit into

the list above?” as query. On the UT-Zappos, we use “Answer with a single word,

yes or no.” as instruction, “The given list consists of word combinations that make

sense.” as guidance, and “Considering the list above, does "{s } {o }" fit into the

list?” as query. Finally on the C-GQA, we use “Answer with a single word, yes or no,

followed by an explanation.” as instruction, “The given list consists of word combinations

that make sense.” forCLIP and“The given list comprises word combinations that make

sense.” for CoOp and CSP as guidance, and “Does "{s } {o }" align with the contents

of the list provided above?” as query.
To examine a broader range of prompt variations, we report the results on MIT-States

as a box plot in Figure A.2. We first observe the results vary with different prompts. For
instance, the Harmonic mean accuracy in CSP ranges from 15.5% to 18.1%. However,
despite this variability, most of the prompts outperform the baselines. For instance, the
Glove result always lies close to or below the lower quartile (25th percentile) of the box
plot, and ConceptNet even further below that.

A.2.3 Benchmarks and Hyperparameter settings

Benchmarks. We use three standard datasets for OW-CZSL, i.e., MIT-States [82], UT-
Zappos [225, 226], and C-GQA [132]. Each dataset comprises a set of states and objects,
where an object-state combination forms a class. MIT-States consists of 115 states and 245
objects, resulting in a total of 28,175 possible pairs. Among these possible pairs, 1,262 and
700 pairs are seen classes and unseen classes, respectively. UT-Zappos includes 16 states
and 12 objects, leading to 192 possible pairs, with 83 seen classes and 33 unseen classes.
Finally, C-GQA has 413 states and 674 objects, resulting in 278,362 possible pairs, with
5,592 seen classes and 1,963 unseen classes.
Hyperparameter settings. We train CoOp [243] and CSP [135] with the CSP official code 1

1https://github.com/BatsResearch/csp
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Figure A.3: Feasibility scores for question-answer “yes” format in the in-context prompt.

to get the fine-tuned models. Following the original CSP setting, we fine-tune a pretrained
CLIP [155] model with a ViT-L/14 backbone for 20 epochs and choose the checkpoint
with the highest validation accuracy on unseen classes. During training, we employ a
batch size of 64, a learning rate of 5e-4, and a weight decay of 1e-5. Additionally, we set
the attribute dropout rate for CSP to 0.3. We did not optimize these hyperparameters as
originally done by [135]. The model training is performed on a single A100 GPU. Similarly,
when querying Vicuna-13B for our FLM, we use a single A100 GPU.

A.2.4 Question-Answer format: 0-9 score

As mentioned in the main text, we observe that the prompt ablation “Format QA: yes”
drops performance across all datasets, e.g. 17.4%→12.0 and 6.55%→3.69% in harmonic
mean on MIT-States and C-GQA. The lower performance originates from the tendency of
the LLM to answer "Yes" since the provided examples in the guidance are always positive.
This phenomenon is also evident in Figure A.3, where both the distributions of feasible
and confusing classes overlap and lean closer towards 1. These observations indicate that
employing a list format for guidance rather than a question-answer format is crucial in
obtaining accurate feasibility scores.

MIT-States Method C-GQA Method
class GloVe ConceptNet FLM (ours) class GloVe ConceptNet FLM (ours)
folded book ✘ ✔ ✔ blue table ✔ ✘ ✔

rusty truck ✘ ✔ ✔ brown cake ✔ ✔ ✘

small dog ✘ ✘ ✔ balding person ✘ ✔ ✔

eroded granite ✔ ✔ ✘ blue tray ✘ ✘ ✔

gray stove ✔ ✘ ✔ asian person ✘ ✔ ✔

thick ring ✘ ✘ ✘ yellow leaf ✘ ✔ ✔

Table A.4: Qualitative examples from the MIT-States and C-GQA datasets. A state-object
pair is deemed feasible (✔) or infeasible (✘) by the respective methods.
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Similar trends are observed for “Format QA: score” where we use a question-answer
format with guiding LLMs to respond with an integer score instead of a binary answer. To
obtain an integer score as an answer from the LLMs, we construct the guidance component
of the human message as:

“ The following list consists of words and their likelihood of existence
in the real world, scored on a scale of 0 to 9.
− {𝑠1} {𝑜1}, score: 9
− {𝑠2} {𝑜2}, score: 9
− · · ·
− {𝑠𝑛} {𝑜𝑛}, score: 9
What is the score for "{𝑠} {𝑜}"? ”

If we had access to a more nuanced classification of prior feasibility scores for the seen
classes, we could provide the LLM with a more informative guidance. As this is not
available, we had to choose fixed score value. The results are shown in the “Format QA:
score” row of Table 2.11 in the main text. We observe the performance drops across the
datasets, e.g. 17.4%→12.3% and 6.55%→3.69% in harmonic mean on MIT-States and
C-GQA. These observations, together with “QA: yes” format, indicate that employing
a list format for guidance rather than a question-answer format is crucial in obtaining
accurate feasibility scores.

A.2.5 Qualitative examples.

We examine qualitative examples of feasibility classifications where we compare the
predictions of three methods in Table A.4. It displays unseen classes most commonly
found in the test datasets. We observe that in both the MIT-States and C-GQA datasets,
our FLM and ConceptNet tend to predict the given classes as feasible more frequently
compared to GloVe. One interesting observation arises from the class "small dog" which is
surprisingly predicted as infeasible in both GloVe and ConceptNet, but correctly identified
as feasible by FLM.
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DataDream: Few-shot Guided Dataset
Generation

A Broader Impacts and Limitations

While DataDream primarily focuses on generating synthetic image datasets for image
classification, our approach can be extended to other domains and tasks. For example,
sentiment classification can benefit from synthetic datasets generated by large language
models fine-tuned on a few challenging samples. Additionally, DataDream can be applied
to other image modalities. For instance, the scarcity of medical data often impedes the
performance of medical AI. Our method could serve as an augmentation tool to enhance
performance in such scenarios.

However, it’s important to recognize the limitations of our approach. We observe,
in EuroSAT and DTD, a performance gap when comparing models trained solely on
DataDream synthetic datasets to those trained solely on real few-shot data, with the latter
performing better. We speculate that this disparity comes from the challenges generative
models face when learning from out-of-distribution data. It becomes difficult to fine-tune
generative models with few-shot samples that are different from the data the models were
originally trained on. For instance, satellite land images, those in the EuroSAT dataset, may
not be well-represented in the LAION dataset used for training Stable Diffusion models.
Consequently, the diffusion model struggles to generalize and accurately interpret satellite
images, even after fine-tuning with real few-shot satellite images.

Moreover, by training on synthetic training, our method inherits the limitations of the
underlying generative models. For instance, generative models will propagate biases that
appear in the training data, such as social or gender biases. As a result, classifiers trained
on the synthetic data of a generative models are also prone to carrying forward these
biases. Especially when employing proprietary generative models, it is often unknown
what data they were trained on.

DataDream fine-tunes the generative model using few-shot samples. Because the
dataset is much smaller, it is easier to control for biases that could potentially be introduced
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in this stage, but this would require manual intervention when curating the few-shot
dataset. At the same time, malicious actors could purposefully introduce biases through
the DataDream fine-tuning, for example to construct a classifier that discriminates against
minorities. Detecting biases in the resulting classifier might then become more difficult
than observing them from generative images. We believe that investigating and mitigating
bias in synthetic data generation would be an important area for future research.

B Implementation details

Following the methodology of DISEF [37] for the classifier training, we consider different
learning rates, weight decay, and whether to use Mixup [235] and Cutmix [231] methods
for data augmentation as a hyper-parameter. Concretely, we use batch size 64, and
AdamW [118] as an optimizer with a cosine annealing scheduler. The learning rate is
searched in {1𝑒−4, 1𝑒−5, 1𝑒−6, 1𝑒−7} and the weight decay in {5𝑒−4, 1𝑒−4}. We use
standard augmentation methods as default, i.e. random resized crop, random horizontal
flip, random color jitter, and random gray scale, while searching on whether to additionally
use Mixup and Cutmix. We set the weight assigned to the real loss term as 𝜆=0.8.

C Baseline methods

We compare our DataDream method to two state-of-the-art image generation methods
in the few-shot setting, IsSynth [69] and DISEF [37]. While these methods originally
use GLIDE [137] and Stable Diffusion v1.5 [159], respectively, for the generative model,
we use the Stable Diffusion v2.1 and follow the other pipelines suggested in each paper.
We implement both methods based on DISEF official code1. When running the IsSynth
method, we replace the textual prompt conditioned on the diffusion model from the
caption generated by LLaVA [110] to a standard prompt, e.g. "a photo of a [CLS]", as
suggested in IsSynth. When we compare DataDream to IsSynth and DISEF in Table 3.1,
we use the same generation procedure of generating 500 images without filtering out them
but using them all for training the classifier.

D Compatibility with other CLIP fine-tuning and classifiers

DataDream generates data for downstream tasks, so it is compatible with other CLIP fine-
tuning methods. We evaluate the synthetic dataset on the most recent suggested method
for training the CLIP model [211]. Moreover, we evaluate our and other datasets with two
additional classifiers: CLIP ViT-L/14 and CLIP RN50. For both, we fully fine-tune the
visual encoder and LoRA fine-tune the text encoder. As shown in the table B, DataDream
works better than the baselines in both CLIP fine-tuning method [211] and other classifiers
for both sythetic only and real + synthetic settings.

1https://github.com/vturrisi/disef
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[A] CLIP ViT-L/14 CLIP RN50
R S AirC Cars Food CAL AirC Cars Food CAL AirC Cars Food CAL

IsSynth [13] ✓ 24.09 69.59 84.79 94.58 30.52 81.64 90.18 97.01 27.22 74.42 48.78 87.33
DISEF [9] ✓ 26.03 63.82 84.86 93.90 31.59 71.55 90.20 96.40 22.25 33.36 46.03 83.70
DataDreamcls ✓ 39.97 79.90 85.44 94.63 69.21 94.21 91.72 97.78 67.79 92.31 61.03 90.05
DataDreamdset ✓ 43.75 81.37 85.20 94.62 76.33 94.53 91.51 97.94 75.31 93.34 64.16 91.22
base (fewshot) ✓ 40.61 75.12 79.05 92.55 72.01 91.18 91.92 98.46 61.57 78.86 63.52 93.29
IsSynth [13] ✓ ✓ 43.10 80.50 86.30 95.48 73.33 93.68 91.96 98.1 70.94 90.82 68.77 94.54
DISEF [9] ✓ ✓ 42.62 79.41 85.97 95.40 73.83 92.67 91.94 98.30 65.99 79.18 70.10 94.34
DataDreamcls ✓ ✓ 48.41 83.78 86.67 95.47 77.69 94.71 92.16 98.22 79.21 92.99 66.70 94.37
DataDreamdset ✓ ✓ 49.31 83.87 86.71 95.62 80.98 95.18 92.14 98.30 81.46 93.30 66.63 94.62

Table B: Compatibility with other CLIP fine-tuning and classifiers.

E Ablation study
Method txt enc. w/o pre. loss Synth Real+Synth

DataDreamdset 19.96 62.49

DataDreamdset ✓ 18.58 62.61

DataDreamdset ✓ 59.80 66.78

DataDreamdset (ours) ✓ ✓ 71.07 71.98

Table B.2: Ablation study of using different
pipeline for DataDream training. Mark on “txt
enc.” indicates training LoRA on the text encoder
in addition to the UNet (no mark = UNet only).
Mark on “w/o pre. loss” indicates using preser-
vation loss [168] in addition to the reconstruction
loss (Equation 3.3).

For our DataDream method, we take inspira-
tion from DreamBooth [168] which proposes
to finetune a diffusion model to generate per-
sonalized images. To enable the generation of
personalized images across diverse prompts be-
yond the one it was trained on, e.g. "a photo

of a [CLS]", DreamBooth introduces a preser-
vation loss. This loss acts as a regularizer such
that the fine-tuned model maintains its original
capabilities when generating images in the absence of personalized tokens in the textual
prompt. Since we are not interested in employing our fine-tuned model for general-
purpose image generation, we put more focus on faithful replication of the few-shot data
distribution than preserving the generation quality of irrelevant generations.

We conduct an ablation study to investigate the impact of preservation loss on data
generation within DataDream. Additionally, We explore the effect of applying LoRA
solely to the UNet, or to both the UNet and text encoder of the diffusion model. We
train each combination setting for 200 epochs on the FGVC Aircraft [121] dataset, and the
results are shown in Table B.2.

First, we observe that applying LoRA to both the UNet and text encoder (without
preservation loss) improves the accuracy from 59.80% to 71.07% on the classifier trained
solely with synthetic data, and 66.78% to 71.98% when incorporating real 16-shot data
with synthetic data. This improvement indicates that additional fine-tuning of the text
encoder enhances the model’s ability to capture the features present in few-shot data.
Second, we observe that using the preservation loss decreases the accuracy from 71.07%
to 18.58% in the synthetic setting and 71.98% to 62.61% in the real+synth setting. This
decline suggests that, the inclusion of preservation loss hinders the model’s adaptation
to the target few-shot data, limiting its generation performance. Furthermore, given
that we employ the same standard prompt for both training DataDream and generating
images with the DataDream-fintuned model, the necessity for the preservation loss for
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(b) DataDreamdset accuracy scaling by num-
ber of shots for Flowers102 [139].

1 2 4 8 16
K-shot

70

75

80

85

90

A
cc

ur
ac

y 
(%

)

Stanford Cars

DataDreamdset, Synth + Real

DataDreamdset, Synth

(c) DataDreamdset accuracy scaling by num-
ber of shots for Stanford Cars [100].
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(d) DataDreamcls accuracy scaling by num-
ber of shots for Sun397 [218].

DataDream training is diminished. Overall, our findings suggest that using LoRA adaptor
in the text encoder and excluding the preservation loss achieve the best performance.

F 𝐾-shot varying 𝐾 on additional datasets

In this section, we include additional scaling graphs on four additional datasets, which
show DataDream performance improves as we increase 𝐾 in the 𝐾-shot setting. The
included datasets are DTD [36] (Figure B.1a), Flowers102 [139] (Figure B.1b), Stanford
Cars [100] (Figure B.1c), and SUN397 [218] (Figure B.1d). For each dataset, we show results
with the better of our two models, as reported in Table 3.1: DataDreamdset for Flowers102
and Stanford Cars, and DataDreamcls for DTD [36] and SUN397 [218]. We include results
for both using only synthetic (Synth) as well as the combination of synthetic and real data
(Synth+Real).

One aspect we would like to highlight is the performance similarity on Stanford Cars
[100] between the Synth and Real+Synth settings on 16 shots. This can already be seen
in Table 3.1, but especially stands out in Figure B.1c. This means that by sixteen shots,
DataDreamdset can faithfully represent the information from the real data, to the point
where there is no performance gained from additionally training on the real samples.
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Figure B.2: Qualitative results of the class 747-100 from the FGVC Aircraft [121] dataset,
created the same as Figure 3.3.

G Qualitative examples

We provide additional qualitative results for one further FGVC Aircraft class and two extra
datasets. As done in Figure 3.3, we designate the real few-shot images provided for 1-, 4-,
8-, and 16-shots. We then show the 16-shot images generated by two competing methods,
IsSynth [69] and DISEF [37]. Finally, we have images generated by both DataDreamdset

and DataDreamcls, for varying number of shots.

In Figure B.2, we see images from the class 747-100 in FGVC Aircraft [121], which is a
commercial aircraft variety. When comparing with previous SOTA, we once again see that
DataDream generally provides better in-distribution data. DISEF in particular generates
many incorrect modalities (e.g. cartoon or toy) or images with irrelevant primary subjects.
In comparison, DataDream consistently generates images with the correct shape, as seen
from angles commonly found in the dataset.

In Figure B.3, we show images of Stanford Cars’ [100] Volkswagen Beetle Hatchback
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Figure B.3: Qualitative results of the class Volkswagen Beetle HatchBack 2012 from the
Stanford Cars [100] dataset, created the same as Figure 3.3.

2012 class. Once again, we see that DataDream is better at consistently generating the cor-
rect car than DISEF, and generates backgrounds closer to what is found in the real dataset
than IsSynth. Furthermore, we would like to point out a coloring difference between
DataDreamdset and DataDreamcls. We know that Volkswagen Beetles are available in a
wide variety of colors; DataDreamcls demonstrates this by generating cars in yellow, or-
ange, multiple shades of bright blue, etc. On the other hand, most car varieties are available
in a smaller color pool, many of which are muted. We see that DataDreamdset-generated
cars are more likely to be white, gray, or red, all of which are colors commonly found in
other cars. There are still several shades of blue generated, but they are more muted than
those generated by DataDreamcls. Hence, we see an example of how DataDreamdset can
learn patterns from the wider dataset and apply them to individual classes where it may
not be optimal, while DataDreamcls can differentiate better. We remember from Table 3.1
that DataDreamdset performed better than DataDreamcls on the full dataset, so overall,
the value of information shared between classes was greater than what was lost.
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Figure B.4: Qualitative results of the class Sword Lily from the Flowers102 [139] dataset,
created the same as Figure 3.3.

Finally, we provide examples of generated images from the Sword Lily class in the
Flowers102 dataset [139]. First, we notice that while both previous methods struggle to
generate faithful representations of the class, DataDreamcls generates accurate images
from a single shot, and DataDreamdset from four shots. One interesting aspect is the
number of flowers per image. At a single and four shots, DataDreamcls generates a few
images of single or double flowers. However, by four-shots for DataDreamcls and from
the first shot for DataDreamdset, flowers are almost always generated in bunches, outside.
While this is representative of the majority of images, there are also examples in the real
dataset with a low number of flowers. Hence, there may still be more to gain in terms of
ensuring that the entire distribution is represented in the synthetic dataset. We leave this
for future work to explore.

121



C

LoFT: LoRA-fused Dataset Generation
with Few-shot Guidance

A Implementation details of classifier training

When fine-tuning the CLIP model, we freeze the CLIP parameters and update the LoRA
weights applied to them, with a lora rank of 16. We use a batch size of 256 and a learning
rate of 1e-6 with cosine annealing for the learning rate schedule. The weight decay is set
to 1e-4. As the dataset size increases, we adjust the number of iterations to be increased
while decreasing the number of epochs. For dataset sizes of 0.05M, 0.1M, 0.25M, 0.5M,
and 1M, the number of epochs is set to 90, 80, 70, 60 and 50, respectively. The warm-up
period is set to 10% of the total epochs, resulting in 9, 8, 7, 6, and 5 warm-up epochs for
each dataset size.

When training the ResNet50 from scratch, we use a batch size of 2048 and a learning
rate of 0.2 with cosine annealing for the learning rate schedule. The weight decay is set
to 1e-4. As the dataset size increases, we adjust the number of iterations to be increased
while decreasing the number of epochs. For dataset sizes of 0.05M, 0.1M, 0.25M, 0.5M, and
1M, the number of epochs is set to 300, 250, 200, 150, and 100, respectively. The warm-up
period is set to 10% of the total epochs, resulting in 30, 25, 20, 15, and 10 warm-up epochs
for each dataset size.

B Training an image classifier from scratch

We further evaluate the dataset generation methods by training ResNet50 [68] model from
scratch and evaluating it on the validation dataset of ImageNet. The results are shown in
Figure C.1.
Performance improves with dataset size. Contrary to CLIP fine-tuning, training from
scratch with data from the ClassPrompt method improves with increasing dataset size.
Similarly, the performance of all few-shot guided generation methods also improves
consistently with data scale for all k-shot settings.
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Figure C.1: Classification accuracy on ImageNet when training ResNet50 from scratch on
synthetic data generated from different methods at different scales. We report few-shot
guidance on 8, 16, 32, and 64 images per class and a baseline of training CLIP only on
k-shot real data. LoFT benefits from a larger number of real images as guidance.
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Figure C.2: Scaling the number of synthetic data on Aircraft and DTD datasets when
fine-tuning CLIP.

The best method depends on the k-shot setting. The best method differs depending
on the number of k-shot real images used for guidance. In the case of smaller k-shot
settings (8-shot), CaptionPrompt outperforms both DataDream and LoFT. However, as
the number of shots increases, DataDream and LoFT start to outperform CaptionPrompt,
with LoFT consistently performing better than DataDream. For instance, LoFT achieves
58.70% at 1M scale in 64-shot while DataDream and CaptionPrompt achieve 56.00% and
52.48%, respectively.
Conclusions differ between fine-tuning and training from scratch. While the best
method for training from scratch depends on the number of k-shot real images used for
guidance, LoFT outperforms all baseline methods consistently across all k-shot settings
when fine-tuning the CLIP model. Synthetic images by LoFT complement the prior
knowledge contained in CLIP because it generates images that accurately represent the
features of each class. In contrast, CaptionPrompt introduces greater diversity but since
CLIP has already been pre-trained on a broad range of diverse images, it does not provide
as much complementary value, limiting its effectiveness for fine-tuning.

C Scaling up to 5000 images per class on fine-grained datasets

To study the scaling ability of synthetic data size on fine-grained dataset, we conduct exper-
iments by generating up to 5000 images per class for the Aircraft and DTD datasets. For the
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few-shot synthetic data generation methods, we use 16-shot real images as guidance. The
results from fine-tuning CLIP are shown in Figure C.2. ClassPrompt and CaptionPrompt
reach a plateau from the beginning, indicating that increasing the number of synthetic
images does not improve the classification performance. On DTD, LoFT reaches a plateau
at 500 images per class, while on the Aircraft, performance continues to improve up to
5000 images per class.

D Qualitative results on fine-grained datasets

We show qualitative results of our LoFT method on Aircraft and Cars datasets. For
the DHC-8-100 class on the Aircraft dataset in Figure C.10a, LoFT generate a propeller
attached to the wing, which resembles real images. Moreover, for the Model B200 class
in Figure C.10b, LoFT generates the shape of the class similar to real images, such as the
head shape and the tail shape. Similarly in Figure C.10c and Figure C.10d, LoFT generate
images of the class “Jeep Wrangler SUV 2012” and “Bugatti Veyron 16.4 Coupe 2009” that
resemble the shape and fine-grained details of real images, respectively.

E Additional per-class analysis

Correlation between diversity and alignment. In addition to the recognizability and
diversity metrics introduced in §4.4.3, we introduce one additional metric, alignment,
to measure how closely the distribution of synthetic data aligns with that of real data.
To quantify this, we calculate the Fréchet Inception Distance (FID) [76] score for each
class, where a lower score indicates closer alignment between the synthetic and real data
distributions.

As seen in Figure C.6, we observe a positive correlation between alignment and
diversity for all methods. This suggests that higher diversity in the generated images
come at the expense of closely mimicking the real data distribution. Moreover, the overall
alignment scores are smaller for LoFT and DataDream compared to ClassPrompt and
CaptionPrompt, indicating that the images generated by LoFT and DataDream align more
closely with the real data distribution.

F Ratio of data points the two models disagree on the prediction

Since different methods show distinct strengths that contribute to performance gains, a
natural question arises: do the classification models trained on each synthetic dataset
exhibit different sets of corrected data points? To explore this, we use a ResNet50 model
trained on the 0.5M-sized dataset from the ClassPrompt and 16-shot guided generation
methods. We calculate the ratio of the number of data points in the validation ImageNet
dataset that show inconsistent predictions relative to the total number of data points, i.e.
where one model makes a correct prediction while the other model makes an incorrect one.
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The results are shown in Figure C.3. Even though the three few-shot
guided methods (CaptionPrompt, DataDream, and LoFT) have com-
parable overall accuracy (around 45% accuracy, in Figure C.1), the
correction flip ratios between them are above 20%. This suggests
that each synthetic dataset encourages the model to learn different
features. Moreover, LoFT shows a higher flip ratio with Caption-
Prompt (26.6%) compared to DataDream (20.4%). This aligns with
our per-class analysis, where CaptionPrompt maintains performance
by leveraging greater diversity in image distribution, while LoFT and
DataDream have higher recognizability, focusing more on image fi-
delity.

G Qualitative comparison on ImageNet

We present additional qualitative results for 8 classes, i.e. Hourglass, Hard disk drive,
Joystick, Weighing scale, Carved Pumpkin, Diaper, Swing, and iPod, in Figure C.7 and
Figure C.8.

Taking the class Hourglass in Figure C.7a as an example, real images show hourglasses
with diverse frames and varying sand colors. The images generated by ClassPrompt show
less color variation. While CaptionPrompt and DataDream generate more colorful images,
some of them are not easily recognizable as hourglasses. In contrast, LoFT generates
images that maintain both diversity in the frame and sand color while clearly representing
the hourglass.

Taking the class Swing in Figure C.8c as another example, real images show one or
multiple swings, sometimes with a person riding them. Some of the generated images by
ClassPrompt does not look like a swing, but rather resemble a chair. For CaptionPrompt
and DataDream, some of the generated images focus more on the human subject than the
swing itself, making the swing less visible. In contrast, LoFT generates clear images of
swings or multiple swings, with the object clearly identifiable.

H Additional qualitative results varying 𝜆

Figure C.4 presents examples of images generated by our LoFT method with different 𝜆
values, alongside their corresponding real images. As we adjust the weight parameter 𝜆
for the LoRA fusion, we observe distinct trends in the generated outputs. When 𝜆 is set
to either 0 or 1, the generated images closely resemble the original real images. However,
this approach limits the diversity of outputs across different seeds. As 𝜆 approaches 0.5,
we achieve an optimal balance that enhances the diversity of the generated images while
preserving their quality. Each generated image effectively integrates features from the
two original real images while resembling in-distribution data. This characteristic makes
the synthetic training dataset produced by LoFT beneficial for classification tasks.
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Figure C.4: Ablation study of qualitative results on 𝜆 variation when fusing LoRAs. Given
two images of Jeep class, 𝜆 = 0.5 merges features from both real images while maintaining
diversity with random seed image generation. As 𝜆 approaches 0 or 1, the generated
images become more similar to the original image and looses diversity.

We present additional qualitative results in 𝜆 variation for 4 classes, i.e. Hourglass,
Carved Pumpkin, Diaper, and Swing, in Figure C.9.

Taking the class Hourglass in Figure C.9a as an example, a real image 𝑥1 shows a single
hourglass with a wooden frame while another real image 𝑥2 shows multiple hourglasses
without a wooden frame. When 𝜆 = 1 or 0, the images generated by different random
seeds closely resemble one of the real images. When 𝜆 = 0.5, the generated images show
both diversity and high fidelity: some images have wooden frame while others do not, and
some display multiple multiple hourglasses while others show only a single hourglass.

Taking the class Swing in Figure C.9d as another example, a real image 𝑥1 shows a
baby riding a swing colored with yellow and blow while another real image 𝑥2 shows
only a yellow swing. When 𝜆 = 1 or 0, the images generated by different random seeds
closely resemble one of the real images. When 𝜆 = 0.5, the generated images show both
diversity and high fidelity: the color of the swing is different, and a baby is riding a swing
in some of the images.

126



H. ADDITIONAL QUALITATIVE RESULTS VARYING 𝜆

0 0.2 0.4 0.6 0.8 1

Recognizability

50

100

150

200

250

300

350

400

A
li

gn
m

en
t

ClassPrompt

0 0.2 0.4 0.6 0.8 1

Recognizability

50

100

150

200

250

300

350

400

CaptionPrompt

0 0.2 0.4 0.6 0.8 1

Recognizability

50

100

150

200

250

300

350

400

DataDream

0 0.2 0.4 0.6 0.8 1

Recognizability

50

100

150

200

250

300

350

400

LoFT (Ours)

-3.5

-3.0

-2.5

-2.0

-1.5

-1.0

-0.5

0.0

P
er

fo
rm

an
ce

@
0.

5M

Figure C.5: Per-class analysis of recognizability and alignment in synthetic datasets
generated from different methods. The color indicates a log-likelihood of the ImageNet
validation dataset when CLIP is fine-tuned on the 0.5M-sized synthetic dataset in the
16-shot setting.
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Figure C.6: Per-class analysis of diversity and alignment in synthetic datasets generated
from different methods. The color indicates a log-likelihood of the ImageNet validation
dataset when CLIP is fine-tuned on the 0.5M-sized synthetic dataset in the 16-shot setting.
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Figure C.7: Qualitative examples for the classes Hourglass, Hard disk drive, Joystick, and
Weighing scale.
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Figure C.8: Qualitative examples for the classes Carved Pumpkin, Diaper, Swing, and
iPod.
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Figure C.9: Ablation study of qualitative results on 𝜆 variation when fusing LoRAs.
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Figure C.10: Qualitative results of our LoFT method on Aircraft and Cars datasets.
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D

Improving Intervention Efficacy via
Concept Realignment in Concept

Bottleneck Models

A Details of the Intervention Procedure

In Algorithm 1 we describe the standard process of performing interventions in concept-
based models using an intervention policy.
Algorithm 1 Intervention Algorithm

1: Inputs:
2: 𝑇 (total number of interventions)
3: 𝜋 (intervention policy, which takes the concepts as input)
4: 𝑐 (concepts predicted by the concept encoder)
5: 𝑐 ← 𝑐 ⊲ output of the concept encoder, g
6: for 𝑡 ∈ {0, . . . , 𝑇 − 1} do
7: 𝑖 ← 𝜋(𝑐) ⊲ 𝑖 is the concept that we want the user to intervene on
8: 𝑐𝑖 ← 𝑐𝑖 ⊲ replace the 𝑖th concept in 𝑐 with its ground truth value 𝑐𝑖
9: end for

10: return 𝑦̃ = 𝑓 (𝑐) ⊲ updated class prediction after all interventions have been
performed

In Algorithm 2 we describe the procedure used in our setup, which realigns unintervened
concepts following an intervention step. We use this algorithm to compute the loss for
training the realignment model.

B Comparison Between Random and UCP Policies

In this section, we compare the classification accuracies achieved by following the random
and UCP intervention policies on the three datasets, respectively. In Fig. D.1 we show that
the UCP policy is superior across all datasets, and is therefore our default policy across
all experiments in this study.
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Algorithm 2 Realignment Model Training Loss
1: Inputs:
2: 𝑇 (total number of interventions)
3: 𝜋 (intervention policy, which takes the concepts as input)
4: 𝑐 (concepts predicted by the concept encoder)
5: 𝑐 ← 𝑐 ⊲ output of the concept encoder, g
6: 𝜅−1 ← 𝑐 ⊲ initialize realigned concepts
7: ℒ ← 0 ⊲ initialize loss
8: for 𝑡 ∈ {0, . . . , 𝑇 − 1} do
9: 𝑖 ← 𝜋(𝜅𝑡−1) ⊲ 𝑖 is the concept that we want the user to intervene on

10: 𝑐𝑖 ← 𝑐𝑖 ⊲ replace the 𝑖th concept in 𝑐 with its ground truth value 𝑐𝑖
11: 𝜅𝑡 ← 𝑢(𝑐) ⊲ output of realignment model
12: ℒ ← ℒ + CE(𝜅𝑡 , 𝑐) ⊲ aggregate loss
13: end for
14: return ℒ/𝑇 ⊲ average loss across all intervention steps
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Figure D.1: Comparison between accuracy under UCP and Random intervention policies.
UCP is superior in all three datasets.

C Additional Results on IntCEMs

In this section, we report the performance ofposthoc concept realignmenton the intervention-
aware CEMs (IntCEMs) on the CelebA and AwA2 datasets to supplement the results in
Section 5.4.3. In Fig. D.2 we show that concept realignment improves the performance of
the SoTA approach in both datasets.

D Additional Results

Here, we report the area under the curve of concept prediction loss and classification
accuracy using three different random seeds. It can be seen in Tables D.1 and D.2 that
concept realignment consistently improves performance on both metrics.

133



APPENDIX D. IMPROVING INTERVENTION EFFICACY VIA CONCEPT
REALIGNMENT IN CONCEPT BOTTLENECK MODELS

Table D.1: Area Under Curve (AUC) of Concept Prediction Loss and Classification Accu-
racy with/without CIRM for three random seeds on the CUB dataset. We use the same
backbone for sequential and independent CBMs. CIRM improves performance across all
models and runs.

Base Model Realigned Concept Loss AUC ↓ Accuracy AUC ↑
Run 1 Run 2 Run 3 Run 1 Run 2 Run 3

Sequential CBM × 6.72 7.11 6.77 2460.86 2394.1 2444.08
✓ 3.16 3.16 3.24 2510.48 2460.41 2501.08

Independent CBM × 6.72 7.11 6.77 2653.37 2652.75 2652.47
✓ 3.16 3.16 3.24 2678.09 2675.04 2675.48

Joint CBM × 5.93 5.84 5.89 2580.28 2533.56 2591.32
✓ 3.67 3.49 3.58 2608.89 2559.93 2622.53

CEM × 5.99 13.19 6.50 2521.31 1681.97 2579.84
✓ 3.21 6.66 3.43 2558.07 1762.58 2617.25

Table D.2: Area Under Curve (AUC) of Concept Prediction Loss and Classification Accu-
racy with/without CIRM for three random seeds on the CelebA dataset. We use the same
backbone for sequential and independent CBMs. CIRM improves performance across all
models and runs.

Base Model Realigned Concept Loss AUC ↓ Accuracy AUC ↑
Run 1 Run 2 Run 3 Run 1 Run 2 Run 3

Sequential CBM × 1.59 1.64 1.65 281.09 279.64 279.47
✓ 1.51 1.53 1.55 284.76 284.00 284.21

Independent CBM × 1.59 1.64 1.65 280.86 308.38 310.57
✓ 1.51 1.53 1.55 282.48 312.72 316.45

Joint CBM × 2.88 3.23 3.10 273.06 236.22 296.80
✓ 1.75 1.77 1.74 273.76 246.09 303.76

CEM × 1.65 1.90 1.83 396.70 366.87 361.60
✓ 1.49 1.66 1.58 401.84 370.88 363.57

Table D.3: Area Under Curve (AUC) of Concept Prediction Loss and Classification Accu-
racy with/without CIRM for three random seeds on the AwA2 dataset. We use the same
backbone for sequential and independent CBMs. CIRM improves performance across all
models and runs.

Base Model Realigned Concept Loss AUC ↓ Accuracy AUC ↑
Run 1 Run 2 Run 3 Run 1 Run 2 Run 3

Sequential CBM × 4.26 3.76 3.92 8363.9 8411.17 8373.00
✓ 1.13 1.2 1.15 8397.79 8437.69 8400.66

Independent CBM × 4.26 3.76 3.92 8403.45 8410.39 8407.77
✓ 1.13 1.2 1.15 8437.31 8437.59 8438.71

Joint CBM × 4.77 4.34 4.47 8276.37 8350.96 8346.31
✓ 1.5 1.54 1.51 8326.95 8391.89 8389.76

CEM × 4.9 4.04 3.92 8429.35 8438.99 8439.87
✓ 1.69 1.45 1.46 8433.38 8439.9 8439.52
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Figure D.2: Classification accuracy with and without posthoc concept realignment in
intervention-aware CEMs. In both cases, concept realignment improves performance of
the base IntCEM model.
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