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The rise of massive foundation models pretrained on large-scale datasets has enabled un-
precedentedgeneralization, but their immense size presents criticaldeploymentchallenges,
demanding substantial memory and computational resources that make specialized adap-
tation and deployment in resource-constrained environments prohibitively expensive.
This thesis addresses these challenges through three interconnected contributions that
progressively enable e!cient model adaptation and deployment.

Our first contribution, ETHER, challenges prevailing assumptions about parameter-
e!cient fine-tuning (PEFT). While LoRA’s simplicity has democratized finetuning, parallel
research has investigated sophisticated geometric constraints, such as preserving hyper-
spherical energy (HE) via orthogonal transformations. ETHER, initially motivated by
HE preservation through hyperplane reflections, reveals through empirical analysis that
adaptation robustness actually derives from bounding the Frobenius norm of weight
updates rather than maintaining HE. This insight suggests a paradigm shift: e"ective fine-
tuning depends on constraining weight deviation, not on geometric energy preservation.
However, ETHER’s fixed rank, predetermined boundaries, and computational overhead
from matrix multiplications limit its practical applicability.

Building directly on this insight, our second contribution, DeLoRA, translates the
Frobenius-bounded robustness principle into a practical, LoRA-like method. DeLoRA
operates with arbitrary rank, replaces matrix multiplications with additions, and implic-
itly maintains a Frobenius boundary by decoupling magnitude and angular learning.
This decoupling enables stable training at larger learning rates, and e"ectively prevents
catastrophic overwriting, while its flexible design supports diverse applications.

Our third contribution addresses the remaining bottleneck: the foundation model it-
self. While parameter-e!cient adapters dramatically reduce specialization costs, the base
model’s size remains the primary deployment constraint. Motivated by the observation
that massive generalist models contain substantial redundancy when deployed for specific
operations, we demonstrate how combining parameter-e!cient adaptation with knowl-
edge distillation enables practical deployment of specialist models. Through MemLoRA,
deployed in an LLM-powered memory system, we show how lightweight adapters can
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function as specialist experts—one for each memory operation—when enhanced through
knowledge distillation and paired with a single compact student model. This paradigm
achieves equivalent performance with dramatically reduced memory footprint, faster
inference, and minimal deployment cost.

Together, these contributions establish a cohesive framework for making foundation
models accessible in resource-constrained environments—from discovering robust adapta-
tion principles, to designing e!cient methods that embody these principles, to ultimately
demonstrating practical deployment through PEFT-enhanced distillation.
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1.1 Overview ofPEFT innovations. In this thesis, we introduce several reparametrization-
based PEFT methods (rhombuses in figure). In particular, we begin our study
on Hyperspherical Energy (HE) developments, driven by knowledge preser-
vation hypothesis [ETHER]. From here, we challenge HE claims, and find as
key driver Frobenius distance bounds [ETHER+] - introducing a new family
of methods. Finally, we tackle all limitations of previous methods, and bridge
the gap between Frobenius-norm-driven and LoRA-based methods [DeLoRA]
- introducing knowledge preservation properties to LoRA, or, alternatively,
introducing new deployment-friendly properties to ETHER+. . . . . . . . . 8

1.2 Overview of Task-specific E!cient Deployment. In this thesis, we do not
limit PEFT methods to adaptation tools for large-scale models, but further
demonstrate how they can drive more e!cient deployments in multi-task
systems. With MemLoRA, we demonstrate the powerfulness of this framework
in LLM-powered memory systems. By equipping small language models
(SLM) with task-specific adapter-experts trained via knowledge distillation
(KD) we achieve performance comparable to 60x larger LLMs, enabling on-
device deployment with minimal compromises. . . . . . . . . . . . . . . . . 9

2.1 ETHER and ETHER+ sketches. We visualize either a single hyperplane reflec-
tion for ETHER or two interacting hyperplanes for ETHER+, parametrized unit
normals 𝐿 (and 𝑀). Unlike ETHER, the final result of ETHER+ does not have
to retain the original length 𝑁, as the need for hard reflections is softened, and
orthogonality is no longer guaranteed. . . . . . . . . . . . . . . . . . . . . . . 17

2.2 Block-Parallel Computation scheme between 𝑂-dimensional block-diagonal
transformation with 𝑃 blocks and a 𝑂 → 𝑄 -dimensional weight matrix 𝑅 . . . 19

vii



2.3 Change in model behavior as a function of perturbation strength, i.e. distance
between weight transformation and identity matrix. As ETHER and ETHER+
are upper-bounded in perturbation by construction, catastrophic deterioration
of model performances is rarely encountered, and weight transformations
remain controllable even for maximal deviations. For standard approaches, s.a.
OFT, larger deviations from the identity matrix may occur during training and
result in substantial divergence from the pretrained model. Notice also that
by breaking orthogonality constraints in ETHER+, both smaller and stronger
semantic variants can be learned. . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.4 Distances as a function of learning rates between transformation and identity
matrix (Transformation Distance), and finetuned and pretrained weights (Weights
Distance). Distances obtained for subject-driven generation finetuning at con-
vergence (1200 iterations). Results show distances magnitudes higher and
unbounded for non-ETHER methods in both cases as learning rates increase. 21

2.5 mIoU and FID performances as a function of learning rates. Results are
obtained for controllable generation S2I finetuning on Stable Di"usion, and
reveal a much stronger learning rate robustness of ETHER-based methods;
retaining strong performance across entire learning rate magnitudes. . . . . 22

2.6 Achieved controllability (mIoU) per epoch for di"erent finetuning methods.
This figure extends Fig. 2.5 and highlights in detail how only a learning rate
of 10↑4 allows for optimal convergence in OFT and Naive, while for ETHER+
fastest convergence speeds are stably achieved across magnitudes. . . . . . . 22

2.7 Di"erence in HE between finetuned/pretrained models for Subject-driven
Generation and S2I. Notice that by removing the orthogonality constraint,
both ETHER+ and Naive alter the HE of the pretrained model, while OFT and
ETHER do not. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.1 Visualizations (Left) of the original LoRA [54] and (Right) of our proposed
method DeLoRA. In addition to the low-rank matrices 𝑆,𝑇, we introduce a
normalization ω and a scaling factor 𝜑, which e"ectively decouple the angular
learning from the adaptation strength. . . . . . . . . . . . . . . . . . . . . . . 31

3.2 Learning rate robustness plots in Subject-driven generation task in terms of
DINO scores (Left) and Euclidean distance between a finetuned vs pretrained
projection layer weights (Right). Learning rates used for robustness evaluation
were derived by multiplying the base learning rate in a range of factors. . . 40

3.3 (Left) Euclidean Distance of finetuned weights to pretrained weights as a
function of the number of training steps. (Right) Qualitative examples show
that LoRA exhibits significant artifacts earlier in the process compared to
DeLoRA, which maintains better image quality. . . . . . . . . . . . . . . . . 41

3.4 Average column norms of parameters in the attention modules of Stable Di"u-
sion’s Unet . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
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4.1 Overview. We employ specialized LoRA adapters to enable S(V)LMs to
perform memory operations for on-device deployment. The base S(V)LM
dynamically switches between expert adapters, each trained for a distinct stage:
(1) knowledge extraction, (2) memory update, (3) memory-augmented generation. In
the last stage, the model can switch between text-only and multimodal adapter,
depending on the input. By specializing each adapter for its specific operation,
MemLoRA(-V) achieves performance comparable to models 10-60x larger while
enabling e!cient local execution without cloud API dependencies. . . . . . 47

4.2 Training Pipeline (Extraction LoRA). We first generate outputs for the specific
memory-related task via a larger model (teacher). Raw output is further cleaned
and used as target for training LoRA parameters of a small model (student). 51

4.3 Our augmentation of LoCoMo includes challenging VQA tasks about (a)
counting object quantities, (b) identifying colours, and (c) asking about unusual
objects. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

A.1 Qualitative visualization of learning rate robustness of ETHER and ETHER+ in
subject-driven generation finetuning. We see how ETHER methods are able to
consistently produce good results avoiding model deterioration. Specifically,
ETHER+ shows impressive capabilities, being able to follow the subject-prompt
instructions in the widest learning rate range. . . . . . . . . . . . . . . . . . . 88

A.2 Subject-driven Generation results. Each row shares initial latent noise (notice
row-wise similarities). We can see that ETHER+ method is better at adapting
the model to the subjects. Notice how for the pink sunglasses, OFT and Naive
fail in following the prompt. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

A.3 Semantic Map to Image Qualitative Results. We notice how in the first row
all models but ETHER+ fail to control the image correctly. Overall ETHER+
controlled images show better control. . . . . . . . . . . . . . . . . . . . . . . 90

A.4 Examples of Landmark to Face (left) and Canny Edge Map to Image (right)
controlled generation with ETHER methods. . . . . . . . . . . . . . . . . . . 90

B.1 Robustness analysis between DoRA with and without magnitude updates,
with respect to learning rate changes from the optimal learning rate. . . . . 98

B.2 Learning rate robustness plots for DeLoRA in Subject-driven generation task
in terms of DINO scores (Left) and Euclidean distance finetuned vs pretrained
weights of a projection layer (Right). Ablation testing impact of increasing
learning rate for boundary (𝜑) or angular weights (𝑆𝑇). . . . . . . . . . . . . 99

B.3 Examples generated by DeLoRA-finetuned Stable Di"usion for personalized
generation on a small set of subject-specific images (left), and for semantic map
to image on ADE20K (right). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

B.4 Prolonged finetuning generated examples generated by DeLoRA, LoRA, and
DoRA methods, up to time step 2600. . . . . . . . . . . . . . . . . . . . . . . 100
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2.1 Better computational e!ciency through block-diagonality on Phi1.5-1.3B and
Llama-2-7B, with internal dimensions of 2048 and 4096 respectively. As the
number of blocks 𝑃 increases, so does the computational e!ciency, quantified
by the decrease in TFLOPs required for a single backward pass (using a sample
with longest sequence length). The larger the model’s internal dimension, the
larger the e!ciency gain. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.2 Subject-driven Generation Results. We use 𝑈 to denote rank, and 𝑃 the
number of diagonal blocks. We measure image quality (DINO, CLIP-I), text-
prompt fidelity (CLIP-T) and image diversity (LPIPS). ETHER+ addresses
finegrained adaptation shortcomings of ETHER (c.f. Sec. 2.3.3) and achieves
strong performance with only few adaptation parameters. . . . . . . . . . . 24

2.3 Semantic Map to Image Results. We use 𝑃 to denote the number of diagonal
blocks. ETHER and particularly ETHER+ achieve strong synthesis control
(mIoU, Acc) with few parameters while retaining good image alignment (FID).
We indicate with (+ magn. r.f.) the OFT version with magnitude re-fitting. . 24

2.4 GLUE benchmark. Comparisons of di"erent methods finetuning DeBERTaV3-
base. Results of all baselines are taken from [93]. We use 𝑈 to denote rank, and
𝑃 the number of diagonal blocks. As can be seen, ETHER and ETHER+ achieve
competitive performances across metrics while utilizing fewer parameters (up
to a magnitude in the case of ETHER) while also retaining all practical benefits
such as learning rate robustness depicted e.g. in Sec. 2.4. . . . . . . . . . . . 26

2.5 Instruction Tuning. We use 𝑈 to denote rank, and 𝑃 the number of diagonal
blocks. Both ETHER and ETHER+ outperform LoRA/OFT which use up to a
magnitude more parameters, and beat VeRA with similar parameter counts. 26

2.6 OFT vs Naive. OFT performance-test against its non-orthogonal counterpart
Naive. We show that results don’t di"er significantly, questioning the relevance
of HE retaining for finetuning performance. . . . . . . . . . . . . . . . . . . 27
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3.1 Ablation of DeLoRA innovations on the Subject-driven Image Generation
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Pretrained models have fundamentally transformed the landscape of artificial intelligence,
establishing themselves as the cornerstone of modern machine learning systems [42].
By leveraging large-scale unsupervised or self-supervised learning on massive datasets,
these models capture rich, transferable representations that can be e"ectively adapted to
a wide variety of downstream tasks with minimal task-specific training. This paradigm
shift—from training models from scratch to adapting pretrained foundations—has yielded
unprecedented improvements across domains, from natural language processing [4, 57]
to computer vision [28, 146], and has become the de facto standard in the development
of contemporary state-of-the-art AI systems.

The success of pretrained models is rooted in two fundamental principles that have
long been central to machine learning: transfer learning and representation learning. Transfer
learning enables models to leverage knowledge acquired from one or more source tasks
to improve performance on target tasks, even when labeled data is scarce [112, 131].
Representation learning focuses on discovering meaningful features from raw data that
can generalize across di"erent contexts [8, 154]. Together, these principles empower
pretrained models to overcome the traditional bottleneck of data hunger in deep learning,
enabling e"ective learning with limited labeled examples by capitalizing on the vast
amounts of unlabeled data available in the real world [47].

In this thesis, we address critical challenges in the deployment of large-scale foundation
models, with particular emphasis on robustness and e!ciency in resource-constrained
environments. Driven by considerations on adaptations that preserve models’ intrinsic
properties [93, 115], we identify and provide empirical evidence on novel key factors for
adaptation robustness. Building upon these insights, we develop novel adaptation meth-
ods guided by robustness and deployability objectives. Finally, motivated by observations
of redundancies in large-scale models [2, 73] and of specialization through adaptation
[43], we demonstrate how these same tools can enable the replacement of massive models
with compact task-specific experts via knowledge distillation. This demonstrates the
powerfulness of these methods, beyond simple adaptation tools.

The remainder of this chapter first provides a historical overview, tracing the evolution
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from early transfer learning approaches to modern foundation models. Subsequently,
we analyze the theoretical foundations of pretraining and transfer learning, elucidating
how these concepts inform current methodologies. Following this, we introduce the
challenges of adapting and deploying these large-scale foundation models, outlining
current solutions and opportunities, with special focus on parameter-e!cient finetuning
and knowledge distillation. We conclude the chapter by clearly outlining the primary
contributions made in this thesis, setting the stage for detailed discussions presented in
subsequent chapters.

1.1 From Transfer Learning to Pretrained Models

The concept of transfer learning has deep roots in machine learning [135], motivated by
the observation that humans can leverage previously learned knowledge to solve new
problems with remarkable e!ciency [112]. Rather than learning each new task in isolation
from scratch, intelligent systems can transfer relevant knowledge across related tasks,
dramatically reducing the amount of task-specific training required. This capability is
particularly valuable in scenarios where labeled data is expensive or di!cult to obtain
[112], which encompasses the majority of real-world applications.

Early explorations of transfer learning focused on two primary approaches: feature
transfer and parameter transfer. Feature transfer methods aimed to learn e"ective represen-
tations from source tasks that could be reused in target tasks, while parameter transfer
approaches sought to share model parameters or prior distributions across tasks [112].
These foundational ideas laid the groundwork for modern pretrained models, establishing
the key insight that knowledge captured during training on one task can be beneficial for
learning another.

The deep learning revolution brought new urgency and opportunities to transfer
learning research. As neural networks grew deeper and more powerful, they also became
increasingly data-hungry, requiring massive labeled datasets to achieve good performance
[47]. This created a fundamental tension: while deep networks had the capacity to learn
rich representations [47, 72], obtaining su!cient labeled data for every task of interest was
often infeasible. Pretraining emerged as an elegant solution to this challenge, enabling the
separation of representation learning (performed once on large-scale unlabeled or weakly-
labeled data) from task-specific adaptation (performed with limited labeled examples) [16,
117, 154].

The Rise of Self-Supervised Pretraining. A crucial turning point in the evolution of
pretrained models was the adoption of self-supervised learning as the primary pretraining
paradigm [25, 117]. Unlike supervised learning, which requires expensive manual annota-
tions, self-supervised learning leverages the inherent structure within data itself to create
supervision signals. This breakthrough enabled the utilization of virtually unlimited
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unlabeled data, as the model could generate its own training targets from the input data
without human intervention.

In natural language processing, this manifested through objectives such as predicting
masked words in sentences (masked language modeling) [25] or predicting the next word
in a sequence (autoregressive language modeling) [117]. These seemingly simple tasks,
when performed at scale on massive text corpora, enabled models to capture rich linguistic
knowledge including syntax, semantics, and even factual information about the world.
The introduction of the Transformer architecture [139] further accelerated this progress,
providing an e!cient and scalable foundation that could e"ectively process long-range
dependencies in sequential data.

The success of models like GPT (Generative Pretrained Transformer) [117] and BERT
(Bidirectional Encoder Representations from Transformers) [25] in 2018 marked a pivotal
moment [42]. These models demonstrated that self-supervised pretraining on large text
corpora, followed by finetuning on specific tasks, could achieve state-of-the-art results
across a wide range of NLP benchmarks [140]. This paradigm quickly spread beyond lan-
guage to other domains, with pretrained models showing impressive results in computer
vision [16, 28], speech recognition [5], and multimodal learning [90, 101, 116, 123].

The Scaling Era and Foundation Models. Following the initial success of self-supervised
pretrained models, the field entered an era characterized by aggressive scaling of model
size and training data. Models grew from millions of parameters to billions [13, 118, 136]
and eventually trillions [6, 23, 30, 110], while training datasets expanded from gigabytes to
terabytes of data [13, 30, 61]. This scaling revealed emergent capabilities [144]: as models
grew larger, they began to exhibit qualitatively improved behaviors, including few-shot
and even zero-shot learning abilities—the capacity to perform tasks with minimal or no
task-specific examples [13].

GPT-3 [13], with 175 billion parameters, exemplified this trend, demonstrating that suf-
ficiently large language models could solve novel tasks simply through careful prompting,
without any parameter updates. This gave rise to the concept of foundation models: large-
scale models trained on broad data that can be adapted to a wide range of downstream
applications [12]. These models have become the foundation upon which numerous appli-
cations are built, fundamentally changing how AI systems are developed and deployed.

However, this scaling trend has introduced significant challenges. Training and de-
ploying models with billions of parameters requires substantial computational resources,
specialized hardware, and extensive engineering e"ort [12, 13]. Even finetuning such
models on specific tasks can be prohibitively expensive in terms of computation, memory,
and time [51, 53]. Furthermore, maintaining separate fine-tuned copies of large models
for di"erent tasks is impractical due to storage constraints. These challenges have created
an urgent need for e!cient adaptation methods.
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1.2 E!cient Adaptation of Foundation models

As mentioned above, despite their impressive capabilities, pretrained models present
significant practical challenges when adapting them to downstream tasks. Traditional
full finetuning—updating all model parameters on task-specific data—has several critical
limitations: (i) Computational Cost - finetuning billion-parameter models requires substan-
tial computational resources, often necessitating multiple high-end GPUs and extended
training times; (ii) Memory Requirements - storing optimizer states and gradients for all pa-
rameters during training can require several times more memory than the model itself [65],
making finetuning infeasible on resource-constrained devices; (iii) Storage Overhead - main-
taining separate fine-tuned copies of large models for di"erent tasks leads to enormous
storage requirements, particularly in multi-task or multi-tenant scenarios; (iv) Catastrophic
Forgetting - aggressive finetuning can cause models to forget valuable knowledge acquired
during pretraining, potentially degrading performance on related tasks [64, 67, 75, 142];
and (v) Deployment Complexity - serving multiple task-specific model copies introduces
operational complexity and increases inference costs.

These limitations have motivated intensive research into Parameter-E!cient Fine-Tuning
(PEFT) methods—techniques that adapt pretrained models to new tasks by updating
only a small subset of parameters or introducing a small number of additional trainable
parameters [53, 78, 81]. The key insight is that the full capacity of large pretrained models
may not be necessary for adaptation; instead, small, targeted modifications can often
achieve comparable or even superior performance to full finetuning [9, 92, 94] while
dramatically reducing computational and memory costs.

PEFT approaches o"er several compelling advantages: (i) Reduced Computational Cost
– training time and compute requirements are substantially reduced, making adaptation
feasible even with limited resources; (ii) Lower Memory Footprint – storing optimizer states
for only a subset of parameters significantly reduces memory consumption during training,
enabling adaptation on consumer-grade hardware [24]; (iii) E!cient Multi-Task Serving
– by sharing a single frozen base model across tasks and maintaining only small task-
specific modules, storage and serving costs can be dramatically reduced [55]; and (iv)
Refined Adaptation – di"erent PEFT methods bring di"erent forms of regularization and
properties, explicitly or implicitly, from preserving pretraining knowledge, to potentially
improving performance on small task-specific datasets [9, 115].

Parameter-E!cient Finetuning Methods. Motivated by di"erent e!ciency consider-
ations and architectural insights, the field of PEFT has evolved along several distinct
paradigms. Adapter-based methods [51, 113] insert small trainable modules between frozen
transformer layers, with subsequent work exploring bottleneck architectures [125]. Prompt-
tuning approaches prepend learnable soft prompts to the input [78], with prefix-tuning [81]
extending this to key-value pairs across layers. Low-rank adaptation methods, pioneered
by LoRA [53], inject trainable low-rank decomposition matrices into weight updates,
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spawning numerous variants including AdaLoRA [160] with adaptive rank allocation,
QLoRA [24] combining quantization with LoRA, and DoRA [92] decomposing weights
into magnitude and direction components. Orthogonal fine-tuning methods employ orthog-
onal transformation not to alter the hyperspherical energy among column vectors of the
weight matrices [93, 115]. Beyond these families, selective fine-tuning approaches identify
and update specific parameter subsets [41], while unified frameworks [45] demonstrate
that many PEFT methods can be viewed through a common lens. Recent work has also
explored composition and scaling: combining multiple PEFT modules [20, 121], dynamic
selection mechanisms [34, 157], and analysis of how PEFT methods scale with model size
and task complexity [84].

Among these approaches, methods that introduce lightweight trainable modules
are of particular interest, as these modules can be merged with pretrained weights at
inference time, thereby eliminating additional latency—a critical advantage for massive
models requiring multiple forward passes, such as LLM-based systems. Within this PEFT
family, trained adapters can be seamlessly merged and unmerged from the base weights,
enabling straightforward deployment in multi-task systems that swap adapters based on
task requirements.

This thesis focuses specifically on this family of PEFT methods, as they o"er the
greatest versatility for e"ective deployment. In particular, we introduce novel PEFT
methods that: (i) originate from hyperspherical energy considerations, (ii) identify an
alternative optimization driver that e"ectively prevents pretrained weight overwriting,
introducing a new family of methods, and (iii) culminate in a comprehensive LoRA variant
that integrates these characteristics with LoRA’s flexible rank structure and enhanced
properties, ultimately combining the advantages of two PEFT families.

1.3 From Adaptation to Deployment

Beyond adaptation e!ciency, the deployment of large foundation models presents another
critical challenge: even with parameter-e!cient adapters, the size of the underlying model
can be the limiting factor for e"ective deployment. This issue becomes increasingly
critical as models continue to scale, imposing substantial memory requirements and
computational costs during inference that make deployment impractical in resource-
constrained environments or when serving multiple specialized models concurrently.

At the same time, recent analysis of foundation models’ structural properties reveal
a striking ine!ciency: these models appear vastly underutilized, with their intrinsic
dimensionality often orders of magnitude lower than their full parameter space [2].
This phenomenon stems from foundation models being trained as generalists on diverse,
large-scale, corpora spanning multiple domains, tasks, and often languages [12]. While
this overparametrization contributes to their broad generalization capabilities [2], it
also implies that when deployed for specific applications, much of their learned capacity
remains unnecessary for the task at hand [73].
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Deployment via Knowledge Distillation. To address these deployment constraints
while maintaining model capability, Knowledge Distillation (KD) has emerged as a pow-
erful complementary technique [32, 50, 91, 97, 158]. By training small "student" models
to mimic the behavior of large "teacher" models, knowledge distillation can produce com-
pact models that retain much of the teacher’s performance while dramatically reducing
computational and memory requirements [50, 128]. This approach has become standard
practice in modern LLM deployments, where model providers routinely publish multiple
size variants of their models, with the smaller variants typically distilled from their larger
counterparts [30]. This enables users to select the appropriate model size based on their
specific deployment constraints and performance requirements.

In this thesis we synthesize these insights by demonstrating how parameter-e!cient
fine-tuning can be powered by knowledge distillation to build task-specific expert mod-
els. Specifically, we test this approach in LLM-powered memory systems, where large
generalist models are asked to perform multiple specific tasks. Rather than fine-tuning
entire models, we train parameter-e!cient adapter "experts"—one per task—where each
adapter is enhanced through knowledge distillation from a larger teacher model to capture
task-specific expertise. This approach enables a practical deployment paradigm: the large
foundation model can be entirely replaced by a single compact student model paired with
a library of lightweight adapter experts, one for each specialized task. This dramatically
reduces deployment costs while maintaining task-specific performance, as only the small
student model and the relevant adapter need to be loaded for any given task.

1.4 Research Questions and Thesis Contributions

The development of this thesis was guided by several research questions that shaped its
core contributions. OFT [115] approached model finetuning as an adaptation process that
preserves hyperspherical energy, operating under the assumption that such preservation
is critical for preventing knowledge deterioration during adaptation.

But, is this hyperspherical energy retention really key for finetuning in a knowledge-
preserving way?

In our first contribution, we empirically test this assumption by conducting finetuning
experiments with a non-orthogonal variant of the proposed transformation—thereby ex-
plicitly violating hyperspherical energy preservation. Our results shows that this violation
does not significantly impact performance, challenging the original hypothesis. Building
on this insight, and motivated by the broader goal of developing finetuning methods that
preserve costly pretraining knowledge, we introduce ETHER and its enhanced variant
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ETHER+. These methods, based on hyperplane reflections, achieve comparable perfor-
mance to existing approaches while requiring only a fraction of the computational cost and
exhibiting superior non-deteriorating properties. Critically, we demonstrate that these
desirable properties stem not from hyperspherical energy preservation, but rather from
the transformation’s implicit bound on Frobenius norm distance, which constrains the
deviation from the pretrained model. We conduct a thorough investigation of this prop-
erty, with particular emphasis on Stable Di"usion, enabling both quantitative analysis
and qualitative visualization of the non-deteriorating e"ect relative to hyperspherical-
preserving methods. Finally, we introduce a custom block-parallelization algorithm that
enables more e!cient matrix multiplication for our proposed methods.

Despite demonstrating strong robustness and desirable non-deteriorating properties,
ETHER and ETHER+ exhibit several inherent limitations. In our second contribution, we
begin by rigorously analyzing and characterizing these shortcomings: (i) although the
transformations themselves are full-rank, we mathematically derive that the resulting
weight updates are necessarily low-rank—a constraint we empirically show limits model
expressivity; (ii) the fixed low-Frobenius-distance bound, while beneficial for stability, is
potentially suboptimal as it cannot adapt to task-specific requirements; and (iii) despite
substantial performance gains achieved through our block-parallelization algorithm, ma-
trix multiplications remain computationally more expensive than LoRA-based approaches.
These observations naturally led to a fundamental question:

Is it possible to combine the robustness of ETHER with the flexibility and e!ciency of
LoRA?

Motivated by the insight that Frobenius norm constraints are essential for preventing
pretrained knowledge deterioration, our second contribution establishes a principled
framework for bridging ETHER and LoRA. We demonstrate two complementary path-
ways: first, how to incorporate ETHER’s robustness properties into LoRA; and second, how
to integrate LoRA’s flexibility into ETHER’s formulation. Through these approaches, we
derive DeLoRA, a novel PEFT method that enhances the robustness properties of ETHER
and ETHER+ while supporting arbitrary Frobenius boundaries and o"ering LoRA’s flexi-
bility: arbitrary rank selection and e!cient computation through matrix additions rather
than multiplications. Remarkably, when the boundary term is treated as a learnable
parameter, DeLoRA maintains its non-deteriorating properties. This behavior reveals
that DeLoRA e"ectively decouples angular learning from magnitude learning—a sepa-
ration that preserves pretrained knowledge even under aggressive learning rate regimes.
The method’s flexibility positions it as a promising candidate for diverse applications,
while its inherent robustness to model deterioration makes it particularly well-suited for
deployment in systems requiring continual, on-the-fly adaptation.
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Figure 1.1: Overview of PEFT innovations. In this thesis, we introduce several
reparametrization-based PEFT methods (rhombuses in figure). In particular, we begin our
study on Hyperspherical Energy (HE) developments, driven by knowledge preservation
hypothesis [ETHER]. From here, we challenge HE claims, and find as key driver Frobenius
distance bounds [ETHER+] - introducing a new family of methods. Finally, we tackle
all limitations of previous methods, and bridge the gap between Frobenius-norm-driven
and LoRA-based methods [DeLoRA] - introducing knowledge preservation properties to
LoRA, or, alternatively, introducing new deployment-friendly properties to ETHER+.

While the preceding contributions address the e!ciency and robustness of model
adaptation, they operate under the assumption that the large foundation model it-
self remains deployed. However, large foundation models impose significant deploy-
ment costs—requiring substantial memory, computational resources, and inference la-
tency—costs that become particularly ine!cient when deploying models for specialized
tasks that don’t require the full breadth of the foundation model’s capabilities. Given
the proven e"ectiveness of parameter-e!cient adapters for specialization and knowledge
distillation for model compression, a natural question emerges:

Can we power parameter-e!cient adaptation with knowledge distillation to enable
practical deployment of task-specific expert models?

In our third contribution, we demonstrate such a synthesis. Rather than fine-tuning
parameter-e!cient adapters on top of large foundation models, we show how adapters can
be enhanced through knowledge distillation to function as specialist experts. Specifically,
we train parameter-e!cient adapter "experts"—one per task—where each adapter captures
task-specific knowledge distilled from a larger teacher model. This architecture enables a
compelling deployment paradigm: the large foundation model can be entirely replaced
by a single compact student model paired with a library of lightweight adapter experts.
For any given task, only the small student model and its corresponding adapter need
to be loaded, dramatically reducing deployment costs while preserving task-specific
performance.
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Figure 1.2: Overview of Task-specific E!cient Deployment. In this thesis, we do not
limit PEFT methods to adaptation tools for large-scale models, but further demonstrate
how they can drive more e!cient deployments in multi-task systems. With MemLoRA,
we demonstrate the powerfulness of this framework in LLM-powered memory systems.
By equipping small language models (SLM) with task-specific adapter-experts trained
via knowledge distillation (KD) we achieve performance comparable to 60x larger LLMs,
enabling on-device deployment with minimal compromises.

Collectively, these contributions address a fundamental challenge: enabling e!cient
deployment and adaptation of large-scale foundation models. Our investigation consis-
tently proceeds toward this central objective. First, with the development of ETHER and
ETHER+, we establish the foundations for robust adaptation by identifying Frobenius
norm constraints as a key principle for non-deteriorating fine-tuning—a critical insight
for deployment scenarios where model reliability cannot be compromised. Second, with
DeLoRA, we enhance these methods and bridge the gap with LoRA-based methods, en-
hancing LoRA with knowledge-preserving properties. Finally, we address the remaining
deployment bottleneck: the foundation model itself. Motivated by the observation that
massive generalist models contain substantial redundancy when deployed for specific
tasks, we demonstrate how parameter-e!cient adaptation can be powered by knowledge
distillation to enable a transformative deployment paradigm. Rather than deploying large
foundation models with task-specific adapters, we show how lightweight adapters can
function as specialist experts when paired with a single compact student model—replacing
the entire large model while preserving task-specific performance.

1.5 Thesis Outline

The structure of the remainder of the thesis is briefly described below. Each chapter
corresponds to an individual research paper. All works in the thesis are solo-first-authored.

• Chapter 2: ETHER - E!cient Finetuning of Large-Scale Models with Hyperplane
Reflections presents our work on bounded parameter-e!cient finetuning through
a relaxation of Householder transformations, published as a conference paper in
ICML 2024. By framing adaptation as hyperplane reflections with constant distance
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to the identity, ETHER achieves remarkable learning rate robustness and parameter
e!ciency across image generation and language understanding tasks.

• Chapter 3: Decoupling Angles and Strength in Low-Rank Adaptation details
our method for decoupled low-rank adaptation that normalizes and scales LoRA
matrices, published as a conference paper in ICLR 2025, and soon-to-be-released in
HuggingFace’s peft package [104] which will allow broad and easy deployment. By
separating angular learning from adaptation strength, DeLoRA achieves both the
robustness of bounded methods and the expressiveness of high-rank adaptation,
demonstrating superior stability and performance across diverse benchmarks.

• Chapter 4: MemLoRA - Distilling Expert Adapters for On-Device Memory Sys-
tems explores MemLoRA, our e!cient deployment of KD-trained expert adapters
in LLM and VLM -powered memory systems, currently under review. This work
bridges the gap between e!cient adaptation and practical deployment, enabling on-
device deployment with significant improvements in inference speed and resource
utilization.

• Chapter 5: Conclusions and Discussion summarizes the contributions of this
thesis, and outlines promising directions for future research in parameter-e!cient
adaptation and e!cient deployment of foundation models.

Together, this thesis provides a comprehensive treatment of critical challenges in foun-
dation model deployment, from achieving robust finetuning through bounded transfor-
mations, to enabling flexible high-rank updates with principled decoupling, to deploying
adapted models e!ciently on resource-constrained devices. By addressing the complete
pipeline from adaptation to deployment, this work advances both our theoretical under-
standing and provides practical solutions for making large-scale AI systems accessible,
robust, and deployable at scale.
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Parameter-e!cient finetuning (PEFT) has become ubiquitous to adapt foundation models
to downstream task requirements while retaining their generalization ability. However,
the amount of additionally introduced parameters and compute for successful adapta-
tion and hyperparameter searches can explode quickly, especially when deployed at
scale to serve numerous individual requests. To ensure e"ective, parameter-e!cient,
and hyperparameter-robust adaptation, we propose the ETHER transformation family,
which performs E!cient fineTuning via HypErplane Reflections. By design, ETHER
transformations require a minimal number of parameters, are less likely to deteriorate model
performance, and exhibit robustness to hyperparameter and learning rate choices. In particular,
we introduce ETHER and its relaxation ETHER+, which match or outperform existing
PEFT methods with significantly fewer parameters (↓10-100 times lower than LoRA or
OFT) across multiple image synthesis and natural language tasks without exhaustive hy-
perparameter tuning. Finally, we investigate the recent emphasis on Hyperspherical Energy
retention for adaptation and raise questions on its practical utility. The code is available
at https://github.com/mwbini/ether.
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CHAPTER 2. ETHER: EFFICIENT FINETUNING OF LARGE-SCALE MODELS WITH
HYPERPLANE REFLECTIONS

2.1 Introduction

Recently, large-scale foundation models [12] have demonstrated impressive general-
purpose capabilities across both generative and discriminative tasks [66, 110, 123, 136],
showing extensive flexibility and strong performance when further adapted to di"erent,
more specialized tasks such as instruction following or controlled image synthesis [19,
126, 132, 159].

While impressive, these capabilities come with parameter counts increasing into the
billions [110, 114, 137]. To allow fora"ordable and scalable model adaptation that can serve
large and diverse client bases, various techniques have been introduced in the literature.
They range from full finetuning [130, 156, 169] to just a few layers of the pretrained
model [71], concatenating additional learning modules [51, 108, 113], and more recently
to adapters on the network weights with lightweight learnable transformations [54, 70,
115, 138]. The latter have proven particularly e"ective, introducing no inference latency,
fewer adaptation parameters, and strong performance.

Conceptually, these methods finetune on smaller datasets to adapt to downstream
task and data requirements, without (1) compromising too much on the costly pretraining
and (2) incurring concept and semantic drifts by catastrophically overwriting pretrained
weights [38, 56, 64, 67, 75, 102, 105, 124, 126]. Treading the line for a suitable trade-o"
between adaptation and retention of the foundational model capabilities thus presents
itself as a di!cult task to tackle, often requiring costly tuning of hyperparameters such as
learning rates. This problem is acknowledged explicitly in [15, 39, 82] aiming to preserve
Euclidean weight distances between pretrained and finetuned models, and implicitly with
approaches opting for both lower learning rates (at the cost of more tuning iterations) and
inclusion of tuning parameters via summation [115].

In particular, [115] hints that a Euclidean distance measure likely fails to fully capture
the preservation of the network’s ability, suggesting instead Hyperspherical Energy (HE)
as an alternative measure. The resulting objective uses orthogonal transformations (OFT)
for multiplicative weight changes that control HE. Still, even OFT requires specific and
restricted hyperparameter choices such as small learning rates and initialization from
identity matrices to ensure su!cient knowledge preservation. In addition, while more
robust and stable for finetuning in controllable generation settings compared to LoRA
[115], OFT comes with a high computational overhead due to matrix multiplication and a
large number of tuning parameters.

In this work, we propose E!cient fineTuning via HypErplane Reflections (ETHER) - a new
family of weight transformations, e!cient in parameter count while preserving model
abilities and being robust in convergence and learning rate choices. By default, ETHER
transformations frame the tuning process as a search for suitable hyperplanes, along
which weight vectors can be reflected based on the orthogonal Householder transforma-
tion [52]. This keeps the distance to the transformation neutral element - the identity
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matrix - constant by construction and improves training stability while reducing the
chance of deteriorating model performance. In addition, being built from single vectors,
Householder transformations allow for e!cient block-parallel matrix multiplication with
minimal performance trade-o"s.

However, situations may arise where the hard distance restriction of ETHER can
prove suboptimal (such as for subject-driven image generation, where finegrained subject-
specific semantics need to be retained). As such, we augment the ETHER family with
ETHER+ - a relaxation on the default ETHER method. More precisely, ETHER+ derives
from the Householder transformation, but breaks the orthogonality and constant distance
constraints, introducing multiple hyperplanes that can interact with a weight vector. As a
result, ETHER+ allows for more controlled and finegrained adaptation, while still having a
bounded distance to the transformation neutral element, and retaining the ETHER benefits
of high parameter-e!ciency, training stability, and hyperparameter robustness.

Indeed, across subject-driven image generation, controlled image synthesis, natural
language understanding and instruction tuning tasks, we find that ETHER and especially
ETHER+ match and outperform existing methods using only a few additional tuning
parameters (e.g. 100→ less than OFT when finetuning Stable Di"usion for controlled
image synthesis) - all while presenting stronger learning rate robustness compared to other
methods and consequently requiring minimal hyperparameter tuning to achieve strong
performance (c.f. Sec. 2.4). Finally, we also utilize our experimental benchmark findings to
further investigate and question the recent emphasis on transformation orthogonality and
hyperspherical energy (HE) retention (e.g. [115]), showing how non-orthogonal ETHER+
can achieve strong performance while displaying increased HE.
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HYPERPLANE REFLECTIONS

2.2 Related Work

Parameter-E!cient Finetuning (PEFT). PEFT of pretrained models has seen di"erent
strategies evolve in the past years - starting from finetuning protocols and concatenation
of learnable modules [41, 51, 78, 81, 113] to more recently reparametrization of network
weights with e!cient transformations [54, 70, 115, 138, 160]. The latter have shown
convincing trade-o"s between adaptation quality, additional parameters, and inference
latency. LoRA [54] transforms network weights by adding the result of a learnable,
low-rank matrix product. On top of LoRA, multiple variations have been proposed, s.a.
QLora [24] with quantized weights, AdaLoRA [160] with dynamic rank adjustment, and
VeRA [70] with low-rank frozen random projections and trainable vectors to reduce pa-
rameter counts. OFT [115] instead learns matrix multiplier with orthogonality constraints
to retain hyperspherical energy. In our work, we use the same paradigm but introduce
hyperplane reflections for better parameter e!ciency and learning rate robustness.

Controlling Di"usion Generative Models. Di"usion-based generative models show
strong compositional generation [63, 109, 114, 123, 127]. Among these, [33, 126]
popularized personalized generation - teaching models to generate variations of user-
provided samples. Based on DreamBooth [126], other works [99, 122, 167] followed.
ControlNet [159] shows model controllability through external signals s.a. semantic
and depth maps or face landmarks via extra layers at the cost of higher inference latency.
[115] show controllability through direct finetuning with learnable matrix-multiplication
transformations. Our work suggests an alternative, more robust and parameter-e!cient
approach through hyperplane reflections.

Instruction Tuning Language Models. Large Language Models (LLMs) have shown
striking generalization across a wide range of tasks [110, 136, 164, 170]. However, the
default training objective often does not exactly match downstream task requirements and
intentions. To address this mismatch, Instruction Tuning [100, 132, 143, 164] finetunes
LLMs using additional (Instruction, Output) pairs to explicitly align the model with
human preferences. This enhances capabilities and controllability while avoiding costly
retraining [74]. Recently, methods based on LoRA [54] have been proposed to e!ciently
achieve this control [17, 24, 70, 138, 153]. This work proposes a strong alternative with
further parameter-e!ciency and high learning rate robustness.
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2.3 Method

We first discuss adapter-based PEFT in #2.3.1, before describing and motivating the use
of hyperplane reflections in ETHER (#2.3.2). To encourage flexibility in trainable control
and adaptation, we propose a simple, yet e"ective relaxation ETHER+ in #2.3.3. Finally,
#2.3.4 describes block-diagonal ETHER for improved computational e!ciency.

2.3.1 Preliminaries

Parameter-E!cient Finetuning with Adapters. The most commonly deployed form of
PEFT with an adapter is Low-rank Adaptation (LoRA, [54]). LoRA parametrizes a change
of pretrained weights 𝑅 as

(𝑅 + 𝑆𝑇)
⊋
𝑉 + 𝑊

where 𝑆𝑇 is the matrix product of two low-rank matrices, i.e. for 𝑅 ↔ R𝑂→ 𝑄 , 𝑇 ↔ R𝑂→𝑈 and
𝑆 ↔ R𝑈→ 𝑄 . When rank 𝑈 << min(𝑂, 𝑄 ), this can bring down required tuning parameters
significantly compared to full finetuning. In addition, 𝑆𝑇 can be absorbed into 𝑅 during
inference to avoid additional latency.

Orthogonal Finetuning (OFT). However, finetuning with LoRA can incur significant,
potentially catastrophic weight changes. To ensure better preservation of pretrained
model weights, [115] propose Orthogonal Finetuning (OFT). Based on the hypothesis that
Hyperspherical Energy (HE) needs to be kept unaltered to preserve the original model
abilities, OFT proposes the usage of multiplicative orthogonal transformations on the
model weights. By retaining pairwise weight angles, HE can remain una"ected. However,
to work in practice, [115] require the construction of the orthogonal matrix 𝑋 via a Cayley
parametrization 𝑋 = (𝑌 + 𝑍)(𝑌 ↑ 𝑍)↑1, where 𝑍 is skew-symmetric. Notice that by using
this parametrization, they limit the range of possible orthogonal matrices to those with
determinant 1, missing orthogonal matrices with determinant equal to ↑1. As we show,
this is relevant, as it excludes reflections, which motivate ETHER. To make OFT more
parameter e!cient, the orthogonal matrix 𝑋 ↔ R𝑂→𝑂 is built in a block-diagonal fashion,
made up of 𝑃 smaller blocks 𝑋𝑊 of size 𝑂

𝑃
→

𝑂

𝑃
. The final OFT transformation on the forward

pass can then be described as
(𝑋

𝑆
𝑅)

⊋
𝑉 + 𝑊

with block-diagonal 𝑋𝑆. The trainable parameters are the 𝑃 matrices 𝑋
𝑊 ↔ R

𝑂

𝑃
→

𝑂

𝑃 that
compose 𝑋

𝑆 - more specifically the matrices 𝑎
𝑊 that build the skew-symmetric matrices

𝑍
𝑊 = 1

2 (𝑎
𝑊 ↑ (𝑎𝑊)⊋) for 𝑋𝑊 . For finetuning, the 𝑎

𝑊 are initialized as zero, such that 𝑋𝑆|0 = 𝑌

and consequently 𝑋
𝑆|0𝑅 = 𝑅 at the beginning of finetuning.

2.3.2 ETHER: Finetuning with Hyperplane Reflections

Fundamentally, ETHER (E!cient fineTuning via HypErplane Reflections) sets up weight
transformations as hyperplane reflections. These reflections can be obtained via the
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Householder transformation matrix 𝑏 ↔ R𝑂→𝑂 with

𝑏 = 𝑌 ↑ 2𝐿𝐿⊋ (2.1)

with 𝐿 ↔ R𝑂 the hyperplane unit normal vector and the corresponding outer product 𝐿𝐿⊋ .
The reflection can be easily intuited when applied to a weight vector 𝑐 ↔ R𝑂:

𝑏𝑐 = (𝑌 ↑ 2𝐿𝐿⊋
)𝑐 = 𝑐 ↑ 2𝐿(𝐿⊋

𝑐).

Transformation 𝑏 e"ectively subtracts twice the component of 𝑐 projected on 𝐿, thereby
reflecting it with respect to the hyperplane defined by 𝐿 (see Fig. 2.1). By construction,
hyperplane reflections are well-suited for the e!cient finetuning of pretrained models, as
they keep the distance to the transformation neutral element - the identity matrix - constant,
which minimizes the risk of divergence from the pretrained model and deterioration of
model performance (c.f. Fig. 2.4). This can be easily shown by computing the Frobenius
norm of the di"erence between the Householder matrix H and the identity matrix I:

↗𝑏 ↑ 𝑌↗
𝑑
= ↗𝑌 ↑ 2𝐿𝐿⊋

↑ 𝑌↗
𝑑
= 2 · ↗𝐿𝐿

⊋
↗
𝑑
= 2 (2.2)

The above equation leverages the fact that for any matrix 𝑒

↗𝑒↗
𝑑
=
√

Tr(𝑒𝑒
⊋)

and that with 𝑒 = 𝐿𝐿
⊋ and 𝐿 having unit length 𝐿

2
1 + 𝐿

2
2 + ... + 𝐿

2
𝑂
= 1, one can simply

write (with (𝐿𝐿⊋)⊋ = 𝐿𝐿
⊋)

↗𝐿𝐿⊋↗
𝑑
=
√∑

𝑂

𝑓=1 𝐿
2
𝑓
= 1.

Since the finetuning process simply consists of finding the optimal directions of the
reflection hyperplanes with bounded deviations from the transformation neutral element,
it allows for (i) a very low number of extra parameters corresponding to the unit vectors 𝐿,
and (ii) the usage of high learning rates, as the risk of divergence is minimized. This allows for
general learning rate robustness and encourages fast convergence by default, as consistently
high learning rates can be selected; reducing computational resources required to achieve
good performance (e.g. Fig. 2.6).

Interestingly, as this transformation is orthogonal (𝑏𝑏
⊋ = 𝑌), it falls under the um-

brella of orthogonal transformations motivated in OFT [115] from the perspective of
Hyperspherical Energy control to better preserve model pretraining. However, OFT lever-
ages the Cayley parametrization of orthogonal matrices, which only produces determinant
1 matrices. By construction, this excludes Householder matrices from OFT, which have
determinant ↑1! However, as noted above, it is indeed in this particular setting and
through the use of Householder transformations that high parameter e!ciency, strong
pretraining retention, and learning rate robustness arise.

On top of that, we further investigate the importance of Hyperspherical Energy re-
tention by conducting a control study comparing OFT against its non-orthogonal variant
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Figure 2.1: ETHER and ETHER+ sketches. We visualize either a single hyperplane
reflection for ETHER or two interacting hyperplanes for ETHER+, parametrized unit
normals 𝐿 (and 𝑀). Unlike ETHER, the final result of ETHER+ does not have to retain
the original length 𝑁, as the need for hard reflections is softened, and orthogonality is no
longer guaranteed.

(Naive)1. Our experiments do not show significant di"erences in terms of control and
training stability, suggesting that such properties stem from the multiplicative finetun-
ing approach rather than the underlying HE retention, contrasting insights in [115]
(c.f. Sec. 2.5.3). These findings partly motivate the exploration of a relaxed variant of
the Householder reflection in the next section 2.3.3, which demonstrates that loosening
the orthogonality constraint not only maintains good performance but can even lead to
enhanced results.

2.3.3 Relaxing Orthogonality in ETHER

While finetuning via hyperplane reflections has several promising qualities as highlighted
above, there is no free lunch. In particular, situations may arise where the strength of
the transformation and inherent deviation from the identity may be too large by default,
such as for potentially more nuanced tasks like subject-driven generation [126]. To
allow for more nuanced transformations while retaining beneficial properties of ETHER -
parameter e!ciency and learning rate robustness through bounded deviations from the
transformation neutral element - we propose the ETHER+ relaxation

𝑏
+ = 𝑌 ↑ 𝐿𝐿

⊋
+ 𝑀𝑀

⊋

with unit vectors 𝐿 , 𝑀 ↔ R𝑂. This is a simple variation of the Householder transformation
that now allows for interaction between two distinct hyperplanes (see Fig. 2.1). This helps
to control the transformation strength as 𝐿𝐿

⊋ and 𝑀𝑀
⊋ can weaken or even cancel each

other out to return the identity transformation in the limit where 𝐿 = 𝑀. In addition,

1Naive employs an unconstrained block-diagonal transformation matrix 𝑔
𝑆 made up of 𝑃 blocks and

initialized as an identity matrix, i.e. having the same number of trainable parameters and initialization as
OFT’s transformation matrix 𝑋

𝑆.
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the transformation distance remains bounded, as the relaxed variant 𝑏
+ always has

↗𝑏+ ↑ 𝑌↗
𝑑
↘ 2, i.e.

max ↗𝑏+
↑ 𝑌↗

𝑑
↘ max ↗𝑏 ↑ 𝑌↗

𝑑
.

This follows immediately from the triangle inequality of norms, i.e. ↗𝑀𝑀⊋ ↑ 𝐿𝐿
⊋↗

𝑑
↘

↗𝑀𝑀⊋↗
𝑑
+ ↗𝐿𝐿⊋↗

𝑑
= 2. Due to the weaker strength of this new transformation, we apply it

both on the left (𝑏+) and right (𝑏̃+) of the weight matrix 𝑅 , such that the forward pass
becomes (

𝑏
+
𝑅𝑏̃

+
)⊋

𝑉 + 𝑊.

Consequently, ETHER+ e"ectively leverages a sequence of hyperplane interactions that
no longer have to retain length to allow for more nuanced weight adjustment while still
minimizing the risk of diverging from the pretrained model (as also shown e.g. in Figs. 2.3,
2.4, 2.5 and 2.6).

2.3.4 E!cient ETHER through Block-Parallelism

In multiplicative finetuning like OFT or ETHER, further computational load is introduced
through additional matrix multiplications. To mitigate this issue, we introduce a block-
diagonal formulation of ETHER similar to block-diagonal OFT described in #2.3.1. For
this, we break down the Householder transformation 𝑏 (eq. 2.1) into its corresponding
block-diagonal variant 𝑏𝑆:

diag(𝑏1
· · ·𝑏

𝑃
) = 𝑌 ↑ 2

&'''
(

𝐿̂1𝐿̂
⊋
1

.
.
.

𝐿̂𝑃𝐿̂
⊋
𝑃

)***
+

with each 𝑓-th block-plane parameterized by 𝐿̂𝑓 ↔ R
𝑂

𝑃 . Of course, one can do the same for
𝑏

+. In both cases, such a block-diagonal formulation reduces the cost of computing 𝑏.
More importantly, each 𝑓-th block now only a"ects the corresponding 𝑓-th block-row in
the weight matrix 𝑅 . This means we can split 𝑅 into 𝑃 sub-blocks 𝑅𝑓 ↔ R

𝑂

𝑃
→ 𝑄 , each of

which is uniquely altered by its corresponding 𝑏
𝑓 counterpart. As a result, the full weight

transformation can now be separated into smaller block-specific operations, reducing
the overall number of computations. Furthermore, these operations can now be fully
block-parallelized, significantly increasing training speed! In terms of computations, for
each full-matrix-multiplication between 𝑏 and𝑅 of sizes 𝑂→𝑂 and 𝑂→ 𝑄 respectively, 𝑂(𝑂 𝑄 )
multiplications and (𝑂↑1)𝑂 𝑄 additions are necessary, accounting for 𝑕(𝑂2

𝑄 ) operations.
With our block-parallel scheme, we reduce these to 𝑃 block-specific 𝑂

𝑃
(
𝑂

𝑃
𝑄 ) multiplications

and 𝑂↑1
𝑃
(
𝑂

𝑃
𝑄 ) additions, resulting in 𝑕(

𝑂
2
𝑄

𝑃
) operations (see Tab. 2.1).

Furthermore, with each block being built from a single vector of dimension 𝑂

𝑃
, ETHER

transformations’ construction ensures that the total number of trainable parameters re-
mains constant for any 𝑃 number of blocks. This stands in contrast to block-diagonal
OFT, where the use of higher block counts was introduced to minimize the number of
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Figure 2.2: Block-Parallel Computation scheme between 𝑂-dimensional block-diagonal
transformation with 𝑃 blocks and a 𝑂 → 𝑄 -dimensional weight matrix 𝑅 .

Table 2.1: Better computational e!ciency through block-diagonality on Phi1.5-1.3B and
Llama-2-7B, with internal dimensions of 2048 and 4096 respectively. As the number of
blocks 𝑃 increases, so does the computational e!ciency, quantified by the decrease in
TFLOPs required for a single backward pass (using a sample with longest sequence length).
The larger the model’s internal dimension, the larger the e!ciency gain.

Phi1.5-1.3B Llama-2-7B
TFLOPs rel. drop TFLOPs rel. drop

LoRA𝑈=8 6.04 - 6.85 -
OFT𝑃=256 9.13 - 25.26 -
ETHER𝑃=1 9.13 - 25.26 -
ETHER𝑃=4 7.07 -23% 12.07 -52%
ETHER𝑃=32 6.71 -27% 8.22 -68%
ETHER+𝑃=1 10.78 - 51.65 -
ETHER+𝑃=4 7.69 -29% 18.66 -64%
ETHER+𝑃=32 6.79 -37% 9.04 -83%

parameters while introducing noticeable decreases in adaptation performance! Instead,
for block-diagonal ETHER, we find performance to be consistent over increasing block
counts (see Supp. A.4), allowing for an improved computational footprint with negligible
performance decrease.
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2.4 Intriguing Properties of ETHER

This section investigates and highlights the bounded distance and non-deteriorating
nature of ETHER/ETHER+ in more detail while providing insights into its favorable
learning rate robustness and the reliable use of high learning rates for fast convergence.
For completeness, we also report here comparisons with the unconstrained Naive method,
to better show the impact of orthogonality as proposed by [115], and how our method
provides much stronger robustness. Finally, we include a discussion on the parameter
e!ciency. For all experiments in this section, please see #2.5.1 for relevant implementation
details.

Non-Deteriorating Nature. Because both ETHER and ETHER+ are upper-bounded in
their possible perturbation over the pretrained weight matrices (as measured for example
by the distance to the transformation neutral element, the identity matrix), finetuning
with both methods will guarantee suitable results for most hyperparameter choices. This
is easily visualized in Fig. 2.3 by looking at generation samples after perturbing Stable
Di"usion with randomly sampled transformations for each approach - OFT, ETHER
and ETHER+ - respectively. While ETHER uses a fixed-distance transformation (c.f.
Eq. 2.2) that introduces a noticeable change (but still retaining semantics), ETHER+ can
obtain both finegrained visual control as well as stronger semantic changes. Conversely,
unbounded methods like OFT catastrophically deteriorate a model’s generative abilities
as the perturbation strength increases.

This results in a much more controlled generation setting for ETHER and ETHER+
finetuning. This is also depicted quantitatively in Fig. 2.4, which shows distances between
the learned transformation and the transformed weights (at convergence) to the identity
matrix and the pretrained weights, respectively, as a function of the learning rate. As can be
seen, larger learning rate values for OFT and Naive finetuning (OFT without orthogonality
constraints) result in distances that are orders of magnitude higher than those of ETHER
and ETHER+, leading to catastrophic deterioration and model collapse (see Fig. A.1 in
Supp.).

Learning Rate and Hyperparameter Robustness. Practically, the non-deteriorating nature
of ETHER and ETHER+ manifests in learning rate robustness during finetuning. As the
risks of divergence and collapse are minimized, training stability becomes much less
dependent on the choice of learning rate. This is seen when evaluating performance (e.g.
mIoU for controllable image synthesis in Fig. 2.5) and model convergence (Fig. 2.6) against
learning rates. For non-ETHER methods, Fig. 2.5 shows significant performance drops
for high learning rates, while Fig. 2.6 reveals fast convergence speeds for ETHER+ with
learning rates covering multiple magnitudes, much more general than e.g. OFT.

This means that not only can good performance be guaranteed for most learning rate
choices, but fast convergence as well, with competitive results already after the first epoch.
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original OFT

ETHER+ETHER

perturbation

perturbation

Figure 2.3: Change in model behavior as a function of perturbation strength, i.e. dis-
tance between weight transformation and identity matrix. As ETHER and ETHER+ are
upper-bounded in perturbation by construction, catastrophic deterioration of model per-
formances is rarely encountered, and weight transformations remain controllable even
for maximal deviations. For standard approaches, s.a. OFT, larger deviations from the
identity matrix may occur during training and result in substantial divergence from the
pretrained model. Notice also that by breaking orthogonality constraints in ETHER+, both
smaller and stronger semantic variants can be learned.

Since ETHER also only introduces a single hyperparameter, the number of diagonal
blocks, which marginally impacts performance (c.f. #2.3.4), ETHER methods become very
attractive for practical usage, as the need for grid-search and cautious low learning rate
training for good performance (c.f. #4.1) is reduced.

Transformation Distance Weights Distance

OFT Naive ETHER ETHER+

Figure 2.4: Distances as a function of learning rates between transformation and identity
matrix (Transformation Distance), and finetuned and pretrained weights (Weights Distance).
Distances obtained for subject-driven generation finetuning at convergence (1200 iter-
ations). Results show distances magnitudes higher and unbounded for non-ETHER
methods in both cases as learning rates increase.
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 mIoU vs Learning Rate FID vs Learning Rate

OFT Naive ETHER ETHER+

Figure 2.5: mIoU and FID performances as a function of learning rates. Results are
obtained for controllable generation S2I finetuning on Stable Di"usion, and reveal a much
stronger learning rate robustness of ETHER-based methods; retaining strong performance
across entire learning rate magnitudes.

1e-5 1e-4 1e-3 1e-2 1e-1

Convergence in S2I with different Learning Rates

OFT Naive ETHER+

Figure 2.6: Achieved controllability (mIoU) per epoch for di"erent finetuning methods.
This figure extends Fig. 2.5 and highlights in detail how only a learning rate of 10↑4 allows
for optimal convergence in OFT and Naive, while for ETHER+ fastest convergence speeds
are stably achieved across magnitudes.

Parameter E!ciency. Finally, we provide a more detailed exploration on the parameter
e!ciency of ETHER-based methods. Let 𝑁 be the number of finetuned layers, 𝑂 and 𝑄

the respective weight dimensions for 𝑅 ↔ R𝑂→ 𝑄 . Then the parameter complexity for OFT
can be written as ≃(

𝑁𝑂
2

𝑃
) [115] with 𝑃 number of diagonal blocks2. Similarly, for LoRA

we get ≃(𝑁𝑈(𝑂 + 𝑄 )), while for ETHER and ETHER+ we only have ≃(𝑁𝑂) and ≃(𝑁(𝑂 + 𝑄 ))

2 [115] note a possible ≃(𝑁𝑂) if 𝑃 = 𝜒𝑂. However, in practice, equally scaling 𝑃 with 𝑂 disproportionally
reduces adaptation parameters for large weight matrices. As OFT is fairly dependent on the parameter count,
we omit this estimate.
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respectively. With respect to both LoRA and OFT, this omits at the very least the rank
multiplier 𝑈, or a potentially quadratic scaling. As already motivated in Sec. 2.3, this results
in incredibly e!cient finetuning while achieving comparable or stronger performances.
For example, when finetuning Stable Di"usion as done above, ETHER and ETHER+ use
120 times and 30 times fewer parameters than OFT respectively.

2.5 Benchmark Experiments

We first investigate generative model adaptation in Sec. 2.5.1, with a focus on subject-
driven image synthesis (#2.5.1.1) and controllable image synthesis (#2.5.1.2) following
recent works [93, 115]. Sec. 2.5.2 then correspondingly investigates language model
adaptation, looking at both natural language understanding (#2.5.2.1) and instruction
tuning (#2.5.2.2). Finally, we study the importance of orthogonality and hyperspherical
energy on finetuning performance in Sec. 2.5.3.

2.5.1 ETHER for Image-generative Model Adaptation

For our experiments on di"usion-based generative models, we apply the finetuning
methods on the pretrained Stable Di"usion-v1.5 [123], following the setting from OFT
[115]. Our experiments follow best practices and hyperparameter choices for each method.
For implementation details, please refer to Supp. A.3.

2.5.1.1 Subject-driven Generation

We first deploy ETHER and ETHER+ on subject-driven generation following [115, 126];
finetuning the generative model for each of the 30 subjects and 25 prompts. For each
combination, we generate four images, and measure image quality via a DINO [14] and
a CLIP image encoder [116], text-prompt fidelity via a CLIP text encoder, and image
diversity using LPIPS [161].

Quantitative Results. Results are shown in Tab. 2.2. On subject-driven generation,
we find competitive performance for both image quality, text-prompt fidelity and image
diversity, particularly for ETHER+ (e.g. DINO and CLIP-I scores of 0.666 vs 0.652 and
0.8 vs 0.794 for OFT, respectively). Most importantly, we achieve this performance while
only utilizing a fraction of tuning parameters; with ETHER+ only introducing 0.4𝑒 as
compared to 11.6𝑒 by OFT. As hypothesized in Sec. 2.3, for nuanced finetuning, ETHER’s
transformation strength seems to be too high to retain key semantic concepts in subject-
driven generation, falling short in image quality with respect to other methods (e.g. also
qualitatively depicted in Fig 2.3), despite achieving strong image diversity and text-prompt
fidelity.
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Table 2.2: Subject-driven Generation Results. We use 𝑈 to denote rank, and 𝑃 the number
of diagonal blocks. We measure image quality (DINO, CLIP-I), text-prompt fidelity (CLIP-
T) and image diversity (LPIPS). ETHER+ addresses finegrained adaptation shortcomings
of ETHER (c.f. Sec. 2.3.3) and achieves strong performance with only few adaptation
parameters.

#params DINO ⇐ CLIP-I ⇐ CLIP-T ⇐ LPIPS ⇐

Real Images - 0.703 0.864 - 0.695
DreamBooth 859.5M 0.644 0.793 0.236 0.709
LoRA𝑈=4 0.8M 0.660 0.796 0.231 0.714
OFT𝑃=4 11.6M 0.652 0.794 0.241 0.725
ETHER 0.1M 0.567 0.746 0.256 0.766
ETHER+ 0.4M 0.666 0.800 0.240 0.729

Table 2.3: Semantic Map to Image Results. We use 𝑃 to denote the number of diagonal
blocks. ETHER and particularly ETHER+ achieve strong synthesis control (mIoU, Acc)
with few parameters while retaining good image alignment (FID). We indicate with (+
magn. r.f.) the OFT version with magnitude re-fitting.

#params mIoU ⇐ Acc ⇐ FID ⇒

Encoder-only 0 8.2 38.0 41.2
OFT𝑃=4 13.2M 24.5 62.8 31.1
OFT𝑃=4 (+ magn. r.f.) 13.4M 24.6 63.3 30.8
ETHER 0.1M 24.6 63.3 32.0
ETHER+ 0.4M 27.3 68.1 31.0

2.5.1.2 Controllable Image Generation

This section applies ETHER for controllability of Stable Di"usion following [115] for the
Semantic Map to Image (S2I) task on ADE20K [172]. We use the trainable encoder from
ControlNet [159] for the control signal and perform finetuning on the Stable Di"usion
weights only. We report a baseline with just the control signal encoder to highlight relative
gains through finetuning. Evaluations are performed on 2000 images generated from
the validation set using mean Intersection-over-Union (mIoU) and accuracy of semantic
maps over generated images using UperNet-101 [150] pretrained on ADE20K. Finally, we
measure the similarity between generated and original images via FID [49]. For OFT, we
also test magnitude re-fitting [115] for an additional epoch.

Quantitative Results. Results are depicted in Tab. 2.3, and clearly demonstrate compet-
itive control with both ETHER and ETHER+. Unlike subject-driven image generation,
we find that ETHER performs on the same level as OFT multiplicative finetuning while
using over 100→ fewer parameters (e.g. 24.6 versus 24.5 mIoU of OFT with 0.1𝑒 versus
13.2𝑒 parameters). Introducing magnitude re-fitting to OFT yields only limited gains
while adding 0.2𝑒 parameters. Similar to Tab. 2.2 for subject-driven image generation,
we find that for controllable image synthesis, the ETHER+ relaxation provides additional
performance gains (e.g. 27.3 vs 24.5 mIoU and 68.1 vs 62.8 Acc against OFT). Taking into
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account the more robust (Fig. 2.5) and faster convergence (Fig. 2.6), this presents ETHER+
as a practically attractive finetuning alternative.

2.5.2 ETHER for Language Models Adaptation

To understand the applicability of the ETHER transformation family in the language
domain, we follow [93]’s and [54]’s experimental setup. For fair comparisons, we run grid
searches over the most relevant hyperparameters in common value ranges. For additional
implementation details, please refer to Supp. A.3.

2.5.2.1 Natural Language Understanding

We begin by deploying ETHER and ETHER+ on the widely utilized [25, 46, 70, 96]
GLUE benchmark [140], finetuning a pretrained DeBERTaV3-base model [46] following
[93], from which we report the baselines’ results. GLUE comprises various English
sentence understanding tasks, such as inference tasks (MNLI, QNLI, RTE), classification
of sentiment (SST-2) or correct English grammatical structures (CoLA), and semantic
similarity and equivalence prediction (MRPC, QQP, STS-B). CoLA scores report the
Matthews correlation coe!cient, MNLI matched accuracy, and STS-B average correlation.
All other tasks are evaluated on accuracy.

Quantitative Results. Results in Tab. 3.4 show that ETHER and ETHER+ match and
even outperform previous methods with significantly fewer parameters. For example,
ETHER outperforms the second-best BOFT on the RTE inference task (89.53 vs 88.81)
or equivalence prediction on MRPC (93.68 vs 92.40) while using just one-ninth of the
parameters (0.085𝑒 compared to 0.75𝑒). ETHER+ sets both the best performance on STS-
B and particularly the highest overall score (90.10) using less than half of the parameters
of BOFT. These results provide additional support for the practical viability of ETHER
transformations, now for natural language adaptation - being a strong, but much more
parameter-e!cient competitor.

2.5.2.2 Instruction Tuning

Our instruction tuning experiments make use of Llama-2-7B [137] as pretrained model,
finetuning it on the Alpaca dataset [132] for one epoch. To operate on a consumer GPU,
we truncate the maximum sequence length to 256 and use bfloat16 precision [60]. We
evaluate 0-shot performance of our instruction-tuned model on (i) Massive Multitask
Language Understanding (MMLU) [48] with 57 di"erent tasks in four di"erent subjects
(STEM, Humanities, Social Sciences, Others); (ii) the AI2 Reasoning Challenge (ARC)
[21], a common-sense reasoning dataset of questions from science grade exams; (iii)
TruthfulQA [87] comprising 817 questions spanning 38 categories testing how much the
model (wrongly) relies on imitation of human text to answer.

Quantitative Results. Results in Tab. 2.5 show that both ETHER and ETHER+ outperform
comparable finetuning approaches while utilizing fewer parameters. Across all metrics,
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Table 2.4: GLUE benchmark. Comparisons of di"erent methods finetuning DeBERTaV3-
base. Results of all baselines are taken from [93]. We use 𝑈 to denote rank, and 𝑃 the
number of diagonal blocks. As can be seen, ETHER and ETHER+ achieve competitive
performances across metrics while utilizing fewer parameters (up to a magnitude in the
case of ETHER) while also retaining all practical benefits such as learning rate robustness
depicted e.g. in Sec. 2.4.

#params MNLI⇐ SST-2⇐ CoLA⇐ QQP⇐ QNLI⇐ RTE⇐ MRPC⇐ STS-B⇐ Avg⇐

Full Finet. 184M 89.90 95.63 69.19 92.40 94.03 83.75 89.46 91.60 88.25
BitFit 0.10M 89.37 94.84 66.96 88.41 92.24 78.70 87.75 91.35 86.20
H-Adapter 1.22M 90.13 95.53 68.64 91.91 94.11 84.48 89.95 91.48 88.28
P-Adapter 1.18M 90.33 95.61 68.77 92.04 94.29 85.20 89.46 91.54 88.41
LoRA𝑈=8 1.33M 90.65 94.95 69.82 91.99 93.87 85.20 89.95 91.60 88.50
AdaLoRA 1.27M 90.76 96.10 71.45 92.23 94.55 88.09 90.69 91.84 89.46
OFT𝑃=16 0.79M 90.33 96.33 73.91 92.10 94.07 87.36 92.16 91.91 89.77
BOFT𝑖=2

𝑃=8 0.75M 90.25 96.44 72.95 92.10 94.23 88.81 92.40 91.92 89.89
ETHER 0.09M 90.23 96.10 71.31 91.42 94.31 89.53 93.68 92.30 89.86
ETHER+ 0.33M 90.52 96.33 72.64 92.22 94.33 89.53 92.89 92.35 90.10

Table 2.5: Instruction Tuning. We use 𝑈 to denote rank, and 𝑃 the number of diagonal
blocks. Both ETHER and ETHER+ outperform LoRA/OFT which use up to a magnitude
more parameters, and beat VeRA with similar parameter counts.

#params MMLU⇐ ARC⇐ Tru-1⇐ Tru-2⇐
Llama-2-7B - 41.81 42.92 25.21 38.95
VeRA𝑈=64 0.27M 42.30 45.13 27.41 41.04
VeRA𝑈=256 1.05M 42.21 43.85 25.33 39.02
LoRA𝑈=1 0.52M 42.40 44.62 27.05 41.94
LoRA𝑈=8 4.19M 43.61 46.16 28.76 42.21
OFT𝑃=256 2.09M 42.92 44.88 27.42 41.11
ETHER𝑃=32 0.26M 44.57 45.14 27.91 41.83
ETHER+𝑃=32 1.04M 44.87 46.50 29.38 43.51

the Llama-2-7B baseline is consistently surpassed by significant margins (e.g. 44.87 MMLU
for ETHER+ vs the 41.81 baseline, or 46.50 vs 42.92 ARC score). Despite being the most
parameter-e!cient method, ETHER outperforms all baselines with comparable number of
parameters, such as the recently introduced VeRA [70] with rank 𝑈 = 64, and LoRA rank
1. Surprisingly, increasing the rank of VeRA to 256 leads to a decrease in performance,
while LoRA rank 8 shows better results but is still outperformed on MMLU despite having
16→ more parameters. On the other hand, ETHER+ surpasses all other methods across all
benchmarks, while having 4→ fewer parameters than LoRA rank 8.

2.5.3 Hyperspherical Energy for E"ective PEFT

[115] link finetuning stability and performance obtained by transforming the weights
via matrix-multiplication to the orthogonality of the transformations, and a consequently
unaltered hyperspherical energy (HE). To test this assumption, we have included an OFT
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control baseline (Naive), which does not utilize orthogonality constraints, on the same
finetuning settings in which OFT was proposed. Results at convergence, as reported in
Tab. 2.6, do not show significant di"erences, while actually introducing the overhead of
computing the Cayley parametrizations (which also involve computing the inverse of a
matrix). We also included the Naive baseline in the learning rate robustness studies in Fig.
2.4 and Fig. 2.5, showcasing that while di"erences are present for high learning rates, the
optimal working range remains unaltered. Finally, we validate that the HE indeed varies
during training, as reported in Fig. 2.7.

In contrast, on these same evaluations, our newly proposed ETHER transformation
family, by introducing a boundary on the Euclidean distance on the transformation
side, achieves stronger performance and greater robustness. This is especially true for
the non-orthogonal ETHER+, which alters the overall HE even more than Naive (Fig.
2.7). This evidence diminishes the role of the HE and instead emphasizes the greater
importance of the Euclidean distance, establishing the ETHER family as a favorable option
in multiplicative finetuning settings.

ΔHE in Subject-driven Gen. ΔHE in S2I

OFT Naive ETHER ETHER+

Figure 2.7: Di"erence in HE between finetuned/pretrained models for Subject-driven
Generation and S2I. Notice that by removing the orthogonality constraint, both ETHER+
and Naive alter the HE of the pretrained model, while OFT and ETHER do not.

Table 2.6: OFT vs Naive. OFT performance-test against its non-orthogonal counterpart
Naive. We show that results don’t di"er significantly, questioning the relevance of HE
retaining for finetuning performance.

Subject-driven Generation S2I
DINO CLIP-I CLIP-T LPIPS mIoU Acc FID

OFT𝑃=4 0.652 0.794 0.241 0.725 24.5 62.8 31.1
Naive𝑃=4 0.648 0.793 0.245 0.730 24.3 62.9 29.9
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2.6 Conclusions

Our paper introduces the ETHER family of transformations for parameter-e!cient finetun-
ing. Based on the Householder formulation of hyperplane reflections, ETHER methods
frame finetuning as a search for unit normal vectors that define hyperplanes along which
weight vectors are reflected. In doing so, ETHER (and its relaxation ETHER+ for more
finegrained adaptation) fix (or upper bound) the distance of learned transformations from
the identity matrix (the transformation neutral element), thereby minimizing the risk of
finetuning divergence. Put together, ETHER methods operate more parameter-e!ciently
than other PEFT methods (e.g., around 10-100 times less than LoRA or OFT), have higher
learning rate robustness and encourage fast convergence. Consequently, ETHER transfor-
mations require less expansive hyperparameter searches to achieve good performance,
making them very attractive for practical deployment.

Limitations. Of course, there is no free lunch. While both ETHER and its relaxation
ETHER+ show strong results with few parameters across a broad range of tasks, increasing
the expressive power of the transformation is not as straightforward as in other methods,
such as LoRA, where one can adjust the rank parameter to more closely approximate
full finetuning. Moreover, multiplicative methods introduce a computational overhead
during training compared to additive methods. Thanks to our block-parallel scheme, we
make significant progress towards closing the gap between multiplicative and additive
approaches; however, multiplicative methods still lag behind. This introduces a trade-
o" between parameter e!ciency and computational overhead when achieving similar
performance levels.
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Parameter-E!cient FineTuning (PEFT) methods have recently gained significant popular-
ity thanks to the widespread availability of large-scale pretrained models. These methods
allow for quick adaptation to downstream tasks with minimal computational cost. How-
ever, popular finetuning methods such as LoRA exhibit limited robustness when it comes
to hyperparameter choices or extended training regimes, preventing optimal out-of-the-
box performance. In contrast, bounded approaches, such as ETHER, provide greater
robustness but are limited to extremely low-rank adaptations and fixed-strength transfor-
mations, reducing their adaptation expressive power. In this work, we propose DeLoRA,
a novel finetuning method that normalizes and scales learnable low-rank matrices. By
bounding the distance of the transformation, DeLoRA e"ectively decouples the angular
learning from the adaptation strength, enhancing robustness without compromising per-
formance. Through evaluations on subject-driven image generation, natural language
understanding, and instruction tuning, we show that DeLoRA matches or surpasses per-
formance of competing PEFT methods, while exhibiting stronger robustness. Code is
available at https://github.com/ExplainableML/DeLoRA.
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CHAPTER 3. DECOUPLING ANGLES AND STRENGTH IN LOW-RANK ADAPTATION

3.1 Introduction

The rapid advancement of deep learning has led to the development of large-scale pre-
trained models in various domains, especially in computer vision and natural language
processing [116, 123, 136, 137]. However, the enormous size of these models, reaching
billions of parameters, presents significant challenges when adapting them to specific
downstream tasks, particularly in terms of computational cost and e!ciency. To address
these challenges, Parameter E!cient FineTuning (PEFT) methods have emerged. PEFT
methods are characterized by their introduction of a small set of learnable parameters, in
contrast to the extensive parameter updates required in full finetuning. Notable examples
include adapters [51] and prompt tuning [78]. In this work, we focus on enhancing
LoRA [54], a widely adopted finetuning method known for its simplicity and e"ective-
ness. However, despite its success, LoRA is sensitive to hyperparameter choices [9]
and often exhibits performance degradation during extended finetuning [115]. While
robust finetuning approaches such as ETHER and ETHER+ [11] address some of these
limitations, they are constrained to extremely low-rank adaptations and fixed-strength
transformations.

Therefore, we propose DeLoRA, an enhanced version of LoRA that introduces a
boundary on the weight updates through normalization, decoupling the angular learning
from the adaptation strength. This enhances adaptability across diverse settings while
preserving capabilities for personalization and merging at inference time. We motivate
DeLoRA from two distinct perspectives: as an extension of LoRA through the introduction
of additional normalization, and as an evolution of ETHER by enabling high-rank updates.
We conduct ablation studies on the design choices and demonstrate improvements over
both LoRA and ETHER. Additionally, we validate the advantages of DeLoRA by evaluating
it across diverse tasks in image generation and LLM adaptation.

In summary, we make the following contributions in this work: (i) we thoroughly review
the formulations of LoRA and ETHER and derive a novel PEFT method, DeLoRA; (ii)
we demonstrate DeLoRA enhanced robustness and decoupling compared to alternatives;
(iii) we extensively ablate the formulation of DeLoRA by deriving it from both LoRA and
ETHER; (iv) we evaluate DeLoRA on both vision and language benchmarks, matching or
surpassing the performance of competing PEFT methods.
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3.2 Decoupled Low-rank Adaptation (DeLoRA)

Our decoupled low-rank adaptation approach, by introducing learnable boundaries on
the weight updates, e"ectively combines the strengths of LoRA and ETHER methods,
allowing for high expressivity and finetuning robustness. In the following sections, we
will (i) present an overview of the PEFT methods LoRA and ETHER, focusing on their
respective limitations (section 3.2.1) and (ii) describe how we derive our proposed DeLoRA
method from both perspectives (section 3.2.2), along with a comparison with DoRA [92],
a method that also targets decoupling angular and magnitude components.

3.2.1 Preliminaries: LoRA & ETHER, and Their Limitations

Here, we provide a detailed review of LoRA [54] and ETHER [11], with a particular focus
on their limitations.

Low-rank Adaptation (LoRA). Low-rank Adaptation (LoRA) [54] parametrizes the update
of pretrained weights 𝑅 ↔ R𝑂→ 𝑄 during finetuning as(

𝑅 +
𝜒
𝑈

𝑆𝑇

)⊋
𝑉 + 𝑊 (3.1)

where 𝑇 ↔ R𝑈→𝑂 and 𝑆 ↔ R 𝑄 →𝑈 are the learnable matrices, 𝜒 is a scaling factor, and 𝑈 is
the rank of the final 𝑆𝑇 matrix. When 𝑈 ⇑ min(𝑂, 𝑄 ), LoRA substantially reduces the
number of parameters required for finetuning compared to full finetuning. Furthermore,
𝑆𝑇 matrices can be integrated into 𝑅 at inference time, eliminating additional latency.

However, LoRA is known to be highly sensitive to hyperparameter choices [9], and
it is prone to deterioration with over-training [115], thus requiring careful tuning and
experimentation to achieve an optimal balance between a su!ciently high learning rate
and avoiding catastrophic overwriting of the pretrained weights. In our proposed DeLoRA,
we mitigate this behavior by introducing a boundary to the weight updates, which results
in robust performance across a broad range of learning rates.

Input

OutputLoRA DeLoRA

W -        B0ΞA0

B ~ 𝒩(𝜇, 𝜎2)

A ~ 𝒩(𝜇, 𝜎2)

W

B ~ 0

A ~ 𝒩(𝜇, 𝜎2)

learnable
frozen

Input

Output

Ξ
norm

λ
scaleλ||W||

r

Figure 3.1: Visualizations (Left) of the original LoRA [54] and (Right) of our proposed
method DeLoRA. In addition to the low-rank matrices 𝑆,𝑇, we introduce a normaliza-
tion ω and a scaling factor 𝜑, which e"ectively decouple the angular learning from the
adaptation strength.
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Finetuning with Hyperplane Reflections (ETHER). Following e!ciency and robustness
arguments, [11] propose to employ bounded transformations for finetuning, namely
ETHER and ETHER+. ETHER (left side in eq. (3.2)) and ETHER+ (right side) introduce
multiplicative transformations 𝑏 or 𝑏+ respectively, which act on the pretrained weights
as follows:

(𝑏𝑅)
⊋
𝑉 + 𝑊 ,

(
𝑏

+
𝑅𝑏̃

+
)⊋

𝑉 + 𝑊. (3.2)

Here, 𝑏 = 𝑌 ↑ 2𝐿𝐿⊋ , 𝑏+ = 𝑌 ↑ 𝐿𝐿
⊋ + 𝑀𝑀

⊋ , 𝑏̃+ = 𝑌 ↑ 𝐿̃𝐿̃
⊋ + 𝑀̃𝑀̃

⊋ (where 𝐿, 𝑀, 𝐿̃, 𝑀̃ are unit
vectors) are bounded in terms of their distance to the identity transformation, as per

↗𝑏 ↑ 𝑌↗
𝑑
= 2 , ↗𝑏

+
↑ 𝑌↗

𝑑
↘ 2, (3.3)

where the subscript 𝑑 denotes the Frobenius norm. This upperboundon the transformation
distance prevents weight changes that cause catastrophic overwriting, as shown by [11].

However, enforcing a constant boundary on the transformation distance can limit the
finetuning performance, as the boundary may be too strict to adapt the layer or pretrained
model at hand to the respective task. Furthermore, by rewriting the formulations in
eq. (3.2) in a residual form, we can show that the weight updates are intrinsically limited
to be low-rank (see section B.1), which limits the finetuning capacity of such methods.
In DeLoRA, by introducing a normalization and a scaling factor to LoRA matrices, we
show how to achieve robustness comparable to ETHER while enabling control over both
boundary and rank, ultimately enhancing model expressivity and performance.

3.2.2 DeLoRA

While both LoRA and ETHER demonstrate valuable properties, namely parameter e!-
ciency and robustness, they also exhibit notable limitations. Our proposed PEFT method,
DeLoRA, addresses these shortcomings by synthesizing the strengths of both approaches.
In this regard, DeLoRA can be thought of as an extension of LoRA that incorporates
ETHER’s robustness properties or, alternatively, as an enhancement of ETHER that adopts
LoRA’s more expressive paradigm. In the following, we will present both derivations and
finally summarize in a concise way our proposed DeLoRA formulation.

Deriving DeLoRA from LoRA. In order to achieve robustness to learning rates, we
first observe that in LoRA’s eq. (3.1) the norm of the weight updates ε𝑅 is proportional
to ε𝑆𝑇, which in turn is proportional to the learning rate. This means that the update
strength at each training step is directly driven by the learning rate, which can lead to
catastrophic overwriting in high learning rate regimes. In order to mitigate this behavior,
we want to introduce a normalization term. To do this, we start by decomposing the 𝑆𝑇

matrix into the sum of its rank-1 components, i.e.

𝑆𝑇 =
𝑈∑

𝑓=1
𝑊𝑓 𝑗

⊋
𝑓

(3.4)
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⫅̸ Controllable Boundary. Similarly to ETHER, we normalize each rank-1 entry, making the
Frobenius norm of each single rank-1 component equal to 1. This normalization can be
introduced as in

𝑈∑
𝑓=1

𝑊𝑓 𝑗
⊋
𝑓

↗𝑊𝑓↗↗𝑗𝑓↗
= 𝑆ω𝑇 (3.5)

where ω is a diagonal matrix with entries ω𝑓 ,𝑓 = 1
↗𝑊𝑓↗↗𝑗𝑓↗

for 𝑓 = 1, . . . , 𝑈, ω𝑓 , 𝑘 = 0 for
𝑓 , 𝑘 = 1, . . . , 𝑈 , 𝑓 ϑ 𝑘. The final update distance with respect to the pretrained weights thus
is bounded as

↗𝑆ω𝑇↗ =
/// 𝑈∑

𝑓=1
𝑊𝑓 𝑗

⊋
𝑓

/// ↘ 𝑈∑
𝑓=1

↗𝑊𝑓 𝑗
⊋
𝑓
↗ = 𝑈 (3.6)

Most importantly, the boundary is independent of the used learning rate. Next, to control
the boundary and remove its rank dependency, we scale 𝑆ω𝑇 by a factor 𝜑

𝑈
, as in

///𝜑
𝑈

𝑆ω𝑇
/// ↘ 𝜑. (3.7)

Now, the boundary is equal to 𝜑 and can be chosen arbitrarily to better fit the pretrained
network or task at hand. To enable greater flexibility and layer-specific boundaries, we
make each distinct 𝜑 learnable, allowing finetuning to adapt their values accordingly.
Hence, we e"ectively decouple the angular learning (the normalized 𝑆ω𝑇 matrices) from
the adaptation strength, as measured by the boundary 𝜑. Furthermore, introducing a
single additional learnable parameter 𝜑 to each finetuned matrix creates only negligible
overhead in terms of overall trainable parameters and training speed.

⫅̸ Weights-norm Scaling. Previous works suggest that when finetuning image generative
models such as Stable Di"usion, multiplicative finetuning methods exhibit stronger
performance [93, 115] than additive counterparts. We argue this may arise because
multiplicative methods induce weight updates relative to the pretrained weights 𝑅 ,
meaning updates are inherently layer-specific. This might be especially relevant when
adapting a diverse set of layers, which is the case for our Stable Di"usion adaptations (see
fig. 3.3). To mimic this approach, in our additive proposed method DeLoRA, we introduce
a scaling factor equal to the pretrained weights norm. This can be formally stated as

ε𝑅 =
𝜑↗𝑅↗

𝑈

𝑆ω𝑇. (3.8)

Our ablation studies on Stable Di"usion finetuning tasks demonstrate such performance
improvements empirically (see section 3.3.2).

⫅̸ Initialization. To initialize the finetuning process from the pretrained model, DeLoRA’s
normalization operation does not allow to simply follow LoRA’s zero initialization of
the 𝑆 matrix. From preliminary experiments, we find that introducing a small epsilon
to avoid division by 0, would sometimes lead to unstable results. Therefore, we instead
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take inspiration from [11, 106] and subtract a copy of the kaiming-randomly initialized
matrices to the frozen pretrained weights, as in

𝑅 = 𝑅̄ ↑


𝜑↗𝑅↗

𝑈

𝑆ω𝑇


0
(3.9)

where 𝑅̄ is the original pretrained matrix, and (
𝜑↗𝑅↗

𝑈
𝑆ω𝑇)0 is the update matrix at time 0.

Deriving DeLoRA from ETHER So far, we showed how to derive DeLORA from LoRA.
Alternatively, it is possible to derive DeLoRA by introducing properties of LoRA to ETHER.
We find this to be insightful to understand the impact of each individual component from
a theoretical perspective. In addition, we quantitatively ablate all innovations of DeLoRA
in section 3.3.2.

⫅̸ Controllable Boundary. One of the primary limitations of ETHER and ETHER+ is their fixed
boundary (see section 3.2.1), which is fixed and thus cannot be adapted to the pretrained
model in use. We address this limitation by introducing a scaling parameter 𝜑 as in

𝑏 = 𝑌 ↑ 𝜑𝐿𝐿⊋ , 𝑏
+ = 𝑌 ↑

𝜑
2 𝐿𝐿

⊋
+
𝜑
2 𝑀𝑀

⊋
. (3.10)

Consequently, the boundaries on the distances of 𝑏 and 𝑏
+ from the identity matrix

become ↗𝑏 ↑ 𝑌↗
𝑑
= 𝜑, and ↗𝑏+ ↑ 𝑌↗

𝑑
↘ 𝜑. In section 3.3.2, we show that this modification,

i.e. introducing a controllable bound, leads to the largest increase in performance.

⫅̸ Increasing the rank. In section B.1, we demonstrate that ETHER and ETHER+ are restricted
to rank-1 and rank-4 weight updates respectively. In order to arbitrarily control the rank,
we extend the 𝑏

+ parameter of ETHER+ to 𝑏̂, which allows for an arbitrary number of
weight reflection operations:

𝑏̂ = 𝑌 ↑

𝑈/2∑
𝑓=1

𝐿𝑓𝐿
⊋
𝑓
+

𝑈/2∑
𝑓=1

𝑀𝑓𝑀
⊋
𝑓
. (3.11)

We can rewrite 𝑏̂ by gathering the 𝐿 and 𝑀 unit vectors into two rank- 𝑈2 matrices, as in

𝑏̂ = 𝑌 ↑𝑙ϖ𝑙⊋
+𝑚ϱ𝑚

⊋
, (3.12)

where ϖ and ϱ are diagonal normalization matrices with entries ϖ𝑓 ,𝑓 = 1
↗𝐿𝑓↗

2 , ϱ𝑓 ,𝑓 = 1
↗𝑀𝑓↗

2 ,
The entries on the diagonals of ϖ and ϱ are constructed to normalize 𝐿 and 𝑀 to unit
vectors. Thus, the distance from the identity matrix becomes

↗𝑏̂ ↑ 𝑌↗ =
///

𝑈/2∑
𝑓=1

𝐿𝑓𝐿
⊋
𝑓
↑

𝑈/2∑
𝑓=1

𝑀𝑓𝑀
⊋
𝑓

/// ↘
𝑈/2∑
𝑓=1

↗𝐿𝑓𝐿
⊋
𝑓
↗ +

𝑈/2∑
𝑓=1

↗𝑀𝑓𝑀
⊋
𝑓
↗ = 𝑈 . (3.13)

As above, we can control the boundary on the distance, and remove the rank dependency,
by introducing a scaling factor 𝜑

𝑈
as in

𝑏̂ = 𝑌 ↑
𝜑
𝑈

𝑙ϖ𝑙⊋
+
𝜑
𝑈

𝑚ϱ𝑚
⊋ (3.14)
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⫅̸𝑙 ,𝑚 Relaxation. Finally, we relax 𝑙ϖ𝑙⊋
,𝑚ϱ𝑚

⊋ and replace them with distinct trainable
matrices 𝑆ω𝑇 and 𝑛ς𝑜 respectively, which leads to 𝑏̂ = 𝑌 ↑

𝜑
𝑈
(𝑆ω𝑇 ↑ 𝑛ς𝑜)𝑅 . We

emphasize how this formulation resembles a multiplicative analog of our proposed
DeLoRA method, and we include this variant in our ablation study. We ablate all
alternatives in Section 3.3.2. There, we find that DeLoRA, combined with weights-norm
scaled updates, as in multiplicative finetuning, achieves overall stronger performance.

DeLoRA formulation. Summarizing, our proposed DeLoRA finetuning method consists
in learning a normalized low-rank matrix 𝑆ω𝑇 and a scale 𝜑, updating the pretrained
weights as in 

𝑅 +
𝜑↗𝑅̄↗

𝑈

𝑆ω𝑇
⊋

𝑉 + 𝑊 (3.15)

This formulation inherently constrains the learnable finetuning updates in a 𝜑↗𝑅̄↗-sized
ball, where 𝑅̄ is the norm of the pretrained weights, achieving a decoupling of the
transformation strength from the angular learning.

In more detail, the key components are:

• Normalization: ω is a 𝑈-dimensional diagonal matrix that normalizes LoRA’s inner
low-dimensional bottleneck (eq. (3.5)), bounding the Frobenius norm of 𝑆ω𝑇 to 𝑈

(eq. (3.6)).

• Scaling Factors: (i) 1/𝑈 is used to remove the rank dependency on the boundary dimen-
sionality, (ii) ↗𝑅̄↗ to make the weight updates proportional to the pretrained weights,
and (iii) 𝜑 to control the adaptation strength and allow for a layer-specific boundary
adaptation (eq. (3.7))

• Initialization: Pretrained initialization follows by merging to the pretrained weights a
frozen copy of the initialized finetuning adaptation matrices (eq. (3.9)).

DoRA vs DeLoRA discussion. DoRA [92], similarly to our work, addresses finetuning
targeting the decoupling of angular and magnitude components, by using a formulation
that leads to weight updates 𝑅

⇓ = 𝑖
𝑅+ε𝑅
↗𝑅+ε𝑅↗

. We can summarize the key di"erences
between DoRA and our proposed method in two main aspects: (i) DoRA applies normal-
ization and scaling operations on the fully finetuned weights, and (ii) these operations are
performed on the column space of the weight matrices, which significantly di"ers from our
approach. In contrast, we argue that DeLoRA finetuning has two key advantages: (i) by
introducing the normalization and scaling operations directly on the weight updates ε𝑅 ,
it more e"ectively prevents divergence from the pretrained model, and (ii) by normalizing
the inner low-dimensional space (as opposed to the column space), it implicitly enforces
a Frobenius-norm boundary, providing a mathematical guarantee against divergence.
These ultimately result in (i) peculiar training dynamics (as depticted in fig. 3.3, whereas
DoRA and LoRA exhibit similar behavior), and (ii) enhanced decoupling, supported by
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the robustness performance in fig. 3.2 and in section B.3. In this regard, we notice that
although DeLoRA’s learnable boundary theoretically allows an unbounded Frobenius
norm, divergence from the pretrained weights does not happen in practice, as also shown
in section B.4. This demonstrates that during finetuning, DeLoRA’s learnable boundary
is able to e"ectively adjust and avoid divergence from the pretrained weights–behavior
that is not observed with DoRA.

3.3 Experiments

In this section, we evaluate our proposed DeLoRA method for image generation, natural
language understanding, and instruction tuning tasks. We begin by providing a detailed
description of these tasks and their relevance. To justify our design choices, we present a
comprehensive ablation study that highlights the key innovations of DeLoRA. Finally, we
demonstrate that DeLoRA not only matches or exceeds the performance of LoRA and other
state-of-the-art methods but also exhibits superior robustness. This enhanced stability
is particularly evident in two aspects: reduced sensitivity to learning rate selection and
improved performance retention during extended finetuning periods.

3.3.1 Tasks

Subject-driven Image Generation. Following [11, 115], we assess the e"ectiveness of
our proposed methods in the DreamBooth setting [126], specifically by adapting Stable
Di"usion [123] to recontextualize a subject shown in a set of images according to a given
prompt. The dataset, sourced from [126], comprises 30 subjects, each paired with 25
prompts. The task is to finetune Stable Di"usion to generate images portraying the given
subject in the context defined by the prompts. We report an example in in section B.5
(fig. B.3, left side). For each combination of image and prompt, after finetuning, we
generate four images and measure the subject-fidelity by DINO [14] and CLIP [116], as
proposed by [126]. Here, the score represents the similarity of generated and given images,
measuring the faithfulness of generating images of the given subject to the provided real
images. Among the two metrics, the DINO score is more significant since it is more
sensitive to subject-unique features [126].

Semantic Map to Image Following [11, 115], we evaluate the ability of our proposed
methods in finetuning Stable Di"usion to generate realistic images based on given segmen-
tation maps. The image should follow the spatial structure laid out in the segmentation
map as closely as possible. Examples of segmentation maps and their corresponding
generated images are presented in section B.5 (fig. B.3, right side). For the control signal,
we use the pretrained encoder from ControlNet [159]. For training and evaluation, we
utilize semantic maps and images from the ADE20K dataset [172]. After training, we
generate images for 2000 segmentation masks from the ADE20K validation set and report
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the mean Intersection-over-Union (mIoU) and accuracy of semantic maps as predicted by
UperNet-101 [150]. Note that we only use the Semantic Map to Image task to ablate our
method design decisions.

Natural Language Understanding We evaluate DeLoRA’s performance in adapting
small-scale language models by finetuning and evaluating a pretrained RoBERTa-base
model [96] on the General Language Understanding Evaluation (GLUE) benchmark [140].
GLUE tasks have been extensively used to measure natural language understanding
performance, comprising inference tasks (MNLI, QNLI, RTE), sentiment classification
(SST-2), and correct identification of English grammatical structures (CoLA). CoLA results
refer to Matthews correlation coe!cient, MNLI to matched accuracy, and STS-B to average
correlation, while all other tasks are evaluated on accuracy. For a proper evaluation on
the validation set, we adopt the setup proposed by [147], and split the validation set into
two subsets, guarded by a pre-defined seed, that will be used for model selection and
evaluation. We provide more details in section 3.3.3.

Instruction Tuning. We evaluate how e"ectively DeLoRA can adapt LLMs to follow user-
given instructions, finetuning LLaMA-2-7B [137] on the Alpaca dataset [132]. Following
bini2024ether, we evaluate the zero-shot performance of instruction-tuned models on four
di"erent tasks, namely (1) Massive Multitask Language Understanding (MMLU) [48],
which features 57 tasks in di"erent categories such as STEM, Humanities, and Social
Sciences; (2) AI2 Reasoning Challenge (ARC) [21], which contains over 7000 grade-
school science questions; (3) TruthfulQA [87], which contains 817 questions representing
common misconceptions in 38 categories like health, law, finance and politics. TruthfulQA
additionally features two separate sub-tasks, namely single-true and multi-true. In single-
true, only one of the provided answers is correct, and the model has to select the unique
correct answer. In multi-true, several of the provided answers may be correct, and the
model has to assign a high probability to correct answers and a low probability to incorrect
answers.

3.3.2 Ablation of DeLoRA design choices

In this section, we ablate the incremental design choices that transform LoRA and ETHER+
into DeLoRA, evaluating these on the subject-driven generation and semantic map-to-
image tasks. From the LoRA derivation (top-down in Tables 3.1,3.2), we show how
incorporating normalization with a controllable boundary and weight scaling into pre-
trained matrices enhances performance. From the ETHER+ derivation (bottom-up in
Tables 3.1,3.2), we show how introducing a controllable scale, a higher-rank formula-
tion, relaxed learnable matrices, and an additive finetuning tranformation, incrementally
improves performance.
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Method ε𝑅 formulation DINO CLIP-I
LoRA [rank-𝑈] 𝑆𝑇 0.674 0.785
⇒ + normalize w/ controllable boundary 𝜑

𝑈
𝑆ω𝑇 0.682 0.809

· + normalize w/ controllable boundary + weights-scaling
· + controllable boundary + high rank + relaxed + additive FT (DeLoRA) ↗𝑅↗𝜑

𝑈
𝑆ω𝑇 0.701 0.825

⇐ + controllable scale + high rank + relaxed 𝜑
𝑈
(𝑆ω𝑇 ↑ 𝑛ς𝑜)𝑅 0.696 0.833

| + controllable boundary + high rank 𝜑
𝑈
(𝑙ϖ𝑙⊋ ↑𝑚ϱ𝑚

⊋)𝑅 0.685 0.840
| + controllable boundary 𝜑(𝐿𝐿⊋ ↑ 𝑀𝑀

⊋)𝑅 0.678 0.810
ETHER+ (one-sided) [rank-2, boundary equal to 2] (𝐿𝐿⊋ ↑ 𝑀𝑀

⊋)𝑅 0.624 0.746

Table 3.1: Ablation of DeLoRA innovations on the Subject-driven Image Generation
task. We show how di"erent components a"ect performance from both LoRA and ETHER
derivation.

Method ε𝑅 Formulation mIoU⇐ Acc.⇐ FID⇒

LoRA [rank-𝑈] 𝑆𝑇 25.13 64.95 31.35
⇒ + normalize w/ controllable boundary 𝜑

𝑈
𝑆ω𝑇 25.66 65.82 31.01

· + normalize w/ controllable boundary + weights-scaling
· + controllable boundary + high rank + relaxed + additive FT (DeLoRA) ↗𝑅↗𝜑

𝑈
𝑆ω𝑇 26.10 65.08 30.71

⇐ + controllable boundary + high rank + relaxed 𝜑
𝑈
(𝑆ω𝑇 ↑ 𝑛ς𝑜)𝑅 25.55 65.16 29.89

| + controllable boundary 𝜑(𝐿𝐿⊋ ↑ 𝑀𝑀
⊋)𝑅 24.56 62.70 31.28

ETHER+ (one-sided) [rank-2, boundary equal to 2] (𝐿𝐿⊋ ↑ 𝑀𝑀
⊋)𝑅 23.46 62.26 31.18

Table 3.2: Ablation of DeLoRA innovations on the Semantic Map to Image task. We
show how di"erent components from both LoRA and ETHER derivations incrementally
improve performance.

Results for subject-driven image generation are in table 3.1. For this ablation we use a
small-scale version of the setting proposed by [126], finetuning 3 subjects over 25 prompts
each (10% of the data). Among all modifications, we notice how the introduction of a
controllable boundary in ETHER+ (one-sided) has the highest impact, raising the DINO
score from 0.624 to 0.678 and the CLIP score from 0.746 to 0.810. This shows how the
lack of strength is the hindering factor for ETHER+(one-sided), as already noted by [11].
Starting from LoRA, we notice how the weights-norm scaling has the largest impact on
performance, raising the DINO score from 0.682 to 0.701 and the CLIP score from 0.809
to 0.825. Additionally, we note that DeLoRA’s performance without the weights-norm
scaling falls short compared to its multiplicative counterpart.

For the Semantic Map to Image ablation study, we run a small-scale grid search by
finetuning Stable Di"usion for 10 epochs on ADE20K in bfloat16 precision. Results are
reported in Table table 3.2. We note how DeLoRA achieves best controllability among
di"erent variations. In addition, we also note the increase in Accuracy when increasing
the rank of ETHER+, hinting that it could have been a limiting factor.

3.3.3 Benchmark Results

Subject-Driven Image Generation Results are in table 3.3. For a comprehensive bench-
mark performance comparison, we report low-rank results from [11], while running and
evaluating LoRA, DoRA, and DeLoRA methods at a consistent rank. For each method,
we conduct a grid search to identify optimal hyperparameters using the same 3 subjects

38



3.3. EXPERIMENTS

as in the ablation studies, then evaluate the top-performing configurations on the full
30-subject benchmark, testing each across three distinct seeds. The best and average
results are reported in table 3.3. We notice that LoRA, DoRA, and DeLoRA, all achieve
comparable average performance in terms of DINO and CLIP-Image, all outperforming
lower-rank baselines. This shows that DeLoRA is able to e"ectively combine ETHER+
robustness properties with superior performance.

Method #param DINO CLIP-I
Real Images 0.703 0.864
DreamBooth [126] 859.5M 0.644 0.793
OFT𝑃=4 [115] 11.6M 0.652 0.794
ETHER+ [11] 0.4M 0.666 0.800
LoRA𝑈=4 [54] 0.8M 0.660 0.796
LoRA𝑈=16 [54] 3.2M 0.686 0.818
DoRA𝑈=16 [92] 3.2M 0.687 0.819
DeLoRA𝑈=16 (ours) 3.2M 0.686 0.820

LoRA†

𝑈=16 [54] 3.2M 0.688 0.818
DoRA†

𝑈=16 [92] 3.2M 0.689 0.819
DeLoRA†

𝑈=16 (ours) 3.2M 0.693 0.820

Table 3.3: Results for evaluating DeLoRA in subject-driven image generation. † indicates
experiments with tuned hyperparameters.

Natural Language Understanding Results are in table 3.4. For proper evaluation on the
GLUE validation set, we follow [147, 148] and split the validation set into two subsets
(determined by pre-defined seeds), and use the first subset to tune hyperparameters, and
the second subset to evaluate method performance. For fair comparisons we use same
seeds as [147, 148]. In addition, in order to compare with LoRA’s implementation, we
simply apply DeLoRA to Q,V attention layers with rank 8, which is likely sub-optimal
with respect to applying lower-rank modules to a larger set of layers [54]. We notice
how DeLoRA achieves better performance on CoLA, QNLI and STS-B, and an overall
significantly better average score with respect to all baselines, demonstrating its e!cacy
in adapting language models for NLU tasks.

Instruction Tuning Results are in table 3.5. Results for all methods but DoRA and
DeLoRA are reported from [11]. For these two, a proper grid search has been run
following the same setup of [11]. Further details cab be found in B.2. We can see that
DeLoRA achieves best results on three out of four tasks. This confirms the e"ectiveness
of our improvements, which lead to optimal average performance in this setup. On the
MMLU task, ETHER and ETHER+ outperform other methods, but fall short on other tasks,
achieving lower average performance compared to DeLoRA. This might be due to the
limited capacity of ETHER methods from their rank limitation.
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3.3.4 Insights

In this section we analyze (i) the learning rate robustness properties, and (ii) the training
dynamics, with a focus on prolonged training setting, of DeLoRA with respect to other
finetuning methods. Then, we analyze (iii) how weights norms di"er in a pretrained
model, to better understand the weights-norm scaling e"ect in DeLoRA.

Learning Rate Robustness. We conducted a comprehensive learning rate robustness
analysis in the setting of the Subject-driven Generation task of section 4.4. Evaluation
is done reporting DINO scores (Fig.3.2, Left) and Euclidean distance between finetuned
and pretrained weights of a projection layer in an attention module (Fig.3.2, Right) across
multiple methods, using a range of learning rates derived from each method’s base
learning rate. Our analysis shows that DeLoRA is able to achieve the same robustness
of ETHER+, while improving performance, whereas both LoRA and DoRA performance
degrade at 4→ the base learning rate. We also notice how LoRA updates’ distance grows at
higher learning rates, while interestingly DoRA, after 8→, does not diverge further, likely
thanks to its magnitude control. However this does not lead to better performance in
these regimes.

DeLoRA (lr=6e-3) LoRA (lr=6e-4) DoRA (lr=6e-4) ETHER+ (lr=6e-3)

Figure 3.2: Learning rate robustness plots in Subject-driven generation task in terms of
DINO scores (Left) and Euclidean distance between a finetuned vs pretrained projection
layer weights (Right). Learning rates used for robustness evaluation were derived by
multiplying the base learning rate in a range of factors.

Method #param MNLI SST-2 MRPC CoLA QNLI QQP RTE STS-B Avg
Full Finet. 125M 87.3 94.4 87.9 62.4 92.5 91.7 78.3 90.6 85.6
BitFit ([155]) 0.1M 84.7 94.0 88.1 54.0 91.0 87.3 69.8 89.5 82.3
IA3 ([89]) 0.06M 85.4 93.4 86.4 57.8 91.1 88.5 73.5 88.5 83.1
LoReFT ([148]) 0.02M 83.1 93.4 89.2 60.4 91.2 87.4 79.0 90.0 84.2
RED ([147]) 0.02M 83.9 93.9 89.2 61.0 90.7 87.2 78.0 90.4 84.3
LoRA ([54]) 0.3M 86.6 93.9 88.7 59.7 92.6 90.4 75.3 90.3 84.7
AdapterFFN ([113]) 0.3M 87.1 93.0 88.8 58.5 92.0 90.2 77.7 90.4 84.7
Adapter ([51]) 0.4M 87.0 93.3 88.4 60.9 92.5 90.5 76.5 90.5 85.0
DeLoRA (ours) 0.3M 86.9 93.7 88.6 64.7 92.6 90.2 77.3 90.6 85.6

Table 3.4: Comparisons of di"erent methods finetuning RoBERTa-base on GLUE bench-
mark. Results of all baselines are taken from [147] and [148].
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Method #param MMLU ARC Tru-1 Tru-2 Avg
LLaMA-2-7B - 41.81 42.92 25.21 38.95 37.22
ETHER𝑃=32 ([11]) 0.26M 44.57 45.14 27.91 41.83 39.86
ETHER+𝑃=32 ([11]) 1.04M 44.87 46.50 29.38 43.51 41.07
LoRA𝑈=8 ([54]) 4.19M 43.61 46.16 28.76 42.21 40.19
DoRA𝑈=8 ([92]) 4.19M 43.24 47.18 29.01 43.47 40.73
DeLoRA𝑈=8 (ours) 4.19M 44.21 47.70 29.62 44.14 41.42

Table 3.5: Results for Instruction Tuning on MMLU, ARC, and TruthfulQA benchmarks.
Values represent accuracy scores achieved by di"erent finetuning methods. Best scores
are highlighted in bold, and second-best scores are underlined.

Finetuning Regime and Prolonged Training. We further investigate the behavior of
weight updates across di"erent methods by measuring the Euclidean distance between
finetuned weight matrices (after merging) and the pretrained corresponding matrices
during fine-tuning. This provides us a quantitative measure of the shift and rate at which
fine-tuned weight matrices diverge from the pretrained weights. In fig. 3.3 (Left), we show
this analysis for the out-projection matrix in one of StableDi"usion’s Unet self-attention
layers. We find that LoRA- and DoRA-trained weights continuously depart from the
pretrained weights over the course of training, passing through an optimal regime but
eventually overshooting and ending in a diverging regime (notice that best performance
are typically found between 1000 and 1400 steps). In contrast, DeLoRA-trained weights
exhibit a peculiar behavior, quickly moving away from the pretrained weights, until they
reach the boundary, from which they cannot diverge further. We argue that this leads to
prolonged training robustness, e"ectively avoiding catastrophic overwriting. Qualitative
examples are provided in fig. 3.3 (Right) and in section B.5. Additionally, we highlight that
by adjusting the boundary parameter 𝜑, one can easily control the maximum allowable
shift and, therefore, the level of finetuning robustness.

Figure 3.3: (Left) Euclidean Distance of finetuned weights to pretrained weights as a
function of the number of training steps. (Right) Qualitative examples show that LoRA
exhibits significant artifacts earlier in the process compared to DeLoRA, which maintains
better image quality.

Weights Norms Heterogeneity. In fig. 3.4, we show the mean of column norms forweight
matrices in di"erent attention blocks of the U-Net in Stable Di"usion v1.5. By doing so,
we highlight the e"ect of weights-norm scaling as introduced in section 4.3. We find that
di"erent modules, as well as di"erent positions in the U-Net, show systematic di"erences
with respect to weights norms. This points at di"erences within the pretrained model
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which finetuning methods should account for. Our proposed scaling is one possibility to
accomplish this. Exploring more sophisticated methods to include layer-wise di"erences
is an interesting direction for future research.

Figure 3.4: Average column norms of parameters in the attention modules of Stable
Di"usion’s Unet

3.4 Related Work

Parameter e!cient finetuning (PEFT) is an active field of research, encompassing methods
such as adapters [51], prompt- and prefix-tuning variations [78, 81, 95], and more
specialized methods such as BitFit [155], FourierFT [37], and LayerNorm Tuning [168].
In this paper, we propose an improved PEFT method based on low-rank adapters (LoRA)
first described by [54]. Therefore, we focus our review of previous work on LoRA variants
and refer to recent surveys [43, 151] regarding PEFT methods in general. LoRA is a
popular finetuning approach for large models, featuring advantages such as low-memory
footprint and no additional inference cost [54]. Compared to full-finetuning, LoRA is also
less prone to catastrophic forgetting [9].

However, beyond falling behind in performance on downstream tasks compared to full
finetuning [9], previous work has identified and attempted to address di"erent limitations
of the original LoRA method. [85, 121, 149, 175] propose methods to overcome the low-
rank limitation without sacrificing memory e!ciency. Similarly, VeRA [70] keeps the
original LoRA setup but reduces trainable parameters further by only scaling the randomly
initialized matrices, which are shared across layers. To account for di"erences between
layers, [26, 98, 160, 163] describe methods to dynamically adapt the rank of di"erent LoRA
adapters. Instead of changing the rank, in this work, we propose to dynamically change
the scaling of LoRA matrices for di"erent layers, highlighting the need for layer-adaptive
methods. PiSSA [106] and MiLoRA [141] show how improved initialization of LoRA
can lead to better performance and faster convergence. [173] and [44] show that LoRA
matrices behave di"erently in terms of optimal initialization and learning rate. Our work
is complementary to these findings, as we also argue for di"erent treatments of LoRAs,
but regarding di"erent layers within a model, not within the same adapter. DoRA [92],
similarly to our work, targets decoupling of angles and magnitudes, normalizing and
scaling the full updated weight matrix 𝑅 + ε𝑅 on the column space, controlling each
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singular column of the finetuned matrices, whereas we propose to normalize the inner
𝑈-dimensional space of each ε𝑅 update matrix.

3.5 Conclusions

In this work, we proposed a novel parameter e!cient finetuning method, DeLoRA, which
combines the strengths of LoRA –controllable rank– and ETHER –bounded updates– to
address their respective limitations. We showed that by normalizing and scaling low-rank
updates, DeLoRA is able to e"ectively decouple the angular learning from the adaptation
strength, leading to competitive performance and enhanced robustness. Beyond showing
the advantages of DeLoRA, we provided detailed insights into its derivation, from both
perspective of LoRA and ETHER, ablating the introduction of each incremental innovation.
Finally, we investigated DeLoRA’s robustness to learning rate variations and extended
training, demonstrating that its decoupled update mechanism is critical for preventing
divergence from the pretrained weights. These findings o"er valuable perspectives for
adapting pretrained models, by addressing key limitations of current PEFT approaches.
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Memory-augmented Large Language Models (LLMs) have demonstrated remarkable con-
sistency during prolonged dialogues by storing relevant memories and incorporating them
as context. Such memory-based personalization is key also in on-device settings that allow
users to keep their conversations and data private. However, memory-augmented systems
typically rely on LLMs that are too costly for local on-device deployment. Even though
small language models (SLMs) are more suitable for on-device inference than LLMs, they
cannot achieve su!cient performance. Additionally, these LLM-based systems lack native
visual capabilities, limiting their applicability in multimodal contexts. In this paper, we
introduce (i) MemLoRA, a novel memory system that enables local deployment by equip-
ping SLMs with specialized memory adapters, and (ii) its vision extension MemLoRA-V,
which integrates small Vision-Language Models (SVLMs) to memory systems, enabling
native visual understanding. Following knowledge distillation principles, each adapter
is trained separately for specific memory operations—knowledge extraction, memory
update, and memory-augmented generation. Equipped with memory adapters, small
models enable accurate on-device memory operations without cloud dependency. On
text-only operations, MemLoRA outperforms 10→ larger baseline models (e.g., Gemma2-
27b) and achieves performance comparable to 60→ larger models (e.g., GPT-OSS-120b) on
the LoCoMo benchmark. To evaluate visual understanding operations instead, we extend
LoCoMo with challenging Visual Question Answering tasks that require direct visual
reasoning. On this, our VLM-integrated MemLoRA-V shows massive improvements over
caption-based approaches (81.3 vs 23.7 accuracy) while keeping strong performance in
text-based tasks, demonstrating the e!cacy of our method in multimodal contexts.
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4.1 Introduction

Recent advancements in Large Language Models (LLMs) and Vision Language Models
(VLMs) have led to their widespread use in conversational Artificial Intelligence (AI)
systems, ranging from customer service chatbots to personal assistants and collabora-
tive productivity tools [107, 170]. VLMs have demonstrated remarkable capabilities in
multimodal understanding and generation, making them increasingly integral to human-
computer interaction across diverse domains. However, the e"ectiveness of VLMs in
real-world on-device conversational applications is fundamentally constrained by LLMs’
limited context windows [18, 103]. While modern LLMs can process thousands of tokens
in a single session, they cannot retain information across multiple conversations or main-
tain long-term user-specific knowledge. This limitation becomes particularly problematic
in multi-session scenarios where users expect the system to remember previous inter-
actions, preferences, and contextual details—a critical requirement for delivering truly
personalized and coherent conversational experiences.

To address these challenges, researchers have proposed various memory systems
that extend LLMs with persistent memory capabilities. Early approaches focused on
integrating external memory through di"erentiable attention mechanisms [145] and
retrieval-augmented generation from knowledge bases [79], establishing foundational
paradigms for extending model knowledge beyond immediate context. Building on these
foundations, recent works have explored sophisticated memory management strategies
that mirror human cognitive processes, including temporal decay mechanisms for selective
retention [171], hierarchical memory systems inspired by the design of operating systems
[111], and knowledge graph representations that track evolving information over time
[119]. Contemporary systems have further expanded the role of LLMs beyond generation,
leveraging them as active agents within the memory pipeline itself. Examples include
using LLMs to automatically extract knowledge and update the memory [18, 76], evaluate
memory relevance and quality [103], and dynamically restructure knowledge networks
according to emerging patterns [152], thereby transforming memory augmentation from
a passive retrieval mechanism into an intelligent, self-improving system.

Despite these advances, current memory systems face significant practical limitations
that restrict their deployment and e"ectiveness. Firstly, these systems fundamentally
rely on large, often proprietary, LLMs for core memory operations—including extraction,
organization, updating, and retrieval—necessitating continuous Application Program-
ming Interface (API) calls to cloud-based services [18, 111]. This dependency not only
introduces latency and cost concerns but also prevents on-device deployment, limiting
their applicability in privacy-sensitive contexts, o$ine scenarios, or resource-constrained
environments where cloud connectivity cannot be guaranteed. In our work, we tackle this
challenge by replacing queries posed to a large-scale model through API, with a small
on-device model, equipped with task-specific expert adapters. These adapters are trained
via knowledge distillation through teacher answers or ground-truth data. We provide an
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Hi Mel, I saw the new Christopher 
Nolan movie yesterday—it was 
amazing! Have you seen it?

Oh, nice! No, I haven’t. Ι love movies, 
but to be honest, I've been more in the 

mood for romantic movies lately.

New retrieved facts

Mel loves movies

Mel is in the mood 
for romantic movies

Friend

Mel

LoRA

Extraction

LoRA

Update

Memory

ADD

ADD

“Eternal sunshine of the spotless 
mind” is a great romantic movie. 

You’d love it!

Mel

Do you think I 
would like this 

movie?

AI Assistant

1: Knowledge Extraction 2: Memory Update

3: Memory-Augmented Generation

Memory

Small

operations

LoRA

Generation

Text-only
Multimodal

Model

Figure 4.1: Overview. We employ specialized LoRA adapters to enable S(V)LMs to
perform memory operations for on-device deployment. The base S(V)LM dynamically
switches between expert adapters, each trained for a distinct stage: (1) knowledge extraction,
(2) memory update, (3) memory-augmented generation. In the last stage, the model can switch
between text-only and multimodal adapter, depending on the input. By specializing each
adapter for its specific operation, MemLoRA(-V) achieves performance comparable to
models 10-60x larger while enabling e!cient local execution without cloud API depen-
dencies.

overview of the approach and our considered setting in Figure 4.1.

Secondly, while recent works have begun exploring multimodal capabilities, the
handling of visual information remains predominantly text-centric: images are typically
converted into textual descriptions through vision-language models before being stored
and retrieved [18, 76], an approach that inevitably loses fine-grained visual details, spatial
relationships, and numerical information embedded in charts or diagrams. This text-first
paradigm, though computationally practical, fundamentally constrains the systems’ ability
to reason directly over visual content, limiting their e"ectiveness in domains where visual
information plays a critical role, such as technical documentation, medical imaging, or
design workflows. Notably, existing benchmarks for evaluating memory systems—such
as LoCoMo [103], which focuses on text-based conversational question answering and
event summarization—do not assess multimodal capabilities during inference. Although
LoCoMo conversations contain images, the original evaluation relies solely on text-based
captions, limiting assessment of native visual understanding. This evaluation gap means
that a model’s ability to process and reason over visual information directly, rather than
through caption intermediaries, remains unmeasured.

In our work, we address both issues by integrating Vision Language Models (VLMs)
in these memory-augmented systems, and by augmenting the LoCoMo benchmark with
Visual Questions and Answers (VQA) on the conversational images. By doing this, not
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only we are able to give native visual capabilities to memory-augmented systems, but we
are also able to develop our MemLoRA memory system on small VLMs (SVLMs). For
these, a novel expert adapter is further introduced to address the VQA task. Such an
approach shows how having specialized adapters, one for each operation, can substitute
the need for having massive models, and allow for on-device deployment e"ectively.

We summarize our contributions as follows. (i) We introduce the challenge of accurate
on-device memory systems where small language models are used, eliminating reliance
on cloud-based infrastructure to preserve privacy. (ii) We develop a highly-e!cient yet
well-performing solution that substantially improves over existing approaches and obtains
performance close to that of significantly larger models. (iii) We extend memory systems to
incorporate Vision Language Models with native visual capabilities and apply our Mem-
LoRA framework to this multimodal setting through a specialized vision expert adapter.
(iv) We augment the LoCoMo benchmark with challenging Visual Question Answering
tasks that require direct image access, demonstrating that our approach achieves strong
performance with superior e!ciency in multimodal contexts.

4.2 Related Work

Memory-AugmentedLLMs. Memory systems have improvedLLMs’ capabilities in several
applications. Foundational approaches such as Memory Networks [145] and RAG [79]
introduced external memory integration and document retrieval. More sophisticated
systems have been inspiredby human cognition andoperating systems. Recent innovations
like MemoryBank [171], MemGPT [111], Zep [119], and Mem0 [18] incorporate hierarchical
memory tiers, session management, and self-improving capabilities, while specialized
systems like ReadAgent [76] and A-Mem [152] implement human-inspired organizational
principles such as gist memory compression and Zettelkasten-style knowledge networks
[59]. Many of these approaches rely on agentic frameworks that orchestrate memory
operations through iterative LLM queries for tasks such as memory extraction, updating,
and retrieval. However, such methods require multiple queries to the LLM that are
computationally expensive to run and do not prioritize on-device deployment scenarios.
In our work, we employ specialized expert adapters on small models to perform memory
operations locally, drastically reducing computational demands.

Knowledge Distillation with LLMs. Knowledge distillation has evolved into a diverse
landscape of techniques aimed at transferring capabilities from powerful teacher models
to more e!cient student models [xu2024survey, camu"o2025mocha]. Generation-aware
divergence methods address the limitations of traditional forward Kullback–Leibler Di-
vergence (KLD) by introducing variants such as reverse KLD [40] or skew KLD [69],
which better handle the challenges of auto-regressive generation while requiring access
to the teacher model’s internal logits or probability distributions. More recent methods
have introduced preference-based frameworks that leverage implicit reward signals [83],
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advantage functions [36], or pseudo-preference pairs [162] to guide the student toward
generating outputs that align with the teacher’s quality standards [68]. These approaches
often necessitate either white-box access to the teacher model’s internal states or involve
multi-stage optimization procedures. Alternatively, output-only distillation methods that
operate solely on generated text sequences represent another direction in the literature
[22, 31, 132, 162]. Such approaches enable distillation from black-box models, proprietary
APIs, or any teacher model regardless of architecture, and allow for direct modification
of outputs into desired formats or structures before training. In our work, we found that
this simpler solution worked well for distilling knowledge in memory systems, and given
the practical advantages it o"ers, we adopted this approach.

Parameter E!cient Finetuning Methods. Parameter-e!cient fine-tuning (PEFT) methods
have emerged as a powerful approach for adapting large-scale models to specific tasks and
domains, while drastically reducing computational requirements compared to full-model
fine-tuning [27, 84]. Notable methods in this category are those that inject trainable
modules into the model architecture, such as Low-Rank Adaptation (LoRA) [54] and its
derivations [10, 70, 92]. A key advantage of these approaches is that the trained modules
can be seamlessly merged and unmerged into the base model weights, eliminating any
inference-time latency overhead—a crucial consideration for deployment of large-scale
models in production environments—and enabling e!cient multi-task setups where
a single base model can be dynamically adapted to di"erent tasks or domains simply
by swapping the active PEFT module [55]. In our work, we leverage these properties
and demonstrate how small (multimodal) language models with PEFT adapters are able
to achieve performance on par with larger counterparts by swapping between expert
memory adapters, while significantly increasing e!ciency and enabling practical on-
device deployment.
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4.3 Method

In this section, we present the technical details of MemLoRA, our e!cient memory
system suitable for on-device deployment. We begin by introducing Mem0, the memory
system we build upon, and describing its core operations (Section 4.3.1). We then detail
our proposed MemLoRA solution, which replaces the LLM in Mem0 with an SLM and
memory adapters through knowledge distillation (Section 4.3.2). Finally, we extend
our approach to multimodal settings by incorporating vision understanding capabilities,
enabling memory systems to process visual information natively (Section 4.3.3).

4.3.1 Preliminaries

Mem0. Mem0 is a memory system enhancing LLM applications with persistent, person-
alized memory across sessions. Mem0 operates through three main stages:
‚ Knowledge Extraction. Given a conversational exchange between a user and an AI assistant,
Mem0 uses an extraction prompt to query an LLM 𝑄𝜓𝑁

, parametrized by 𝜓𝑁. The extraction
prompt guides the LLM to identify relevant knowledge, φ, consisting of facts, preferences,
and contextual information worth storing in memory from the dialogue.
‚ Memory Update. The extracted knowledge φ is used to update the memory store 𝑒.
Mem0 queries 𝑄𝜓𝑁

to determine how new information should be integrated with existing
memory 𝑒—whether to add new entries (ADD), update existing ones (UPDATE), or delete
outdated information (DELETE). This ensures the memory remains relevant and consistent
over time.
‚ Memory-Augmented Generation. During inference, relevant memories φ⇓ are retrieved
from the memory store 𝑒 based on semantic similarity to the current query 𝑝: φ⇓ ⇔

FindRelatedKnowledge(𝑒 , 𝑝). These memories φ⇓ are then provided in the prompt as
additional context to 𝑄𝜓𝑁

, enabling it to generate responses that are consistent with past
interactions and personalized to the user.

While e"ective, this approach requires multiple calls to the LLM 𝑄𝜓𝑁
, making it

impractical for on-device deployment where computational e!ciency, privacy, and o$ine
functionality are critical.

Low-Rank Adaptation (LoRA). LoRA is a PEFT method to adapt pretrained models
by injecting trainable low-rank matrices into specific layers while keeping the original
model weights frozen. Given a pretrained weight matrix 𝑅0 ↔ R𝑂→𝑞 , the LoRA adapter 𝑁
represents the weight update as the product of two low-rank matrices (𝑇, 𝑆):

𝑅 = 𝑅0 + 𝑆𝑇,

where 𝑆 ↔ R𝑂→𝑈 and 𝑇 ↔ R𝑈→𝑞 with rank 𝑈 ⇑ min(𝑂, 𝑞), and 𝑅 being the updated weights.
During training, only the matrices 𝑇 and 𝑆 are updated while 𝑅0 remains frozen. LoRA’s
parameter e!ciency and modularity make it ideal for resource-constrained environments.
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The extracted facts are 
{"new_retrieved_facts": ["Mel 
loves movies", "Mel is in the 
mood for romantic movies"]}

Hi Mel, I saw the new Christopher 
Nolan movie yesterday—it was 
amazing! Have you seen it?

Oh, nice! No, I haven’t. Ι love movies, 
but to be honest, I've been more in the 

mood for romantic movies lately.

{"new_retrieved_facts": ["Mel 
loves movies", "Mel is in the 
mood for romantic movies"]}

Large Model

Small 
Model

Detailed prompt 
specifying the task

Raw output

Text filtering

Update LoRA parameters

LossPredictions

Teacher

Student
Targets

Friend

Mel

LoRA

Extraction

Figure 4.2: Training Pipeline (Extraction LoRA). We first generate outputs for the specific
memory-related task via a larger model (teacher). Raw output is further cleaned and used
as target for training LoRA parameters of a small model (student).

Our proposed on-device memory system, MemLoRA, combines Mem0 and LoRA to
support multiple task-specific adapters with minimal overhead.

4.3.2 Our Method: MemLoRA

MemLoRA addresses the deployment challenges of Mem0 systems by replacing the
LLM 𝑄𝜓𝑁

with a smaller deployable-on-device model 𝑄𝜓𝑍
parametrized by 𝜓𝑍; |𝜓𝑍 | ⇑ |𝜓𝑁|

and equipped with multiple specialized memory adapters. Our key insight is that each
memory operations—extraction, update, and generation—can be treated as a distinct task
amenable to specialized optimization through targeted fine-tuning.

Memory Adapters. Given a small language model 𝑄𝜓𝑍
, we employ LoRA to create

lightweight expert memory adapters for each memory operation: 𝑁𝑟 , 𝑁𝐿 , 𝑁𝑠 . The memory
adapters are trained via distilling knowledge from the large model 𝑄𝜓𝑁

.

Knowledge Distillation Signal. Rather than distilling soft labels or logits from teacher
models into memory adapters, we distill from teacher-generated text outputs 𝑡𝑢 ⇔ 𝑄𝜓𝑁

(𝑝).
We empirically find that training on textual outputs 𝑡𝑢 achieves performance close to
or exceeding that of teacher models. Such text-based distillation approach o"ers several
practical advantages: (i) significant storage reduction compared to saving large logit
tensors, (ii) flexibility to use student models with di"erent tokenizers than the teacher,
and (iii) the ability to apply data cleaning and filtering procedures to improve training
data quality, and desired outputs, which might di"er from base teacher outputs.

Data Preparation. We generate training data by using the teacher model 𝑄𝜓𝑁
on conversa-

tional samples from the LoCoMo dataset, then applying operation-specific processing:
‚ Extraction Adapter. We train on teacher-generated extractions. We do simple cleaning
by removing the "thinking process" of the model, and keeping the minimal json form
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output.
‚ Update Adapter. We observe the teacher model predicts unnecessary NONE (i.e., no action)
operations for previously retrieved memories rather than focusing solely on newly ex-
tracted knowledge. In addition to standard cleaning as before, we filter the training data
to process only updates related to new extractions, improving e!ciency and focus.
‚ Generation Adapter. Leveraging the availability of ground-truth responses in the Lo-
CoMo benchmark, we train directly on these high-quality references rather than teacher-
generated outputs, which achieve only 40-50% accuracy on the benchmark. This ensures
that the generation expert learns from optimal rather than suboptimal examples.

Training Pipeline. For each expert adapter 𝑁𝑟 , 𝑁𝐿 , 𝑁𝑠 , we: (i) generate or prepare training
data using the appropriate source (teacher outputs or ground truth), (ii) apply operation-
specific cleaning andfiltering procedures, (iii) train the expert adapters using standardnext-
token prediction with cross-entropy loss, and (iv) optimize each adapter independently,
enabling specialization without interference.

This process yields three expert adapters: an extraction expert 𝑁𝑟 for identifying
relevant information from conversations, an update expert 𝑁𝐿 for memory management
decisions, and a generation expert 𝑁𝑠 for producing memory-augmented responses. An
illustration of the training pipeline is provided in Figure 4.2.

Inference Pipeline. During deployment, MemLoRA operates identically to Mem0 but
dynamically loads the appropriate expert adapter at each stage. The base SLM, 𝑄𝜓𝑍

,
switches between memory adapters as needed—extraction expert 𝑁𝑟 for knowledge iden-
tification, update expert 𝑁𝐿 for memory modifications, and generation expert 𝑁𝑠 for
response creation—maintaining the same three-stage pipeline while drastically reducing
computational requirements and enabling fully-local execution.

4.3.3 Native Visual Understanding Capabilities

While language-based memory systems have proven e"ective for dialogue, real-world
conversations often involve visual elements—shared images, screenshots, or visual refer-
ences. Previous memory systems, including the original Mem0, processed images during
the knowledge extraction phase, by using a BLIP captioning model [80] to extract general
information about images in the conversation. However, this caption-based approach
introduces two critical limitations: (i) once images are captioned during extraction, any
information not captured in the caption is permanently lost, preventing later queries about
visual details, and (ii) querying images on-the-fly is not natively supported, requiring a
separate model to extract information from them.

Mem0-V. To address these limitations, we extend Mem0 to use Vision Language Models
(VLMs). By replacing the earlier foundation model with a VLM, Mem0-V enables (i)
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native knowledge extraction without requiring a separate image processor, and (ii) direct
image processing in queries posed to the system, while keeping the remaining pipeline
the same. This allows the system to access rich visual information throughout all memory
operations rather than relying solely on pre-generated captions.

MemLoRA-V. We extend our e!cient solution analogously by replacing the base SLM
with a Small Vision Language Model (SVLM), yielding MemLoRA-V with native visual
capabilities for on-device deployment. To support visual understanding, we introduce
a fourth expert adapter specifically trained on Visual Question Answering (VQA) tasks
using images from the LoCoMo dataset. Following our distillation approach for language
experts, we train this vision expert 𝑁𝑚

𝑠
on output data generated by a larger vision-language

teacher model. When MemLoRA-V receives a query about an image, it activates the vision
expert adapter 𝑁𝑚

𝑠
rather than the language-based one 𝑁𝑠 , leveraging specialized visual

reasoning capabilities to process the image e"ectively.

LoCoMo VQA Augmentation. To evaluate these native image understanding capabilities,
we recognize that the original LoCoMo questions are insu!cient—they can often be
answered using captions alone or do not require visual reasoning at all. Therefore, we
create a novel VQA benchmark that augments LoCoMo with challenging visual questions
about images already present in the dataset. To automate the creation of these challenging
questions and ground-truth answers, we employ InternVL3-78B [174], one of the strongest
open-source VLMs available at the time of development. We design questions to be
“challenging" and “not ambiguous" by instructing the model to generate queries following
three types: (a) counting object quantities, (b) identifying colors of specific image regions,
and (c) asking about unusual objects in the scene, as illustrated in Figure 4.3. These
question types were selected after evaluating eight alternatives, where a validator model
(InternVL3-2B) attempted to answer each type. The three types that resulted in the highest
error rates were chosen to construct our benchmark, ensuring the task requires genuine
visual reasoning.

While most VQA benchmarks use open-ended questions [29, 77], this format requires
resource-intensive LLM-as-a-judge approaches to reliably assess answer correctness [166].
To enable e!cient evaluation, we design our questions to be easily assessable. Specif-
ically, we instruct InternVL3-78B to generate questions answerable in one word and
structure responses accordingly as: "answer": "<one-word-answer>" and "reason":
"<explanation>". The one-word answer enables evaluation using word similarity met-
rics, eliminating the ambiguity inherent in free-form responses. The reason field accom-
modates VLMs’ natural tendency to explain their reasoning, making the format more
aligned with how these models generate outputs. During supervised fine-tuning of the
SVLM vision expert adapter, we leverage both fields to provide a richer training signal,
which improves the expert’s visual reasoning capabilities beyond what the answer alone
would provide.
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Q: Is the dog 
wearing a birthday 
hat?   A: Yes

(c) Asking about 
unusual objects

Q: Which colour is the 
peak of the mountain? 
A: White

(a) Counting object 
quantities

(b) Identifying colours

Q: How many bliss 
balls are in the 
picture?   A: Seven

Figure 4.3: Our augmentation of LoCoMo includes challenging VQA tasks about (a)
counting object quantities, (b) identifying colours, and (c) asking about unusual objects.

In summary, we introduce three key contributions for multimodal memory systems:
Mem0-V, which extends the original Mem0 memory system with native VLM capabilities;
MemLoRA-V, our e!cient on-device variant with a specialized vision expert adapter; and
a novel VQA benchmark augmentation for LoCoMo that enables rigorous evaluation of
visual reasoning in memory-augmented systems.
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4.4 Experiments

In this section, we evaluate our proposed method MemLoRA on memory-augmented
dialogue and multimodal conversation understanding tasks, comparing its performance
against Mem0 baselines of varying sizes. We demonstrate that MemLoRA achieves compet-
itive performance with significantly larger models while providing massive improvements
in computational e!ciency for on-device deployment.

4.4.1 Experimental Setup

To evaluate MemLoRA’s performance, we integrate it within the Mem0 memory system
[18] and follow the same evaluation setup. Specifically, we utilize the Question Answering
(QA) task of the LoCoMo benchmark [103] to assess long-term conversational memory
in AI agents. This benchmark features 10 extended, multi-session dialogues, each with
hundreds of turns, and includes questions categorized as single-hop, multi-hop, temporal,
and open-domain. In the context of Mem0 and our method, the evaluation measures
the ability of di"erent LLMs to (i) extract useful knowledge from conversational data, (ii)
update memory storage with necessary information, and (iii) correctly utilize the retrieved
memory context. In our VLM-integrated benchmark, we further introduce a new VQA
task, where the model is asked three challenging types of questions on each image present
in the conversation, evaluating the model’s performance in assisting with visual data.

Data Split. Given the necessity of training our expert adapters to perform the di"erent
memory operations, we split the LoCoMo dataset into training, validation, and test sets,
following an approximate 70-10-20% split respectively. To prevent data leakage and
ensure valid evaluation, we keep entire conversations together within each split. All
results reported in our benchmark tables are computed on the held-out 20% test split, on
which no hyperparameter tuning was performed.

Metrics. The experimental setup measures performance using two separate metrics: a
summary over lexical metrics (L)–measured as the average of ROUGE-1 [86], METEOR
[7], BERTScore-F1 [165] and SentenceBERT [120]–and LLM-as-a-Judge (J). The former is
used to quickly help validating experiments, and to measure similarity with ground-truth
answers, while the latter is used as the primary metric, being arguably better at measuring
factual accuracy [18, 58]. To allow for reproducibility over time, we do not use API-based
models as the evaluator model (Judge), but rather GPT-OSS-120B [1], being one of the
most capable open-source models that can fit on a single A100-80GB-GPU. The metric
for the VQA task, denoted as V, is the average matching between the predicted one-word
answers from the tested model against the ones generated by InternVL3-78B [174] when
creating the dataset.
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Table 4.1: Comparison of MemLoRA against Mem0 on LoCoMo. Evaluation shows
average score over lexical metrics (L) and LLM-as-a-judge (J). εJbase measures the relative
improvement with respect to the base SLM.By equipping 1.5B/2B SLMs with memory
adapters, MemLoRA surpasses 27B models, reaching comparable results to 120B ones.

LLM KD teacher L J εJbase

Gemma2-27b - 38.6 39.1 -
GPT-oss-120b - 38.9 48.9 -
Qwen2.5-1.5b - 30.5 29.6 -
+Exp (ours) Gemma2-27b 37.3 36.9 +25%
+Exp (ours) GPT-oss-120b 38.4 42.1 +42%
Gemma2-2b - 29.1 24.9 -
+Exp (ours) Gemma2-27b 44.5 47.2 +90%
+Exp (ours) GPT-oss-120b 42.7 44.6 +79%

4.4.2 Benchmark Results

We compare ourMemLoRA approach with Mem0, which are both powered by open-source
locally-downloaded models for fair comparison and reproducibility.

Language-only Memory Systems. In the setup with language models utilization, we
test Mem0 with di"erent baseline models: two large language models (LLMs), namely
Gemma2-27B [133] and GPT-OSS-120B [1], and two small language models (SLMs), namely
Qwen2.5-1.5B [134] and Gemma2-2B [133]. We test our MemLoRA by equipping memory
adapters to the two SLMs, powered via knowledge distillation from teachers’ data. Table
4.1 presents these results, showing MemLoRA surpasses the Gemma2-27b baseline by a
significant margin on three student-teacher combinations out of four. Here, the leading
MemLoRA variant, with Gemma2-2B fine-tuned using Gemma2-27B generated data,
achieves a J score of 47.2, much larger than 39.1 of Gemma2-27B, and comparable to 48.9
of GPT-OSS-120B.

Vision-Language-integrated Memory Systems. In our novel Vision-Language integration
within the memory system, we compare our VLM-integrated Mem0-V with our VLM-
integrated MemLoRA-V. We evaluate these models in both the standard QA task from
LoCoMo, and on our newly introduced VQA task. As small VLMs, we use InternVL3-1B
and InternVL3-2B [174] equipped with one adapter trained on text-only QA as before,
and a new adapter trained on VQAs with images from the training set. To highlight the
abilities of VLM-integrated systems, we also compare these methods with text-only Mem0
vision baselines. For this case, we adapt the VQA tasks to use text coming from BLIP [80]
captions, as utilized by Mem0 in the extraction stage.

Table 4.2 presents these results. Interestingly, in the text-only QA task, our MemLoRA-
V applied on InternVL3-2B and InternVL3-1B, surpasses larger text-only models such as
Gemma2-27B. At the same time, in the VQA task, we observe significant improvements for
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Table 4.2: Comparison of MemLoRA-V and Mem0-V, as well as the original Mem0,
on LoCoMo benchmark and newly introduced VQA task. Evaluation done in terms of
lexical metrics (L), LLM-as-a-judge (J), and accuracy in our VQA task (V). G-27 stands
for Gemma2-27B, IVL3-78B stands for InternVL3-78B. Notice how by training specialized
adapters on both tasks, Mem0-V is able to achieve strong performance in both, while
keeping resource utilization low. * LLM-based Mem0 baselines, utilize BLIP extracted
captions as contextual information on the images.

LLM/VLM KD teacher L J V
Gemma2-27b - 38.6 39.1 23.7*
GPT-oss-120b - 38.9 48.9 22.0*
InternVL3-1B - 13.7 9.0 50.0
+Exp (ours) G-27B\IVL3-78B 29.1 20.2 69.4

InternVL3-2B - 32.2 27.0 70.8
+Exp (ours) G-27B\IVL3-78B 44.6 40.3 81.3

Table 4.3: Comparison of MemLoRA (purple) and Mem0 in terms of e!ciency. Under the
same computational resources, MemLoRA requires 10-20→ smaller memory and deliveres
10-20→ faster responses with respect to LLM-powered Mem0, while achieving comparable
performance

LLM size(GB) tok/s⇐ tok/ans⇒ s/ans⇒
Gemma2-27b 50.71 9.2 97.63 10.66
GPT-oss-120b 60.77 11.4 209.91 22.82
Qwen2.5-1.5b 2.88 71.0 54.74 0.77
+Exp (ours) 2.92 71.0 45.26 0.64
Gemma2-2b 4.87 47.4 33.13 0.70
+Exp (ours) 4.92 47.4 32.73 0.69

these VLMs with dedicated adapters, increasing V score from 50.0 to 69.4 for InternVL3-1B,
and from 70.8 to 81.3 for InternVL3-2B. In contrast, Mem0 that only uses text-based BLIP
captions performs significantly worse than these VLM-integrated variants, reaching a
highest value of 23.7, showing one limitation of language-only systems.

4.4.3 E!ciency Measures

One main advantage of MemLoRA is its e!cient deployment capability. Specifically,
compared to API-based memory systems that rely on cloud-hosted large language models,
MemLoRA enables fully local execution with significantly reduced computational require-
ments, lower latency, and no dependency on network connectivity. By replacing a single
large LLM with specialized lightweight adapters on small language models, our solution
drastically reduces memory footprint, and inference time—critical factors for on-device
deployment scenarios such as mobile applications, edge devices, and privacy-sensitive
environments.
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In Table 4.3 we report e!ciency measures of MemLoRA compared with Mem0 base-
lines utilizing LLMs of di"erent sizes. Specifically, we report model sizes and operational
measures such as tokens per second (tok/s), tokens per LLM answer (tok/ans), and sec-
onds per answer (s/ans). These latter measures are obtained by averaging over all three
memory stages of knowledge extraction, memory update, and memory-augmented generation,
while operating to a portion of the LoCoMo benchmark. We calculate these metrics
by averaging over multiple runs, maintaining the setup unaltered. In standard Mem0,
deploying larger models on-device yields strong performance but results in 10-30x slower
inference, whereas using smaller models improves e!ciency but compromises accuracy,
highlighting a fundamental performance-e!ciency trade-o". MemLoRA bridges this gap,
matching the performance of significantly larger models while retaining the e!ciency of
small models through task-specialized expert adapters. Furthermore, compared to base
SLMs, by formatting their output to match the memory utilization, we are able to reduce
the number of tokens per answer, further reducing the operational time of the memory
system.

4.4.4 Ablations

We validate our design choices via two comprehensive ablations: (i) we study the contri-
bution of each memory adapter at di"erent stages of the memory pipeline; and (ii) we
study the impact of student model size on overall performance.

Per-stage Incremental Performance. To isolate the contribution of each expert adapter, in
Table 4.4 we conduct a stage-wise ablation study evaluating performance improvements at
each memory operation. We measure the impact of our specialized adapters for knowledge
extraction, memory update, and memory-augmented generation independently. In the
extraction and update stages, MemLoRA demonstrates strong performance even when
trained on data generated by Gemma2-27b, with the trained experts showing notable

Table 4.4: Ablation of MemLoRA adapters (+Exp) for each operation, comparing
Gemma2-2B (G-2b) equipped with experts against its teacher Gemma2-27B (G-27b). In
extraction and update stages, MemLoRA shows stronger performance than the teacher,
being trained on filtered teacher-generated data. In generation, specialization on the QA
task yields the largest gain, with the expert largely surpassing the teacher model (47.2 vs.
39.1).

extraction update generation L J εJprev

G-2b G-2b G-2b 29.1 24.9 -
G-27b G-2b G-2b 32.7 30.9 +24%
G-27b G-27b G-2b 34.7 34.8 +13%
G-27b G-27b G-27b 38.6 39.1 +12%

G-2b+Exp G-2b G-2b 32.9 32.2 +29%
G-2b+Exp G-2b+Exp G-2b 35.1 35.6 +11%
G-2b+Exp G-2b+Exp G-2b+Exp 44.5 47.2 +33%
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Table 4.5: Ablation evaluating the e"ect of MemLoRA at di"erent students’ scales. As
expected, we find that the smallest models lead to the largest improvements, while we see
diminishing improvements as the students’ size increases.

LLM KD teacher L J εJbase

Qwen2.5-0.5b - 19.5 11.2 -
+Exp (ours) Gemma2-27b 28.1 26.6 +138%

Qwen2.5-1.5b - 30.5 29.6 -
+Exp (ours) Gemma2-27b 37.3 36.9 +25%
Qwen2.5-3b - 39.9 35.6 -
+Exp (ours) Gemma2-27b 42.3 42.1 +18%

robustness across di"erent conversational contexts. Most significantly, in the generation
stage, specializing the adapter directly on the QA task yields the largest performance gain,
with our generation expert achieving a J score of 47.2 compared to the teacher model’s
39.1. This substantial improvement—surpassing the teacher by 8.1 points—demonstrates
that task-specific specialization through dedicated memory adapters can not only match
but exceed the capabilities of general-purpose larger models, particularly when trained
on high-quality ground-truth data.

Student’s Performance at Di"erent Scales. To understand how student model capacity
a"ects our approach, we evaluate MemLoRA across multiple model sizes in Table 4.5,
ranging from compact models for resource-constrained devices to moderately-sized alter-
natives. Our results reveal that increasing the student model size initially yields substantial
performance improvements, with gains progressively decreasing as models grow larger.
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CHAPTER 4. MEMLORA: DISTILLING EXPERT ADAPTERS FOR ON-DEVICE
MEMORY SYSTEMS

4.5 Conclusions

In this work, we introduced MemLoRA, a novel memory system enabling e!cient on-
device deployment of memory-augmented systems through specialized memory adapters
on small models. By treating each memory operation as a distinct task, we demonstrate
that lightweight adapters achieve performance comparable to models 10-60x larger while
drastically reducing computational requirements and enabling local execution. Our evalu-
ation on the LoCoMo benchmark validates this approach. Our ablation studies reveal that
memory experts surpass teacher models and that performance exhibits diminishing re-
turns with increasing student model size. We extend our approach to multimodal settings
with MemLoRA-V, the first memory-augmented system featuring native visual under-
standing via a specialized vision expert adapter. To assess this, we enhanced LoCoMo
with challenging VQA tasks, establishing a new benchmark for multimodal memory-
augmented systems. Our results show that lightweight, specialized memory systems
can e"ectively replace large cloud-based counterparts, enabling privacy-preserving and
e!cient deployment on mobile and edge platforms.
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This thesis addresses the fundamental challenge of deploying large-scale foundation mod-
els in resource-constrained environments through three interconnected contributions that
advance parameter-e!cient fine-tuning as both an adaptation and deployment paradigm.

Our investigation began by questioning established assumptions about what makes
model adaptation robust. Through empirical analysis, we discovered that e"ective fine-
tuning depends not on preserving hyperspherical energy, as previously hypothesized,
but on bounding Frobenius norm deviation from pretrained weights. This insight led
to ETHER, a parameter-e!cient method based on hyperplane reflections that achieves
strong non-deteriorating properties with reduced computational cost. However, ETHER’s
fixed rank and predetermined boundaries revealed the need for greater flexibility.

Building on this foundation, we introduced DeLoRA, which makes Frobenius bound-
aries explicit and learnable while achieving LoRA-like e!ciency. By decoupling angular
and magnitude learning, DeLoRA prevents divergence from the underlying model, en-
abling stable adaptation at aggressive learning rates, while supporting arbitrary rank
selection and e!cient computation. This positions PEFT methods as robust, flexible
building blocks suitable for diverse deployment scenarios requiring continual adaptation.

Finally, we demonstrated that parameter-e!cient adaptation can transcend its tradi-
tional role when powered by knowledge distillation. Through MemLoRA, we showed
that lightweight task-specific expert adapters paired with a compact student model can
replace large foundation models entirely, achieving equivalent performance with dramat-
ically reduced memory footprint, faster inference, and minimal deployment cost. This
paradigm shift—from adapting large models to deploying compact models with specialist
adapters—addresses the fundamental deployment bottleneck.

Collectively, these contributions establish that the path to practical deployment of
foundation models lies not in making large models slightly more e!cient, but in funda-
mentally rethinking their architecture: discovering the principles that make adaptation
robust, building methods that embody these principles e!ciently, and ultimately enabling
deployment paradigms where compact models paired with lightweight experts replace
massive generalist systems. As foundation models continue to grow in capability and
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CHAPTER 5. CONCLUSIONS AND DISCUSSION

size, such approaches become increasingly critical for democratizing access to advanced
AI systems in real-world, resource-constrained applications.

Implications and Future Directions The contributions of this thesis extend beyond their
immediate technical applications, with significant implications for deploying foundation
models in resource-constrained environments such as edge devices, personalized AI
systems, and multi-task architectures. We discuss these broader implications and identify
promising directions for extending the principles of robust, e!cient adaptation to new
domains and challenges.

Continual Learning Systems. The advancments on Frobenius norm constraints pre-
venting knowledge deterioration suggests new approaches to continual learning where
bounded transformations preserve knowledge across sequential task adaptations. In-
vestigating whether learnable boundaries can dynamically adjust across task sequences
could enable systems that balance plasticity with stability without complex regularization
schemes.

Layer-Specific Adaptation. Our work treats Frobenius norm constraints uniformly across
layers, yet di"erent layers may require di"erent deviation bounds depending on their role
in the network hierarchy. Exploring layer-specific Frobenius distances and investigating
how di"erent tasks naturally focus adaptation on di"erent layers could lead to more
e!cient and targeted specialization strategies.

Cross-Modal Generalization. While this thesis focuses on vision and language domains,
the principles likely generalize to audio processing, scientific computing, robotics control,
and other fields with similar adaptation challenges. Investigating how these methods
transfer to domains with strict resource constraints or safety requirements would extend
their practical impact.

Conclusive Remarks The challenge of deploying foundation models e!ciently while
maintaining their capabilities remains central to making AI systems practical and acces-
sible. This thesis demonstrates that e!ciency and robustness need not be competing
objectives—by understanding the geometric principles underlying robust adaptation, we
can design methods that are simultaneously more e!cient, more stable, and more e"ective
at preserving pretrained knowledge. Moreover, we show how parameter-e!cient meth-
ods, acting as specialization modules, enable a practical deployment paradigm where
lightweight expert adapters—when enhanced through knowledge distillation and paired
with compact student models—can replace large foundation models in specialized task
scenarios. We hope this work inspires continued research at the intersection of parameter-
e!cient adaptation, model compression, and robust optimization, bringing us closer to
foundation models that are not only powerful but also deployable and accessible across
diverse computational environments.
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In this appendix, we augment the main paper with additional, qualitative evidence for
the learning rate robustness of ETHER transformations in section A.1. In addition, we
also provide benchmark-specific qualitative examples for subject-driven and controllable
image generation in section A.2. For all experiments - both those in the main paper
and supplementary results, we then list all relevant details in section A.3 for our studies
on finetuning in subject-driven image generation (#A.3.1), controllable image synthesis
(#A.3.2), natural language understanding tasks (#A.3.3) and instruction tuning (#A.3.4).
We then provide two additional ETHER ablations in section A.4 - for the number of
block-diagonals and the specific double-sided application in ETHER+. Finally, we present
preliminary results on the Visual Task Adaptation Benchmark (#A.5).
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APPENDIX A. ETHER: EFFICIENT FINETUNING OF LARGE-SCALE MODELS WITH
HYPERPLANE REFLECTIONS

A.1 Qualitative Evidence of Learning Rate Robustness

As introduced in Sec. 2.3, when finetuning with ETHER transformation, by construction,
the learning rate only controls the speed with which reflection angels change. As a
consequence, ETHER methods are much more robust to learning rate choices, and less
likely to diverge and cause model deterioration. This allows for user control over the
convergence speed while minimizing the risk of model collapse during training. To
demonstrate this, Sec. 2.4 introduced both a qualitative example comparing the impact
of minimal and maximal perturbation strength on the model output in Fig. 2.3, and
quantitative evaluations on the Semantic Map to Image task against learning rate choices
in Figs. 2.5 and 2.6.

In this section, we augment Sec. 2.4 and provide additional qualitative results and im-
pressions to highlight the non-deteriorating nature of ETHER transformation. For this, we
showcase subject-driven generation results using di"erent finetuning methods in Fig. A.1,
with default generations using the best learning rate. We then systematically increase
the finetuning learning rate by 10 and by 100 times, and visualize the correspondingly
generated output. As can be seen, for 10→ higher learning rates OFT and Naive fail to
follow the text prompt, while LoRA finetuning quickly collapses. With 10→ lower learning
rates instead, OFT, Naive and ETHER are not able to generate the subject correctly in the
predefined number of iterations.

"a [V] vase with a mountain in 
the background"

Input Images:

Text Prompt:

ETHER ETHER+LoRA OFT

ba
se

 lr
10

 x
 lr

10
0 

x 
lr

Naive

0.
1 

x 
lr

Figure A.1: Qualitative visualization of learning rate robustness of ETHER and ETHER+
in subject-driven generation finetuning. We see how ETHER methods are able to consis-
tently produce good results avoiding model deterioration. Specifically, ETHER+ shows
impressive capabilities, being able to follow the subject-prompt instructions in the widest
learning rate range.
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A.2. QUALITATIVE EXAMPLES FOR ETHER FINETUNING

A.2 Qualitative Examples for ETHER Finetuning

We show some qualitative results by using the finetuning methods proposed in this paper.

A.2.1 Subject-driven Generation.

In Figure A.2 we report subject-driven generation examples. In particular, for a fair
comparison, we report images which come from the same noise vector in the Stable
Di"usion latent space. For the sunglasses images, we see how non-ETHER methods manage
to reproduce the subject, but fail to follow the text prompt in most cases. Interestingly
in the first row, we notice how ETHER+ is able to properly control the generation, by
transforming the yellow area (associated to a beer in other models) in an enlightened
Ei"el Tower. For the teapot images instead, we see how ETHER+ is able to better keep the
appearances of the subject.

ETHER+LoRA OFT Naive

"a [V] teapot in the snow"

Input Images:

Text Prompt:

"a [V] glasses with the Eiffel Tower in 
the background"

Input Images:

Text Prompt:

Figure A.2: Subject-driven Generation results. Each row shares initial latent noise (notice
row-wise similarities). We can see that ETHER+ method is better at adapting the model
to the subjects. Notice how for the pink sunglasses, OFT and Naive fail in following the
prompt.
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HYPERPLANE REFLECTIONS

A.2.2 Controllable Generation.

In Figure A.3 we show some examples from the Semantic Map to Image task. In particular,
we notice how in the first row all models but ETHER+ fail to control the image correctly,
not being able to separate the land from the water. Additionally, in the second row OFT
fails to generate the sky, while Naive presents a halo e"ect. These examples showcase the
abilities of ETHER+ finetuning over the other methods.

"a lighthouse"

"a living room"

"the jefferson 
memorial"

"wind turbines 
at sunset"

Semantic MapOriginal Image Text Prompt OFT Naive ETHER ETHER+

Figure A.3: Semantic Map to Image Qualitative Results. We notice how in the first row
all models but ETHER+ fail to control the image correctly. Overall ETHER+ controlled
images show better control.

To show broader controllable capabilities, we also report few qualitative examples
with ETHER methods trained with Landmarks and Canny Edge Maps control signals on
CelebA-HQ [62] and COCO 2017 [88] datasets respectively.

Text Prompt: "a young woman smiling for the camera"

Face LandmarkOriginal Image Canny Edge MapOriginal Image

Text Prompt: "Several suit cases lined in rows with luggage tags on them."

ETHER ETHER+ ETHER ETHER+

Figure A.4: Examples of Landmark to Face (left) and Canny Edge Map to Image (right)
controlled generation with ETHER methods.
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A.3. EXPERIMENTAL DETAILS

A.3 Experimental Details

This section provides additional experimental details for replication not listed in the
main benchmark experimental section 2.5. It is worth noting that while in most of
our experiments we do not employ regular dropout [129], [liu2023parametere!cient]
proposes a multiplicative dropout form specifically designed for multiplicative finetuning
methods, which we did not test in this study. We hypothesize that this specialized dropout
technique could potentially work better than regular dropout for ETHER and ETHER+
as well. We also note that [115] report OFT’s number of parameters as half of the actual
trainable parameters due to the redundancy in the skew symmetric matrices 𝑍

𝑆 in the
Cayley parametrization of 𝑋𝑆. Basically, we they report the storage parameters for 𝑋

𝑆

rather than the training parameters. For consistency and fair comparisons, we follow the
same convention for OFT throughout our paper.

A.3.1 Subject-driven Generation

For subject-driven generation, we follow the same setting listed in DreamBooth [126],
using DreamBooth and OFT [115] baselines as implemented in o!cial OFT GitHub
repository. The additional trainable layers follow [115] and are added to the Q,K,V layers
and the projection layer inside every attention module. The training is performed over
1400 iterations for each method, evaluating the generation results every 200 iterations
at selecting the best one (typically around 1200 iterations). For DreamBooth and OFT,
we follow the original implementations and use a learning rate of 5 → 10↑6 and 6 → 10↑5

respectively, with a batch size of 1. For Naive - the non-orthogonal OFT variant - we use
the same setting of OFT for a fair comparison. For ETHER and ETHER+, we use a learning
rate of 6 → 10↑3. We perform the training on a Tesla V100-32GB GPU.

A.3.2 Controllable Generation

For our experiments on controllable image generation we follow the setting of [115],
using the signal encoder from ControlNet [159] (comprising 8 trainable convolutional
layers, accounting for 3.1M additional learnable parameters). Finetuning parameters are
added to the Q,K,V layers as well as the projection layer of the attention modules and the
subsequent feedforward layers. As baselines, we use the o!cial implementation of OFT.
Similarly to [115], for OFT and Naive we use a learning rate of 1 → 10↑5. For ETHER and
ETHER+ we use a larger learning rate of 1 → 10↑3. For all experiments, we upper bound
the learning rate of the signal encoder to 1 → 10↑4. We perform all the training runs on a
single Nvidia-A100-40GB with a batch size of 10.

A.3.3 Natural Language Understanding

For our GLUE benchmark experiments finetuning DeBERTaV3-base [46], we make use of
the peft repository [104] as the basis for our implementations. To compare our results
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with those of [93], we follow their implementation and apply ETHER and ETHER+ to all
the linear layers in every transformer block. The relevant hyperparameters for each task
are reported in Tab. A.2. All training runs are conducted on a single Nvidia-A100-40GB
GPU.

Table A.1: GLUE benchmark hyperparameters.

Method Hyperparameters MNLI SST-2 CoLA QQP QNLI RTE MRPC STS-B
Learning Rate 8e-4 1e-3 1e-3 3e-4 1e-3 1e-3 3e-4 2e-3

Batch Size 32 32 32 8 8 32 32 8
ETHER Num. Epochs 9 14 10 20 7 13 14 8

Dropout 1e-3 1e-3 1e-1 1e-1 1e-3 1e-2 1e-1 1e-1
Max Seq. Len. 256 128 64 320 512 320 320 128
Learning Rate 8e-4 1e-4 1e-3 3e-3 3e-3 3e-4 8e-4 8e-4

Batch Size 8 8 8 32 32 8 32 8
ETHER+ Num. Epochs 8 10 6 16 5 35 17 11

Dropout 1e-3 1e-3 1e-1 1e-3 1e-3 1e-3 1e-2 1e-3
Max Seq. Len. 256 128 64 320 512 320 320 128

A.3.4 Instruction Tuning

For our Instruction Tuning experiments, we use the LoRA [54] finetuning implementation
in the lit-gpt repository [3] as baseline. For evaluations, we make use of [35]’s benchmark
implementations. For the recently proposed VeRA [70] baseline, we reproduce the model
implementation following their best performing method as described in the paper: sam-
pling random 𝑇 and 𝑆 matrices with uniform kaiming initialization scaled by the matrix
dimension, and a learnable, non-zero diagonalized vector initialized as a vector of all zeros
apart for one element equal to 0.1. Same for OFT, for which we follow the implementation
in the o!cial repository oft, selecting the number of block-diagonal matrices such that the
overall number of parameters becomes comparable with ETHER+ and LoRA rank 8. For
all experiments, we use a cosine annealing learning rate scheduler, no dropout, and 1000
warmup steps. For LoRA, VeRA, and OFT we use AdamW optimizer with a weight decay
of 0.01, while for ETHER methods, given the normalization happening on the parameters,
weight decay would have limited impact and thus we set it to 0. For LoRA and VeRA,
we keep 𝜒 fixed with respect to the learning rate by setting it equal to the rank. For all
experiments, we conduct an extensive grid search over learning rates and batch sizes. For
each combination, we perform the LLama-2-7B [137] finetuning over Alpaca [132] for one
epoch. All training runs are conducted on a single Nvidia-A100-40GB GPU, but could
also be run on a consumer NVIDIA GeForce-RTX-3090-24G GPU.
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Table A.2: Instruction Tuning hyperparameters.

VeRA𝑈=64 VeRA𝑈=256 LoRA𝑈=1 LoRA𝑈=8 OFT𝑃=256 ETHER𝑃=32 ETHER+𝑃=32

Learning Rate 5e-3 1e-3 3e-3 5e-4 5e-4 2e-3 5e-3
Batch Size 32 32 8 8 16 8 16

A.4 ETHER Ablations

This section details additional ablation experiments on the impact of the block-diagonality
degree on the final performance, as well as experimental support to the theoretical
motivation in Sec. 2.3.3 to apply the relaxed Householder transformation on both the left
and right side of the weight matrix.

A.4.1 Block-diagonal ETHER Performances

In table A.3 and table A.4, we compare the usage of multiple diagonal blocks for ETHER
finetuning to allow for fast performance, especially in large models domain. Both tables
augment our method description in Sec. 2.3.4 and the shortened results in Tab. 2.1. In
all cases, we notice that performance remains almost una"ected by the choice of block
number, while on the other hand, the computational e!ciency consistently increases (8.22
TFLOPs for 𝑃 = 32 versus 25.26 TFLOPs for 𝑃 = 1 for Llama-2-7B). It is worth noting that
results for ETHER+ with 𝑃 = 32 show better performance with respect to less diagonalized
counterparts. This could be due to the di"erent strength of using more/less diagonalized
matrices.

Table A.3: Semantic Map to Image (S2I) results for di"erent number of diagonal blocks 𝑃
on ETHER finetuning at epoch 10

ETHER #params mIoU ⇐ Acc ⇐ FID⇒

𝑃 = 1 0.1M 23.1 61.23 31.7
𝑃 = 4 0.1M 22.9 60.92 30.5
𝑃 = 16 0.1M 22.3 60.35 30.7

Table A.4: Instruction Tuning results for di"erent number of diagonal blocks 𝑃 on ETHER
finetuning

ETHER+ #params TFLOPs MMLU ⇐ ARC ⇐ Tru-1⇐ Tru-2 ⇐

𝑃 = 1 1.04M 51.65 43.75 46.76 28.03 41.06
𝑃 = 4 1.04M 18.66 43.91 45.73 27.54 40.46
𝑃 = 32 1.04M 9.04 44.87 46.50 29.38 43.51

A.4.2 Double-sided Application of ETHER+

Finally, we provide a brief ablation study in Tab. A.5, comparing the ETHER+ performance
when applying the relaxed Householder transformations 𝑏

+ on only one side versus
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both sides. Although the parameter count doubles, we observe a significant increase in
performance (e.g. 0.666 vs 0.618 in DINO score) as higher transformation distances can
be achieved.

Table A.5: Subject-driven Generation image quality results comparison (at iteration 1200)
among standard ETHER+ and its version only applied on one side of the weight matrix.

#params DINO ⇐ CLIP-I ⇐
ETHER+ (one-sided) 0.2M 0.618 0.777
ETHER+ 0.4M 0.666 0.800

A.5 VTAB results

We also perform a small evaluation over a subset of the popular Visual Task Adaptation
Benchmark (VTAB), using an ImageNet-21k pretrained ViT-B. As can be seen, ETHER
and ETHER+ perform comparably to OFT with 𝑃 = 256 and LoRA rank 8, while using a
fraction of the trainable parameters.

Table A.6: VTAB results

#params Natural Specialized Structured
Caltech101 DTD Flowers102 SVHN EuroSAT sNORB-Elev

Full FT 85.8M 96.26 73.03 98.71 73.71 96.16 63.36
Linear Prob. 0 95.96 72.34 99.12 52.55 95.03 34.09
LoRA𝑈=8 1.33M 97.69 77.50 99.10 97.40 98.92 74.89
OFT𝑃=256 0.29M 96.95 75.80 98.60 96.58 98.83 74.37
ETHER 0.08M 97.64 75.85 98.83 95.81 98.80 74.17
ETHER+ 0.33M 98.27 76.92 98.88 96.84 99.15 78.41
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B.1 ETHER and ETHER+ low-rank limitation

In ETHER and ETHER+, even if the applied transformation matrices 𝑌 ↑ 𝐿𝐿
⊋ are full-rank,

the resulting weight updates to the pretrained layers are limited to be low-rank. We can
show this by rewriting the transformation result in a residual form.

For ETHER the matrix multiplication can be written as:

𝑏𝑅 = (𝑌 ↑ 2𝐿𝐿⊋
)𝑅

= 𝑅 ↑ 2𝐿𝐿⊋
𝑅

where the second term on the right-hand side, by multiplying the pretrained matrix with
a rank-1 transformation, restricts the learnable weight updates, which are driven by 𝐿, to
be rank-1.

Similarly, for ETHER+:

𝑏
+
𝑅𝑏̃

+

= (𝑅 ↑ 𝐿𝐿
⊋
𝑅 + 𝑀𝑀

⊋
𝑅)𝑏̃

+

= 𝑅 ↑ 𝐿𝐿
⊋
𝑅 + 𝑀𝑀

⊋
𝑅 ↑ (𝑅 ↑ 𝐿𝐿

⊋
𝑅 + 𝑀𝑀

⊋
𝑅)𝐿̃𝐿̃

⊋
+ (𝑅 ↑ 𝐿𝐿

⊋
𝑅 + 𝑀𝑀

⊋
𝑅)𝑀̃𝑀̃

⊋

where the rank-1 residual matrices on the right-hand side will lead to rank-4 overall weight
updates.

This simple mathematical derivation, demonstrates that ETHER and ETHER+ methods
are limited to be low-rank, arguably limiting the expressivity and the learning capacity of
the two methods.
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B.2 Experimental Details

In this section we report further details about experiments in Section 4.4, along with
hyperparameter choices, and standard deviation results.

Subject-Driven Generation. To find the best hyperparameters, we trained and evaluated
on the first 3 subjects (10% of the data) for each method among LoRA, DoRA and DeLoRA,
all with rank 16. Then, we used best hyperparameters to evaluate each method on all 30
subjects, for 3 di"erent seeds. For LoRA and DoRA we followed best practices and fixed
lambda to twice the rank during hyperparemeter search. Optimal learning rate for both
methods is 6e-4. For DeLoRA we fixed the 𝜑 scaling parameter to 1e-3, and found an
optimal learning rate of 2e-2 for the 𝑆𝑇 matrices. Results with standard deviations are
reported in table B.1.

Method DINO CLIP-I
LoRA𝑈=16 [54] 0.686±.0012 0.818±.0017
DoRA𝑈=16 [92] 0.687±.0015 0.819±.0015
DeLoRA𝑈=16 (ours) 0.686±.0056 0.820±.0027

Table B.1: Results with standard deviation for subject-driven image generation trained
methods. Best scores are highlighted in bold, and second-best scores are underlined.

GLUE. Following [148], for each benchmark task, we split the publicly available vali-
dation set in two subsets as reported in Table B.2. When validation sets are larger than
2K, a 1K subset is used as new validation set, and the remaining as test set, otherwise
the validation is split in two equally sized subsets. We use the new validation set to tune
the hyperparameters on seed 42. Then, best hyperparameters are used to evaluate test
performance for seeds 42, 43, 44, 45, 46. For each training run, we use checkpointing
to save the best training run, and evaluate with that. For all experiments we use a max
sequence length of 512. For larger datasets (MNLI, SST-2, QNLI, QQP) we fix the 𝜑 scaling
learning rate to 3e-3, while for smaller datasets we fix it to 1e-2. For other hyperparameters
we run a small grid search. Best values are reported in Table B.4. We highlight that with
respect to [148], we don’t discard any underperforming seed. Experiments with standard
deviation details are reported in Table B.3.

Splits Sizes MNLI SST-2 MRPC CoLA QNLI QQP RTE STS-B
Training Set 393K 67K 3.7K 8.5K 105K 364K 2.5K 5.7K

New Validation Set 1K 436 204 522 1K 1K 139 750
New Test Set 8K 436 204 521 4.5K 39K 138 750

Table B.2: GLUE dataset sizes, with new validation and test splits following [148] setup.
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#param MNLI SST-2 MRPC CoLA QNLI QQP RTE STS-B Avg
Full Finet. 125M 87.3±.34 94.4±.96 87.9±.91 62.4±3.29 92.5±.22 91.7±.19 78.3±3.20 90.6±.59 85.6
BitFit 0.1M 84.7±.08 94.0±.87 88.1±1.57 54.0±3.07 91.0±.05 87.3±.02 69.8±1.51 89.5±.35 82.3
IA3 0.06M 85.4±↑ 93.4±↑ 86.4±↑ 57.8±↑ 91.1±↑ 88.5±↑ 73.5±↑ 88.5±↑ 83.1
LoReFT 0.02M 83.1±.26 93.4±.64 89.2±2.62 60.4±2.60 91.2±.25 87.4±.23 79.0±2.76 90.0±.29 84.2
RED 0.02M 83.9±.14 93.9±.31 89.2±.98 61.0±2.96 90.7±.35 87.2±.17 78.0±2.06 90.4±.32 84.3
LoRA 0.3M 86.6±.23 93.9±.49 88.7±.76 59.7±4.36 92.6±.10 90.4±.08 75.3±2.79 90.3±.54 84.7
AdapterFFN 0.3M 87.1±.10 93.0±.05 88.8±1.38 58.5±1.69 92.0±.28 90.2±.07 77.7±1.93 90.4±.31 84.7
Adapter 0.4M 87.0±.28 93.3±.40 88.4±1.54 60.9±3.09 92.5±.02 90.5±.08 76.5±2.26 90.5±.35 85.0
DeLoRA(ours) 0.3M 86.9±.21 93.7±.79 88.6±1.49 64.7±2.33 92.6±.53 90.2±.17 77.3±1.96 90.6±.38 85.6

Table B.3: GLUE benchmark. Comparisons of di"erent methods finetuning RoBERTa-base,
with standard deviations. Results of all baselines are taken from [147] and [148].

Hyperparameters MNLI SST-2 MRPC CoLA QNLI QQP RTE STS-B
𝜑 12 12 4 4 12 4 12 12

Learning Rate 1e-3 1e-3 3e-2 1e-2 3e-3 1e-3 1e-2 1e-2
Batch Size 32 32 32 8 32 256 8 8

Num. Epochs 30 30 40 80 25 25 80 40
Dropout 0 0.1 0.2 0.2 0.25 0.25 0 0.2

Table B.4: GLUE benchmark hyperparameters.

Instruction Tuning. To assess the performance of DeLoRA in finetuning LLMs for
Instruction Tuning, we adopted the experimental setup from [11], finetuning Llama-2-7B
[137] on the Alpaca dataset [132] for one epoch, and searching for hyperparameters that
deliver the best average performance across MMLU, ARC, and TruthfulQA. For DoRA
we used a learning rate of 3e-4, a batch size of 8, and 100 warmup steps. For DeLoRA
we used an initial scaling 𝜑 of 8, learning rates of 1e-2 for 𝑆𝑇 and 5e-3 for 𝜑, and other
hyperparameters as DoRA. All additional reported results are sourced from [11].
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B.3 Fixing the magnitude term in DoRA

In the following section we provide preliminary experiments testing iffixing the magnitude
in DoRA could lead to similar robustness properties as DeLoRA.

Performance. We first evaluate if fixing the magnitude term could be detrimental in
terms of performance. Following the setting of our small-scale ablation in section 3.3.2,
we run a small scale experiment comparing DoRA with its variation.

Method DINO CLIP-I
DoRA𝑈=16(fixed-magnitude) 0.681 0.822
DoRA𝑈=16 0.683 0.820

Table B.5: Subject-driven Image Generation small-scale ablation

We notice how DoRA results without updating the magnitude term seem to lead to
only slightly underperforming results with respect to standard DoRA.

Robustness. We then run the same robustness analysis as reported in fig. 3.2. We see
how fixing the magnitude term does not lead to a behavior similar to DeLoRA, but rather
still follows DoRA behavior.

Plots in fig. B.1 show that simply fixing the magnitude term does not alter DoRA
robustness properties (fig. B.1, Left), while actually in higher learning rate regimes seems
to lead to further divergence (fig. B.1 Right), not allowing the magnitude to counterbalance
the divergent trend. This behavior suggests that keeping column norms constant might not
be restrictive enough. In this regard, DeLoRA inner normalization in terms of Frobenius
distance seems to be a more promising strategy to avoid model divergence.

DoRA (lr=6e-4) DoRA fixed-magnitude (lr=6e-4)

Figure B.1: Robustness analysis between DoRA with and without magnitude updates,
with respect to learning rate changes from the optimal learning rate.
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B.4 Robustness Ablation on DeLoRA’s boundary and angles

We additionally conducted an ablation on DeLoRA’s setting, where we run the same
robustness analysis of section 3.3.4 by varying the learning rate of the scaling term 𝜑

(a"ecting the boundary), and the weights 𝑆𝑇 (angular component). We notice how all
methods lead to convergence, additionally demonstrating DeLoRA’s robustness properties.

DeLoRA lr sweep on λ (lr=1e-3) DeLoRA lr sweep on BA (lr=6e-3) DeLoRA lr sweep on both

Figure B.2: Learning rate robustness plots for DeLoRA in Subject-driven generation task
in terms of DINO scores (Left) and Euclidean distance finetuned vs pretrained weights of
a projection layer (Right). Ablation testing impact of increasing learning rate for boundary
(𝜑) or angular weights (𝑆𝑇).

B.5 Qualitative Examples

We report in fig. B.3 qualitative examples generated by our propopsed DeLORA finetuning
Stable Di"usion for the tasks of Subject-driven Generation and Semantic Map to Image.
While in Figure 8 we report qualitative examples of prolonged genearation with DeLoRA,
LoRA and DoRA methods.

"an empty 
building" "a flooded river" "a stone wall" "an office" 

"A vase [V] in the snow"

[V]

Figure B.3: Examples generated by DeLoRA-finetuned Stable Di"usion for personalized
generation on a small set of subject-specific images (left), and for semantic map to image
on ADE20K (right).
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Figure B.4: Prolonged finetuning generated examples generated by DeLoRA, LoRA, and
DoRA methods, up to time step 2600.
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This thesis is based on the following publications. An overview of the contributions can
be found in Sec. 1.4. Bold names correspond to the name of the author of this thesis.

1. [11] M. Bini, K. Roth, Z. Akata, A. Khoreva "ETHER: E!cient Finetuning of
Large-Scale Models via Hyperplane Reflections". In: The International Conference on
Machine Learning (ICML). 2024.

2. [10] M. Bini, L. Girrbach, Z. Akata, "Decoupling Angles and Strength in Low-rank
Adaptation". In: The International Conference on Learning Representations (ICLR). 2025.

3. [under review] M. Bini, O. Bohdal, U. Michieli, Z. Akata, M. Ozay, T. Ceritli,
"MemLoRA: Distilling Expert Adapters for On-Device Memory Systems". Under
review.

C.2 Contributions

This section presents the contributions of the authors for the publications included in this
thesis, as mentioned in Sec. C.1

Chapter 2: ETHER - E!cient Finetuning of Large-Scale Models via Hyperplane
Reflections. This work was done in collaboration with Karsten Roth, Zeynep Akata,
and Anna Khoreva. Massimo Bini was the first author and contributed to the ideation,
implementation, and the majority of the experiments. Karsten Roth was the second
author and participated in running the experiments for the GLUE benchmark, along with
providing his domain expertise in transfer and representation learning. Zeynep Akata
and Anna Khoreva had a supervisory role, guiding the project progress and establishing
key milestones. All authors contributed to the writing of the paper.

Chapter 3: Decoupling Angles and Strength in Low-rank Adaptation. This work
was done in collaboration with Leander Girrbach and Zeynep Akata. Massimo Bini was
the first author and contributed to the ideation, and the majority of implementations and
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experiments. Leander Girrbach was the second author and implemented the initial version
of the code for the GLUE benchmark, along with scripts for analysis and visualizations.
Zeynep Akata had a supervisory role, guiding the project progress and establishing key
milestones. All authors contributed to the writing of the paper.

Chapter 4: MemLoRA - Distilling Expert Adapters for On-Device Memory Systems.
Massimo Bini was the first author and contributed to the enhancement of the original
idea, proposing the separation into specialized adapter-experts, in addition to all the
vision augmentation ideas. He also implemented the code and run all the experiments.
Umberto Michieli, Ondrej Bohdal and Taha Ceritli, contributed in proposing the idea
of using Knowledge Distillation in Memory Systems. Ondrej Bohdal, Umberto Michieli,
Zeynep Akata, Mete Ozay, and Taha Ceritli all had a supervisory role, guiding the project
progress and establishing key milestones. All authors contributed to the writing of the
paper.
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