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Abstract

Vision-Language Models (VLMs) have revolutionized open-vocabulary re-
cognition, yet adapting them to specialized domains under data-scarce
conditions remains a significant challenge. This thesis investigates efficient
strategies to bridge the gap between inductive fine-tuning and transductive
inference, focusing on minimizing supervision and computational costs.

We first address inductive few-shot learning with CLIP-LoRA, a para-
meter-efficient fine-tuning method. By injecting trainable low-rank matri-
ces into the encoder, it outperforms existing approaches while eliminating
dataset-specific hyperparameter tuning. For scenarios restricted to single-
sample inference, we propose MTA (MeanShift for Test-time Augmenta-
tion). Formulated as a robust variation of the MeanShift algorithm, this
training-free method refines predictions through iterative mode-seeking
and automatic importance weighting of augmented views.

Expanding into the transductive paradigm, we introduce TransCLIP.
This framework explicitly models the underlying structure of unlabeled
test batches by fitting a Gaussian Mixture Model (GMM), constrained by a
text-driven Kullback-Leibler (KL) regularization term. This dual objective
dynamically aligns visual statistics with textual priors, achieving substan-
tial gains in both zero-shot and few-shot settings. Finally, to address re-
alistic deployment challenges, we propose Stat.A4 (Statistical Anchor). We
demonstrate that existing transductive methods fail under non-i.i.d. data
streams and introduce a regularization technique based on the KL diver-
gence with respect to initial text priors.

Collectively, this work provides a suite of transparent, low-compute
algorithms that, through the use of fixed hyperparameters, ensure opera-
tional simplicity and robust performance across challenging and diverse
benchmarks.
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Introduction

For the past decade, deep learning has redefined the landscape of com-
puter vision, yet until very recently models were constrained in a closed-
world paradigm. They were typically trained to recognize a predefined
set of categories, but would remain very limited when used outside their
fixed ontology. The introduction of Vision-Language Models (VLMs), and
most notably the Contrastive Language-Image Pre-training (CLIP) framework
has profoundly changed this aspect, marking a true revolution in how vi-
sion models are pre-trained and consequently, how they encode informa-
tion about the visual world. Instead of relying on labor-intensive, crowd-
sourced labels, which can quickly act as a bottleneck to scalability in data
but also the number of concepts presented, CLIP leverages natural language
supervision, learning from a massive scale of 400 million image-text pairs
naturally available on the web (e.g., pictures along with their descriptive
captions). The core idea is simple yet powerful: the system uses two dis-
tinct models (one per modality) that represent their respective input by
vectors (i.e., embeddings); during training, the vector representation of an
image is pulled closer to the vector of its matching text description, teach-
ing the model to understand images through the lens of language. This
paradigm shift transforms the model from a specialized classifier into a ro-
bust generalist: it enables open-vocabulary recognition, allowing the model
to identify visual concepts it was never explicitly asked to learn by sim-
ply matching images to arbitrary descriptions. For instance, to classify a
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“sleepy cat” (a really important task for which we did not collect anno-
tated data and the model was not specifically trained) it simply determines
whether the photo vector is closer to the encoded text “a photo of a sleepy
cat” or “a photo of a moving cat,” effectively using natural language as
a flexible classification tool. This foundational capability to generalize to
new tasks without retraining known as zero-shot transfer has fundamen-
tally changed the research trajectory in computer vision, establishing these
models as flexible foundations upon which diverse downstream applica-
tions can be built, as we will see throughout this thesis.

However, the capabilities of these generalist models are not without
limitations. While they offer a strong starting point, their zero-shot perfor-
mance is not guaranteed to translate effectively to every downstream task.
When facing significant domain shifts, such as analyzing satellite imagery
or diagnosing pathologies in medical slides, two application domains stud-
ied in this thesis alongside more traditional benchmarks, the initial predic-
tions often fall short as we will show later. In traditional deep learning, the
standard solution would be to collect a massive dataset and train a new
model; yet, in many real-world scenarios, acquiring such large-scale anno-
tations is practically impossible. This creates a critical bottleneck: we rarely
have the luxury of abundant supervision, particularly in high-stakes appli-
cations like identifying rare diseases or assessing damage from natural dis-
asters in remote sensing imagery. Fortunately, research has shown that the
powerful representations of these models often require only minimal inter-
ventions to unlock great capabilities in new domains. As a consequence,
the core challenge has shifted from training to adaptation specifically, from
learning with little labeled data (i.e., few-shot learning) to learning with no
labels at all (i.e., zero-shot learning). These two learning paradigms are cen-
tral to this thesis, with specific chapters dedicated to addressing the unique
constraints of each.

A review of the literature on adapting contrastive Vision-Language Mod-
els (VLMs) in both few-shot and zero-shot learning reveals a clear pat-
tern: the vast majority of research efforts are concentrated on the inductive
paradigm. In this standard setting, adaptation is treated as a distinct phase:
we first update the model parameters using the few available labeled ex-
amples (if any), and subsequently process each test image in isolation. For
instance, when classifying a satellite image of a forest, an inductive model
relies solely on its internal knowledge to make a decision, ignoring poten-
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tially helpful context from other images. While this approach has driven
recent progress, it essentially leaves an important source of information
untapped: the test data itself. Unlike induction, transduction does not treat
test samples as isolated queries. Instead, it asks what can be gained by
analyzing the structure of the unlabeled test data as a whole. In the pre-
vious example, a transductive approach could notice that the ambiguous
forest image shares similar geographic features with other clear examples
of "rainforest", and use this to correct its prediction. While leveraging such
data structures has proven powerful in traditional computer vision, its di-
rect application to VLMs has been largely underexplored or ineffective.
Addressing the gap between inductive and transductive approaches de-
fines a critical objective of this thesis.

Vision-Language Models are fundamentally reshaping the traditional
machine learning pipeline into three critical, yet often disjoint, stages: pre-
training (e.g., CLIP), fine-tuning (e.g., few-shot learning), and inference (e.g.,
with transduction). While massive pre-training provides a powerful open-
vocabulary foundation, the two subsequent steps remain fragmented. In-
ductive fine-tuning is necessary to specialize models for data-scarce do-
mains, while transductive methods are essential to unlock the latent poten-
tial of test data at deployment. From these key steps, we propose a compre-
hensive roadmap that bridges the gap between inductive fine-tuning and
transductive inference, articulated around efficiency without sacrificing
performance. We begin this journey by introducing CLIP-LoRA (Chapter
3), a parameter-efficient fine-tuning method for inductive few-shot learn-
ing. This provides great insights to better comprehend these VLMs and
the challenges addressed in subsequent chapters. Moving to the inference
stage, we present MTA (Chapter 4), a lightweight, training-free algorithm
for robust single-sample adaptation. This approach serves as a critical step
in this work, demonstrating that a smartly designed, training-free mecha-
nism can outperform heavy optimization procedures. We then shift to the
transductive paradigm with TransCLIP (Chapter 5), a novel framework
that leverages batch statistics and textual priors to enhance performance
even without additional supervision, showcasing the great potential of
transduction in this new multi-modal era. Finally, we tackle deployment
in the wild with StatA (Chapter 6), a robust transductive method designed
to handle realistic, non-ideal data distributions.
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Motivation and Research Questions

This thesis presents four core contributions within the theme of inductive
and transductive learning for contrastive vision-language models. For readers
unfamiliar with these concepts, Chapter 2 provides the necessary back-
ground and definitions.

This section is articulated around the fundamental research questions
that motivated this work and the contributions that emerged from address-
ing them. A comprehensive summary of the publications resulting from
this research is provided in Table 1, and a general overview of the thesis
roadmap is illustrated in Figure

The challenge of learning with little to no data is vast, spanning every-
thing from active, unsupervised, semi-supervised, self-supervised learn-
ing to few-shot, continual, and test-time adaptation. With such a rapidly
expanding field, it is easy to get lost. While it is tempting to try and tackle
all these problems at once, we realized that maintaining a clear research
trajectory required us to narrow our focus. A single guiding theme runs
through this entire thesis: the pursuit of efficiency without sacrificing per-
formance. When we say efficiency, we mean it in three specific pillars:

(i) Supervision scarcity: We aimed to maximize performance while mini-
mizing reliance on large-scale manual annotation. Whether adapt-
ing to new tasks with just a handful of examples (inductive few-
shot learning) or exploiting the intrinsic structure of unlabeled data
(transductive zero-shot learning), our objective was to propose high-
performing procedures that could fit a large variety of scenarios.

(ii) Hyperparameter robustness: we wanted methods that work as plug-
and-play tools. Tuning hyperparameters is difficult enough, but it
becomes nearly impossible when evaluating across diverse bench-
marks with little (labeled) data. Therefore, we prioritized methods
with fixed or very limited hyperparameters.

(iif) Computational viability: we focused on lightweight algorithms. The
goal was to develop methods that are computationally friendly yet
can still compete with, or even outperform, much more training-
intensive approaches.
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These three principles shaped every contribution of this thesis, though
the balance between them shifts from chapter to chapter. Initially, they
drove the research presented in Chapters 3 and 4, where the goal was to
achieve efficient adaptation within the inductive framework. Building on
this foundation, we extended the scope of this research to the transductive
paradigm, which had been largely overlooked in the VLM literature. Con-
sequently, Chapters 5 and 6 apply the same rigorous standards of compu-
tational viability and hyperparameter robustness to the challenge of lever-
aging unlabeled test data.

It is from this perspective that we identified the gaps we aimed to fill,
leading to the following set of research questions that guide the remainder
of this work:

1. Inductive Few-Shot Learning: Inductive few-shot learning aims to
adapt pre-trained models to new visual categories using only a hand-
ful of labeled examples per class (typically between 1 and 16). The
advent of Vision-Language Models (VLMs) has significantly advanced
this field, pushing the boundaries of generalization with minimal
supervision. However, this promising, already quite abundant lit-
erature has focused principally on prompt learning and, to a lesser
extent, on adapters. Furthermore, existing few-shot learning meth-
ods for VLMs often rely on computationally intensive training proce-
dures and/or carefully chosen, task-specific hyper-parameters, which
might impede their applicability. This led to the following research
question: Can we develop few-shot adaptation methods that are simulta-
neously high-performing, computationally efficient, and straightforward to
deploy across diverse tasks without requiring per-task hyperparameter cus-
tomization?

2. Single Sample Test-Time Adaptation: The development of large
vision-language models, notably CLIP, has catalyzed research into ef-
fective adaptation techniques, with a particular focus on soft prompt
tuning, for both zero- and few-shot learning. Conjointly, test-time
augmentation, which utilizes multiple augmented views of a single
image to enhance zero-shot generalization, is emerging as a signifi-
cant area of interest. This has predominantly directed research efforts
toward test-time prompt tuning, and its inherent high computational
cost. This observation led to the following research question: Leverag-
ing multimodal information (visual embeddings and text priors), how can a
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computationally efficient, training-free mechanism robustly refine a single-
sample prediction without performing any parameter updates?

3. Transductive Learning for Vision-Language Models: Transduction
is a powerful paradigm that leverages the structure of unlabeled data
to boost predictive accuracy. Within deep learning, transduction has
primarily been explored in few-shot learning to address the chal-
lenges of training with limited supervision, focusing on standard
vision-only pre-trained models. However, the direct application of
existing transductive few-shot methods to VLMs yields poor perfor-
mance, sometimes even underperforming relative to inductive zero-
shot predictions. This performance drop underscores the need for
novel, VLM-native transductive methods. This challenge motivates
the following research question: How can the transductive paradigm be
rethought for Vision-Language Models by integrating textual knowledge,
for both zero-shot and few-shot classification?

4. Transductive Learning in the Wild: The current test-time adapta-
tion literature addresses adaptation in somewhat idealized settings.
While convenient for benchmarking and fast comparison to previous
methods, these scenarios often lack the challenging conditions found
in real-world applications. For example, many transductive methods
assume that test data is well-behaved (e.g., that all classes are present
or that data arrives in i.i.d. streams). Such assumptions are often vio-
lated in practice. This discrepancy reveals a critical research gap and
motivates our final research question: How can transductive methods
for Vision-Language Models be designed to remain robust and reliable when
deployed "in the wild"—that is, under realistic conditions, where strong
assumptions about the data distribution do not hold?

Core Contributions

This thesis presents four core technical contributions, which are detailed
across four dedicated chapters. The first three chapters establish strong
baselines on conventional benchmarks, beginning with an efficient method
for inductive few-shot learning in Chapter 3. The work then progresses
to adaptation with unlabeled test data, first by proposing a lightweight
method for single-image adaptation in Chapter 4, followed by a novel
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framework for transductive learning for VLMs in Chapter 5. The final tech-
nical chapter shifts focus to "learning in the wild," tackling the challenges
of realistic deployment scenarios and proposing a robust method to han-
dle them in Chapter 6. Lastly, Chapter 7 adopts a more exploratory stance,
offering a unifying view of the presented methods, alongside future per-
spectives on the field and concluding remarks.

Concretely, these core contributions are: (i) CLIP-LoRA, an efficient
inductive few-shot learning method; (ii) MTA, a lightweight adaptation
method on a single image; (iii) TransCLIP, a novel approach for transduc-
tive learning with VLMs; (iv) Stat.4, a robust transductive learning method
designed for challenging data distributions. These primary contributions
led to several publications, which are detailed below.

1. CLIP-LoRA ( ):

¢ Maxime Zanella, Ismail Ben Ayed, Low-Rank Few-Shot Adapta-
tion of Vision-Language, IEEE / CVF Computer Vision and Pat-
tern Recognition Conference Workshops (CVPRW) [1]

¢ Manon Dausort, Tiffanie Godelaine, Maxime Zanella, Karim El
Khoury, Isabelle Salmon, Benoit Macq, Exploring Foundation Mod-
els Fine-Tuning for Cytology Classification, IEEE International Sym-
posium on Biomedical Imaging (ISBI) [2]

¢ Karim El Khoury, Maxime Zanella, Benoit Macq, Christophe De
Vleeschouwer, Few-Shot Adaptation Benchmark for Remote Sensing
Vision-Language Models, [Preprint, Under Review] [3]

Summary: We introduce Low-Rank Adaptation (LoRA) in few-shot
learning for VLMs, and show its potential in comparison to current
state-of-the-art prompt- and adapter-based approaches. Surprisingly,
our simple CLIP-LoRA method exhibits substantial improvements,
while reducing the training times and keeping the same hyperparam-
eters in all the target tasks, i.e., across all the datasets and numbers of
shots. Our method stands as a strong baseline and our codebase can
be used to evaluate progress in more fair scenarios in few-shot VLMs.
We further assess Low-Rank Adaptation of VLMs in the context of
cytology and remote sensing scene classification demonstrating its
wide applicability.
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2. MTA ( )

¢ Maxime Zanella, Ismail Ben Ayed, On the Test-Time Zero-Shot
Generalization of Vision-Language Models: Do We Really Need Prompt
Learning?, Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition (CVPR) [4]

Summary: This work explores test-time augmentation which is a
technique that generates multiple views of an image to enhance gen-
eralization. Current VLM approaches rely on test-time prompt tun-
ing, an intensive procedure that is impractical for API-based mod-
els. In contrast, we introduce MeanShift for Test-time Augmentation
(MTA), a method that directly refines the image’s visual representa-
tion instead of the textual prompts. MTA is a robust, training-free,
and hyperparameter-free algorithm that uses a mode-seeking pro-
cess to jointly optimize an inlierness score for each augmented view,
automatically down-weighting outliers without ad-hoc thresholds.
This efficient, black-box approach functions as a simple plug-and-
play module, demonstrating superior performance and consistent
improvements when applied on top of both zero-shot and few-shot
models.

3. TransCLIP ( ):

* Maxime Zanella, Benoit Gérin, Ismail Ben Ayed, Boosting Vision-
Language Models with Transduction, Advances in Neural Informa-
tion Processing Systems (NeurIPS) [5]

* Maxime Zanella, Fereshteh Shakeri, Yunshi Huang, Houda Bahig,
Ismail Ben Ayed, Boosting Vision-Language Models for Histopathol-
ogy Classification: Predict All at Once, Int. Workshop on Founda-
tion Models for General Medical AI (MedAGI) [6]

¢ Karim El Khoury, Maxime Zanella, Benoit Gérin, Tiffanie Gode-
laine, Benoit Macq, Said Mahmoudji, Christophe De Vleeschouwer,
Christophe, Ismail Ben Ayed, Enhancing Remote Sensing Vision-
Language Models for Zero-Shot Scene Classification, IEEE Interna-
tional Conference on Acoustics, Speech and Signal Processing
(ICASSP) [7]

Summary: We present TransCLIP, a novel and computationally ef-
ficient transductive approach designed for Vision-Language Mod-
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els (VLMs). TransCLIP is applicable as a plug-and-play module on
top of popular inductive zero- and few-shot models, consistently im-
proving their performance. Our new objective function can be viewed
as a regularized maximum-likelihood estimation, constrained by a
KL divergence penalty that integrates the text-encoder knowledge
and guides the transductive learning process. We further derive an
iterative Block Majorize-Minimize (BMM) procedure for optimizing
our objective, with guaranteed convergence and decoupled sample-
assignment updates, yielding computationally efficient transduction
for large-scale datasets. We further validate TransCLIP on high-stakes
downstream applications: histopathology diagnosis and remote sens-
ing scene classification. These extensive experiments confirm that
transduction is not merely effective on standard datasets, but can
serve as a versatile and reliable tool for specialized domains.

. StatA ( ):

* Maxime Zanella, Clément Fuchs, Christophe De Vleeschouwer,
Ismail Ben Ayed, Realistic Test-Time Adaptation of Vision-Language
Models, Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR) [8]

Summary: While Test-Time Adaptation (TTA) methods show promise,
they often rely on unrealistic assumptions about the test data, such
as the presence of all classes or i.i.d. data streams. Our work chal-
lenges these favorable deployment scenarios and introduces a more
realistic evaluation framework, including (i) a variable number of ef-
fective classes for adaptation within a single batch, and (ii) non-i.i.d.
batches of test samples in online adaptation settings. We demonstrate
how current transductive or TTA methods for VLMs systematically
compromise the models’ initial zero-shot robustness across various
realistic scenarios, favoring performance gains under advantageous
assumptions about the test sample distributions. Furthermore, we
introduce StatA, a versatile method designed to handle such chal-
lenging deployments, including batches with a variable number of
effective classes. Its core is a novel regularization term, the Statistical
Anchor, which preserves the initial text-encoder knowledge. This an-
chor makes StatA robust, particularly in the low-data or imbalanced
regimes common in real-world applications.



1.3

1|

Introduction

Complementary Contributions

Beyond the core contributions detailed above, this body of work encom-
passes additional research efforts that align closely with the central thesis
but excluded from it for brevity.

SiM (Chapter 3):

— Maxime Zanella, Clément Fuchs, Ismail Ben Ayed, Christophe
De Vleeschouwer, Vocabulary-free few-shot learning for vision-lang-
uage models, Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition Workshops (CVPRW) [9]

Summary: Recent advances in few-shot adaptation for Vision-Lang-
uage Models (VLMs) have greatly expanded their ability to general-
ize across tasks using only a few labeled examples. However, existing
approaches primarily build upon the strong zero-shot priors of these
models by leveraging carefully designed, task-specific prompts. This
dependence on predefined class names can restrict their applicability,
especially in scenarios where exact class names are unavailable or dif-
ficult to specify. To address this limitation, we introduce vocabulary-
free few-shot learning for VLMs, a setting where target class images
are available but their corresponding names are not. We propose
Similarity Mapping (SiM), a simple yet effective baseline that clas-
sifies target instances solely based on similarity scores with a set of
generic prompts (textual or visual), eliminating the need for carefully
handcrafted prompts. SiM demonstrates strong performance, oper-
ates with high computational efficiency, and provides interpretability
by linking target classes to generic prompts.

LIMO (Chapter 5):

— Ghassen Baklouti, Maxime Zanella, Ismail Ben Ayed, Language-
Aware Information Maximization for Transductive Few-Shot CLIP,
[Under Review] [10]

— Fereshteh Shakeri, Ghassen Baklouti, Julio Silva-Rodriguez,
Maxime Zanella, Houda Bahig, Jose Dolz, Ismail Ben Ayed, Test
Time Adaptation of Medical Vision-Language Models, Int. Work-
shop on Foundation Models for General Medical AI[11]
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Summary: We leverage information-theoretic concepts and recent
progress in parameter-efficient fine-tuning (PEFT), developing a hig-
hly competitive transductive few-shot CLIP method. Specifically,
we introduce a novel Language-aware Information MaximizatiOn
(LIMO) loss integrating three complementary terms: (i) the mutual
information between the vision inputs and the textual class descrip-
tions; (ii) a Kullback-Leibler divergence penalizing deviation of the
probabilistic outputs from the text-driven zero-shot predictions; and
(iii) a standard cross-entropy loss based on the labeled shots. Fur-
thermore, we challenge the commonly followed fine-tuning practices
in the context of transductive few-shot learning, and explore PEFT
strategies, completely overlooked in this context. We further assess
its versatiliy on medical contrastive vision language-models.

OGA (Chapter 6):

— Clément Fuchs, Maxime Zanella, Christophe De Vleeschouwer,
Online Gaussian Test-Time Adaptation of Vision-Language Models,
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition Workshops (CVPRW) [12]

Summary: We study online test-time adaptation (OTTA) of VLMs
to take advantage of data observed along a stream to improve fu-
ture predictions. Unfortunately, existing methods rely on dataset-
specific hyper-parameters and incomplete evaluation protocols, lim-
iting their generalization to new tasks. Thus, we propose Online
Gaussian Adaptation (OGA), a novel method that models the like-
lihoods of visual features using Gaussian distributions and incorpo-
rates zero-shot priors into a concise Maximum A Posteriori (MAP) es-
timation framework with fixed hyper-parameters across all datasets.
Besides, our experimental study reveals that common OTTA evalua-
tion protocols, which average performance over at most three runs
per dataset, are inadequate due to the variability observed across
runs. Hence, we advocate for more rigorous evaluation practices,
including increasing the number of runs and considering additional
quantitative metrics, such as our proposed Expected Tail Accuracy
(ETA), calculated as the average accuracy in the worst 10% of runs.
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Background

Preliminary Note:

This chapter establishes some fundamental concepts and terminol-
ogy used throughout this thesis. It begins by formalizing the su-
pervision regimes (zero-shot learning, few-shot learning, test-time adap-
tation) and the learning paradigms (inductive vs. transductive) that
structure our contributions, followed by a presentation of the Con-
trastive Language-Image Pre-training (CLIP) framework.

Readers might need this chapter to get used to the notations;
however, those who are already familiar with transductive zero-
shot/few-shot learning may safely skip Section 2.2, and those famil-
iar with the inner workings of CLIP, Section

13
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Introduction

This thesis investigates the adaptation of foundational models to down-
stream visual recognition tasks. Before detailing specific model architec-
tures and adaptation techniques, it is essential to formalize the supervision
regimes and the learning paradigms that structure our contributions. We
distinguish between zero-shot and few-shot availability of labeled data as
well as between inductive and transductive learning paradigms (based on
how test data is processed). Finally, we introduce the contrastive vision-
language model CLIP architecture that serves as the backbone for all subse-
quent chapters.

Learning Paradigms

Supervision Regimes

We can categorize our contributions based on the availability of labeled
data for the downstream task. Let x denote an input image sample and y €
{1,...,K} its corresponding ground-truth class label, where K represents
the total number of classes.

Few-shot supervision

Often referred to in the literature as few-shot learning, this regime is char-
acterized by the availability of a limited number of labeled examples. We
identify a set of indices S, referred to as the support set, containing the K
classes with Ngpo1s examples per class (we will refer later to this setting as
“Nshots-shot”), of total size Ng = Ngj,o1sK. The goal is to predict the labels
of a set of Ng unlabeled guery samples, indexed by the set Q:

S = {i € N | x; is a labeled support sample} 2.1)

Q = {j € N | x; is an unlabeled query sample} '
For the sake of brevity, in the remainder of this thesis, we will sometimes
refer to the sets of samples {x;}ics and {x;};cg simply as the support set
S and the query set Q, respectively, when the distinction between indices
and samples is clear from context.

14 |
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Zero-shot learning

In this regime, the model has access to the class names but observes no
labeled images (S = @). The model must rely entirely on its pre-trained
knowledge to correctly associate each image in Q with the corresponding
textual descriptions of these classes.

Test-time adaptation (TTA)

TTA represents a specific case of unsupervised domain adaptation where
the model adapts to a stream of test data Q at inference time. TTA can
be sample-by-sample (i.e., inductive) or batch-by-batch (i.e., transductive),
often aiming to mitigate distribution shifts between the (pre-)training data
and Q.

Inductive vs. Transductive Learning

The fundamental distinction between the methods proposed in this the-
sis lies in how they process test data: whether predictions are made in-
dependently for each query sample (i.e., inductive inference) or jointly
across a batch of unlabeled query samples (i.e., transductive inference). A
schematic comparison is provided in Figure

Inductive learning

In the standard inductive setting, the model optimizes its parameters 6 to
map inputs to predictions using a training set (i.e., to learn a general map-
ping rule). At inference time, the prediction for a specific query sample x
depends solely on that sample and the learned parameters. This paradigm
strictly separates the acquisition of knowledge from its application and
does not leverage the distribution of other test samples.

7; = argmax P(y|x;0). (2.2)
ye{1,...K}

This is the standard setting for Chapter 3 (CLIP-LoRA) and Chapter
(MTA), where adaptation occurs either prior to inference at the fine-tuning
stage or on a single-sample basis.

Transductive learning

In the transductive setting, the goal is to predict the labels for the en-
tire query set Q, given the support set S (where S = @ in the zero-shot
regime). Unlike inductive inference, transduction performs joint predic-
tion, leveraging the structure of the unlabeled data (e.g., the manifold struc-
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(a) Inductive inference: Each query
sample is classified independently
based on proximity to the nearest
centroid. The decision boundary re-
mains fixed regardless of the query
distribution.

(b) Transductive inference: The
manifold structure of the unlabeled
query data is leveraged to adjust the
decision boundary, so that close sam-
ples have similar predictions.

Fig. 2.1 Comparison of inductive and transductive prediction in a binary
classification task. Crosses represent learned class prototypes (centroids),
while circles denote unlabeled query samples. Note how transductive in-
ference shifts the decision boundary (dashed line) to better fit the data dis-
tribution.

ture or class distribution) to improve accuracy.

P(y1,---, YNl 9, S;0).  (2.3)

{0, Ing } = arg max

YirNg e{1,...k}Ne

It is important to note that transductive methods often involve optimizing
an objective function over the test batch to refine internal representations
or model parameters. Because this process entails an active optimization
step, the distinction between "learning" and "inference" becomes blurred.
Consequently, we will sometimes use the terms transductive inference and
transductive learning interchangeably in this thesis. This paradigm is cen-
tral to Chapter 5 (TransCLIP) and Chapter 6 (Stat.A), where we exploit the
statistics of the test batch to refine predictions.

Now that we have established the learning paradigms, let us turn our
attention to the Contrastive Language-Image Pre-training (CLIP) framework.
This architecture serves as the backbone for the zero-shot and few-shot ca-
pabilities across both inductive and transductive inference that we explore
throughout the remainder of this thesis.

16 |
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2.3  Contrastive Language-lmage Pre-training (CLIP)

2.3.1 Overview

Unlike standard vision models trained on fixed label sets, CLIP [16] is com-
posed of two encoders, one per modality, trained on image-text pairs col-
lected from the internet. This allows the model to learn a broad range of
visual concepts and semantic relationships. The core components of this
framework are detailed below.

Data

Standard computer vision models are typically trained on datasets con-
taining a fixed set of discrete categories (e.g., the 1,000 classes of Ima-
geNet [17]). In contrast, CLIP leverages natural language supervision,
learning from a massive dataset of 400 million image-text pairs collected
from the internet. By training on the vast amount of text naturally associ-
ated with images on the web, the model can learn a much broader range
of visual concepts and semantic relationships, effectively scaling up su-
pervision without the bottleneck of human labeling. We elaborate on this
comparison in Section

Model architecture
CLIP employs a dual-encoder architecture consisting of two distinct neural
networks: a vision encoder and a text encoder. As we will detail in Section
, the text encoder is a transformer, whereas the vision encoder can
be instantiated as either a convolutional neural network (e.g., ResNet) or
a vision transformer (ViT). These two encoders operate independently to
extract features from their respective inputs, projecting them into a shared,
joint embedding space where visual and textual vectors can be directly
compared via cosine similarity (see Figure 2.2).

Training objective

The alignment of the visual and textual embedding spaces is achieved
through a contrastive learning objective. Instead of predicting a specific
word or class label, CLIP is trained to solve an association task: given a
batch of N (image, text) pairs, the model must predict which of the N x N
possible pairings across the batch actually occurred. This effectively forces
the model to learn representations where semantically similar images and
texts are close. This contrastive objective function is further explained in
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Fig. 2.2 [Illustration of cross-modal alignment in the joint embedding
space. The model minimizes the distance between corresponding image-
text pairs (attraction) and maximizes the distance between mismatched
pairs (repulsion) to align the two modalities.
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Fig. 2.3 Illustration of the batch-wise contrastive learning mechanism.
For a batch of N image-text pairs, CLIP computes an N X N matrix of
pairwise cosine similarities. The training objective maximizes the diagonal
elements (correct pairs) while minimizing off-diagonal values, effectively
driving the similarity matrix toward the identity matrix.

Section 2.3.4. As illustrated in Figure 2.3, the loss function maximizes the
cosine similarity of the N correct pairs (the diagonal of the similarity ma-
trix) while simultaneously minimizing the similarity of the N?> — N incor-
rect pairings.

Inference

One of the most impressive results of the CLIP paper was its ability to
perform zero-shot transfer to downstream tasks. Because the model has
learned to align images with arbitrary text descriptions, it is not bound
by a predefined classification head. During inference, the names of the
target classes can be inserted into a prompt template (e.g., a photo of a

18 |
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[class name]) and encoded by the text encoder. The model then classifies
an image by assigning it to the class whose prompt embedding has the
highest similarity score with the image embedding. This will be detailed
in Section

Natural Language Supervision

To better understand the paradigm shift introduced by CLIP, it is essential
to contrast its data structure with that of traditional computer vision.

Traditional supervised learning

Standard vision models are typically trained on datasets constructed through
crowd-sourced manual annotation, such as ImageNet. Formally, such a
dataset consists of pairs {(x,y)} where the label y belongs to a fixed, pre-
defined ontology of K classes. While effective for specific tasks, this ap-
proach is fundamentally limited by the cost of human annotation and the
fixed label set.

Natural language supervision

CLIP overcomes these scalability constraints by leveraging natural language
supervision. Instead of discrete labels, the model is trained on a dataset of
image-text pairs, with the text being a raw natural language description
(e.g., a caption or alt-text) associated with the image x. This approach of-
fers two critical advantages. First, it removes the annotation burden, as
the process can be totally unsupervised and rely on data naturally avail-
able on the web, effectively scaling up supervision without the bottleneck
of human labeling. Second, the dataset presents a much richer seman-
tic structure than one with a fixed ontology. For instance, where a tradi-
tional dataset might collapse semantically distinct images (e.g., "a puppy
running in the grass" and "an old dog sleeping") into a single class
index y (e.g., dog), natural language supervision preserves these nuances.
Hence, this paradigm is not bound by a closed set of categories, enabling
open-vocabulary learning where the model can acquire visual concepts that
were not explicitly enumerated before training.

Model Architecture: Dual Encoder

CLIP employs a dual-encoder architecture consisting of a vision encoder 6,
and a text encoder ;. The text encoder employs a transformer [15], which
is the current default architecture for natural language processing. While
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the original work explores ResNet-based vision encoders [19], this thesis
focuses primarily on the Vision Transformer (ViT) architecture [20], which
has become the de facto standard for scalable vision-language modeling.

Transformer block

Both 6, and 6; consist of a stack of L identical layers. Each layer com-
prises two primary sub-layers: a multi-head self-attention (MHSA) mech-
anism and a feed-forward network. Transformers process sequential data
via self-attention, enabling the model to weigh the relative importance of
sequence elements regardless of their position. Specifically, CLIP utilizes
self-attention where queries, keys, and values are derived from the same
input (in contrast to the cross-attention found in decoder architectures,
where queries and keys/values originate from different sources). We specif-
ically detail the MHSA mechanism below, as it contains the parameter ma-
trices that serve as the primary targets for the adaptation strategies dis-
cussed in Chapter 3. For a comprehensive description of the transformer
architecture, we refer the reader to [18].

Multi-head self-attention (MHSA)
The MHSA mechanism allows the model to jointly attend to information
from different representation subspaces. Given an input sequence of token
embeddings E € RE*4motel (where L is the sequence length), the mecha-
nism computes scaled dot-product attention multiple times in parallel.
For each head h € {1,...,H}, the input is projected using learnable
parameter matrices W(Qh ),w§<’”,w§f ) € Retmoder *diead , yielding queries Qy,
keys K}, and values V:

Q, =EW)), K,=EW{), Vv,=Ew} 2.4)

The scaled dot-product attention for head & is computed as:

head;, = Attention(Qy,, K, V},) = softmax QhK; \" (2.5)
h h/ h/ h @ h .

where dj.pq = dyoq01/ H. The outputs from all H heads are concatenated
and projected via a final linear transformation W € R%modet *dmodel to pro-
duce the final output:

MHSA(E) = Concat(heady, ..., heady)Wq (2.6)
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These weight matrices {Wg, Wg, Wy, W} constitute the primary targets
for the parameter-efficient fine-tuning methods (specifically CLIP-LoRA)
discussed in Chapter 3.

From input to output

The vision encoder 6, processes the input image x as a sequence of flat-
tened patches, while the text encoder 6; processes BPE-tokenized text. Both
sequences are linearly projected to the hidden dimension 4,4, and aug-
mented with learnable position embeddings to retain spatial and sequen-
tial information. The final global representations are derived from specific
pooling tokens: the learnable classification token ( [CLS]) for the image and
the end-of-sequence token ([E0S]) for the text. For more details, we re-
fer the reader to [18] and [20]. Crucially, these pooled representations (in
R%model) are passed through a final linear projection layer to map them to
the joint embedding space (in R?) [16].

We now have the necessary components to map raw images and natu-
ral language descriptions into fixed-dimensional embedding vectors. How-
ever, we still require a mechanism to define how their learnable parameters
are optimized simultaneously. This missing piece is the objective function
that dictates training, ensuring that these two distinct modalities are ef-
fectively aligned within a shared embedding space. The following section
details this training objective, known as contrastive learning.

2.3.4 Contrastive Learning

CLIP is pre-trained via a contrastive learning objective on a massive dataset
of image-text pairs [16]. The fundamental goal is to construct a shared
multi-modal embedding space where the representations of matched image-
text pairs are pulled together, while those of non-matching pairs are pushed
apart.

Image and text embeddings

Consider a batch of N image-text pairs. The model consists of a vision
encoder 0, and a text encoder 6;. For each pair, we compute the normalized
feature embeddings f;, t; € R?, with representing the tokenized version
of the input text:

0o(xi) Ot (ci)

tp=-——_ =1, N. 2.7)

f'zir | — 7
Coletall” Tt 8]l
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We obtain N image embeddings {f,...,fy} and N text embeddings {t;,
..., ty}. Then we compute the cosine similarity for all N possible pairings
within the batch, resulting in a similarity matrix where the (i, j)-th entry is
givenby ft; fori,j € {1,...,N} (see Figure 2.3).

Symmetric loss function

The training objective maximizes the cosine similarity of the N correct
pairs (diagonal elements) while minimizing the similarity of the N> — N
incorrect pairs (off-diagonal elements). This is implemented via a symmet-
ric cross-entropy loss (InfoNCE). Specifically, for a given image embedding
f;, the probability of matching it to the text embedding t; is modeled using
a softmax distribution over all texts in the batch, scaled by a learnable tem-
perature parameter T:

Jimage _ exp(f t;/1)
K Liiq exp(£ t/7)

2.8)

Note that this matching problem effectively reduces to a classification task
over the batch. Crucially, this training mechanism mirrors the zero-shot
inference mechanism (Section ).

The image-to-text loss for sample i is then defined as the negative log-
likelihood of the correct text t;:

. . £t
LB — g (M) = og [ P H/T) 2.9)
Yi—1 exp(f; t&/T)

Symmetrically, a text-to-image loss £!**" is computed for each text embed-
ding t; over all images. The total contrastive loss Lcryp is the average of
these two losses over the batch:

Loup = % [image | ptext (2.10)
CLIP N - i i '

Minimizing this loss over the 400 million pairs dataset jointly optimizes 6,
and 6; to create an aligned multi-modal embedding space. This contrastive
objective enables the model to learn robust visual representations guided
by natural language supervision, establishing the foundation for the zero-
shot capabilities detailed next.
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Fig. 2.4 For zero-shot classification, the text encoder transforms K class
prompts into embedding vectors ty, ..., tx, forming a classification matrix
T. Prediction is performed by computing the dot product between the
image feature vector f and each text vector to find the maximum cosine
similarity.

Zero-Shot Classification

For a classification task with K candidate classes, we leverage the aligned
embedding space of the pre-trained VLM. We first construct textual de-
scriptions, termed prompts, for each category. For instance, a prompt may
take the form of a template a photo of a[classi],fork=1,...,K. These
prompts are processed by the text encoder 6; to produce normalized class
embeddings t; € RY. Simultaneously, a test image x; is mapped by the
visual encoder 8, to its normalized visual embedding f; € R".

Prediction
Classification is performed by computing the cosine similarity between the
image embedding and the set of class embeddings. The prediction logit for
class k is given by:

Lk = f b (2.11)

These logits are converted into a text-based posterior probability distribu-

tion over the K classes via the softmax function:
exp(lix/T)

<

Y1 exp(lij/T)

This formulation mirrors the contrastive training objective (Section 2.3.4)
by design. By treating the K class prompts as a batch of candidate texts,

six = P(y = k|x;) = (2.12)
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zero-shot inference effectively repurposes the pre-training mechanism to
discriminate between categories without requiring a specialized classifica-
tion head. The predicted label k; for image x; is simply the index maximiz-
ing this probability:

IAcl- = argmax s; . (2.13)

ke{1,..,K}

This allows the model to adapt to arbitrary categories defined in natural
language without retraining, as illustrated in Figure

Analogy to linear classifiers

Intuitively, this process can be viewed as generating a dynamic classifi-
cation weight matrix T € R?*K by concatenating the text embeddings
t1, ..., tx as columns. The vector of logits is then obtained via the matrix-
vector multiplication I; = £/ T. Unlike standard supervised classifiers
where the weight matrix contains fixed parameters optimized for a closed
set of classes, here the weights are dynamically generated by the text en-
coder.

Limitations and Motivation for Adaptation

While CLIP’s zero-shot capabilities are impressive, they are not without
limitations. The model’s performance is heavily dependent on the align-
ment between the pre-training distribution and the downstream task. Sig-
nificant domain shifts such as those encountered in satellite imagery (Chap-
ter 3) or medical histology (Chapter 5) can degrade zero-shot accuracy.
Moreover, even on the standard natural image benchmarks studied in this
thesis, which are often considered as in-domain, our experiments consis-
tently demonstrate that carefully designed adaptation yields substantial
performance gains.

These challenges motivate the need for robust adaptation strategies.
The remainder of this thesis explores methods to mitigate these issues:
improving performance through inductive few-shot learning (Chapter 3),
adapting to single samples at test time (Chapter 4), and leveraging trans-
ductive inference to exploit unlabeled data structures (Chapters 5 and 6).



Inductive Few-Shot Learning

Preliminary Note:

This chapter expands on the conference proceedings [1] and includes
additional results from [3]. It investigates inductive fine-tuning ap-
proaches for Vision-Language Models under weak supervision (i.e.,
few-shot learning). Specifically, we propose a parameter-efficient strat-
egy that injects trainable low-rank matrices into the attention layers,
allowing for robust adaptation while keeping the pre-trained back-
bone frozen.

This chapter also serves as an introduction to common adaptation
techniques for CLIP, such as popular few-shot adaptation methods,
the principles of which are shared with Chapters 4, 5, 6, and 7.
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Introduction

This chapter marks the beginning of our technical contributions by tackling
the fundamental challenge of few-shot learning, i.e., adapting models using
only a few labeled examples. Given the extensive existing literature on this
topic, it serves as an ideal entry point for understanding the mechanisms
of adapting contrastive Vision-Language Models (VLMs). Specifically, we
focus on the inductive paradigm (defined in Section 2.2), where adaptation
is confined entirely to the fine-tuning phase. In this setting, the model is
fine-tuned on the support set and then deployed to make predictions on
test samples independently, without further intervention.

Context and Research Positioning

Vision-Language Models (VLMs), such as CLIP [16], have emerged as pow-
erful tools for learning cross-modal representations [16,21-24]. Pre-trained
on extensive collections of image-text pairs with a contrastive objective,
they learn to align these two modalities, enabling zero-shot prediction by
matching the visual embeddings of the images and text descriptions (pro-
mpts) representing the target tasks. This joint representation space of vi-
sual and textual features has also opened up new possibilities in the pre-
training, fine-tuning, inference paradigm, through adaptation with very lim-
ited amounts of task-specific, labeled data [25-27], i.e., few-shot adapta-
tion. In this chapter, we will focus on the fine-tuning phase while the other
chapters will be oriented towards the inference phase.

The fine-tuning stage has triggered wide interest in NLP, where the
increase in the sizes of foundational models is going at a fast pace, with
some models boasting over 176 billion parameters [28], and even up to
540 billion [29]. To address this challenge, Parameter-Efficient Fine-Tuning
(PEFT) methods, which attempt to tune only a small subset of parameters
(in comparison to the original large models), have gained substantial atten-
tion [30]. Popular PEFT methods include selecting a subset of the existing
parameters [31], adding small trainable modules called adapters [32-36],
or adding trainable (prompt) tokens [37-39].

The original CLIP paper demonstrated that better textual descriptions
could greatly impact the zero-shot prediction [16]. This observation has
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been a strong motivation for the emergence of prompt tuning [37], a strat-
egy that has been widely adopted within the vision-language community,
following the seminal work of CoOp [25]. Indeed, CoOp popularized
prompt tuning in the setting of few-shot VLMSs. This has triggered a quite
substantial recent literature focusing on improving prompt-learning per-
formances for VLMs, in both the few-shot [25,26,40-45] and unsupervised
settings [46—48]. While prompt learning methods improve the zero-shot
performances, they incur heavy computational load for fine-tuning and
might be hard to optimize, since every gradient update of the input re-
quires back-propagating through the entire model.

Alongside this expanding prompt-tuning literature, there have been a
few attempts to propose alternative approaches for few-shot VLMs, gen-
erally relying on adapters [27,49,50]. However, the performances of such
adapters depend strongly on a set of hyperparameters (such as the learn-
ing rate, number of epochs, or parameters controlling the blending of im-
age and text embeddings) [51], which must be tuned specifically for each
target dataset. This is done via intensive searches over validation sets, re-
quiring additional labeled samples and incurring computational overhead,
which reduces their portability to new tasks.

Recently, a novel approach consisting of solely fine-tuning low-rank
matrices called Low-Rank Adaptation (LoRA) has appeared as a promis-
ing and practical method [52]. PEFT approaches, such as LoRA, have de-
mocratized the fine-tuning of large language models [53]. Far from merely
enhancing computational efficiency, empirical evidence has shown that, in
the large-scale fine-tuning setting, LoORA could match or even exceed the
performance of full fine-tuning (i.e., updating all model parameters) [52].
Although very promising/popular, and quite surprisingly, this fast-growing PEFT
literature [52-57] has found little echo in few-shot vision-language, where the
dominant approaches have mainly focused on prompt tuning [25,26,40,43-45] or
adapters [27,49,50].

Summary of Contributions

We propose CLIP-LoRA, a robust parameter-efficient fine-tuning method
for inductive few-shot learning. Our contributions are threefold:

(i) We introduce and systematically investigate the deployment of Low-
Rank Adaptation (LoRA) for few-shot VLMs. We thoroughly examine the
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primary design choices, including the selection of encoders (vision, lan-
guage, or joint), the specific attention weight matrices to adapt, and the
optimal rank (r).

(ii) We establish CLIP-LoRA as a high-performing and efficient base-
line. Through comprehensive empirical comparisons on ten natural image
datasets and ten satellite imagery datasets, we demonstrate that our simple
baseline consistently outperforms state-of-the-art methods by significant
margins, all while substantially reducing computational overhead.

(iii) We demonstrate that our approach is straightforward to deploy, as
it eliminates the need for intensive, per-task hyperparameter searches over
dataset-specific validation sets. We show that a single, consistent hyper-
parameter configuration achieves robust performance across all tasks and
shot counts, establishing a strong new baseline for future research.

Chapter Outline

The remainder of this chapter is structured as follows. Section 3.2 provides
the necessary context by reviewing the principles of few-shot fine-tuning
and the state-of-the-art inductive literature. Next, Section details the
core contribution of this chapter, low-rank adaptation (CLIP-LoRA) and its
main design choices. Section 3.4 presents a comprehensive experimental
validation through a systematic comparison of inductive methods on con-
ventional natural image benchmarks. Section 3.5 provides ablation studies
on those design choices such as rank and encoder selection. The evalua-
tion is then extended in Section 3.6 to remote sensing imagery. Finally, Sec-
tion 3.7 concludes the chapter by summarizing the key findings regarding
the efficiency and performance of low-rank few-shot adaptation in VLMs.

Few-Shot Fine-Tuning for VLMs

This section provides a broad overview of recent few-shot fine-tuning meth-
ods designed for VLMs, summarized in Figure

Fundamentals of VLM Classification

We build upon the zero-shot classification framework established in Sec-
tion ; we kindly invite the reader to refer to this section to familiarize
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themselves with the notations and concepts. Recall that for a test image x;
and a set of K class prompts, we can use the cosine similarity between the
visual embedding f; and the text embedding t;. This yields a probabilistic
prediction, in the form of a posterior softmax probability of class k given
test input x;, where T is a softmax-temperature parameter:

exp(li/T) T
w T T e e ) T
Hence, zero-shot classification of image x; is done by finding the class
with the highest posterior probability:

ki = argmax s; . (3.2)
ke{1,...,K}

In the few-shot setting, and to further adapt these models, we assume
that we have access to Ny, labeled samples for each target class, the so-
called support set S. |S| = Ng = Ngjo1sK denotes the total number of
support samples, and Ngposs (the number of shots per class) is typically
small (less than 16). Let y; , denote the one-hot encoded label for a labeled
support image x;, i.e., y; = 1if k is the class of image x; and 0 otherwise.
Then, we minimize the cross-entropy (CE) loss:

1 K
Lcg = ~Ne Yo ) viklnsig. (3.3)
S ieSk=1

This is done either (i) by fine-tuning the input prompts, ¢y, k =1, ..., K,
as in prompt-tuning methods [25,26,40,43,45,58]; or (ii) by updating a set
of additional parameters, as in adapters [27,49,50]. Note that other meth-
ods propose to tune additional intermediate tokens [58], which we include
under the category prompt tuning for a more general terminology. We will
now detail the two current strategies used in VLMs: Prompt tuning (P)
and Adapters (A), as well as Selective (S) methods before detailing our pro-
posed approach based on low-rank matrices (LoRA). All these approaches
can be encompassed into the broad term Parameter-Efficient Fine-Tuning
(PEFT). PEFT seeks to reduce the high expense of fine-tuning large-scale
models by concentrating on (re-)training a relatively small number of pa-
rameters. The choice of parameters often results in a trade-off among mem-
ory footprint, computational overhead, and performance [30]. A summary
is depicted in Figure
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(a) Prompt, Adapter and Low-rank techniques introduce
extra parameters for training, which may potentially ex-
tend training duration and/or memory footprint in com-
parison to selective methods. However, they have the ad-
vantage of being more flexible and are often easier to use.

Inference
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(b) Prefix and Adapter methods result in extra parame-
ters after adaptation, potentially increasing inference time
and memory footprint relative to the vanilla model. Con-
versely, LoORA merges newly trained low-rank matrices
with the original frozen ones, eliminating additional pa-
rameters at inference.

Fig. 3.1 Different categories of Parameter-Efficient Fine-Tuning (PEFT)
methods during (a) training, and (b) inference.
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3.2.2 Review of the Inductive Few-Shot Literature

Prompt tuning (P)
The way prompting is performed in VLMs could significantly impact the
ensuing performances [16]. To address this issue, soft prompt tuning [37,
] optimizes text-input tokens, which could be extended to intermedi-
ate layers [38]. Similarly, if a transformer-based architecture is used, these
learnable tokens can be inserted in intermediate layers of vision models [39].
In the context of few-shot VLMSs, context optimization (CoOp) [25] con-
structs text input ¢ as continuous trainable vectors:

e = (vi, ..., v, [classy]) (3.4)

Where M denotes a hyper-parameter, (Vblg <M are trainable text tokens,
and [classy] is a fixed token. The latter is the word embedding vector of the
name of the k' class. These trainable vectors are updated as task-specific
text prompts by using the standard supervised CE classification loss in
Eq. (3.3), along with the few-shot labeled samples. Prompt tuning has a
clear advantage over adapter-based methods: They remove the need for
heuristically choosing the text prompts, which are specifically engineered
for each task, and whose choice might affect the performances significantly.

The success of prompt tuning for adapting VLMs is undeniable [25, 26,
—45]. To describe a few in addition of CoOp. CoCoOp [40] trains a neural
network to generate instance-conditioned tokens based on the image. Fur-
ther efforts like ProGrad [26] and KgCoOp [43], among others [44], guide
prompts towards predefined handcrafted ones, for example, thanks to gra-
dients projection [26] with the idea of preserving initial knowledge during
learning. PLOT [45] is one of the first to adapt jointly the text and image
modalities. They propose to align learned prompts with finer-grained vi-
sual features through an optimal transport formulation. Following a simi-
lar trajectory, MaPLe [58] introduces intermediate learnable tokens within
both the vision and text encoders, while making them interdependent at
each level. While prompt-tuning methods improves significantly the per-
formances of classification, they incur heavy computational load for fine-
tuning and might be hard to optimize, since every gradient update of the
text input requires back-propagating through the entire model.
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Adapters (A)

Instead of updating the text prompts, another class of methods, called
adapters, augment the pre-trained model with extra parameters while keep-
ing the existing ones frozen [33]. This provides an efficient way to control
the number of trainable parameters. The idea has been recently explored
in the few-shot vision-language setting [27,49,50]. In this setting, adapters
could be viewed as feature transformations, via some multi-layer modules,
appended to the encoder’s bottleneck. This enables to learn transforma-
tions blending image and text features, with logits taking the following
form:

lix = 0a(f;, ) (3.5

where 6, denotes the additional trainable parameters of the adapter. These
are fine-tuned by minimizing the CE loss in (3.3), using the labeled support
set but now with logits [;  transformed by (3.5). This class of methods can
reduce the computational load in comparison with prompt-tuning tech-
niques. However, as pointed out recently in the experiments in [51], their
performances might depend strongly on some key hyperparameters that
have to be adjusted specifically for each downstream task, which reduces
their portability to new tasks.

Nonetheless, adapter-based methods offer an alternative strategy to
prompt tuning and are increasingly studied [27,49, 50, 59]. For instance
CLIP-Adapter [49] learns visual adapters to combine adapted and origi-
nal features. A few other methods only access the final embedding state.
Examples include Tip-Adapter(-F) [27] using a cache model in few-shot
learning and TaskRes [50] which keeps the original text weights frozen and
introduces task residual tuning to learn task-specific adapters built on the
initial knowledge.

Selective (S)

For completeness, we further discuss other methods in this paragraph but
they will not be studied in the remainder of this chapter. Selective meth-
ods focus on a subset of the existing model weights. Among these, Bit-
Fit [31] fine-tunes only the biases of both the attention and MLP layers in
the transformer blocks, while other approaches prune the model to create
a task-specific subset of parameters [60]. Specifically for few-shot learning
with CLIP, fine-tuning the affine parameters of the Layer Normalization
layers has been demonstrated to be an effective adaptation strategy [61].
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Low-Rank Adaptation (LoRA)

LoRA [52] models the incremental update of the pre-trained weights as the
product of two small matrices, A and B, based on the idea of “intrinsic
rank” [62,63] of a downstream task. For an input x, a hidden state h, and
a weight matrix W € R%u*din, the modified forward pass, following the
application of a LoRA module, is:

h = Wx+ yAWx = Wx + yBAx (3.6)

where A € R4 and B € R%ut*" with rank r < min(d;,, doyt), and
7 is a scaling factor. A is initialized with random Gaussian noise and B
with zeros, ensuring that the update AW is initially zero. This implies
that there is no incremental update before training, and therefore, the out-
put remains unchanged. LoRA is typically applied to the multi-head self-
attention (MHSA) weight matrices {Wq, Wy, Wy, W }. Rather than re-
introducing the architecture here, we refer the reader to Section (specif-
ically Egs. 2.4-2.6), which details the MHSA mechanism.

Crucially, the learned matrices A and B can be merged into W after
training (W' = W + 9BA), ensuring zero additional inference latency.
Note that other works extend this approach to the feed-forward module’s
weight matrices [64]. LoRA can be viewed as an adapter approach, yet
it offers the advantages of selective methods by providing a direct aggre-
gation of its module, eliminating the need for extra parameters at the in-
ference stage. Several versions of the original LoRA have since appeared,
some focusing on making the rank adaptive for each matrix [54, 55], oth-
ers pushing its performance [56, 57, 65] or reducing its memory footprint
through quantization [53, 66].

CLIP-LoRA: Few-Shot Low-Rank Adaptation of VLMs

Main design choices

We identify three principal design considerations: (i) the choice between
tuning the vision encoder, the text encoder, or both, including the specific
layers to adjust; (ii) the selection of attention matrices for tuning; and (iii)
the determination of the appropriate rank for these matrices. We explore
these aspects across three datasets: ImageNet [17], Stanford Cars [67], and
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EuroSAT [68]. ImageNet was selected for its broad diversity, while the
latter two were chosen for their distinctive behaviors. Ablation studies on
these design choices are discussed in Section 3.5 for seven different groups
of adapted attention matrices and increasing rank value.

Implementation details

A straightforward way to apply LoRA in vision-language is to apply it to
all the matrices of the vision and text encoders. However, due to the rela-
tively limited supervision inherent to the few-shot setting, we only apply
low-rank matrices to the query, key and value matrices (Wg, Wy, Wy) with
a rank of r = 2. We regularize the input of the LoORA module by a dropout
layer with p = 0.25 [52]. The number of iterations is set equal to 500 times
Nipots (the number of labeled samples per class). We use a learning rate of
2 x 10~*, with a cosine scheduler and a batch size of 32, so that all train-
ing could be performed on a single GPU of 24 GB. These hyper-parameters
are kept fixed across all the experiments. The input prompt is simply set to
“a photo of a [classi]”, k = 1,...,K, for every dataset, to emphasize
the applicability of CLIP-LoRA without resorting to complex initial man-
ual prompting. Note that the LoORA modules are positioned at all levels of
both encoders. The impact of the rank and the location of the LoRA mod-
ules is studied in the following, before comparing low-rank adaptation to
other existing inductive few-shot methods.

Experimental Validation on Natural Images

Experimental Setup

Datasets

We use conventional benchmarks composed of 11 datasets for fine-grained
classification, namely Imagenet (I.) [17], SUN397 (SUN) [69], Aircraft (Air.)
[70], EuroSAT (SAT) [68], StanfordCars (Cars) [67], Food101 (Food) [71],
OxfordPets (Pets) [72], Flowers102 (Flow.) [73], Caltech101 (Calt.) [74], DTD
(DTD) [75], UCF101 (UCF) [76]. These datasets offer a thorough bench-
marking framework for evaluating few-shot visual classification tasks.

Models
We report performance on the CLIP ViT-B/16 backbone [16] and additional
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results on the ViT-B/32 and ViT-L/14 versions.

Evaluation protocol

We follow the standard few-shot learning evaluation protocol by varying
the number of labeled support examples per class, denoted as Nghors €
{1,2,4,8,16}. For each Ny configuration, we randomly sample the sup-
port set S from the training data. The models are then fine-tuned using the
samples indexed by S and evaluated on the full test set. To account for the
variability inherent in few-shot sampling, we report the top-1 classification
accuracy averaged over three random seeds.

Comparative methods

We compare CLIP-LoRA to several prompt-based methods: CoOp [25] (16)
with 16 learnable tokens, CoCoOp [40], PLOT++ [45] which is an adapta-
tion of the original PLOT proposed by the same authors specifically de-
signed for transformer architectures, KgCoOp [43], MaPLe [58] for which
we follow the training procedure of their "base-to-new" setting, ProGrad [26]
with 16 tokens. We also report adapter-based methods: Tip-Adapter-F [27]
for which we reduce the validation set to a reasonable size of min(Nghos, 4),
TaskRes [50] for which we only report the not enhanced base performance
due to its unavailability for all datasets, shots, and backbones studied in
this paper. This diversity of techniques provides valuable insight into
which parameters are most relevant to tune. For each method, we adopt
the original hyperparameter settings specified in their respective publica-
tion if not specified otherwise. For example, for TaskRes, despite some
questionable arbitrary choices as discussed in [51], we keep their specific
hyperparameters while CLIP-LoRA uses the same hyperparameters (see
Section 3.3) for every task.

Results

Comparison to state-of-the-art

The strongest adapter-based method in Table 3.1 is Tip-Adapter-F, which
is not competitive with CLIP-LoRA despite relying heavily on arbitrary
hyper-parameters for each dataset (namely the starting value of their «, 8
as well as the search range during validation). We can conclude the same
for TaskRes, which also relies on arbitrary choices for a given dataset, i.e.,
a specific learning rate for ImageNet and a specific scaling factor for the
Flowers dataset. Regarding prompt-based approaches, Table shows
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Table 3.1 Detailed results for 11 datasets with the ViT-B/16 as visual
backbone. Highest value is highlighted in bold, and the second highest
is underlined.

Method L SUN Air. SAT Cars Food Pets Flow. Calt. DTD UCF Average
CLIP 66.7 626 247 475 653 861 891 714 929 436 667 65.1
CoOp 657 670 208 564 675 843 902 783 925 501 712 67.6
CoCoOp 694 687 281 554 676 849 919 734 941 526 704 68.8

TIP-Adapter-F 694 672 288 678 671 858 906 838 940 516 734 709
CLIP-Adapter 679 654 252 493 657 861 89.0 713 920 442 669 65.7

E PLOT++ 665 668 286 654 688 862 919 805 943 546 743 70.7
£ KgCoOp 689 684 268 619 667 864 921 747 942 527 728 69.6
TaskRes 69.6 681 313 654 688 846 902 817 936 538 717 70.8
MaPLe 69.7 693 281 291 676 84 914 749 936 500 711 66.4
ProGrad 670 670 288 570 682 849 914 809 935 528 733 69.5
CLIP-LoRA 704 704 302 723 701 843 923 832 937 543 763 72.5
CoOp 68.8 697 309 697 744 845 925 922 945 595 776 74.0
CoCoOp 70.6 704 306 617 695 863 927 815 948 557 753 71.7
TIP-Adapter-F 707 708 357 768 741 865 919 921 948 598 781 75.6
CLIP-Adapter 68.6 680 279 512 675 865 908 731 940 461 706 67.7
E PLOT++ 704 717 353 832 763 865 926 929 951 624 79.8 76.9
i KgCoOp 699 715 322 718 695 869 926 870 950 587 77.6 73.9
TaskRes 71.0 727 334 742 760 8.0 919 8.0 950 601 762 747
MaPLe 706 714 301 699 701 8.7 933 849 950 59.0 771 73.5
ProGrad 702 717 341 696 750 854 921 911 944 597 779 74.7
CLIP-LoRA 714 728 379 849 774 827 910 937 952 638 811 77.4
CoOp 719 749 432 850 829 842 920 968 958 69.7 83.1 80.0
CoCoOp 711 726 333 736 723 874 934 891 951 637 772 754
TIP-Adapter-F 734 760 446 859 823 868 926 962 957 708 839 80.7
. CLIP-Adapter 698 742 342 714 740 871 923 929 949 594 802 75.5
2 PLOT++ 726 760 467 920 846 871 936 976 960 714 853 82.1
& KgCoOp 704 733 365 762 748 872 932 934 952 687 817 77.3
™ TaskRes 73.0 761 449 827 835 869 924 975 958 715 840 80.8
MaPLe 719 745 368 875 743 874 932 942 954 684 814 78.6
ProGrad 721 751 430 836 829 858 928 966 959 688 82.7 79.9

CLIP-LoRA 73.6 761 547 921 863 842 924 98.0 964 720 86.7 83.0

that CoOp and ProGrad are outperformed by a large margin. The strongest
competitor is PLOT++. PLOT++ necessitates a two-stage training (each of
50 epochs for ImageNet) as well as several dataset-specific textual tem-
plates for their optimal transport formulation, reducing its portability to
other downstream tasks. Overall, CLIP-LoRA performs better, especially
on ImageNet, UCF101 and Aircraft, while being more practical. However,
it underperforms on two datasets, Food101 and OxfordPet, where few-shot
learning offers minimal improvement. This may be attributed to the lack of
regularization, considering we use straightforward cross-entropy loss. We
observe a similar trend with CoOp, whereas approaches that incorporate
explicit regularization, such as ProGrad, do not exhibit this issue. Note
that more detailed results, including for 2 and 8 shots, are available in the
Appendix of the CLIP-LoRA paper [1].
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Fig. 3.2 Detailed few-shot learning results on the 10 fine-grained datasets
and ImageNet with the ViT-B/16 visual backbone. Average performance
for the ViT-B/16, ViT-B/32 and ViT-L/14 on the same 11 datasets is re-
ported in the last three plots, respectively.

Vision encoders

As depicted in Figure 3.2, CLIP-LoRA surpasses, on average, the other few-
shot methods with both the ViT-B/32 architecture and the larger ViT-L/14.
This further supports the versatility of our approach. Detailed results for
the three backbones are available in the Appendix of the CLIP-LoRA pa-

per [1].
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Table 3.2 Training time on 16-shot ImageNet task. Experiments were
conducted on a single A100 80GB with the original code provided by the
authors. For PLOT++ the time reported includes the 2 training stages.

Method Training time
CoOp 2h
PLOT++ 15h30
ProGrad 3h20

CLIP-LoRA 50 min.

Computational efficiency

Table 3.2 compares the training time of the leading prompt-learning meth-
ods; CLIP-LoRA achieves better performance with shorter training. More-
over, the best performing adapter method, namely Tip-Adapter-F, depends
on a large cache model that stores embeddings for all instances across ev-
ery class. In contrast, LORA merges its adapted matrices at the inference
stage, thereby eliminating the need for extra memory beyond what is re-
quired by the original model.

Ablation Studies

Encoder selection

With the exception of EuroSAT, where adapting solely the vision encoder
shows marginally better stability, tuning both encoders concurrently is the
most effective strategy, leading to significant enhancements. This aligns
with recent approaches that incorporate additional vision tokens [45,58] to
augment performance beyond text-only prompt tuning, as seen in CoOp [

Target matrices

Among the four attention matrices studied, adapting value or output ma-
trices (Wy and W) appears to be the best strategy, showing quite con-
sistent differences in performance. Moreover, as discussed in the original
LoRA paper and subsequent works [52, 55], adapting a larger number of
weight matrices can lead to better results. However, it can also decrease
performance, as demonstrated on ImageNet and StanfordCars with high
rank. This is in line with recent methods that aim to dynamically adjust
the rank of the matrices [54,55].
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Fig. 3.3 Top-1 accuracy with 4-shot for different matrices of the attention
bloc and increasing rank, when the low-rank matrices are positioned at
every level of the encoders (All). The fourth bar plot study the impact of
positioning the low-rank matrices only on the half last levels (Up), the first
half levels (Bottom), or at every level (All).

Layer-wise placement

Finally, the impact of LoORA module placement (on the lower half (bottom)
or the upper half (up)) is illustrated in the bar plots of Figure 3.3 with vary-
ing performance and no clear winner. We found it more effective to add
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LoRA modules across all layers. In comparison, in the context of LLMs,
AdaLoRA [55] suggests that allocating a larger rank to the middle and last
layers rather than the first ones yields better results. Similar strategies ap-
plied for VLMs could reveal promising avenues for future research.

Extension to Satellite Imagery

Remote Sensing (RS) imagery has become essential in a wide range of ap-
plications, ranging from environmental monitoring, to data-driven farm-
ing, as well as emergency disaster response [77-79]. These diverse appli-
cations require swift and precise scene classification to extract valuable in-
sights from available visual data. Early works in RS scene classification pri-
marily relied on supervised learning methods [80]. Despite their success,
supervised learning methods face significant limitations, such as poor gen-
eralization capabilities. Moreover, supervised learning requires extensive
carefully labeled datasets for training which is a big issue when consid-
ering the large-scale nature of RS imagery. As a result, researchers have
shifted focus towards alternative strategies that aim to reduce dependency
on extensive annotations and improve the scalability of RS image scene
classification models [81-84].

While the above few-shot adaptation methods have been extensively
explored on natural image classification on the base CLIP model, no work
has provided a structured benchmark for few-shot adaptation on RS-specific
tasks such as scene classification. We introduce the first structured bench-
mark to evaluate and compare RS-VLMs under a few-shot setting; per-
forming extensive experiments across ten RS datasets, three specialized
vision-language models, and five state-of-the-art few-shot adaptation tech-
niques including our proposed CLIP-LoRA.

Experimental Setup

Datasets

The few-shot benchmark is composed of ten RS scene classification datasets:
AID (AID) [85], EuroSAT (SAT.) [68], MLRSNet (MLRS) [86], OPTIMAL31
(OPT.) [87], PatternNet (Pat.) [88], RESISC45 (RES.) [89], RSC11 (RSC.) [90],
RSICB128 (R128) [91], RSICB256 (R256) [91], and WHURS19 (WHU.) [92].
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Fig. 3.4 Performance evaluation of four vision-language models
(GeoRSCLIP, RemoteCLIP, ,and ) using five different few-
shot adaptation methods. Results are computed with ViT-B/32 backbone
and represent the average performance across the ten benchmark datasets.

These datasets cover a wide range of sizes, with sample counts ranging
from ~ 103 to ~ 10° per dataset. They also include varying numbers of
classes, from coarse-grained classification with 10 classes to fine-grained
scene classification with up to 46 classes.

Models

We implemented three RS-VLMs in our benchmark: RemoteCLIP [93],
GeoRSCLIP [94], SkyCLIP [95], as well as the original CLIP [16]. These
three RS-VLMs are all fine-tuned variants of the original CLIP. By includ-
ing this variety, we aim to assess how different pretraining data influences
performance on RS scene classification tasks. All four models are tested
with RS-specific text-prompt templates of the form "a satellite photo
of a [class]." to generate text embeddings.

Comparative methods

In our proposed benchmark, we assess few-shot adaptation using five meth-
ods: CoOp [25], MaPLe [58], TaskRes [50], Tip-Adapter [27], and CLIP-
LoRA [1]. These popular methods encompass a diverse range of adapta-
tion techniques, including prompt tuning (which introduces learnable to-
kens as new trainable parameters), adapter-based strategies (which insert
additional trainable layers, typically at the output of the model), and low-
rank fine-tuning (which incorporates learnable low-rank matrices into the
intermediate weights). This diversity of techniques provides valuable in-
sight into which parameters are most relevant to tune. For each method,
we adopt the original hyperparameter settings specified in their respective
publication.
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Table 3.3 Detailed results of five different few-shot adaptation meth-
ods on GeoRSCLIP ViT-B/32 backbone. Experiments are conducted the
ten benchmark datasets for shot values of 1, 2 and 4. For each sce-
nario, the highest value is marked in bold and the second highest value
is underlined.

Method AID SAT MLRS OPT. Pat. RES. RSC. R128 R256 WHU. Average
GeoRSCLIP 709 532 649 796 761 691 659 288 451 870 64.1

CoOp 80.0 689 69.0 836 881 740 825 61.7 728 90.8 77.1
5 MaPLe 798 643 697 852 861 775 792 573 639 928 756
—% TaskRes 81.7 71.8 73.7 88.0 895 799 837 649 705 93.5 79.7
~ Tip-Adapter 750 60.1 699 830 856 747 738 407 588 915 713

CLIP-LoRA 758 734 704 870 89.1 759 850 668 77.2 93.5 794

CoOp 861 760 747 872 913 797 866 725 8L5 945  83.0
= MaPLe 829 754 740 864 883 802 834 579 713 954 79.5
< TaskRes 845 765 779 89.1 91.7 836 847 685 756 937 82.6
2 Tip-Adapter 81.3 715 730 862 900 80.0 819 581 726 96.1 79.1

CLIP-LoRA 80.0 833 732 882 909 792 881 779 86.6 96.3 84.4

CoOp 879 857 776 89.0 930 823 89.1 827 87.8 964  87.1
5 MaPLe 863 847 770 895 921 83.6 89.0 677 809 964 84.7
< TaskRes 878 844 794 914 928 852 880 715 784 950 854
* Tip-Adapter 89.3 800 779 902 93.6 843 881 773 857 972 86.4

CLIP-LoRA 838 883 768 902 939 81.8 89.2 852 925 96.5 87.8

3.6.2 Results

RS-VLM Evaluation

Figure 3.4 presents the average performance of the evaluated models across
the ten datasets in our benchmark. All models are compared using the
same backbone (ViT-B/32), which allows us to isolate the impact of the
pretraining procedure (i.e., the dataset used, objective functions, and do-
main alignment) from the effects of architectural differences. The results
clearly show that GeoRSCLIP consistently outperforms the other models
across all few-shot adaptation methods.

An interesting observation is that zero-shot performance is not always a
reliable indicator of few-shot adaptation performance. For instance, while
GeoRSCLIP and SkyCLIP exhibit similar zero-shot accuracy on average,
GeoRSCLIP demonstrates better performance in the few-shot setting. Simi-
larly, although SkyCLIP slightly outperforms RemoteCLIP in the zero-shot
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Table 3.4 Average accuracy across the ten benchmark datasets for higher
shot values of 8 and 16 using GeoRSCLIP ViT-B/32 backbone. For each
scenario, the highest value is marked in bold and the second highest value
is underlined.

Method 1-shot 8-shot 16-shot

CoOp 77.1 90.2 92.6
MaPLe 756 872 90.4
TaskRes 79.7 86.5 90.0

Tip-Adapter 713 915 94.0
CLIP-LoRA 794 912 934

setting, their few-shot performance is nearly equivalent across different
values of Ngpots. Additionally, it is evident that even one-shot adaptation
leads to significant improvements over zero-shot evaluation across all four
models considered.

Comparison of few-shot adaptation strategies

Table 3.3 presents detailed results across the ten datasets for the GeoRSCLIP
ViT-B/32 model. While LoRA performs best on average for 1 and 2 shots,
the results vary significantly depending on the dataset and the number of
shots. This suggests that the most effective parameters to tune may depend
on the task. For example, CoOp, which adapts the input text prompts,
performs particularly well on AID. TaskRes, which modifies output text
embeddings, excels on RSICB128. CLIP-LoRA, which tunes intermediate
model weights, offers strong average performance overall. Additionally,
Tip-Adapter tends to underperform in low-shot settings, but the perfor-
mance gap narrows as the number of shots increases to four. MaPLe per-
forms the worst among the methods studied, likely because it was primar-
ily designed for generalization to new classes and/or domains. These dif-
ferences underline the need for more robust and adaptable few-shot adap-
tation methods tailored to the unique challenges of RS.

This highlights the importance of selecting the most suitable adapta-
tion strategy based on the available level of supervision. It also points to
promising research directions for developing methods that can maintain
strong performance across a broad range of supervision levels.
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Table 3.5 Detailed results of GeoRSCLIP with various backbones. For
each scenario, the highest value is marked in bold and the second highest
value is underlined.

Method ViT-B/32 ViT-L/14 ViT-H/14
CoOp 77.1 81.1 73.9
= MaPLe 75.6 78.9 67.4
f,, TaskRes 79.7 80.3 71.9
~ TIP-Adapter 713 76.9 78.9
CLIP-LoRA 794 83.4 84.3
CoOp 83.0 86.4 80.6
= MaPLe 79.5 82.8 69.4
< TaskRes 82.6 83.6 76.8
2 TIP-Adapter 79.1 82.9 83.7
CLIP-LoRA 84.4 87.2 87.1
CoOp 87.1 89.5 85.6
= MaPLe 84.7 85.9 74.5
< TaskRes 85.4 83.6 77.9
¥ TIP-Adapter  86.4 89.0 892
CLIP-LoRA 87.8 90.2 90.4

Model size

Finally, in Table 3.5, we analyze how the trends observed in earlier sections
evolve when scaling to larger backbones. Interestingly, TaskRes demon-
strates superior performance compared to LoRA on the larger ViT-H/14
backbone (986M parameters), a stark contrast to its performance on smaller
backbones such as ViT-L/14 (307M parameters) and ViT-B/32 (87M pa-
rameters). Furthermore, prompt-tuning methods like CoOp and MaPLe
experience significant performance drops when scaled to the ViT-H/14
backbone. The results suggest that the configuration of TaskRes, initially
developed for smaller backbones, may exhibit better generalization com-
pared to more complex methods like LoRA or CoOp.

These results emphasize the need of evaluating performance across dif-
ferent backbone sizes, as the choice of backbone may be influenced by the
specific practical constraints of each application.
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Conclusion of Chapter 3

In this chapter, we addressed the challenge of inductive few-shot adapta-
tion for contrastive Vision-Language Models. We introduced CLIP-LoRA,
a method that integrates low-rank adaptation directly into the encoder ar-
chitecture, offering a computationally efficient and stable alternative to
prevailing prompt-tuning and adapter-based approaches. Our extensive
evaluation demonstrated that CLIP-LoRA yields state-of-the-art performa-
nce across diverse benchmarks, including specialized domains like remote
sensing. We showed that this method is competitive with, and in the ma-
jority of cases outperforms, existing techniques, all while relying on fixed
hyperparameters for every dataset and number of shots. It is important
to note that using fixed hyperparameters is not the current standard in
this literature; through CLIP-LoRA and its widely accessible open-source
codebase’, we aimed to raise awareness within the community regarding
this critical issue. Consequently, the constraint of achieving generalization
without dataset-specific hyperparameters will serve as a central theme for
this thesis, guiding the design of the test-time adaptation and transductive
methods developed in the next chapters.



https://github.com/MaxZanella/CLIP-LoRA




Test-Time Adaptation from
a Single Sample

Preliminary Note:

This chapter expands on the conference proceeding [4], presenting
a novel MeanShift-inspired algorithm for test-time augmentation
that jointly optimizes a density mode and an inlierness score for each
augmented view. Mathematical details regarding convergence are
provided in the Appendix (Section 4.6).

Before starting the chapter, readers are encouraged to familiarize
themselves with the basic principles of CLIP (Chapter 2) and the
overview of the few-shot adaptation literature (Section ). Addi-
tionally, familiarity with the Concave-Convex Procedure (CCCP) [96]
is recommended.
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Introduction

Following our investigation of the fine-tuning phase in the previous chap-
ter, a natural progression is to now address the inference stage. In this
chapter, we focus specifically on inductive single-sample adaptation, explor-
ing how to enhance the accuracy of either (i) a zero-shot model or (ii) a
model previously tuned via inductive few-shot learning, using only the
test instance at hand. This approach stands in contrast to the methods pre-
sented in later chapters, which target prediction improvements over an en-
tire batch of data simultaneously (i.e., transductive inference). By showing
that robust performance improvements can be realized on a single image
without heavy computation, this chapter sets the stage for a broader explo-
ration of efficient test-time adaptation strategies.

Context and Research Positioning

The joint feature space of visual and textual features enables zero-shot
recognition, without any task-specific data. For instance, given a set of can-
didate classes, one can create textual class descriptions (e.g., “a photo of
a[classk]”). This text is then converted into an input embedding sequence
¢x, which is mapped to a final embedding representation t; = 6(cx) via
the language encoder. Similarly, an image x is projected in the same em-
bedding space f = 6,(x) using the visual encoder. Then, one can classify
this image by measuring the similarity between these two encoded modali-
ties and predicting the class corresponding to the most similar embedding,
k=arg max; f ' t;.

Despite their impressive capabilities, these models still encounter sub-
stantial challenges and may yield unsatisfactory responses in complex sit-
uations [16,97]. These issues are particularly pronounced when confronted
with the pragmatic constraints of real-world scenarios, where labeled data
can be scarce (i.e., few-shot scenarios) or completely absent (i.e., zero-shot
scenarios [98]), thus limiting their broader usage. Consequently, there has
been a growing interest in enhancing the test-time generalization capabili-
ties of these vision-language models [47,48,99-101].

As discussed in Chapter 3, empirical findings that improved textual
descriptions can positively impact zero-shot predictions have sparked in-
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terest in refining prompt quality for downstream tasks. Soft prompt learn-
ing, which utilizes learnable continuous tokens as input has rapidly gained
popularity [25]. Since then, prompt tuning has appeared as the prominent
approach for adapting vision-language models [102] across both unsuper-
vised [46-48] and few-shot scenarios [25,26,40-45].

In parallel, test-time augmentation, which has been extensively used in
the computer vision community [103,104], is now emerging in the vision-
language field, with a focus on prompt tuning [47,48]. Instead of exploit-
ing a single image x, test-time prompt tuning techniques leverage multiple
embeddings (f,)1<p<n, each derived from a different augmented view
(xp)1<p<n of the same original image x. Afterwards, the prompt is op-
timized by forcing consistency of the predictions among these different
views [47]. The final classification step is then performed by computing
the similarity between the original image encoding and the optimized tex-
tual embedding t, k = argmax, f" te.

These novel research directions underscore the increasing attention in
enhancing these models’ robustness, especially in zero-shot scenarios, thr-
ough data augmentation at test-time. Alongside this expanding literature,
we ask the following question: Can we improve the image representation £ di-
rectly in the embedding space, achieving superior results in a way that is more
efficient than prompt tuning?

Concurrently, there has been a surge in the use of proprietary and closed
APIs that encapsulate advanced machine learning functionalities, often
termed black boxes due to their limited transparency, offering little insight
into their internal mechanisms or architectures. Yet, they are crucial in ex-
ecuting a wide spectrum of tasks in vision and NLP, introducing new chal-
lenges in model adaptation [105]. The field of NLP, in particular, has seen
an emerging literature on few-shot adaptation of black-box models [106],
driven by the reality that large-scale models (e.g., GPT family [107, 108],
Palm [109]) are only accessible via APIs and their pretrained weights are
not publicly available. Optimizing prompts, which necessitates gradient
computation from output back to input, a memory-intensive and time-
consuming process, is impractical in the context of API-reliant applica-
tions. In contrast, our approach does not require extra assumptions about
the model’s internal states or architecture, making it suitable for black-box
applications.
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Summary of Contributions

We introduce a robust multi-modal MeanShift Test-time Augmentation
(MTA), which enhances the zero-shot generalization of CLIP models, lever-
aging different augmented views of a given image. Our key contributions
are as follows:

(i) We propose a robust MeanShift formulation, which automatically
manages augmented views in test-time augmentation scenarios by opti-
mizing inlierness variables. Used as a versatile plug-and-play tool, MTA
improves the zero-shot performance of various models on a large variety
of classification tasks, without any hyperparameter tuning.

(ii) We report comprehensive evaluations and comparisons to the ex-
isting test-time prompt tuning techniques on 15 datasets, showing MTA'’s
highly competitive performances, although it operates in limited access
(i.e., final embedding) and training-free mode. This makes MTA suitable
for both standalone and API-based applications.

(iii) Deployed easily atop current state-of-the-art few-shot learning me-
thods, MTA brings consistent improvements, a benefit not observed with
test-time prompt tuning.

Chapter Outline

The remainder of this chapter is structured as follows. Section 4.2 intro-
duces the concept of test-time augmentation as a methodology to enhance
model robustness by generating multiple variations of a single sample at
inference. Next, we detail our core contribution: the robust multi-modal
MeanShift (MTA) algorithm, explaining its foundational formulation and
the block coordinate descent optimization procedure. Section 4.3 validates
the effectiveness of MTA with extensive experiments, showcasing its su-
perior performance over prompt tuning in zero-shot and few-shot settings
across 15 datasets. Section 4.4 provides ablation studies on the key com-
ponents of MTA. The chapter concludes in Section 4.5 with a summary of
key findings regarding MTA's efficiency and plug-and-play applicability
for single sample adaptation. Finally, the Appendix (Section 4.6) provides
the necessary mathematical proofs for the convergence of the proposed al-
gorithm.
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Robust Multi-Modal MeanShift

Test-time augmentation

Data augmentation during training is widely recognized for its capacity to
enhance model robustness [110,111]. Also, its utility extends to test-time
applications [103, 104]. In particular, test-time augmentation can be used
on a single image [103] to adapt models with an entropy minimization
term. The latter is often used in the context of unsupervised adaptation,
but is deployed differently in this augmentation setting, enforcing consis-
tent predictions across the various augmented views.

This idea is further developed for vision-language models with test-
time prompt tuning (TPT) [47], where a prompt is optimized to make con-
sistent predictions among light augmentations inspired by Augmix [110].
DiffTPT [48] builds up on this work by adding generated images from
Stable Diffusion [112] to acquire more diverse views. Both works show
improvements when selecting a subset of the augmented views. Specifi-
cally, TPT utilizes only the 10% most confident views, and DiffTPT mea-
sures the similarity with the original image, keeping the unconfident but
correctly classified augmentations. We also demonstrate that filtering the
augmented views can substantially improve test-time augmentation tech-
niques. Additionally, our method does not rely on arbitrary hard thresh-
olds; instead, we directly integrate the weighting of the augmented views
in our optimization procedure thanks to inlierness variables.

Problem formalization

Similarly to the test-time generalization setting recently introduced in TPT
[47], let us assume that we are given a set of image samples (xp)1<p<n,
which correspond to N distinct augmented views of a given test sample x.
It is important to note that our method is applicable on top of any type of
augmentations. Let f, = 6, (x,) denote the vision-encoded feature embed-
ding corresponding to augmented sample x,, 6, being the vision encoder
of the CLIP pre-trained model.

A straightforward way to use the ensemble of augmentations is to per-
form the zero-shot prediction based on their mean embedding, thereby giv-
ing exactly the same importance to all augmented samples, independently
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of the structure of the data. However, the augmentations may include de-
generated views, which correspond to outliers, e.g., in the form of isolated
data points or small regions with little structure within the feature space.
Such outliers may bias global statistics like the mean.

Formulation

We hypothesize that robust statistics like the modes of the density of the
set of augmented views could provide better representations. Augmented
views presenting major characteristics of the concept to be recognized are
likely to be projected close to the original image and close to each other.
This motivates our formulation, which could be viewed as a novel ro-
bust and multi-modal extension of the popular MeanShift algorithm [113],
an unsupervised procedure for finding the modes of the distribution of a
given set of samples. In our case, we explicitly model and handle the po-
tential presence of outliers in the estimation of the kernel density of the set
of feature vectors (f;)1<,<n. To do so, we introduce a latent assignment
vector u = (Up)1<p<N € AN, with AN = {fu € [0,1]N | 1Tu = 1}
the probability simplex, and propose to minimize the following objective
function:

min £(m,u) st ue AN with

m,u

N
A
L(m,u) =— ) upK(f, —m) — > Y wpqupitg — AuH(u) (4.1)
p=1 p4q

In the following, we describe the notations occurring in our model in Eq.
(4.1), as well as the effect of each of its terms:

Robust KDE (first term)

K is a kernel function measuring a robust affinity between f, and m, e.g.,
a Gaussian kernel [114]: K(f, — m) o exp(—||f, — m||?/h?), where I is the
kernel bandwidth. When variables u, are fixed to 1 Vp, the first term re-
duces to the kernel density estimate (KDE) of the distribution of features at
point m. Clearly, minimizing this term w.r.t m yields the standard Mean-
Shift algorithm for finding the mode of the density (i.e., the point maximiz-
ing it). In our model, the additional latent variable u, evaluates the inlier-
ness of the pth augmented view, i.e., the model’s belief in f, being an inlier
or not within the whole set of augmented-view embeddings (f;)1<p<n-
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Score u, € [0,1] is high when the model considers the pth sample as an
inlier, enabling it to contribute more in the KDE evaluation in (4.1), and
small (closer to 0) otherwise.

Text-knowledge guided quadratic term (second term)

This term encourages samples with nearby text-based zero-shot predic-
tions to have similar inlierness scores u,. Specifically, we construct the pair-
wise affinities wy, 4 in the second term of (4.1) from both the text and vision
embeddings as follows. Let s, € RX denote the text-driven softmax pre-
diction based on the zero-shot text embedding for the pth sample, i.e., the
kth component of sp is given by:

exp(lp k/T) T
Sy p = — PR g 42
pk Z]K:l(exP /7 pk = £t (4.2)

where 7 is the temperature scaling parameter of the CLIP model. Affinities
wy,q are given by:
Wy = 5p g (43)

The Shannon entropy (third term)
H(u) is the Shannon entropy defined over simplex variables as follows:

N
H(u)=— ) uplnu, (4.4)
p=1

This term acts as a barrier function, forcing latent variable u to stay within
the probability simplex. Furthermore, this entropic regularizer is neces-
sary to avoid a trivial solution minimizing the quadratic term (i.e., up = 1
dp.), as it pushes the solution toward the middle of the simplex (i.e., u, =
1/N Vp).

Block coordinate descent optimization

Our objective in (4.1) depends on two types of variables: m and u. There-
fore, we proceed with block-coordinate descent alternating two sub-steps:
one optimizing (4.1) w.r.t u and keeping density modes m fixed, while the
other minimizes (4.1) w.r.t m with the inlierness variables fixed.
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Optimization w.r.t y via the concave-convex procedure

When m is fixed, our objective £(u, m) could be minimized efficiently w.r.t
u using the Concave-Convex Procedure (CCCP) [96], with convergence
guarantee. At each iteration, we update the current solution u(® as the
minimum of a tight upper bound on £, which ensures the objective does
not increase. For the sum of concave and convex functions, as for our sub-
problem, the CCCP replaces the concave part by its linear first-order ap-
proximation at the current solution, which is a tight upper bound, while
keeping the convex part. For (4.1), the quadratic term could be written as
u' Wu, with W = [wp,q]. Ttis easy to see that this term is concave as affinity
matrix W is positive semi-definite, whereas the remaining part of £ is con-
vex. Therefore, we replace this quadratic term by u' WTu(”), obtaining,
up to an additive constant, the following tight bound:

N
L(u,m) < - Y upK(fy —m) —Au'Wu — A H(u) (45
p=1

Solving the Karush-Kuhn-Tucker (KKT) conditions for minimizing bound
(4.9), s.t. simplex constraint u € AN~1, gives the following updates for u:

ey O ((K(fp = m) + A )y wp ™) /2 o
14 - .
YN, exp ((K(fj —m) ALY wul”) /Au)

which have to be iterated until convergence. The complete derivation of
Eq. (4.6) is provided in Appendix (Section )-

Optimization w.r.t m via fixed-point iterations

This sub-step fixes u, and minimizes the objective in (4.1) w.r.t the density
modes m. Setting the gradient of £ w.r.t m to 0 yields the following neces-
sary condition for a minimum, taking the form of a fixed-point equation:

s Ll upK(fy —m)fy
m—¢(m) =0; g(m)= TN L upK(fy —m) 47)

The solution to (4.7) could be obtained by the following fixed-point itera-
tions: N l
_ Ly upK(fy —m)fy

4.8
Z]];]:l upK(f, —m') &
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(a) Inlierness scores distribution. Blue gradation represents the inlierness score: the
darker, the higher.
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(b) Inlierness-density mode seeking. The white arrow represents the update direc-
tion of the traditional MeanShift; instead our robust MeanShift follows the orange
ones.

Fig. 4.1 Interpretation of Eqs. (4.6) and (4.8) in (a) and (b) respec-
tively. Our robust MeanShift for test-time augmentation (MTA) alterna-
tively solves these 2 equations until convergence.

This yields a Cauchy sequence {m'};cpy, which converges to a unique
value: m* = lim;_yo, m'*! = lim;_, g(m') = ¢(lim;_,, m!) = g(m*),
and m* is the unique solution of the fixed-point in Eq. (4.7) (Appendix
4.6.2).

Final prediction

The class prediction is computed by the cosine similarity between the mode
minimizing our objective in Eq. (4.1), i.e., m* obtained at convergence, and
the encoded prompts of each class k, i.e., t;:

k = argmax (m*) "t;
k
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Interpretation

Egs. (4.6) and (4.8) can be nicely interpreted in Figure 4.1. Sub-figure
shows how the inlierness scores are spreading. A data point is given a
high inlierness score if it is close to the mode and/or close to other data
points with high inlierness scores. Therefore, inlierness scores are spread-
ing iteratively from data points close to the mode toward other data points
controlled by their affinity relations. Sub-figure shows the update di-
rection followed by traditional MeanShift, i.e., updates (4.8) but with fixed
up =1, Vp. The orange arrows follow the update of our robust MeanShift,
i.e. joint updates in (4.6) and (4.8). Our mode update is directed toward
dense regions with high inlierness scores, thus avoiding close regions with
few or isolated data points.

Implementation details.

In the MeanShift algorithm, the bandwidth is a sensitive hyperparameter
that can cause the algorithm to become stuck in small, locally dense areas
if set too low, or escape significant dense regions if set too high [115]. We
utilize the Gaussian kernel [114] as described in Section and adopt a
variable bandwidth [115] in which each point is assigned a unique band-

width value h%. The bandwidth of a point is estimated with a ratio p of its
closest neighbors: hf, = m e, l1fp — f,]|> with p set to 0.3 inspired
by the implementation of Scikit-learn [116]. Here, I, represents the set of
indices corresponding to the neighbors of point p. Initial guess of the mode
can also impact the final solution and is set to the embedding of the original
(i.e., non-augmented) image. Affinities are based on the text prediction as
described in Section 4.2. Finally, A and A, are set to 4 and 0.2 respectively
and remain fixed for every CLIP visual encoder and dataset. This leads to

a hyperparameter-free method across all experiments.

Experimental Validation on Natural Images

Experimental Setup

Datasets

We follow conventional benchmarks composed of 11 datasets for fine-grai-
ned classification, namely ImageNet (I.) [17], SUN397 (SUN) [69], Aircraft
(Air.) [70], EuroSAT (SAT) [68], StanfordCars (Cars), Food101 (Food) [71],
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OxfordPets (Pets) [72], Flowers102 (Flow.) [73], Caltech101 (Calt.) [74], DTD
(DTD) [75], UCF101 (UCF) [76]. We also report results on four ImageNet
variants: Adversarial (Adv.) [117], V2 (V2) [118], Rendition (Rend.) [111]
and Sketch (Sketch) [119].

Models

We mainly report performance for the CLIP ViT-B/16 backbone [16]. Sum-
marized results for zero-shot ResNet-50, ResNet-101, ViT-B/32, and ViT-
L/14 are provided in Table

Evaluation protocol

We evaluate our method under two scenarios: (i) zero-shot models, where
adaptation methods are applied on top of the original CLIP model typically
with the basic “a photo of a [classi]” as prompt; (ii) few-shot models,
where adaptation methods are applied on top of few-shot adapted CLIP
model. In our experiments, we choose CoOp for its wide popularity, mean-
ing that we use the original CLIP model with 16-shot ImageNet tuned text
tokens (more details in the next paragraph). Because of the randomness in-
herent in test-time augmentation or some training procedures (e.g., prompt
tuning), each reported performance is the averaged top-1 accuracy on the
test set with three different random seeds.

Comparative methods

We employ the term ensemble for the majority vote among the 80 prede-
fined handcrafted prompts of CLIP [16]. For the zero-shot scenario, TPT is
performed with one step as suggested in their work [47]. We evaluate the
zero-shot setting [95] with the standard prompt template “a photo of a
[classg]” as prompt initialization and with the ensemble for final predic-
tion if mentioned. Note that combining ensemble with TPT is not straight-
forward as the goal is to use the optimized prompt for prediction, hence we
only use ensemble with our approach. The weights of CoOp [25] are from
16-shot ImageNet with 4 tokens. For the few-shot scenario, the number of
tokens of CoOp [25] and ProGrad [26] are specified in the caption of each
table. As proposed in [120], to establish a fair comparison between few-
shot methods, we limit the number of validation samples to min(Ngpts, 4),
notably for Tip-Adapter and Tip-Adapter-F [27] that tune hyperparame-
ters.
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Fig. 4.2 Runtime in seconds per image on ImageNet for TPT and MTA
with 5 different backbones: RN50 (ResNet-50), RN101 (ResNet-101), ViT-
B/32, ViT-B/16 and ViT-L/14. Experiences were performed on a single
A100 40GB GPU.

Table 4.1 Zero-shot methods on ImageNet datasets. We use “a photo
of a [classy]” as prompt. Majority vote of the 80 handcrafted prompts
of Table 8.2 is used for final prediction when Ensemble is specified. CoOp
is a pretrained prompt on 16-shots ImageNet. We highlight the best and
second best results by bolding and underlining them, respectively. v for
training-free methods at test-time, X otherwise.

Method ImageNet -Adv. -V2 -Rend. -Sketch Average
CLIP v 66.7 479 609 74.0 46.1 59.1
CLIP + Ensemble v 68.4 500 621 774 48.0 61.2
TPT X 68.9 546 634 77.0 48.0 62.4
MTA v 69.3 574 63.6 769 48.6 63.2
MTA + Ensemble v 70.1 58.1 64.2 78.3 49.6 64.1
CoOp v 71.5 497 642 75.2 48.0 61.7
TPT + CoOp X 73.6 579 667 780 49.6 65.1
MTA + CoOp v 74.0 59.3 67.0 78.2 50.0 65.7

Data augmentation

Our proposed method uses random cropping (RandomCrop) as an aug-
mented view generator identical to the one in TPT [47]. We also study at
the end of Section 4.3.2 the impact of a more complex data augmentation
based on diffusion as done in DiffTPT [48]. Note that TPT and DiffTPT
are using slightly stronger augmentations for the 10 fine-grained classifi-
cation datasets inspired by AugMix [110]. In our case, for a more realistic
zero-shot setting, we keep the simple RandomCrop for all the 15 datasets.
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Table 4.2 Zero-shot methods on 10 fine-grained classification datasets.
We highlight the best result by bolding. +E. means that majority vote with
the 80 handcrafted prompts of Table 5.2 is used for final prediction.

Method SUN Air. SAT Cars Food Pets Flow. Calt. DTD UCF Average

CLIP 626 237 420 655 837 883 674 934 443 651 63.6
CLIP+E. 660 239 488 661 838 884 678 939 460 6638 65.2
TPT 654 231 429 o664 846 872 689 941 470 68.0 64.8
MTA 65.0 253 387 681 8.0 882 683 941 456 681 64.6

MTA +E. 66.7 252 454 685 85.0 882 681 942 459 68.7 65.6

Table 4.3 Comparison of augmentation strategies: RandomCrop Vs
Diffusion-based. Note that the test set of each dataset is reduced to 1000
samples for computation reasons and batch size of 128 was used as in the
DiffTPT paper [48] (64 randomly cropped and 63 diffusion-generated im-
ages for Diffusion). Hence reported performance can vary from Table

We highlight the best result by bolding.

Augmentation Method ImageNet -Adv. -V2 -Rend. -Sketch Average

RandomCrop TPT 68.2 512  66.2 76.9 49.3 62.4
MTA 69.1 553 657 77.5 50.2 63.6
Diffusion DiffTPT 67.8 534  65.2 76.9 50.2 62.7
MTA 69.2 545 64.8 76.8 51.1 63.3

Results on Zero-Shot Models

Comparison with test-time prompt tuning

Table 4.1 demonstrates MTA's stable improvement over TPT on ImageNet
and its variants with both the basic “a photo of a [classi]” and CoOp’s
pretrained prompt. Moreover, Table 4.2 indicates that, except for the Eu-
roSAT dataset [68], MTA consistently enhances baseline performance across
fine-grained datasets. It also surpasses TPT when combined with ensem-
bling, which respects the black-box assumption. TPT is not able to outper-
form the majority vote strategy on average for the 10 fine-grained classi-
fication datasets, questioning its applicability for a larger variety of tasks.
Finally, we compare runtimes on ImageNet in Figure 4.2. MTA is nearly
three times faster than TPT, notably due to the quick optimization step and
the removed second forward pass.

Improved prompt strategy
Table 4.1 and 4.2 concur in suggesting that the improvements brought by
our approach complement those from refined prompt strategies, i.e., basic
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Fig. 4.3 Few-shot learning results on the 10 fine-grained datasets and Im-
ageNet. We compare MTA and TPT when added on top of CoOp prompts
(M=4 tokens) for increasing number of shots. Averaged top-1 accuracy
over the 11 datasets is shown on the bottom right, we additionally show

the averaged top-1 accuracy for CoOp with M=16 tokens.

ensemble of handcrafted prompts or soft pretrained prompts. This may
imply that leveraging both modalities in the same optimization process, as
suggested in [120] for the few-shot setting, could further enhance perfor-
mance.
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Table 4.4 Performance on ImageNet and its 4 variants for different visual
encoders of CLIP. Hyperparameters are kept identical across datasets and
visual encoder architectures. +E. stands for Ensemble.

Method ResNet-50 ResNet-101 ViT-B/32 ViT-B/16 ViT-L/14

CLIP 441 49.5 50.7 59.1 70.7
Ensemble 46.2 51.6 52.2 61.1 72.6
TPT 47.2 52.2 53.3 62.4 737
MTA 47.2 53.2 55.2 63.2 73.9
MTA +E. 48.4 54.2 56.1 64.1 74.7

Domain generalization with pre-trained prompts

We use CoOp pretrained on ImageNet to measure the domain general-
ization ability of our method as in [25] in Table 4.1. Although the gains
of CoOp over the ensembling strategy remain ambiguous, the combina-
tion of CoOp with MTA significantly enhances accuracy for all datasets.
This notable improvement suggests that the mode found by MTA is able
to highlight the generalization ability of pretrained prompts. This illus-
trates an additional use case of MTA, which can be used in synergy with
fine-tuning for a specific task (e.g., prompt tuning). This aspect is empha-
sized in Section

Visual encoders

Generalization across various model architectures is a desirable attribute
of zero-shot methods, as it eliminates the need for laborious and compu-
tationally demanding hyperparameter tuning. This becomes increasingly
critical in the context of the current scaling trend, where model complexity
is rapidly expanding [107, 109]. Table shows consistent improvement
on the baseline for five different visual backbones of CLIP with fixed hy-
perparameters. It demonstrates the generalization ability of MTA across
architectures and model scales.

Data augmentation strategies

We explore the compatibility of MTA with different types of data aug-
mentation. Specifically, we follow the protocol of DiffTPT [48] to generate
augmented views from cropping and diffusion model [112]. We employ a
batch of 128 images composed of the original one, 63 diffusion-generated
and 64 randomly cropped views. Since generating images by diffusion is
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Table 4.5 Improvement of few-shot learning methods on ImageNet
when MTA is added on top. CoOp and ProGrad are using 16 tokens. A
highlights the gain. v for training-free methods, X otherwise.

Method 1-shot 2-shot 4-shot 8-shot 16-shot
Tip-Adapter v 689 69.2 69.8 70.2 70.5
Tip-Adapter + MTA v 71.1+2‘1 71.1+1_9 71'4+1.6 71.9+1.7 72'1+1.6
Tip-Adapter-F X 694 70.0 70.7 71.8 734
Tip-Adapter-F + MTA X 71.4+2_0 71.5+1.5 72.2+1.5 73.2+1.4 74'2+1.8
CoOp X 657 67.0 68.8 70.6 71.9
COOp + MTA X 67.8+2_1 69.1+2_1 71.1+2.3 72.9+2_3 74.2+2_3
ProGrad X 670 69.1 70.2 71.3 721
ProGrad + MTA X 69.3+2_3 71.4_'_2.3 72.5_'_2.3 73.7+2.4 74.4+2.3

more computationally intensive than RandomCrop (generating 63 images
takes approximately 2 minutes on an A100 40GB GPU), we present these
results separately. Inspired by the observations of DiffTPT about the re-
liance of the images generated by diffusion, we increase p to a slightly less
restrictive value of 0.5 for the purpose of this experiment. Otherwise, we
keep the same hyperparameters A and Ay and do not treat the two kinds
of augmentation differently. As demonstrated in Table 4.3, our method
surpasses DiffTPT on average, further evidencing its effectiveness across a
broad range of applications.

Integration with Few-Shot Learning

Enhancing few-shot pre-trained prompts

As depicted in Figure 4.3, MTA improves CoOp performance across shots
and datasets with notably Aircraft 40.07% — 44.33% (+ 4.26%), EuroSAT
83.53% — 87.38% (+ 3.85%), and Cars 79.06% — 82.66% (+ 3.6%) with
16 shots. In contrast, TPT generally diminishes performance across most
datasets, highlighting its limitations in enhancing prompts for fine-grained
tasks. While the accuracy for 16 tokens is on average higher for MTA and
lower for TPT, we report the 4 tokens results in alignment with the TPT
paper [47] to maintain fairness.

Atop few-shot learning methods
As demonstrated in Table 4.5, applying MTA to prompt-based and adapter-
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Fig. 4.4 Averaged top-1 accuracy of MTA with and without majority vote
for final prediction on the 5 ImageNet variants with increasing number of
augmented views.

based few-shot learning methods on ImageNet results in notable perfor-
mance improvements. Specifically, prompt-based methods see an aver-
age gain exceeding 2% across shots, with adapter-based methods show-
ing slightly lower yet significant improvements. Indeed, our affinity term,
outlined in Eq. (4.3), can greatly benefit from refined prompts. Neverthe-
less, we can notice that a training-free approach, Tip-Adapter, combined
with MTA is competitive with prompt tuning methods without MTA. This
could present a compelling trade-off: opting for more intensive computa-
tional efforts during training or at test-time.

Ablation Studies

Number of augmented views

In Figure 4.4, the accuracy for MTA and MTA + Ensemble increases as
the number of augmented views grows until reaching a plateau around
128. Even when we restrict the number of augmented views to 16, our
method still brings about 2.3% gain, which makes it a useful tool for lighter
applications, up until 4.4% gain for batches of 128 views. We can observe
similar gains when combined with ensemble of prompts, with 1.9% gain
for batches of 16 up until 3.1% for larger batches.
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Table 4.6 Ablation studis on two main components of MTA: the inlier-
ness scores and the affinity measure. Reported value is the averaged top-1
accuracy over the 15 datasets studied in this chapter.

Baseline CLIP 62.1
MeanShift (no inlierness scores) 59.9

FilteringStrategy ~ Confidence thresh. (10%) 63.3
Inlierness scores 64.1

- Vision-based 63.2
AffinityMeasure Text-based 64.1

Table 4.7 Effect of A and Ay. Reported value is the top-1 accuracy on the
ImageNet dataset.

001 0.05 0.1 02 04 0.8 1.6 32 10 100  — oo (MeanShift)

0 66.7 667 668 683 658 653 656 659 660 66.1 66.1
0.5 66.7 667 668 687 677 668 664 662 66.1 66.1 -
1 66.7 667 669 689 682 674 669 665 663 66.1 -
2 66.8 668 671 691 688 680 674 670 665 66.1 -
4 66.6 665 669 693 691 686 680 675 668 662 =
8 620 625 642 687 693 690 685 681 672 663 -
16 573 585 610 658 691 693 689 685 677 664 -

Inlierness scores

We compare performance with equal weights on each augmented view
(i.e., traditional MeanShift), with a confidence threshold as in TPT [47]
and with our inlierness formulation in Table 4.6. The inlierness formula-
tion yields better performance on average over the 15 datasets. Note that
the relatively high score of confidence threshold is mainly due to peak per-
formance on ImageNet-A, a trend not consistent on other datasets (see de-
tailed results in the Appendix of the MTA paper [4]).

Affinity measure
Rather than using the affinity measure based on text described in Section
, one could use only visual features (f,)1<,<n to compute the affinity
between two embeddings w, ; = f;,fq. For the sake of fairness, we reper-
form a comprehensive hyperparameter search (A ranging from 0.1 to 10
and Ay from 0.1 to 0.5). Best performance is reported in Table 4.6. We
observe that vision-based affinity measure degrades performance in com-
parison to text-based affinity measure.
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Hyperparameter sensitivity

Table 4.7 shows the intertwined effect of A and A, across a wide range of
values. We can observe that increasing values of Ay tends to perform as
the MeanShift (weighting uniformly each augmented view) while as Ay
approaches 0, it tends toward a peak selection and trivial solutions. Best
performing values are around (A, Ay) = (4, 0.2), (8, 0.4), (16, 0.8).

Conclusion of Chapter 4

This chapter served as an initial exploration of test-time adaptation strate-
gies operating under minimal assumptions regarding data availability. By
focusing on the single-sample regime, we demonstrated that effective ac-
curacy improvements are achievable without requiring access to batches or
external datasets. This finding establishes a strong baseline for the subse-
quent chapters where we will expand this scope to transductive scenarios,
leveraging the availability of multiple data points to deploy more powerful
procedures. Beyond its technical results, this chapter had another purpose.
While we have seen the rapid emergence of multiple solutions based on
prompt tuning and heavy training procedures, we demonstrated that well-
designed, training-free methods can still achieve superior performance (an
open-source implementation is available'). This highlights new opportu-
nities to develop more efficient and transparent algorithms. In this case,
we developed a novel method based on the intuition that robust statis-
tics could lead to improved performance. Hence, the natural choice was
to investigate clustering algorithms that allow for the integration of this
intuition, such as MeanShift. The notable performance gains achieved by
modifying the visual representation directly within the embedding space,
without relying on gradient updates or task-specific prompts, challenge
the field’s dominant focus on prompt learning for test-time adaptation.
This success has been a key motivation in the design process of our Tran-
sCLIP procedure, presented in the next chapter.
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4.6 Appendix of Chapter 4

4.6.1 Proof of Equation

Here, we give details of the derivation of the u-updates in Eq. (4.6) from
the upper bound (majorizing function) in (4.9). Given a solution u®) at
iteration 7, the goal is to find the next iterate u(™1) that minimizes the
following tight upper bound, s.t. simplex constraint u € AN~1:

B(w,u™) = —u'k — %uTWTu(”) — AuH(u) (4.9)

where k = (K(f, —m))1<p<n.

The objective function of (4.9) is strictly convex. Taking into account the
simplex constraint on u, the associated Lagrangian reads:

L(w,u) = —uTk— %uTWTu(”) —AdHu) +y(u"1y—1)  (4.10)

where 1 is the Lagrange multiplier for simplex constraint u € AN~! and
1y is the vector of ones. Note that we do not impose explicitly the con-
straints on the non-negativity of the components of u because these are
implicitly enforced with the entropic barrier term in (4.9), i.e., —AyH(u).
Now, computing the gradient of £(u,u(™) w.r.t u yields:

Vol(w,u™) = -k = AW u™ + (v + A)1y + Aglog(u)  (411)
By setting the gradients of (4.11) to 0, we get the optimal solution:

N
ug,”ﬂ) = exp ((K(fp —m)+AY, wp,qu((in))/)\u> :
g=1

exp (— (7 + Au)) (4.12)

Using this expression in the simplex constraint } , u;nﬂ) = 1 enables to

recover the following expression of exp (7 + Ay):

N N
Yo ((K(fj —m)+ A lej,qué"))mu)
= q=
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Plugging this expression back in (4.12), we get the final updates:

exp ((K(fy —m) + A YN wyoul™) /Ay
u;nﬂ): P( p q=1 Yp.alq ) (4.13)

Z}L exp ((K(fj —m)+A Zé\lzl wmugn)) /)\u)

4.6.2 Cauchy and convergent sequence proof

Let us consider iteration I, with the associated current inlierness scores u.
Let us prove that {m'},cy is a Cauchy sequence. Recall the recursive rela-
tion:

Zgzl upK(fy — ml)fp

m/t! — Zé\le K (6, — ) (4.14)
with K(f, —m') = exp(—Hf”;imZHZ), for some h > 0. We define:
k(x) = exp(—x) (4.15)
g = % upK(f, —m') (4.16)
p=1
o = % upK(f, —m)f, (4.17)

p=1

Step 1: First, let us prove that {g'};ciy is a Cauchy sequence. Recall that
in a metric space, a convergent sequence is necessarily a Cauchy sequence.
Therefore, we only need to show that g’ is convergent (i.e bounded and
strictly monotonic).

Notice that for x > 0,0 < k(x) < 1. Therefore:

N f _ml
g =Y wk(l=—1? (4.18)
p=1
N
<Y up<1 (4.19)

p=1
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Therefore, gl is bounded between 0 and 1. Now;, let us study the consecu-

tive differences Al = ¢/*1 — ¢h:

N ||f _ml+1||2 |f _ml|2
A=Y up [k(+E = )—k(‘ ”hz | ) (4.20)
p=1
Because k is convex, one can say that Va, b € R:
k(a) —k(b) > k'(b)(a — b) (4.21)
And because k' (b) = —k(b) in our case, one ends up with:
k(a) —k(b) > k(b)(b—a) (4.22)
_m!+12 2
Applied witha = w and b = w, one can obtain:
N 12 I+12
z iy | I —m'f|=flfp —m™
A ZZ;“PK(fP_m) l 7 - 2
p:

1 N
=5 Y upK(fy —m) [[jm’ | — m' 1|
p=1

—2<mf,>+2<m'"§, >]

l
s . . % . .
Now is time to recall recursive relation m'*1 = —- By simply expanding,
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one can end up with:
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1
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1
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Therefore, A > 0, which shows that {g'};ci is strictly increasing. This

concludes the proof that ¢’ is a convergent sequence, and therefore a Cauchy
one.
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Step 2: Now, on top of concluding the proof that {g'};c is a Cauchy
sequence, Eq. (4.23) also offers an interesting relation between {A!};cp
and the sequence of interest {m'},cp;, which we can use. Indeed, for any
lop,m € N, we can sum Eq. (4.23):

lo+m lo+m

Y Al Y gflm —m' 1|2 (4.24)
I=ly 1=y
I l(]+m
>80 Y md —ml R (@.25)
I=ly
gl
>y [[mlo+ — mlo||? (4.26)

Where Eq. (4.25) follows because {g'};cn is strictly increasing, and Eq.
(4.26) follows from the triangle inequality. Now, the left-hand side of Eq.
(4.24) can be reduced to Zl‘ﬁm AP = glotm+1 _ ol But because we proved

in Step 1 that {g'};c was a Cauchy sequence, this difference is bounded
by a constant. This concludes the proof that {m'} ;. is itself a Cauchy se-
quence in the Euclidean space.

Step 3: We just proved that {m'},cp; was a Cauchy sequence. There-
fore {m'};cy can only converge to a single value m*. We now use the
continuity of function g to conclude that m* has to be a solution of the
initial equation (4.7):

m* = lim m'™! = lim g(m') (4.27)
[—o0 [—o0
= g(llim m') = ¢(m*) (4.28)
— 00






Transductive Learning for
Vision-Language Models

Preliminary Note:

This chapter expands primarily on the conference proceedings [5-7],
introducing TransCLIP, a novel framework for transductive inference.
Unlike inductive methods that process test samples independently,
it leverages the structure of unlabeled batches to refine predictions.
TransCLIP achieves this by optimizing a new objective function that
integrates a Gaussian Mixture Model (GMM) with a text-driven
Kullback-Leibler (KL) divergence penalty, solved via an efficient
Block Majorize-Minimize (BMM) procedure.

We recommend that readers first review the fundamental principles
of CLIP in Chapter 2. Additionally, the concepts introduced in Sec-
tion 3.2 of Chapter 3, specifically the overview of inductive few-shot
adaptation (Section ), are important prerequisites.
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Introduction

In the previous chapters, we focused on inference performed on a per-insta-
nce basis, aligning with the inductive paradigm in few-shot learning (Chap-
ter 3) and single-sample adaptation (Chapter 4). In this chapter, we tran-
sition to the transductive setting (defined in Section 2.2), which relies on a
stronger assumption regarding data availability during inference. Rather
than processing a single sample in isolation, we now leverage access to an
entire batch of unlabeled test data. For the purposes of this chapter, we
initially posit that this batch is well-distributed, containing multiple sam-
ples for each target class. It serves as a necessary baseline to isolate and
validate the core benefits of transductive inference on several application
cases. This assumption of a well-behaved batch will be relaxed in Chap-
ter 6, which addresses more realistic deployment settings.

Context and Research Positioning

We saw in the previous chapters that the literature on adapting VLMs
has grown substantially, in both the zero-shot and few-shot learning set-
tings [25-27,40,46,47,49]. However, so far, these techniques predominantly
align with induction, i.e., inference for each test sample is performed inde-
pendently from the other samples within the target dataset. In contrast,
transduction performs joint inference on all the test samples of a task, lever-
aging the statistics of the target unlabeled data [121-123]. In the context of
standard vision-based classifiers, this has enabled transductive methods to
outperform inductive-inference approaches as evidenced by benchmarks
over large-scale datasets such as ImageNet [124].

Within the scope of deep learning, transduction has mainly been ex-
plored for few-shot learning to address the inherent challenges of training
under limited supervision. This recent and quite abundant few-shot lit-
erature, e.g., [125-132], among others, has focused on adopting standard
vision-based pre-training models (such as ImageNet pre-training). How-
ever, as we will show in our experiments, the direct application of existing
transductive few-shot methods to VLMs yields poor performances, some-
times underperforming the inductive zero-shot predictions. This might
explain why the transductive paradigm has been overlooked in zero-shot
and few-shot learning for VLMs so far.
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The low performance of current transductive few-shot methods in the
context of VLMs could be explained by the fact that the underlying objec-
tive functions do not account for the text knowledge. In this new multi-
modal paradigm, additional supervision could be leveraged from the tex-
tual descriptions of the classes (prompts) [16], e.g., a photo of a[classg],
along with their corresponding normalized representation t; derived from
the language encoder. We utilize the interleaved representation of text
prompts and images with their cosine similarity f't;, which yields text-
based prediction §;, thereby guiding our transductive optimization proce-
dure with text-encoder knowledge. This is illustrated in Figure 5.1. Our
method optimizes a novel objective function integrating a text-driven pen-
alty. Optimization is carried out efficiently w.r.t the assignment variables
associated with the unlabeled samples, which are then used as final pre-
dictions.

Adapting VLMs has recently attracted wide attention in the literature,
predominantly focusing on inductive methods. As seen in Chapter 3, pro-
mpt tuning has become the favorite strategy for adapting VLMs in a vari-
ety of contexts, including unsupervised [46—48,133, 134] and few-shot [1,

,26,40-45,58,135,136] learning. Meanwhile, there have been a few efforts
towards computationally more efficient adapters [27,50,59]. Our transduc-
tion formulation aligns with this initiative. By operating solely on the out-
put embeddings (i.e., in a black-box setting), TransCLIP is computationally
efficient and does not make assumptions on the underlying encoder archi-
tectures. Still, our method is orthogonal to these design choices and could
be applied atop any of the above-mentioned inductive approaches.

Summary of Contributions

In this chapter, we introduce TransCLIP, which enhances the zero- and
few-shot generalization of CLIP models, leveraging the structure of unla-
beled data and textual priors through a computationally efficient, plug-
and-play formulation.

(i) We introduce a transductive formulation that enhances the zero-shot
and few-shot generalization capabilities of VLMs by leveraging the struc-
ture of unlabeled data. Our new objective function can be viewed as a
regularized maximum-likelihood estimation, constrained by a Kullback-
Leibler (KL) divergence penalty integrating the text-encoder knowledge
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and guiding the transductive learning process. We further derive an iter-
ative Block Majorize-Minimize (BMM) procedure for optimizing our ob-
jective, with guaranteed convergence and decoupled sample-assignment
updates, yielding computationally efficient transduction.

(ii) Our method can be used as a plug-and-play module on top of cur-
rent inductive zero-shot models and few-shot learning methods, consis-
tently boosting their performance.

(iii) Our approach substantially outperforms recent transductive few-
shot methods in the literature, notably due to the KL-based language su-
pervision as a critical success factor.

Chapter Outline

The remainder of this chapter is structured as follows. Section 5.2 reviews
the paradigm of transductive learning, focusing on its application in tra-
ditional vision-only methods. Next, Section 5.3 introduces our novel pro-
cedure, TransCLIP. This section details the core objective function which
integrates a text-driven Kullback-Leibler (KL) divergence penalty and de-
rives the Block Majorize-Minimize (BMM) optimization procedure. We
then present the experimental validations in Sections 5.4 and 5.5, deploy-
ing TransCLIP as a plug-and-play module atop inductive zero-shot and
few-shot models, respectively. To demonstrate the framework’s versatil-
ity, Sections 5.7 and 5.8 extend the evaluation to the specialized domains
of satellite imagery and histopathology. Finally, Section 5.9 summarizes
the findings of the chapter, while the Appendix (Section ) provides the
detailed mathematical derivations.

Evolution of Transductive Inference in the VLM Era

Transduction for vision-only classifiers

The use of unlabeled test data at inference time has received attention
lately in rapidly emerging subjects, such as few-shot learning and unsuper-
vised test-time adaptation. Examples include adjusting batch normaliza-
tion layer statistics [137] and minimizing the entropy of predictions [138],
which can be supplemented by pseudo-labeling strategies [139]. In the
few-shot literature solely based on vision models, transduction leverages
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(a) In the typical inductive setting, a model is trained and then used to perform
inference on each patch separately. This approach can be effective when large anno-
tated datasets for each task are available. This procedure often involves predicting
the most probable class (argmax).
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(b) In the traditional transductive few-shot setting, a pre-trained encoder (e.g.,
on ImageNet or a large-scale histology dataset) requires manual annotations for
the new task to propagate information from labeled to unlabeled samples. This
process often involves measuring affinities or distances between encoded samples.
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(c) In our zero-shot transductive setting, VLMs leverage textual descriptions of
each class to generate pseudo-labels without any manual annotation. These initial
predictions can then be refined, for example, by leveraging the data structure.

Fig. 5.1 Illustration depicting histopathology classification in the induc-
tive setting (a), the commonly used few-shot transductive setting (b), and
the zero-shot transductive setting enabled by VLMs (c). This highly prac-
tical case will be studied later in this chapter (see Section 5.8).



5 | Transductive Learning for Vision-Language Models

both the few labeled samples and unlabeled test data, outperforming in-
ductive methods [125, , —132]. One of the first works introducing
transduction in vision-based few-shot learning proposes propagating the
labels from the support (labeled) to the query (unlabeled) set with a meta-
learned graph [140]. Building on this idea, another work proposes to itera-
tively augment the support set to improve label propagation [127]. Lapla-
cianShot [130] also exploits the inherent structure of the data through a
graph-Laplacian clustering, which discourages disparate class predictions
for samples with close features, while matching each query set point to the
nearest support prototype.

Alternative approaches propose directly learning the class prototypes.
For instance, Transductive Fine-Tuning (TF) [126] uses the prediction en-
tropy on the query samples as a regularization term, while TIM and its
variants [125,141] employ the mutual information between the query sam-
ples and their predictions. BD-CSPN [128] refines the class prototypes by
reducing the feature biases between the support set and the most confident
query samples.

An other group of methods performs clustering in the feature space,
for instance, by solving an optimal transport problem like PT-MAP [131],
by projecting features into sub-spaces to facilitate clustering [132], or by
revisiting the standard K-means with an additional partition-complexity
regularizer to control the number of predicted classes [129].

Transductive inference in VLMs

Despite the growing interest in unsupervised, zero-shot and few-shot learn-
ing for VLMs, the transductive-inference paradigm has not been explored
so far in this new multi-modal context, except for the very recent work in
[142], which was deployed for small-scale tasks (~ 10 test samples). How-
ever, the method in [142] may not be computationally tractable for large-
scale query sets, due to expensive inner loops for estimating the Dirichlet
distribution’s parameters. We provide a computationally efficient solution,
which can scale up to large target datasets (such as ImageNet), while be-
ing easily amenable as a plug-and-play module on top of state-of-the-art
inductive methods.

It is worth mentioning that test-time adaptation methods also employ
the transduction paradigm, but their settings are very different from those
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studied in this work. For instance, SwapPrompt [133] has been designed
to make batch predictions on-the-fly, and has continual-learning mech-
anisms such as an exponential moving average prompt across batches.
TPT [47] works on a single sample with many data augmentations to train
one prompt per image. Both methods require access to model weights for
training (i.e., do not operate in a black-box setting) and an expensive train-
ing procedure. We also note that prompt tuning does not scale well with
the model size and is even impractical on very large models such as EVA-
CLIP-8B [143].

TransCLIP: Transduction for Vision-Language Models

In this section, we describe our objective function for transductive infer-
ence and derive a Block Majorize-Minimize (BMM) algorithm for mini-
mizing it. This algorithm features guaranteed convergence and decoupled
sample-assignment updates. We adopt the zero-shot classification frame-
work and notation established in Section ; we encourage the reader to
review that section to gain familiarity with the terminology and concepts.

Recall that for a test image x; and a set of K classes, we obtain a visual
embedding f; and a set of text embeddings {tk}f:1 derived from class-
specific prompts (e.g., “a photo of a [classi]”). Building on this, we
compute the initial zero-shot pseudo-labels §; by applying the softmax
function to the cosine similarities, scaled by the temperature T:

A N . ex (thk/T)
8 = (Bix)i<k<k € Ax;  Six = m
] 7]

where Ak denotes the probability simplex. Let D = S U Q denote the set of
all sample indices in the target dataset. Accordingly, Q represents the set
of indices for the unlabeled query samples, and S denotes the set of indices
for the labeled support samples.

(5.1)

Note that, in the zero-shot setting, S = @. We define a Gaussian Mix-
ture Model-clustering (GMM) term in our objective function by modeling
the likelihood of these target data as a balanced mixture of multivariate
Gaussian distributions, each representing a class k and parameterized by
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mean vector p, and a diagonal covariance matrix X:

_1 1 _
pix = Pr(fi;p, L) o< det(E) "2 exp (z(fi — yk)TZ 1(fi - Vk))

Notice that, unlike standard GMMs, we deploy a common diagonal covari-
ance matrix X across all classes. Interestingly, in our experiments, we found
this simplifying choice improves the performance while reducing the com-
putational load as there are substantially fewer parameters to learn. This
is particularly the case when dealing with large numbers of classes as in
large-scale target datasets such as ImageNet. This choice is further moti-
vated by a strong few-shot baseline based on Gaussian discriminant anal-
ysis clustering [144] demonstrates VLMs’ adaptation abilities with a Gaus-
sian hypothesis on the embedding space.

Proposed Objective Function

Our objective function depends on two types of variables: (i) Sample-to-
class assignment variables within probability simplex: z; = (z;x)1<k<k €
Ak, i € Q; and (ii) GMM parameters p = (p;)1<k<x and Z. We propose
to minimize the following objective, which integrates a GMM-clustering
term, a Laplacian regularizer and a Kullback-Leibler (KL) divergence pen-
alty encoding the text-encoder knowledge and guiding the transductive
learning process:

L"’ZERO-SIIOT(Z/ ,”l/ Z’) = - 2 ZlT log(Pl) - E Z wl]ZZTZ] + Z KL/\(ZZHél)
i€cQ i€D jeD i€cQ

GMM clustering Laplacian reg. Text knowledge
(5.2)
where p; = (p;x)1<k<k vectorizes the GMM component densities, w;; de-
notes some measure of affinity between visual embeddings £; and £;, and
the sample-wise parameterized" KL terms are given by:

KL, (zi||8;) = 2 logz; — Az logs;,, i€ Q; A>0 (5.3)

In the following, we describe the effect of each term in our objective func-
tion in (5.2):

INotice that, for A = 1, the expression in (5.3) corresponds to the KL divergence.
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* GMM-based clustering: This unsupervised-learning term is akin
to the GMM-based maximume-likelihood estimation objective in the
standard EM algorithm [145]. By taking the negative logarithm, its
minimization corresponds to maximizing the likelihood of the data.
It can also be viewed as a probabilistic generalization of the K-means
clustering objective [146]. Indeed, assuming X is the identity matrix
reduces the first term in (5.2) to the K-means objective.

* Laplacian regularization: The second term in (5.2) is the Laplacian
regularizer, widely used in the context of graph/spectral clustering
[147] and semi-supervised learning [148]. This term encourages nea-
rby samples in the visual-embedding space (i.e., pairs of samples
with high affinity w; ;) to have similar z assignments. In our case,
we propose to build a positive semi-definite (PSD) affinity matrix
based on the cosine similarities as w;; = fin]- (Gram matrix). As
we see below, this PSD condition is important to obtain a convergent
Majorize-Minimize optimizer with decoupled (parallel) sample-wise
updates for the z-assignments, yielding a highly efficient transduc-
tion for large-scale target datasets (such as ImageNet).

* Text-guided KL divergence: This term is dedicated to vision-language
models and, as we will see in our experiments (ablation studies in
Tables and 5.5), has a substantial effect on performance. It en-
courages the prediction not to deviate significantly from the zero-
shot predictions, thereby providing text supervision to the other two
unsupervised-learning terms. Furthermore, being convex over z;,
i € Q, this term facilitates the optimization of the objective w.r.t the
assignment variables.

5.3.2 Extension to the Few-Shot Setting

Our zero-shot formulation naturally extends to the few-shot setting. We
integrate supervision from the labeled-support samples, in the form of a
cross-entropy, which corresponds to minimizing the following overall loss:

1
‘CFEW—SHOT(ZI ,u/ Z‘) = - |%| Z ZZT log(pl) + @‘CZERO—SHOT(ZI ”l/ Z) (54)
ieS

Note that, in the first term, the z; are fixed, with z; = y;, i € S and y; the
one-hot ground-truth label associated with the corresponding shot.
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5.3.3 Block Majorize-Minimize (BMM) Optimization

As our objective depends on three types of variables (z, #, ), we proceed
with a BMM procedure, alternating three sub-step optimizers. Each sub-
step optimizes over one block of variables while the other two are fixed, en-
suring the overall objective does not increase. Importantly, the obtained z-
updates (Eq. (5.5)) are decoupled, yielding computationally efficient trans-
duction for large-scale datasets. Also, our overall procedure is guaranteed
to converge (Theorem 5.1).

Majorize-Minimize (MM) with respect to the z-block

When g and X are fixed, both the GMM- and KL-based terms are con-
vex w.rt z;. However, the Laplacian term is concave” (for PSD matrix
W). Therefore, we proceed with inner iterations, each minimizing a lin-
ear and tight upper bound, the so-called majorizing function in the MM-
optimization literature [149-151], which guarantees the overall objective
does not increase. To obtain the tight linear bound, let us write the Lapla-
cian term conveniently in the following matrix form: z' ¥z, with ¥ =
—W ® I, where ® denotes the Kronecker product and I is the |D| x | D]
identity matrix. Note that ¥ is negative semi-definite for a positive semi-
definite W. Therefore, z' ¥z is a concave function with respect to z, and its
first-order approximation at current solution z' (I being the iteration index)
gives the following tight” upper bound on the Laplacian term:

z ¥z < (2)T¥2 + (¥Y2) T (z — Z)

Replacing the quadratic Laplacian term by this linear bound yields a ma-
jorizing function on our overall objective. Importantly, this majorizing
function is a sum of decoupled objectives, each corresponding to one as-
signment variable z;, yielding a highly efficient optimizer for large-scale
target datasets. Indeed, using simplex constraints z; € Ag,i € Q, and
solving the Karush-Kuhn-Tucker (KKT) conditions independently for each
z;, we obtain the following decoupled update rules for the z-block:

5 !
1+1) _ 5} © exp(log(p;i) + Ljep wijZ]( )

(
Z;
(élA © exp(log(p;) + YieD u}ijz]<l))) 1k

1

(5.5)

2This makes the overall sub-problem non-convex and there is no closed-form solution.
3Tight” means that the upper bound is equal to the original objective at the current solu-

tion z'.
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Closed-form updates of # and =

When both z and I are fixed, our objective in (5.4) is convex. It can be
minimized by setting its gradient w.r.t each y, to zero, which yields the
following closed-form updates:

& Ties ziaki + 15y Lieo zixi
- 1
&7 Lies Zik + 1g Lieg Zik

My (5.6)

Similarly, when both z and p are fixed, the following closed-form up-
dates minimize the overall objective w.r.t Z:

1§ Yies Xz (B — m)? + 157 Kieo Lezik(fi — m)?

diag(Z) PO

(5.7)

Note that, after convergence, we use the sample-to-class assignment vari-
ables z; as predictions for each sample i of the query set O using the argmax
operation for conventional classification.

Implementation details

The main component of our transductive formulation is the text-guided
KL divergence penalty. We fix A =1 for all our zero-shot experiments (see
ablation study in Table 5.5), and A = 0.5 in all the few-shot experiments to
reduce the impact of the text-driven regularization. Another component of
our optimization problem is the Laplacian regularization, which enforces
consistent predictions for close instances. We truncate the affinity matrix
to the 3 nearest-neighbors, making it sparse. y is initialized as the average
embedding of the top-8 most confident samples of each class for the zero-
shot setting. For the few-shot setting, we use the class-wise average over
the shot embeddings.

Convergence

Our optimizer can be viewed as an instance of the general Block Majorize-
Minimize paradigm for optimization [152], which optimizes a majorizing
function for each block of variables. The convergence of general BMM
procedures is well studied in the optimization community [152]. Indeed,
under certain conditions (such as the strong convexity of the block-wise
majorizing functions), we can establish convergence of our procedure us-
ing the following result (more details in Appendix ):
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Theorem 5.1 (Convergence of BMM [152]). Assume that, for each block, the
majorizing function is quasi-convex, and its first-order behavior is the same as the
original objective locally. Furthermore, assume that the sub-problem solved for
each block has a unique solution. Then, every limit point of the iterates generated
by BMM is a coordinate-wise minimum of the overall objective.

Experiment 1: Zero-Shot TransCLIP on Natural Images

Experimental Setup

Datasets

We follow conventional benchmarks composed of 11 datasets for fine-grai-
ned classification, namely ImageNet (I.) [17], SUN397 (SUN) [69], Aircraft
(Air.) [70], EuroSAT (SAT) [68], StanfordCars (Cars), Food101 (Food) [71],
OxfordPets (Pets) [72], Flowers102 (Flow.) [73], Caltech101 (Calt.) [74], DTD
(DTD) [75], UCF101 (UCF) [76]. We also report results on four ImageNet
variants: Adversarial (Adv.) [117], V2 (V2) [118], Rendition (Rend.) [111]
and Sketch (Sketch) [119].

Models
We primarily report results for the CLIP ViT-B/16 encoder but complemen-
tary results on other backbones can be found in the TransCLIP paper [5].

Evaluation protocol

We aim to show the breadth of potential applications of transduction in the
context of VLMs. Notably, employing supervised fine-tuning, followed by
transduction with TransCLIP on the unlabeled test samples, emerges as a
powerful and efficient solution. This is particularly convenient when the
labeled samples (the support set) and/or computational power are not ac-
cessible at inference (i.e., test) time. To this end, we first study the appli-
cability of our zero-shot formulation TransCLIP (Eq. (5.2)) across three set-
tings: (i) on top of inductive zero-shot learning and popular few-shot learn-
ing methods; (ii) on top of 16-shot ImageNet pretraining for cross-dataset
transferability, and (iii) on top of 16-shot ImageNet pretraining for domain
generalization on the four ImageNet variants. Each reported performance
metric represents the top-1 accuracy on the whole test set, averaged over
three random seeds.
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Comparative methods

We slightly modify UPL to apply it to the test set in a transductive man-
ner (transductive UPL is denoted UPL*). Indeed, UPL relies on the gen-
eration of N = 16 hard pseudo-labels per class from a training set, after
which a cross-entropy loss function on soft tokens is minimized. Instead,
UPL* generates the pseudo-labels directly from the test set. For fairness,
we reevaluated the number of pseudo-labels to select and still found that
16 per class yields the best results on average. For conciseness, we only
report UPL* performance in Table 5.6. We refer to Chapter 3 for details on
few-shot methods used in this experimental section.

Results

Boosting inductive baselines

Tables 5.1 and 5.2 demonstrate the consistent advantages of our transduc-
tive approach. TransCLIP enhances the zero-shot top-1 accuracy by over
5% and improves popular few-shot methods by 4% (in the 1-shot setting)
on average, all without requiring additional labeled data. We observe that
while transductive gains are significant in low-shot regimes, they tend to
decrease as the number of shots increases (e.g., 16-shot), presumably be-
cause the few-shot training already captures much of the data structure.

Domain generalization

Table 5.3 highlights that TransCLIP effectively enhances robustness even
when applied atop fine-tuned methods such as CoOp or TaskRes. This
confirms that leveraging the structure of unlabeled test samples provides
complementary information to supervised fine-tuning.

Robustness and efficiency

With its hyperparameters unchanged, TransCLIP exhibits strong generaliza-
tion across diverse architectures, from convolutional networks to trans-
formers. More detailed results for five different backbone architectures and
comparisons with unsupervised non-transductive methods can be found
in the Appendix of the TransCLIP paper [5]. Furthermore, as shown in
Table 5.6, TransCLIP significantly outperforms the transductive prompt
learning baseline (UPL*) while being two to three orders of magnitude
faster, confirming the efficiency of operating directly in the embedding
space.
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Table 5.1 TransCLIP atop inductive vision-language zero-shot and pop-
ular few-shot methods. We indicate improvement or degradation com-
pared to zero-shot.

Method L SUN Air.  SAT Cars Food Pets Flow. Calt. DTD UCF Average
E CLIP-ViT-B/16 66.6 625 247 483 656 859 891 707 932 435 675 65.3
&£+ TransCLIP +3.7 +63 +22 +168 +38 +12 +35 +59 -0.5 +6.0 +6.9 +5.1
CoOp 657 669 207 564 676 843 902 782 925 501 712 67.6
+ TransCLIP +3.6 +4.6 +3.1 +89 +43 +20 +1.8 +11.5 +1.3 +54 +6.5 +4.8
TIP-Adapter-F 695 672 288 678 671 858 90.6 837 940 51.6 734 70.9
+ TransCLIP +25 +46 +19 +91 +39 +11 +24 +9.1 05 +6.1 +6.7 +4.3
;5 PLOT 669 670 289 728 685 849 919 818 940 528 747 71.3
.f + TransCLIP +89 +33 -0.8 +60 +1.6 +04 -0.8 +11.4 -00 +3.9 +6.7 847,
TaskRes 696 681 312 656 691 845 902 816 936 534 718 70.8
+ TransCLIP +2.5 +44 +02 +81 +24 +2.0 +1.5 +91 +04 +6.0 +4.6 +3.7
ProGrad 670 670 287 570 682 849 914 808 935 528 733 69.5
+ TransCLIP +3.1 +4.6 +1.8 +139 +41 +16 +14 +10.7 +0.7 +51 +6.1 +4.8
CoOp 688 697 308 696 744 845 925 922 945 594 775 74.0
+ TransCLIP +2.6 +3.5 +23 +75 +32 +19 +11 +3.1 +0.6 +3.6 +4.3 +3.1
TIP-Adapter-F  70.7 708 357 768 741 865 919 921 948 598 781 75.6
+ TransCLIP +19 +3.5 +05 +29 +1.8 +09 +13 +33 +03 +42 +52 +2.3
;5 PLOT 700 718 348 847 766 835 928 932 949 610 797 76.6
i + TransCLIP +72 +1.7 -09 -2.9 -0.8 +2.2 -0.3 +2.6 -0.1 +2.6 +3.6 +1.4
TaskRes 710 728 333 738 761 8.1 919 850 949 59.7 755 74.6
+ TransCLIP +2.0 +25 +1.1 +44 +11 +1.2 +11 +74 +02 +4.6 +3.7 +2.7
ProGrad 702 717 340 695 750 8.4 920 911 944 598 779 74.6
+ TransCLIP +21 +33 +16 +53 +29 +15 +1.7 +42 +0.8 +51 +54 +3.1
CoOp 719 749 433 850 828 842 919 968 958 69.7 831 79.9
+ TransCLIP +1.4 +18 -04 +1.0 +02 +21 +1.2 +0.8 +0.1 +1.7 +2.3 +1.1
TIP-Adapter-F 733 760 446 8.9 823 868 926 962 957 708 839 80.7
.. +TransCLIP +09 +0.8 +03 -07 +04 +06 +09 +0.7 -01 -15 +17 +0.4
2 PLOT 725 760 468 921 846 8.6 925 971 9.0 711 8438 81.7
£ + TransCLIP AHeE -1.0 -4.9 -7.5 -4.9 +0.2 -0.4 +0.1 -1.0 -2.4 +0.9 -1.4
™ TaskRes 730 760 448 807 835 8.9 925 973 959 709 834 80.5
+ TransCLIP +1.0 +0.8 -1.2 -0.3 -0.7 +06 +04 +03 +0.1 -0.7 +2.8 +0.3
ProGrad 721 751 428 836 829 88 929 9.6 959 689 826 79.9

+ TransCLIP +14 +1.7 -0.0 +0.2 +02 +1.3 +08 +0.8 +0.1 +25 +34 +1.1

Table 5.2 Cross-dataset transferability evaluation. Few-shot learning
methods are trained on 16-shot ImageNet and evaluate on the ten other
fine-grained datasets. Average excludes ImageNet. We indicate improve-
ment or degradation compared to zero-shot.

Source Target

Method L SUN Air. SAT Cars Food Pets Flow. Calt. DTD UCF Average

CoOp 719 620 157 446 621 843 883 671 927 395 641 62.0

+ TransCLIP +1.4 +54 +14 +99 +48 +2.0 +11 +7.2 +0.7 +2.6 +5.7 +4.1
& CoCoOp 71.1 670 227 446 649 862 907 716 939 452 688 65.6
2+ TransCLIP +5.7 +2.7 -01 +146 +21 -08 -09 +74 +03 +54 +5.7 +3.6
g MaPLE 70.5 673 244 458 657 864 904 720 937 463 687 66.1
& + TransCLIP +6.1 +2.5 +0.2 +13.7 +1.2 -1.0 -0.7 +6.0 +0.6 +3.1 +5.6 +3.1
§ ProGrad 72.1 639 216 389 640 859 902 678 929 432 659 63.4
U+ TransCLIP +1.4 +4.7 +11 +164 +38 +1.2 +11 +61 +11 +34 +7.6 +4.6

PromptSRC 714 67.3 241 450 656 8.5 90.1 705 938 462 689 65.8
+ TransCLIP HHID +2.6 +0.8 +144 +2.0 -1.2 -0.7 +6.2 +04 +5.0 +7.0 +3.7
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Table 5.3 Domain generalization evaluation with improved manual
prompting strategy (custom templates are given in Table ), 16-shot
prompt-tuning and 16-shot adapter. We indicate improvement or degra-
dation compared to zero-shot.

Source Target
Method I -Adv. -V2 -Rend. -Sketch Average Average OOD
CLIP-ViT-B/16 w/ a photo of a 66.6 479  60.6 73.8 46.0 59.0 57.1
E + TransCLIP +3.7 +1.7 +1.7 +13 +3.7 +2.4 +2.1
o‘.” CLIP-ViT-B/16 w/ custom templates 68.8 50.6 62.3 77.8 48.4 61.6 59.8
+ TransCLIP +2.7 +1.4  +1.1 +0.2 +2.7 +1.6 +1.3
U CLIP-ViT-B/16 w/ prompt tuning (CoOp) ~ 71.9 494 641 75.1 47.2 61.5 59.0
% + TransCLIP +1.4 +14  +0.5  +0.7 +3.1 +1.5 +1.4
& CLIP-ViT-B/16 w/ adapter (TaskRes) 73.0 50.3  65.6 77.8 49.2 63.2 60.7
S+ TransCLIP +11 416 02 0.6 +24 +1.1 +1.1

Experiment 2: Transductive Few-Shot TransCLIP

Experimental Setup

Datasets and models
See Experiment 1 (Section 5.4).

Evaluation protocol

We compare our few-shot extension TransCLIP-FS (Eq. (5.4)) to transduc-
tive few-shot learning methods. As for the zero-shot version, we also oper-
ate in a black-box setting (i.e., using only the output embeddings, without
training the model parameters). We vary the number of labeled support
examples per class, denoted as Ngnots € {1,2,4,8,16}. For each Ngpots
configuration, we randomly sample the support set S from the training
data. The models have then access to the samples indexed by & and all
the samples from the test set indexed by Q. Performance is then evaluated
on the whole test set. To account for the variability inherent in few-shot
sampling, we report the top-1 classification accuracy averaged over three
random seeds.

Comparative methods

We report several state-of-the-art transductive few-shot learning methods.
(i) Transductive Fine-Tuning [126]. We search for the optimal tempera-
ture value by validation in {0.25,0.5,1,2,4} and the number of iterations
in {10,15,20,25,30,35,40}. (ii) BD-CSPN [128]: regarding the hyperpa-
rameters, this method generates Z pseudo-labels per class from the query
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set to augment the support set and to build the K prototype vectors. They
also introduce a temperature scaling parameter ¢ for the computation of
the prototype vectors. The authors set Z to 8 and the temperature scaling
¢ to 10. We search for the value of Z in {0,1,2,3,4,5,6,7,8,9,10} and ¢ in
{2.5,5,10,20,40} by validation. (iii) LaplacianShot [130]: the authors bal-
ance the Laplacian regularization term with a factor A and used k-nearest
neighbors consistency. We follow the proposed ranges to find the hyperpa-
rameter values by validation, with A in {0.1,0.3,0.5,0.7,0.8,1,1.2,1.5} and
the number of neighbors to consider k in {3,5,10}. (iv) PT-MAP [131]: the
authors show a small performance sensitivity to the learning rate « used to
update the class prototypes through iterative adaptation. Following their
discussion, we search a in {0.2,0.4}. (v) TIM [125]: the authors set the
weighting factors of the cross-entropy, the marginal entropy, and the con-
ditional entropy terms to 0.1, 1 and 0.1, respectively. They also introduced
a temperature parameter T in their classifier and set it to 15. We search
for the values of the cross-entropy and the conditional entropy factors in
{0.05,0.1,0.4,0.7,1} and the temperature in {5, 10, 15, 30,60} by validation.
(vi) CoOp [25] +UPL [46]: We implement a natural extension of CoOp to
include the pseudo-labels proposed by UPL. As in UPL, N = 16 hard
pseudo-labels per class are generated according to the prediction’s con-
fidence. Pseudo-labels from the query set P C Q and labeled shots from
S are unified into a single learning set S U P. To separate the contribution
of the pseudo-labels from the labeled shots, we split the cross-entropy loss
function into two terms:

ESUP(VHXI}‘SUP‘ Z Coor V|x (5.8)
E
+(1 - Z Ly V‘X ,B S [O, l]
|P| JEP

Where V denotes the vector of learnable context token embeddings. De-
spite increased computational needs, we search for the value of  in {0.1,
0.3,0.5,0.7,0.9} by validation. The number of epochs, the learning rate and
its schedule, the optimizer and the context tokens initialization follow ex-
actly the CoOp implementation.
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Table 5.4 Transductive few-shot learning evaluation. w/o text denotes
A =0in Eq. (5.3).

Method L SUN Air. SAT Cars Food Pets Flow. Calt. DITD UCF Average
CLIP-ViT-B/16 66.6 625 247 483 656 859 891 707 932 435 675 65.3
TF 29.7 381 192 46.0 325 435 382 678 755 316 488 42.8
BD-CSPN 354 457 220 457 420 542 529 829 835 347 580 50.6
2 LaplacianShot 349 445 221 521 411 530 522 831 834 358 573 50.9
< PT-MAP 40.1 526 238 59.7 484 644 618 694 541 418 635 52.7
= TIM 375 483 228 482 448 657 539 864 751 358 627 52.8
TransCLIP-FS w/o text 302 434 237 56.6 41.0 509 543 835 777 369 545 50.2
TransCLIP-FS 69.8 70.6 299 725 709 879 938 848 931 533 784 73.2
TF 51.1 61.0 303 649 568 71.0 659 909 915 537 679 64.1
BD-CSPN 53.8 625 305 648 585 753 720 925 920 521 709 65.9
= LaplacianShot 535 625 296 743 585 757 734 928 920 527 717 67.0
< PT-MAP 576 681 312 749 63.1 81.1 795 762 602 584 739 65.8
< TIM 574 670 328 793 658 835 823 934 85 581 765 713
TransCLIP-FS w/o text 539 63.8 342 794 635 767 767 933 928 570 748 69.6
TransCLIP-FS 703 719 340 794 740 864 916 936 940 611 79.1 75.9
TF 618 701 383 743 712 807 795 954 936 629 760 73.1
BD-CSPN 61.7 694 377 734 707 802 812 948 933 613 76.0 72.7
% LaplacianShot 609 683 361 781 692 812 817 948 931 586 763 72.6
'5.: PT-MAP 640 720 374 756 720 827 8.1 785 637 637 763 70.2
S TIM 678 736 406 83.6 795 849 887 954 924 675 821 77.8
TransCLIP-FS w/o text 659 72.6 419 811 770 832 861 952 946 653 80.0 76.6
TransCLIP-FS 71.8 747 386 830 798 869 924 944 940 651 821 78.4

5.5.2 Results

Transductive few-shot learning with VLMs

We compare TransCLIP-FS, TransCLIP-FS without text regularization (i.e.,
A = 0) and state-of-the-art transductive few-shot methods. It is important
to note that these few-shot methods were primarily developed for vision-
centric tasks. Hence, they rely on visual information, omitting the textual
elements. This allows us to study the impact of our text-based regulariza-
tion term. Table 5.4 shows that incorporating language in the transductive
paradigm boosts the performance over vision-only methods. Especially for
the 1- to 4-shot settings, our language-driven KL penalty enhances the per-
formance by a large margin on many tasks (e.g., ImageNet, SUN397, Stan-
fordCars, DTD). As the number of shots increases, the text-driven penalty
becomes less useful, especially for the datasets capitalizing on the visual
shots rather than the text-encoder knowledge (e.g., EuroSAT and Flowers).
This points to promising future directions involving more flexible text reg-
ularization (e.g., an adaptable A taking into account the number of shots
and the quality of the text embeddings). Detailed results for five differ-
ent encoder architectures can be found in the Appendix of the TransCLIP
paper [5], consistently showing similar conclusions.
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Table 5.5 Analysis on the components and sensitivity to hyperparame-
ters of TransCLIP (zero-shot).

(a) Components of the procedure. (b) Text regularization hyperpa-
. rameter A.
Updatep UpdateZ Lapl.w ImageNet SUN397 Aircraft EuroSAT
X 4 4 697 675 255 639 X ImageNet SUNB397 Aircraft EuroSAT
v X v 68.7 66.0 25.1 51.6 01 563 586 260 655
v 4 X 69.9 68.8 27.0 64.5 05 9.8 69.3 %6 65.6
x x v 68.6 65.9 252 618 . . OB ZEn
v v v 70.3 68.9 269 65.1 2 695 676 262 641
5 68.2 65.2 252 51.2
(c) Number of nearest-neighbors. (d) Impact of an isotropic Z.
#neighbors ImageNet SUN397 Aircraft EuroSAT ImageNet SUN397 Aircraft EuroSAT
8] 70.3 68.9 269 65.1 X (ours) 70.3 68.9 26.9 65.1
5 70.3 68.9 26.8 65.1 I isotropic 69.4 68.0 26.4 64.1
10 70.2 68.8 26.9 65.2 A -0.9 -0.9 -0.5 -1.0

Table 5.6 Performance and runtime comparison between TransCLIP and
prompt learning solutions on average over ImageNet and the 10 fine-
grained classification datasets.

(a) Zero-shot setting. (b) Few-shot setting (4-shot).
Performance Runtime Performance Runtime

UPL* 69.8 >150 min CoOp+UPL* 744 >12h
TransCLIP 70.3 14.4 sec TransCLIP-FS 75.9 35.3 sec

5.6 Ablation Studies

Component analysis

We study the impact of the principal components involved in the Tran-
sCLIP procedure on four diverse datasets. Table shows that updating
# and X significantly boosts TransCLIP’s performance. This indicates the
importance of having a dynamic parametric model instead of a fixed one.
Table demonstrates the critical role of text-driven penalty for Tran-
sCLIP in the zero-shot setting. Alongside the prior findings from Table 5.4,
it is evident that incorporating text information is key to the success of
TransCLIP and its wide applicability across the zero- and few-shot learn-
ing scenarios. The number of nearest-neighbors considered in the Lapla-
cian term (Eq. (5.2)) does not make a significant difference in TransCLIP’s
performance as suggested by Table . However, removing the Laplacian
regularization (Table ) leads to inferior results on some datasets such
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Table 5.7 Performance of TransCLIP (zero-shot) for increasingly large
VLMs. Relative A is the improvement normalized by the zero-shot error:
(ACCTRANSCL”’ - ACCZFRO-SHOT) / (100 - ACCZFRO-SHOT)'

ImageNet Average (11 datasets)
#Params Zero-shot ~w/ TransCLIP relative A Zero-shot w/ TransCLIP relative A
CLIP-ViT-B/16  177M 66.6 +3.7 +11 % 65.3 +5.0 +14 %
CLIP-ViT-L/14  427M 72.9 +4.3 +16 % 72.5 +4.9 +18 %
EVA-CLIP-8B 7.5B 82.5 +2.1 +12 % 81.5 +4.3 +23 %

as ImageNet and EuroSAT. We choose to consider 3 nearest-neighbors to
make the affinity matrix W sparse and reduce memory consumption. We
also investigate the diagonal covariance matrix design by restricting it to
be isotropic (i.e., L = oI, with I; the identity matrix). Table shows
that a non-isotropic X performs better without significantly increasing the
number of trainable parameters.

Scaling to larger models

We report TransCLIP zero-shot performance on the EVA-CLIP 8 billion pa-
rameter version [143] (approximately 42 times larger than CLIP-ViT-B/16).
It is worth mentioning that TransCLIP is easily applicable to multi-billion
parameter models since it does not necessitate gradient computation or
model parameter training (i.e., it only requires the memory needed for
single-sample inference because the whole dataset processing can be per-
formed one sample at a time). Table 5.7 shows that transduction can also
bring significant improvements to larger models (detailed results are pro-
vided in the Appendix of the TransCLIP paper [5]).

Additional Zero-Shot Results on Satellite Imagery

We extend our evaluation to the specialized domain of remote sensing. In
this section, we leverage the same diverse suite of 10 benchmarks intro-
duced in Chapter 3 for inductive few-shot learning. However, we now
evaluate them in the transductive zero-shot setting, testing the ability of
TransCLIP to adapt specialized vision-language models without any la-
beled support samples.
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Experimental Setup

Datasets

The zero-shot scene classification performance is evaluated on 10 RS bench-

mark datasets: AID (AID) [85], EuroSAT (SAT.) [68], MLRSNet (MLRS) [86],

OPTIMAL31 (OPT.) [87], PatternNet (Pat.) [88], RESISC45 (RES.) [69], RSC11
(RSC.) [90], RSICB128 (R128) [91], RSICB256 (R256) [91], and WHURS19

(WHU.) [92]. These datasets cover a wide range of sizes, with sample

counts ranging from ~ 10° to ~ 10° per dataset. They also include vary-

ing numbers of classes, from coarse-grained classification with 10 classes

to fine-grained scene classification with up to 46 classes. Note that none of

the chosen VLMs was fine-tuned on any of the listed datasets.

Models

We test TransCLIP on four VLMs: CLIP [16], RemoteCLIP [93], SkyCLIP
[95], and GeoRSCLIP [94], all with various model architectures to gener-
ate their respective image embeddings. Using RS text-prompt templates
from [94], 106 individual text embeddings were averaged to get a single
textual embedding per class.

Evaluation protocol

The goal of this experiment is to evaluate the transferability of the Tran-
sCLIP zero-shot procedure to specialized contrastive VLMs with fixed hy-
perparameters, which are taken from Experiment 1. Each reported perfor-
mance is the top-1 accuracy on the test set, averaged over 3 random seeds.

Results

Zero-shot improvement

We observe the top-1 accuracy with TransCLIP. We can clearly see a mas-
sive performance improvement across all benchmarks and models. We
find that the addition of TransCLIP provides average gains ranging from
9.9% to 17.1% across all benchmarks and models.

Model size

Interestingly, TransCLIP produces notable improvements even when the
inductive model’s top-1 accuracy performance is already high. For exam-
ple, when GeoRSCLIP ViT-H/14 is applied to WHURS19, the top-1 accu-
racy increases from 90.4% to 99.7%. Similarly, for the same model applied
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Table 5.8 Top-1 accuracy for zero-shot scene classification without
(white) and with (blue) TransCLIP on 10 RS datasets.

Model AID SAT MLRS OPT. Pat. RES. RSCI1 RI128 R256 WHU. Average
2 CLIP 554 283 45.0 645 464 528 56.7 234 304 713 474
4% +TransCLIP +14.2 +19.8 +9.3 +152 +22.6 +16.7 +21.0 +10.8 +16.4 +24.6 +17.1
% RemoteCLIP  89.1  26.7 43.0 640 43,6 516 67.0 150 364 95.4 53.2
M 4 TransCLIP  +4.2 +7.8 +15.0 +21.0 +10.0 +212 +20.2 +41 +118 +3.0 +11.8
CLIP 664 453 51.2 730 596 607 55.5 277 403 81.1 56.1
+ TransCLIP +14.3 +3.6 +13.0 +9.9 +169 +134 +11.5 +5.6 +6.0 +9.3 +10.4
o GeoRSCLIP 703 534 65.0 796 758 688 68.3 29.0 465 88.8 64.5
st TransCLIP  +7.9 +155 +6.9 +7.7 +18.6 +10.7 +10.3 +13.8 +15.3 +10.0 +11.7
g RemoteCLIP 91.7  35.5 56.3 776 559 681 61.8 260 415 95.2 61.0
+ TransCLIP  +3.9 +155 +9.5 +10.3 +14.8 +11.2 +17.9 +5.1 +7.7 +2.7 +9.9
SkyCLIP50 703 526 63.2 795 738 667 61.2 39.0 471 91.0 64.5
+ TransCLIP +8.3 +11.9 +10.1 +5.8 +13.8 +10.6 +159 +10.4 +11.9 +6.8 +10.5
CLIP 69.7  60.1 64.1 80.6 747 713 67.3 379 472 85.5 65.8
+ TransCLIP  +14.4 +11.9 +104 +11.7 +17.1 +109 +13.2 +59 +33 +13.6 +11.3
<« GeoRSCLIP 744 599 66.7 837 774 738 75.0 337 522 88.5 68.5
S + TransCLIP  +6.0 +12.8 +7.3 +9.9 +15.7 +12.9 +6.9 +19.9 +124 +10.4 +11.4
é RemoteCLIP 841  43.6 62.2 838 614 760 67.8 348 507 93.5 65.8
+ TransCLIP  +8.6  +8.7 +9.3 +5.5 +20.7 +8.1 +20.3 +10.1 +9.8 +3.7 +10.5
SkyCLIP50 721 515 64.0 809 753 705 66.8 38.0 46.6 87.5 65.3
+ TransCLIP +18.7 +17.0 +9.2 +11.9 +183 +11.1 +13.7 +134 +154 +11.7 +14.0
g GeoRSCLIP 763 683 67.4 848 827 738 774 431 56.5 90.4 72.1
T +TransCLIP +7.5 4229 +10.7 +9.7 +13.5 +142 +5.9 +11.7 +16.3 +9.3 +12.1

to PatternNet, the top-1 accuracy improves from 82.7% to 96.2%. This
shows TransCLIP’s applicability for tasks where these VLMs are already ef-
fective, without any labels. We also notice that, for the ViT-L/14 backbone,
TransCLIP offers slightly higher gains to SkyCLIP50 compared to CLIP
and RemoteCLIP, allowing it to outperform them when combined with
transduction. TransCLIP also demonstrates its applicability to more robust
models, bringing an average gain of 12.1% on GeoRSCLIP ViT-H/14.

Computational cost

We evaluate the computational cost of TransCLIP using three datasets of
varying sizes. As shown in Table 5.9, the feature extraction time increases
with the number of image patches while the additional load from Tran-
sCLIP remains minimal. This can be of particular interest when image
analysis of remote sensing images is subject to strict time constraints, for
example in case of emergency disaster response. Thus, by not requir-
ing optimization of model parameters or input prompts, our transductive
method ensures fast inference all while boosting model accuracy.
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Table 5.9 TransCLIP run time on top of CLIP ViT-L/14, evaluated with
24GB NVIDIA GeForce RTX 4090 GPU.

Dataset Nb of images  Encoding time = TransCLIP time

WHU. ~ 103 ~ 8 seconds ~ 0.3 seconds
AID ~ 104 ~ 40 seconds ~ 2 seconds
MLRS ~ 105 ~ 6 minutes ~ 25 seconds

Extension to a New Domain: Computational Pathology

Histology slides obtained from Whole Slide Image (WSI) [153] scanners
play a crucial role in cancer diagnosis and staging [154]. These slides offer
a detailed view of diseased tissues, aiding in the determination of treat-
ment options. Pathologists primarily diagnose cancers by examining WSIs
to identify different tissue types. However, manually analyzing these WSIs
imposes a significant workload, leading to substantial delays in reporting
time. Moreover, in real clinical environments, the classification of cancer-
related tissues is highly diverse, encompassing various cancer sites. Even
within a single cancer site, tasks can vary in their levels of class granu-
larity. Therefore, automating tissue-type classification in histology images
([155-159] to list a few) holds significant clinical value but is hindered by
the difficulty of collecting large labeled datasets and the variability of fine-
grained labels.

The advent of multi-modal learning methods, in particular VLMs, that
process and integrate information from diverse modalities has alleviated
some issues of training fine-grained classifiers and collecting costly labeled
data. This new multi-modal paradigm can naturally be extended to clinical
scenarios, where combinations of multiple data modalities (mainly texts
and images) are often adopted to obtain more accurate and comprehen-
sive diagnosis. For example, clinical notes and pathology reports, along-
side histopathology slides, are commonly used for thorough analysis [160].
However, the direct application of deep learning techniques, more specif-
ically vision-language pre-training strategies, to medical imaging is com-
plex, due to the lack of fine-grained expert medical knowledge, which is re-
quired to capture specialized information [161]. This issue has been partly
addressed for histopathology slides by collecting diverse data from scien-
tific publications, Twitter, or even YouTube videos [162-164].
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With the ongoing development of foundation models in medical imag-
ing and specifically histopathology, and the potential application of trans-
ductive inference, our objective is to improve zero-shot predictions of VLMs
within this framework.

Experimental Setup

Datasets

We study different histopathology classification tasks on various organs
and cancer types. Specifically, NCT-CRC [165] comprises patches of col-
orectal adenocarcinoma categorized into 9 classes, SICAP-MIL [166] in-
cludes 4 prostate cancer grading, SKINCANCER [167] is annotated with 9
anatomical tissue structures, and LC25000(Lung) [168] focuses on 3 classes
of lung cancer. These diverse benchmarks enable the study of the general-
ization capability of VLMs pretrained on histology images.

Models
We compare several vision-language models pretrained on histology im-
ages, namely PLIP [162], QUILT [163] and CONCH [164].

Evaluation protocol

As for the experiment on satellite imagery, the goal is to evaluate the trans-
ferability of the TransCLIP zero-shot procedure to specialized contrastive
VLMs with fixed hyperparameters, which are taken from Experiment 1.
Each reported performance is the top-1 accuracy on the test set, averaged
over 3 random seeds. Text embeddings for each category are obtained fol-
lowing the specific 22 prompts used for CONCH (only one name is as-
signed to each target class), which are then averaged to get a single textual
embedding per class.

Results

Transductive performance gains

Applying TransCLIP consistently boosts performance across models and
datasets. We observe average accuracy gains of +7% for CONCH and up
to +15.6% for Quilt-B16. This confirms that the transductive alignment
of test batches effectively mitigates the domain shift even in specialized
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Table 5.10 TransCLIP performance on top of various VLMs. Best values
are highlighted in bold. Ayansductive i the average accuracy gain brought
by our transductive approach.

Dataset Method Model
CLIP  Quilt-B16  Quilt-B32 PLIP CONCH
SICAP-MIL zero-shot 29.9 404 35.0 46.8 27.7
+TransCLIP 247 58.5 28.2 53.2 32.6
LC(Lung) zero-shot 31.5 43.0 76.2 85.0 84.8
+TransCLIP 25.6 50.5 93.9 93.80 96.3
SKINCANCER zero-shot 4.2 154 39.7 229 58.5
+TransCLIP 11.5 33.3 48.8 36.7 66.2
NCT-CRC zero-shot 25.4 29.6 53.7 63.2 66.3
+TransCLIP 39.6 48.4 58.1 77.5 70.4
zero-shot 22.7 32.1 51.2 54.5 59.3
Average +TransCLIP 25.4 47.7 57.3 65.3 66.4
AN evraitrafioe +2.6 +15.6 +6.1 +10.9 +7.0

medical tasks. TransCLIP demonstrates a strong ability to refine text-based
predictions, effectively improving the initial zero-shot prototypes.

Robustness and failure modes

In the vast majority of cases, TransCLIP enhances performance. However,
we observe marginal drops in rare cases where the initial zero-shot perfor-
mance is extremely low. This is an expected behavior of the text-driven KL
regularization: if the textual priors (8;) are too noisy or misaligned, they
may provide a misleading signal to the transductive optimization.

Conclusion of Chapter 5

In this chapter, we investigated the transductive paradigm within the con-
text of Vision-Language Models, introducing TransCLIP. Our algorithm
is highly efficient, as it operates solely in the output embedding space (i.e.,
black-box setting), making it suitable for a wide range of models, including
very large ones. This also enables TransCLIP to be compatible with mod-
els that are accessible only through APIs. We first showed how TransCLIP
can bring transduction to the zero-shot setting, achieving consistent gains
without additional supervision. Subsequently, we proposed a new setting
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that applies transduction on top of popular few-shot methods, offering a
convenient strategy to combine computationally intensive supervised fine-
tuning with efficient test-time transduction. Finally, we proposed a simple
extension of TransCLIP to incorporate labeled samples. We showed that
transductive learning can bring substantial improvement in a large variety
of settings and domains, including natural images, satellite imagery, and
computational pathology. Alongside our open-sourced codebase”, we pro-
vide a strong baseline for future research in this direction. As in Chapter
4, we demonstrate again that high-performing methods can be designed
without heavy training procedures, and that a simple prior (here, the zero-
shot prediction) can be integrated smartly into a single objective function.
In all our experiments, TransCLIP’s text-guided KL divergence term ap-
pears as a key factor in its success. Lastly, we advocate for fixed hyperpa-
rameters across experiments as already discussed in Chapter 3 or, at the
very least, transparency regarding their existence and guidelines on how
to tune them for each specific task.
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5.10 Appendix of Chapter 5

5.10.1More Details on Convergence

As mentioned in the main paper, our derived block-wise optimization pro-
cedure in Egs. (5.5), (5.6) and (5.7) can be viewed as an instance of the the
general Block Majorize-Minimize paradigm for non-convex optimization,
also referred to as the Block Successive Minimization (BSUM) method [152].
We update each block of variables, with the other blocks fixed, by minimiz-
ing a tight upper bound (majorizing function), thereby guaranteeing the
overall objective does not increase at each step. In the steps with respect
to u and X, we optimize directly the objective in closed-form, which could
be also viewed as a particular case of optimizing a tight upper bound. The
convergence of the general BSUM procedure is well studied in the opti-
mization community [152]. Indeed, under the following assumptions for
each block of variables, one can establish convergence results for the appli-
cation of BSUM to non-convex problems [152]:

¢ Al: The majorizing function is a tight upper bound, i.e., equal to the
objective at the current solution.

* A2: The first-order behavior of the majorizing function is the same as
the original objective locally.

Indeed, when assumptions Al and A2 are verified for each block, we
have the result in Theorem [152].

As for our case of alternating Egs. (5.5), (5.6) and (5.7), it is straight-
forward to verify that Assumptions Al and A2 are satisfied for each block
of variables. Furthermore, the majorizing functions are convex and thus
quasi-convex. Also, the sub-problem solved for each block has a unique so-
lution. In particular, for the z-updates, the majorizing function is the sum
of a linear and a strongly convex function (the negative entropy). There-
fore, it is strongly convex. As for the - and Z-updates, the solutions are
obtained in closed form (hence unique).
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Wild

Preliminary Note:

This chapter expands on conference proceedings [8], introducing
Stat.A, a robust transductive method designed for realistic deploy-
ment conditions. It builds upon the TransCLIP procedure to handle
challenging scenarios, such as varying class distributions and corre-
lated data streams, by incorporating a novel statistical anchor reqular-
ization.

Before starting the chapter, readers are advised to review the funda-
mentals of CLIP in Chapter 2. Additionally, a good understanding of
the TransCLIP methodology (specifically Section 5.3) could be useful.
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Introduction

The previous chapter investigated adaptation strategies within somewhat
idealized settings, where experimental conditions are favorable. While
these standardized benchmarks facilitate rapid prototyping and direct com-
parison to previous methods, they often lack the complexity of realistic
deployment scenarios. In real-world applications, perfect conditions are
rarely met; batch sizes vary, data streams may be correlated, and class
distributions are often imbalanced. Although no benchmark can perfectly
mirror reality, it is crucial to rigorously stress-test the reliability of current
state-of-the-art methods. We aim to push the boundaries of standard eval-
uation protocols by challenging the validity of results obtained under sim-
plified assumptions. To this end, this chapter explores several critical edge
cases, moving towards transductive learning in the wild.

Context and Research Positioning

As demonstrated multiple times in the previous chapters of this thesis,
Vision-Language Models (VLMs) have introduced a powerful framework
that connects images and texts, enabling models to adapt to new concepts
without costly, human-labeled training data. This is achieved through
a pre-training phase during which an image and its associated text de-
scription are aligned through contrastive learning. This enables zero-shot
recognition, where novel images could be categorized by matching them to
textual class descriptions, supporting tasks beyond traditional supervised
learning.

VLMs such as CLIP [16] have triggered wide interest, particularly in the
few-shot adaptation setting [1,25,27,58,59] (Chapter 3), in which they have
shown promising generalization capabilities using limited labeled data for
each downstream task. More recently, the focus has shifted towards even
more challenging unsupervised scenarios, where models must adapt on-
the-fly to the test data. Test-time adaptation (TTA) approaches have thus
emerged, covering a spectrum of data availability regimes: from test-time
augmentation on a single image [4, 47,48, 169] (Chapter 4), to transduc-
tive inference leveraging global statistics on batches [5,142,170] (Chapter

and this chapter), and finally to continuous adaptation on incoming data
streams [171,172] (developed in the following sections).
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TTA is very popular in the vision community [138,173-177], and this
interest is now extending to VLMs [5,142,170-172], where specific meth-
ods are required to fully exploit their open-vocabulary pre-training and
zero-shot capabilities. However, while real-world scenarios frequently in-
volve highly correlated incoming samples—such as patches from a satellite
image or video recordings, as shown in Figure 6.1—previous studies still
lack a realistic evaluation, i.e., one that envisions test-time class-distribution
sampling to mimic what is encountered in real-life deployments.

By considering a breadth of realistic scenarios, we found that existing
TTA or transductive methods for VLMs are often highly biased toward
settings with a small number of effective classes (i.e., the actual number
of classes in the batch) [142], where the classes are uniformly distributed
[5,170], or where the streams of samples arei.i.d. [171,172]. In contrast, our
method makes no assumptions about the number of effective classes in the
batch, and can handle a much wider range of scenarios.

More specifically, we develop two realistic TTA evaluation settings for
VLMs. First, we argue that adaptation methods operating on a single batch
must demonstrate robustness when dealing with varying numbers of ef-
fective classes. While this aspect has been discussed recently in the con-
text of VLMs [142], current methods are effective only within a narrow
and specific range of class numbers. In contrast, we perform a comprehen-
sive evaluation of methods over a broader range of effective class numbers.
Secondly, online adaptation should be resilient to correlated batches, as al-
ready discussed in TTA for vision models [175-177].

Nevertheless, we show that current TTA and transductive methods de-
signed for VLMs frequently compromise the models’ initial zero-shot ro-
bustness across all these scenarios in exchange for performance gains in
well-specified conditions. In response to these limitations, we introduce
Stat.A, a more resilient transductive method. StatA integrates a novel reg-
ularization term specifically designed for VLMs, serving as a statistical
anchor to preserve the initial textual class representations, particularly in
low-data regimes. Stat.A is highly efficient, processing thousands of sam-
ples within seconds.
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Summary of Contributions

In this chapter, we introduce StatA, a method designed to enhance the
robustness of Vision-Language Models in realistic deployment conditions.
Our core contributions are threefold:

(i) We analyze and rigorously challenge the limitations of current trans-
ductive and test-time adaptation techniques. We demonstrate their sys-
tematic failure modes in realistic scenarios characterized by a varying num-
ber of present classes, and temporal correlations.

(ii) To address these shortcomings, we introduce a novel evaluation
framework comprising two demanding settings: adaptation within a sin-
gle batch containing a variable number of effective classes, and online
adaptation on non-i.i.d. sample streams.

(iii) We propose a versatile transductive algorithm featuring a novel
regularization term dubbed the Statistical Anchor, which allows our method
to robustly handle an arbitrary number of effective classes while maintain-
ing high performance across these challenging distributions.

Chapter Outline

The remainder of this chapter is structured as follows. Section 6.2 defines
the realistic evaluation protocols and motivates the need for more rigor-
ous testing scenarios. Section details our core contribution, StatA, in-
troducing the realistic transductive learning formulation and deriving the
regularized updates for the GMM parameters. Next, Sections 6.4 and
present a comprehensive experimental validation, systematically bench-
marking our approach against state-of-the-art methods in challenging batch
and online test-time adaptation scenarios, respectively. Section ana-
lyzes the impact of key components through ablation studies. We conclude
with the main insights of this chapter in Section 6.7. Finally, mathematical
derivations regarding the Kullback-Leibler divergence and the regularized
parameter updates are provided in the Appendix (Section 6.8).

Towards More Realistic Scenarios

The experimental settings currently envisioned to validate transduction or
TTA methods for VLMs rely on unrealistic assumptions about the data dis-
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tribution. In contrast, our work aims to tackle real-world deployment con-
ditions, which we refer to as realistic scenarios. Figure 6.1 illustrates two
of those scenarios of interest for TTA deployment. In our experiments, we
have divided the study of these realistic scenarios into two perspectives:

Batch realistic scenarios

In practical applications, batches often contain a limited number of ef-
fective classes, denoted as K. For instance, a user will define a large
panel of classes of interest whereas only a subset is actually present in
the data at hand. In this first setup of interest, each batch is processed
independently, for example when processing large satellite images decom-
posed into patches (Figure ). In this case, we vary the number of effec-
tive classes, simulating situations where a batch might not contain all the
classes of interest, considering six scenarios: Very Low contains from 1 to
4 classes; Low contains from 2 to 10 classes; Medium contains from 5 to 25
classes; High contains from 25 to 50 classes; Very High contains from 50 to
100 classes; A11 includes all classes.

Online realistic scenarios

In our second perspective on the notion of realistic scenario, we examine
streams of batches, akin to processing a sequence of images. In this case, it
is known that real-world data distributions, such as those encountered in
autonomous driving and human activity recognition (Figure ), tend to
exhibit temporal correlations. Following previous works, we control this
correlation using a Dirichlet distribution [175-177], denoted by +.

Hyperparameters

Generalization to unseen cases is crucial for TTA methods. Therefore, op-
timizing hyperparameters for each scenario would require access to labels
and prior knowledge of the specific scenario encountered during testing,
which goes against the core purpose of the TTA approach. We found that
some methods largely rely on dataset-specific hyperparameters without
clear guidance on how to tune them for a new dataset, or even resort to
hyperparameter search using knowledge from ground truth labels. To en-
sure fairness in comparison, we use hyperparameters optimized on a sin-
gle dataset for all reported experiments. This is further discussed in the
experimental sections.
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Classes
AaaualCrop
River
Highway
Residential

HerbaceousVegetation

(a) Satellite images of an area may not contain certain classes. Images are
taken from the EuroSAT [68] dataset.

Stream$

Classes
Walking_With_Dogs Typing
Cutting—ln_Kitchen Brushing—Teeth

(b) Video recordings may contain multiple consecutive frames of the same
class. Images are taken from the UCF101 [76] dataset.

Fig. 6.1 [Illustration of two realistic scenarios: (a) batch adaptation with
limited number of effective classes and (b) online test-time adaptation with
a correlated, non-i.i.d. data stream.

Realistic Transductive Learning

Current TTA or transductive methods based on probabilistic clustering of-
ten hold implicit assumptions about the statistics of the testing batch, such
as uniform class distributions and low effective numbers of classes. As a
result, they may have difficulty generalizing to diverse scenarios. We in-
troduce a versatile method that can handle a breadth of scenarios, with
varying batch sizes and numbers of effective classes, without any hyper-
parameter tuning, while maintaining a strong overall performance. We
derive our method as Maximum Likelihood Estimation (MLE) tailored to
VLMs, with a novel Statistical Anchor (Stat.A) term that leverages the text-
encoder knowledge, acting as a regularizer on the statistical parameters of
the vision features (i.e., the mean vectors and covariance matrices).
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6.3.1 Formulation

We build directly upon the CLIP framework of Chapter 2 and the Tran-
sCLIP methodology (Chapter 5). To ensure this section remains self-contai-
ned, we briefly recall the essential notations and definitions below, while
encouraging readers to refer to the aforementioned chapters for a more in-
depth background.

We seek to predict a label k for each image in the query set, x; i € Q,
given pre-trained vision-encoded features f; = 0,(x;) € R? and text em-
beddings t; = 6:(cx) € R9, where 6, denotes the vision encoder, 6; the text
encoder, and c;, the text prompt representing class k, k = 1,..., K. The total
number of all possible classes is K, while the effective number of classes
occurring in a given query set is Ky, which might be lower but no greater
than K.

Regularized Maximum Likelihood Estimation
The proposed method belongs to the broad family of soft probabilistic clus-
tering approaches, which jointly estimate:

* Assignment vectors z = (z;)1<i<n, Within the probability simplex
(Ag)Ne. The k-th component z; ;. of vector z; yields the probability
that the i-th sample is in class k.

e Statistical models M = (My);<x<k. Each My contains the set of pa-
rameters of a distribution modeling the features within class k, e.g.,
a mean vector and a covariance matrix in the case of multivariate
Gaussian distributions.

In the context of transductive few-shot methods and TTA, several recent
methods could be included in this family of clustering-based approaches,
e.g.,, PADDLE [129], Dirichlet [142], LaplacianShot [130] and TransCLIP [5],
among others. These methods minimize Maximum Likelihood Estimation
(MLE) objective functions of the following general form, alternating opti-
mization updates w.r.t both the assignment variables in z and the model
parameters in M:

Lyvie(zM) = — Y 2/ log(p;) + R(z) (6.1)
i€Q

where p; = (pix)1<k<x = (Pr(f;|My))1<k<k contains likelihood probabil-
ity scores evaluating how likely is feature vector f;, given the k-th class
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parametric density My, and R is a regularization term, characteristic of the
method. These methods may also differ in how they model likelihoods
pik- For instance, TransCLIP [5] is based on multivariate Gaussian mod-
els, whereas the authors of [142] used Dirichlet distributions. In fact, the
first term in Eq. (6.1) is the general log-likelihood model fitting objective,
well established in the clustering literature as a probabilistic generaliza-
tion of K-means' [129,146]. This general term has an inherent bias to class-
balanced clusters, a well-known fact in the clustering literature [146,178].

As for regularization term R (z), there are several choices in the recent
transductive learning literature, some of which also embed priors on class
statistics, inducing biases towards specific scenarios. For instance, PAD-
DLE [129] and Dirichlet [142] explicitly penalize the number of non-empty
clusters via a minimum description length (MDL) regularizer. While this
regularizer could counter the class-balance bias in the log-likelihood term
in Eq. (6.1), we found that these methods are strongly biased towards small
numbers of effective classes; see Table and . LaplacianShot [130]
uses a Laplacian regularizer, encouraging samples with nearby represen-
tations (in the feature space) to have similar predictions. TransCLIP [5]
adopts a combination of this Laplacian term and a Kullback-Leibler diver-
gence regularizer, which penalizes the deviation of each assignment vari-
able p; from the zero-shot text-driven softmax prediction of the i-th sample.

Proposed Statistical Anchor (Stat.A) term

It is notable that all the state-of-the-art transductive learning methods men-
tioned in the previous section regularize the assignment variables in z, via
the regularizer R (z), but not statistical model parameters M that appear in
the log-likelihood term in Eq. (6.1). However, in the context of VLMs, and
as these learn from aligning vision and language representations, we ar-
gue that useful priors about those statistical parameters could be leveraged
from the text-encoder knowledge. For instance, one could derive proto-
types from the textual prompts. In the following, we introduce a Statistical
Anchor (Stat.A) term, which acts as a regularizer on the model parame-
ters using text-driven priors. As will be shown in our experiments, Stat.A
brings important gains in robustness, yielding strong performance across
all settings.

!The K-means objective corresponds to multivariate Gaussian models, but with the sim-
plifying assumption fixing all the covariance matrices to the identity matrix.
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In the following, we develop StatA under the multivariate Gaussian
assumption for models (My);<x<k, but the concept could be extended to
other density functions in the exponential family. Assume that the feature
vectors f; within a class k are random variables following a multivariate
Gaussian distribution Ny, = N (p, Zx), with a mean vector y; and a diag-
onal covariance matrix Xy, i.e.,, My = (g, Zx). Thus, the likelihood proba-
bilities appearing in the general problem in Eq. (6.1) read as follows:

' 1 1 o Te—lr¢
Pijk & \/E| Xp( (z .uk) Zk (fl F‘k)) (6~2)

We introduce an additional penalty, which regularizes the statistical pa-
rameters of multivariate Gaussian Nj. Specifically, we exploit the tex-
tual prompts to build an initial estimation of the mean vectors and co-
Variance matrices i.e., a fixed multivariate Gaussian distribution N’y

N (#'}, Z'k), which serves as a statistical anchor (StatA). Then, we add a
Kullback-Leibler term that penalizes the overall objective when the multi-
variate Gaussian of class k deviates from these initial mean vectors p’, and
covariance matrices X'y, which are kept fixed and not optimized upon:

! 1 / — /
L( k||Nk) = 5((# k —F‘k)TZkl(P‘ k — Mk)

_ X
+ Tr (X, 'Z'y) + log ||Z’kk| —d). (6.3)

Our statistical anchor term could be added to the generic MLE clustering
objective defined in Eq. (6.1) and, hence, used in conjunction with any
method befitting this general setting, provided that the likelihood proba-
bilities are assumed to be multivariate Gaussian:

‘C.A(Z; H, Z) = ‘CMLE(Z;I”/E) + OCA(ﬂ, Z) (64)

where p = (. )1<k<x, & = (Zk)1<k<k, & is a non-negative constant, and
our statistical anchor is given by:

K
Alp,Z) = YKL (AF]IAG) (65)
k=1
We compute mean vectors and a shared diagonal covariance matrix of the

anchor (fixed) distribution N/ from the text-encoder knowledge and zero-
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shot predictions as follows:

G (f— £ )T
1, = t;; T’ = Diag ik Sik(fi ﬂlf)( i — M) (6.6)
YikSik
where 3; ;. denotes the zero-shot, text-driven prediction:
exp(ft/T
Zj exp(f; t]-/T)

Our overall objective in Eq. (6.4) depends on two types of variables, sta-
tistical parameters (u, L) and the assignments in z. Therefore, we pro-
ceed with a block-coordinate descent scheme, which alternates two update
steps, one fixing z and updating (y, X) in closed-form, and the other fixing
the parameters and optimizing over z.

Regularized updates of the parameters

When the variables in z are fixed, notice that the objective function in
Eq. (6.4) is strictly convex w.r.t each ;. and each Xy, k = 1,...,K, for any
non-negative a. Therefore, by setting the gradient with respect to each of
these statistical variables equal to zero (details in Appendix ), we ob-
tain the following closed-form updates:

e = By + (1= Bw's

Ty = Ly + (1 — Bi) (T + Diag((#'x — m)?) (6-8)
N . A
where scalar B € [0,1] is given by: By = %, and i, and Xy are,
i=1%ik

respectively, the sample mean vector and diagonal covariance matrix of
class k: N N

Y zikfi o Lty zikDiag((fi — m)?)

SRR gy = (6.9)

N 4 N
Y1 Zik YilqZik

™M

ﬁk:

Interpretation

Updates in Eq. (6.8) allows for a clear interpretation. Indeed, the sample
mean and covariance updates in Eq. (6.9) are the standard MLE estimates
optimizing Eq. (6.1), which corresponds to the case « = 0 in our objective
in Eq. (6.4) (i.e., no anchor term). The updates in Eq. (6.8), 4, and Ly, are a
convex combination of these MLE estimates and a term dependent on the
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statistical anchor, with scalar B € [0, 1] controlling the combination.

Notice that the larger the number of samples predicted to belong to
class k, the larger the value of this scalar. Therefore, the convex combina-
tion in Eq. (6.8) gets closer to the statistical anchor when few or no sam-
ples are predicted as belonging to class K, and closer to the standard MLE
estimates in Eq. (6.9) otherwise. This makes sense as a small number of
samples may not be sufficient to estimate reliably the mean and covariance
statistics. Weighting factor f; depends on «, which is a hyperparameter.
While we have found that the straightforward choice « = 1 (used in all
experiments) works well across various settings, one could further tune it
depending, for example, on the quality of the chosen anchor (see Figure
of the ablation studies).

Implementation of the weighting factor

In our numerical implementation of the algorithm, we modified the weight-
ing factor By by replacing the soft assignment predictions with hard ones
on the vertices of the simplex, for a better estimation of the predicted car-
dinality (i.e., number of samples) of each class k:

By = YN, 1[k = argmax, z; ]

B YN 1k =arg max, z;,| +«

(6.10)

We found Eq. (6.10) to be more robust to the noise induced by residuals in
components other than the one with the maximum probability in z; (see
Table 6.3 of the ablation study).

Complete formulation

Assignments’ regularization

In addition to the proposed regularization of statistical parameters (u, Z),
we follow recent works, regularizing assignments z. We adopt the ubiqg-
uitous Laplacian regularizer [5, 130, 179], as well as the text-supervision
term from [5] designed for VLMs. The former encourages samples with
close visual features to have the same predictions, whereas the latter pe-
nalizes the deviation of assignment variable z; from zero-shot predictions
8; = (sik)1<k<k- More precisely, we set regularizer R(z), which appears in
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Egs. (6.1) and (6.4), as follows:

R(z) = — Y wiz] z; + Y KL(z][8)) (6.11)
ij i€Q
N\ — e
Laplacian reg. text supervision

where w;; = fl-Tfj. With parameters (p, X) fixed, and using the regularizer
in Eq. (6.11), the overall objective in Eq. (6.4) becomes the sum of concave
and convex functions of z. Therefore, we could deploy a Concave-Convex
Procedure (CCCP) minimization procedure [96], which, at each update
step, minimizes a tight convex upper bound on the objective. This guar-
antees that each update does not increase the objective. CCCP replaces the
concave part with its linear first-order approximation at the current step,
which is a tight upper bound, while keeping the convex part unchanged.
The Laplacian term is concave whereas the remaining part of the objective
is convex. Solving the necessary conditions for minimizing the convex up-
per bound gives the following decoupled updates of the assignment vari-
ables (the proof is similar to the one in Appendix of the previous chapter,
Section ):
§; © exp(log(pi) + sz‘jlj(»l))
2/t = J v (6.12)
(8i © exp(log(pi) + L wijz; ') "1k
]

Experiment 1: Batch Test-Time Adaptation

Experimental Setup

Datasets

We use conventional benchmarks composed of 11 datasets for fine-grained
classification, namely Imagenet (I.) [17], SUN397 (SUN) [69], Aircraft (Air.)
[70], EuroSAT (SAT) [68], StanfordCars (Cars) [67], Food101 (Food) [71],
OxfordPets (Pets) [72], Flowers102 (Flow.) [73], Caltech101 (Calt.) [74], DTD
(DTD) [75], UCF101 (UCF) [76]. These datasets offer a thorough bench-
marking framework for evaluating zero-shot adaptation on visual classifi-
cation tasks. See Table 8.3 for details on the number of samples and classes.
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Models
We use the ViT-B/16 CLIP model, while additional results with four other
backbones can be found in the Appendix of the Stat.A paper [3].

Evaluation protocol

Each task corresponds to a batch from the test set, which is processed in-
dependently. To reduce variability in results, 1,000 tasks are generated for
each scenario, and the accuracies are averaged across tasks. We report re-
sults for batch sizes of 64 (with Very Low, Low, Medium number of effec-
tive classes) and 1,000 (with Medium, High, Very High number of effective
classes), and the whole dataset (with A11 classes). See Section 6.2 for more
details. Each reported performance metric represents the averaged top-1
accuracy.

Comparative methods

We use the same handcrafted prompts for all methods, which are listed
in Table . Due to the more versatile scenarios studied in this paper,
we find that our centroid initialization based on text embeddings is much
more robust, especially when the number of effective classes is reduced.
Therefore, we implement it for TransCLIP instead of their original initial-
ization based on the top-confident samples for each class. For ZLaP and
Dirichlet, we follow the hyperparameters of their official implementation.

Results
Table presents results for small batches containing relatively few effec-
tive classes; Table shows results for larger batches; and Table re-

ports results for large-scale, whole-dataset processing. Stat.A demonstrates
robustness across all scenarios, whereas other transductive methods ex-
hibit strong performance only within specific, narrow application ranges.

Dirichlet performs well in the Low setting but rapidly declines as condi-
tions deviate, which aligns closely with the setting emphasized in their
paper (3 to 10 effective classes per batch of size 75). TransCLIP excels
in the A1l scenario but quickly underperforms when the number of ef-
fective classes decreases, even with relatively large batch sizes, consistent
with their experimental focus on large-scale transduction with all classes
present. Similarly, ZLaP shows small performance improvements when all
classes are present, but struggles in more diverse settings. Stat.4 emerges
as a well-balanced solution, providing stable gains across a wide range
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Table 6.1 Comparison of different batch sizes and ranges of effective
class numbers. The best average accuracy for each configuration is high-
lighted in bold, while the second-best is indicated with underline. Sub-
scripts indicate improvement or degradation compared to zero-shot. Each
reported performance is averaged over 1,000 tasks.

(a) Three scenarios with a batch size of 64: Very Low (14 effective classes per task),
Low (2-10 classes), and Medium (5-25 classes).

Method AVERAGE I SUN Air. SAT Cars Food Pets Flow. Calt. DTD UCF

CLIP 65.2 66.6 625 247 483 656 8.9 891 707 932 435 675

MTA +1.3 +27 423 427 -14 +24 +13 +03 +1.0 +08 +09 +15

Dirichlet +3.3 +12.6 +132 +35 -1.1 +26 422 16 +05 -44 +68 +15

Very Low ZLaP -37.8 -521 495 -163 -11.7 -419 -540 -32.1 -483 -40.8 -30.5 -38.3
(1-4) TransCLIP | -26.3 -450 -414 -131 -32 -309 -267 -167 -343 -309 -174 -29.8
StatA +5.1 +63 +35 +46 +85 +10.6 +44 +64 +69 -02 +26 +2.7

Dirichlet +5.1 +13.5 +155 +34 48 +5.9 +64 +3.6 +4.0 02 +54 +34

Low ZLaP -30.0 -475 435 -12.7 -19 377 424 225 -394 -324 -21.1 -288
(2-10) TransCLIP | -24.8 -46.3 -40.1 -104 456 -348 -303 -19.7 -298 -286 -119 -26.6
StatA +4.1 +62 +44 +30 +30 +79 +36 +46 +59 +04 +34 +21

Dirichlet +2.2 +11.1 +104 +14 97 +60 +49 -07 +08 +05 -06 +03

Medium ZLaP -20.6 376 -346 82 +07 296 -268 -127 -278 -212 -115 -172
(5-25) TransCLIP | -22.5 -511  -39.7 77 499 327 296 -165 -257 -27.6 -60 -21.0
StatA +2.2 +41 +28 +13 -33 +55 +23 +1.7 +3.0 +07 +40 +16

(b) Three scenarios with a batch size of 1000
task), High (25-50 classes), and Very High (50-100 classes).

: Medium (5-25 effective classes per

Method AVERAGE I SUN Air. SAT Cars Food Pets Flow. Calt. DTD UCF

CLIP 65.2 66.6 625 247 483 656 859 8.1 707 932 435 675

MTA +1.3 +2.7  +23  +27 -1.4 +24 +13 +03 +1.0 +08 +09 +1.5

Dirichlet -0.8 57 4129 420 95 485 97 +19 +09 -08 -73 -21

Medium ZLaP -23.7 -50.0 -424 -83 +0.7 -334 -304 -127 -30.1 -255 -93 -194
(5-25) TransCLIP | -8.7 -26.7 -198 27 +148 -157 -53 -1.2 -120 -141 -06 -125
StatA +4.4 +42 +20 +37 +121 +84 +16 +40 +68 04 +3.6 +2.7

Dirichlet -20.0 -493 -252 -37 -104 -02 -396 -78 244 -12.7 -224 -239

High ZLaP -13.0 -428 -303 25 +1.0 -202 -11.0 -26 -145 -135 +01 -6.7
(25-50) TransCLIP | -3.3 -227 -129 +01 +157 -83 29 423 -16 77 +40 21
StatA +4.5 +53 +39 +12 +124 +8.0 +21 +23 +6.0 0.0 +44  +4.0

Dirichlet -31.6 -55.8 -468 -72 -10.5 -144 -568 98 464 -341 -245 -414

Very High ZLaP -6.8 -339 -185 +0.7 +1.0 -104 -26 -1.8 59 53 +1.7 +03
(50-100)  TransCLIP | -0.8 -221 95 +09 +158 -47 -07 +28 +3.6 27 +46 +32
StatA +3.7 +52 +46 -08 +124 +46 +12 +20 +3.6 +05 +45 +3.2

(c) Scenario with full dataset and all classes. Note that our hardware couldn’t run
Dirichlet on Imagenet due to excessive memory consumption.

Method AVERAGE I SUN Air. SAT Cars Food Pets Flow. Calt. DTD UCF
CLIP 65.2 66.6 625 247 483 656 859 89.1 70.7 932 435 675
MTA +1.3 +2.7 423 427 -14 +24 +13 +03 +10 +0.8 +09 +15
Dirichlet -35.7 N/A -61.8 92 -84 444 -774 -128 -564 -492 -241 -49.1
ALl ZLaP +1.1 +2.2  +47 +22 408 +15 +10 -13 -2.0 24  +20 +39
TransCLIP | +5.1 +38 +6.4 +22 +178 +39 +12 +34 +58 05 +51 +6.6
StatA +4.7 +33 +62 00 +190 +24 +12 +33 +45 +1.0 +49 +6.0
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of scenarios. Results with four other backbones are presented in the Ap-
pendix of the StatA4 paper [8].

Experiment 2: Online Test-Time Adaptation

Experimental Setup

Datasets and models
The same datasets and models are used from experiment 1 (Section 6.4).

Evaluation protocol
Each task corresponds to a full pass through a generated (non i.i.d.) data
stream. To reduce variability in results, 100 tasks are generated for each
configuration and accuracy is averaged. We report results using a batch
size of 128. Each reported performance metric represents the top-1 accu-
racy, the whole test set is used to generate each stream. For generating non
iid. data streams, we follow the setup of recent works [177] and adopt a
framework based on Dirichlet distributions. Namely, we distribute each
class over a fixed number of slots according to proportions drawn follow-
ing a Dirichlet distribution parametrized by a single scalar parameter 7.
Therefore, for large values of -y each class is evenly distributed among slots
(i.i.d. data stream) while for small values each class is distributed in a sin-
gle slot (highly correlated data stream). Then, samples are randomly shuf-
fled within each slot. For every dataset and a given batch size, the number
Q|

f slots is min{K
of slots is min{K, {batch size

J }. This is illustrated in Figure

Comparative methods

We use the same handcrafted prompts for all methods, which are listed in
Table . We found that TDA largely relies on dataset-specific hyperpa-
rameters without clear guidance on how to tune them for a new dataset.
Similarly, DMN conducts a hyperparameter search in order to find the opti-
mal balance between the logits obtained from the text prompts and the log-
its from their model’s memory, using knowledge from ground truth labels.
Hence, following our discussion, we use the hyperparameters optimized
for ImageNet. For TDA, this means the positive logits mixing coefficient
is set to 2, while the negative logits mixing coefficient is set to 0.117. For
DMN, since we only consider zero-shot scenarios, we only need to set the

[ 111



6.5.2

6 | Transductive Learning in the Wild

y=0.001 Separate

: 1.0
[
=2
(]
(@)
e 0.8
- 0.6
o
m |
O
- 0.4
A 0.2
l_
[a)
0.0

Fig. 6.2 Correlation matrix of per-batch ¢, normalized vectors of class
proportions for batch size 128. x and y axis of each plot is the batch in-
dex corresponding to the order in which the batches are processed. This
illustrates the inter-batch correlation increasing as the Dirichlet parameter
v decreases.

coefficient relative to the dynamic memory, which is set to 1. For TENT, we
use a learning rate of 0.001 and 10 steps of gradient descent per batch.

Results

Table 6.2 presents the results for various correlated streams. Stat.A demon-
strates robustness across all scenarios. In contrast, while TDA and DMN do
not experience as sharp a performance drop as some transductive methods
from the previous sections, they still struggle to deliver significant perfor-
mance gains, demonstrating that advances are still to be made for online
test-time adaptation of VLMs. Moreover, TENT does not provide consis-
tent improvements, which might be due to the absence of batch normal-
ization layers in the CLIP encoder. In contrast, Stat.A benefits from more
correlated streams and still emerges as a good compromise across a wide
range of scenarios. Results with 4 other backbones (CNNs and ViTs) are
presented in the Appendix of the Stat.A paper [8].
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Table 6.2 Comparison of methods for online TTA. The best average ac-
curacy for each configuration is highlighted in bold, while the second-best
is indicated with underline. Subscripts indicate improvement or degrada-
tion compared to zero-shot. Each reported performance is averaged over
100 tasks.

(a) Four scenarios with a batch size of 128: Low, Medium, and High correlation. For
Separate, classes are seen sequentially.

Method =~ AVERAGE 1. SUN Air. SAT Cars Food Pets Flow. Calt. DTD UCF

CLIP 65.2 66.6 625 247 483 656 859 891 707 932 435 675

MTA L) +2.7  +2.3 427 -14 +24 +13 +03 +1.0 +0.8 +0.9 +1.5

TENT +0.6 0.0 +2.0 -0.1 +3.5 +0.1 0.0 +0.2 -0.1 +0.2 +0.5 +0.3

Low(y = 0.1) TDA E2th] +1.7 +3.5 +0.7 +123 +1.3 +0.2 +0.5 +1.8 +0.2 +2.0 +3.5
) DMN +2.0 +1.4 +23 +02 +115 +14 -17 +08 +2.6 -1.0 +13 +2.8

StatA +1.7 04 +11 -04 +40 +1.8 +21 +34 +20 +1.0 +33 +13

TENT +0.2 +0.1 +1.8 -0.1 -0.4 0.0 0.0 +0.3 -0.1 +0.1 +0.5 +0.3

Mediun(y = 0.01) TDA +1.9 +1.6 +3.1 +0.5 +8.2 +0.9 -0.1 +0.2 +1.9 +0.3 +1.7 +2.6
: DMN +1.2 +1.4 423 +0.2 +79 +1.2 -4.0 -0.1 +2.3 1.1 +1.4 +21

StatA +3.7 +3.0 +34 +26 +40 +76 +3.2 +55 +49 +11 +33 422

TENT +0.1 +0.2  +1.8 +0.1 -2.7 0.0 +0.2  +0.3 -0.2 +0.2 403 +0.4

High(y = 0.001) TDA +1.6 +1.3  +2.6 +04 +7.0 +0.7 -0.4 -0.1 +1.8 +04 +1.6 +2.2
enly : DMN +1.0 +1.3  +23  +0.2 +8.0 +1.2 -6.0 -0.2 +2.2 -1.1 +1.3  +19
StatA +4.2 +53 +35 +32 +35 +91 +34 +57 +57 +1.2 +35 +23

TENT -0.7 +0.1  +1.7 0.0 -11.3 0.0 +02 +02 +01 +0.2 +04 +0.4

Separate TDA +1.4 +0.8 +21 +02 +70 +03 -0.7 -0.2 +1.6 +04 +15 +21
DMN +0.6 +1.1 422  +0.2 +6.8 +1.1 -7.4 -1.1 +2.1 -1.3 +1.3  +1.5

StatA +3.8 +51 +24 +42 -0.1 +9.6 +30 +61 +69 +1.1 +23 +1.5

Ablation Studies

Gaussian anchor term weighting factor

We study the effect of the Gaussian anchor term weighting factor in Figure
6.3. Our observations show that setting « to relatively large values can be
highly beneficial when the ratio between the batch size and the number
of effective classes is significantly greater than 1. For instance, Figure 6.3a
demonstrates a +10% improvement on the ImageNet dataset when Ko < 5
with a batch size of 64, and a +13% improvement when 5 < Ky < 25. In
contrast, smaller a values can be more beneficial when the K¢ increases,
as depicted for DTD and Cars in Figure 6.3b. However, over-reliance on
tuning & would contradict our goal of maintaining a strong and versatile
method across scenarios. While addressing this question lies beyond the
scope of this paper, it presents an interesting avenue for future work.

Bx computation

We study the impact of our implementation choice of Section 6.3.2 in Table
6.3. Hard assignment proves to be more beneficial for large batches with
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ImageNet

Kerr Kerr Kerr

(a) Effect of « with a batch size of 64 and 1 to 25 effective classes on ImageNet,
DTD, and Cars dataset.

ImageNet DTD Cars

50 5 50 60 510 % @ 510 5 ) 100
Kerr Kerr Kerr

(b) With a batch size of 1,000 and 5 to 100 effective classes on ImageNet, DTD,
and Cars dataset.

Fig. 6.3 Ablation study on the impact of the anchor weighting « across
various numbers of effective classes (Kq¢). The line corresponding to & =
1 (used in all our experiments) is highlighted with a wider stroke. Each
reported performance is averaged over 1,000 tasks.

very few classes. This can be attributed to the small residuals of the soft
assignment, as predictions for a given class are never exactly zero (see the
softmax operator in Eq. (6.12)). Soft Bj yields greater improvement for
smaller batches with relatively more classes. These insights suggest poten-
tial avenues for refining the anchor strategy, either by smoothing the small
residuals of the prediction vectors or by better estimating the presence of
a given class, in line with the observations made on the impact of the «
weighting factor.

Runtime

Table 6.4 highlights the efficiency of Stat.A, which is capable of processing
50,000 samples in just a few seconds. Note that CLIP inference encom-
passes both image features computation and text prompts encoding. Stat.A
acts as a robust additional processing, seamlessly applied atop the model
after inference to enhance predictions. Its computational cost is minimal,
adding negligible overhead compared to the initial inference.
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Table 6.3 Anchor strategies for various numbers of effective classes (Kegf)
on the ImageNet dataset. Hard By refers to Eq. (6.10).

(a) Batch size of 1,000.

Keft 5 10 25 50 100

Stat.A w/ soft B 703 692 707 727 728
StatAw/ hard By 713 702 714 722 714

(b) Batch size of 5,000.

Kegt 50 100 250 500 1,000

StatA w/ soft By 69.7 692 708 694 66.1
StatAw/ hard py 708 704 711 69.5 66.5

Table 6.4 Runtime on a single Nvidia RTX 3090 GPU with 24 GB of mem-
ory for the ImageNet dataset.

Batch size CLIP inference StatA  Total runtime

1,000 6s 0.1s 6.1s
50,000 5 min 15s ~ 5 min

Conclusion of Chapter 6

The purpose of this work was twofold: first, to challenge the current con-
ventions for benchmarking transductive and test-time adaptation meth-
ods; and second, to propose a step towards a more robust adaptation that
provides consistent gains adhering to strict realistic constraints, such as
the use of fixed hyperparameters across tasks. Our analysis revealed that
while state-of-the-art methods excel in the specific scenarios of their origi-
nal benchmarks, they fail in at least one of the more realistic scenarios intro-
duced in this chapter. Consistent with the philosophy of previous chapters,
we aimed to show that a simple, well-designed prior can yield a highly ef-
fective solution without incurring significant computational overhead. We
introduced a novel parameter regularization within the TransCLIP objec-
tive, termed the Statistical Anchor (Stat.A). This addition provides an in-
terpretable mechanism that dynamically balances the data-driven statistics
with the text-based priors. By making our codebase” publicly available, we

2
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hope to encourage the community to move beyond simplified settings and
adopt more diverse and rigorous benchmarking standards.
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6.8  Appendix of Chapter 6

6.8.1 Kullback-Leibler divergence between two multivariate Gaus-
sian distributions

Let N/ (m,, Ep) and N(u ¢ Zq) two multivariate Gaussian distributions with
respective probability density functions p and q. Then, we have

KL(p|lq) = /xp(x) log ZEB dx (6.13)
= Ep[log(p) — log(q)] (6.14)
= Ep[% log ;Z: - %(x — ) Z, (x— )

o0 ) T2 gy (615)
- 1F,flog éj} LB () B ()
Bl 1) T2 (- ) (616)
— 5108 g~ 5B lx ) Ey )

Bl 1) T2 (- )] (617)

We can rewrite the second term as
(=) T2 = ) = Tr (=) T2, (x = )
=Tr ((x—yp)(x—yp)TZ};l) (6.18)

by using
Tr(ABC) = Tr(BCA) = Tr(CAB). (6.19)

For the third term, since we assume x follows a Gaussian distribution
N (;lp, L,), we have (see Matrix cookbook [180] Eq. 380 of Section 8.2)

IE[(X - ”q)TZ;1<x - ”q)] = (”p - ”q)Tz‘t;l (Fp - ”lq) + Tr(z‘z;lzp) (6.20)
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And therefore
KL(lg) = 3 10g 15 yEplTe ((x= ) x— ) )
5y =) B Gy — ) FTHESEY) 62D)
= 3198 g1} = 5T (Bplix =) (x =) 12, )
oy =) By ) A THEE) (622)

by using the fact that trace and expectation can be interchanged. Moreover,

Epl(x—p,)(x—p,) '] =&y (6.23)

which simplifies further the second term of the sum and gives

S0 )+ 2y — 1) 5y~ )

-1%,)) (6.24)

KL(pllq) =

N =

logi -5+ 7((:up _l‘q)TZq_l(l‘p - I’lq) +Tr(z‘q_lzp))
(6.25)

(108 g =, — 1) T, g+ (15, )
(6.26)

with d the number of dimensions.

6.8.2 Detailed derivations of the regularized updates of the pa-
rameters

We write py and gy the respective probability density functions of the dis-
tributions N (p, ) and NV (¢’ £’ ). With previous results, we have

Ao E) = DKL) = 5 20 m) 5 0 )

)
+ Te(Z 12 + log ||Z,’; || —d. (6.27)
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With respect to ;.

oL 0
—( Yz log(pi) — ) ) wijzi 2

aﬂk aﬂk i€Q i€QjeQ
+ ¥ KLz 159 + 0 A(nT) ) (628)
i€Q
)
- a( )z log(p) — ) ) wijzl z
P i€Q 1€Q]€Q
Y KL(zll9:) +a YKL CIz||Pl)) (6.29)
i€eQ =1
=5 ( Zm( 5 log |Z| — f —m) I (fi_ﬂk)>
”lk i€eQ
E(Vk #)' T 1(V,k_ﬂk)> (6.30)
=- sz( (fi — ) )) + et — ) (6.31)
i€Q

Observe that the term aZ,~ Y’ — m) directly comes from the deriva-
tive of our statistical anchor A(p, Z) with regard to p;. By setting the
derivative to 0

=Yzl — ) —a(p' — ) =0 (6.32)
i€
Yoz +oap' =)z + oy (6.33)
i€cQ i€cQ
Y zipfi+ap' = (Z Zik + oc) e (6.34)
i€eQ i€Q

We then obtain the centroid update

Yicozikki +ap’y

- (6.35)
Hi Yicoziktu
If we write y
icQ %ik
p— Sl S (6.36)
p YicQZik T
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and

. £
v = Zzesz,k i (6.37)
YicQZik

we get the new centroid update

e = Brok + (1= B’y (6.38)

With respect to I, :

oL d
:< Zz logpZ ZZwl]

3221 BZk i€cQ i€cQjeQ
+ ¥ KL(zl) +ocA<u,z>) 639
i€Q
d
- ( ZZ log(p:) Z sz]z Z;
az‘k i€ zeQ;eQ
Y KL19:) + o 3 KL ) ) (6.40)
i€Q I=1
z “log [Zk| — = (f; — ) TZ (£ — )
= s (- D (g omm 58w E
_i_ﬁ lo |Z’k| ( r )Tzfl( r )—l—Tr(Z*lZ')
7 g|2;k| Pk =M = (B — Pk Kk =k
(6.41)
Note that the term log ||E “ W — ) "Z (W — ) + Te(Z 12 ) di-

rectly comes from the derivative of our statistical anchor A (y, ) with re-
gard to Zk_l. Using the formulas (from Matrix cookbook [180])

)
ox (log|X]) = (x7H)" (642)
)
el (log|X|) = —xT (6.43)
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and
%(Tr(AXB)) =A'BT (6.44)
%(Tr(AX‘lB)) = —(x'BAX 1T (6.45)

as well as the fact that covariances are symmetric (7 = L), setting the
derivative to 0 yields

- '%Zi,k (Zk — (fi—m)(fi - #k)T)
IS
(=] + (W~ m) (W~ )T HE) =0 (6.46)

- Y zix (Zk — (i — ) (fi — Vk)T>

i€Q
ta(—Ze+ (W —m) (W —m) T +Z) =0 (6.47)

(Z Zik + 06) Zk = Z Zi,k(fi — Vk)(fi — ‘uk)T

i€cQ i€Q
Fa(Z e+ W —m) W —m) ). (649)
We get
5, — Lico zige(fi — ) (Fi — ) " + (T + (W — ) W — 1) ")
YicQZik T
(6.49)
By writing the old Zj-update
T, = Licg zix(fi — mp) (£ —Plk)T’ (6.50)
YicQZik
we obtain the new covariance update
T = BT+ (1= B (k+ (W —m) W —m) ). (651)
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6.8.3 Algorithm

Algorithm 1: Stat.A procedure

Input: f;,i=1,...,N,t,k=1,...,K, @

z; < 8§; Vi; > See Eq.
=W, Zy=x" Vk > See Eq.
while not converged do

W N =

// Iterative decoupled updates
4 forl=1:... do
5 ‘ Update zflﬂ) Vi; > See Eq.
6 end

// Closed-form updates
7 Update By Vk; > See Eq.
8 Update gy and Iy Vk; > See Eq.
9 end
10 return z
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Unifying View, Conclusion,
and Perspectives

Preliminary Note:

Before starting the chapter, readers should be familiar with the meth-
ods and concepts introduced in Chapters 3 through 6. While pre-
vious chapters focused on proposing specific solutions for distinct
problem settings (few-shot learning, test-time adaptation, and trans-
duction), this chapter takes a step back to explore the connections
between them. We aim to provide a unified perspective that links
our contributions and the current state-of-the-art, highlighting com-
mon structures. This will serve as a discussion on the perspectives of
the field and conclude the technical contributions of this thesis.
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Introduction

In the previous chapters, we investigated various adaptation strategies for
VLMs, ranging from inductive fine-tuning with limited supervision (Chap-
ter 3) to training-free test-time adaptation on single samples (Chapter 4)
and transductive inference on batches (Chapters 5 and 6). While these con-
tributions addressed distinct experimental constraints (varying from the
availability of a labeled support set to the statistical structure of the query
data), they share a common objective: bridging the domain gap between
pre-training and deployment by refining the model’s alignment with the
target task. This shared goal allows us to take a step back and examine the
broader picture of this literature. In this somewhat more exploratory final
chapter, we synthesize these distinct approaches under a unified frame-
work. We argue that few-shot learning and test-time adaptation, often
treated as separate paradigms in the literature and in this thesis, can be
viewed as two instances of a broad adaptation problem. We formalize
this perspective through a general objective function formulation, which
allows us to categorize our contributions (namely CLIP-LoRA, MTA, Tran-
sCLIP, and Stat.A) based on how they regularize the latent assignment vari-
ables or the model parameters. We also integrate popular adaptation tech-
niques from state-of-the-art methods into this unified view. Finally, we
conclude this thesis by summarizing our core findings and outlining fu-
ture perspectives on inductive and transductive learning.

A Unified View of Few-Shot and Test-Time Adaptation

Few-shot learning (FSL) and test-time adaptation (TTA) are traditionally
studied in separate communities, yet they address the same fundamental
challenge: improving model generalization under changes in data condi-
tions with minimal to no supervision. FSL focuses on generalizing to novel
concepts using a small support set of labeled examples. In contrast, TTA
aims to adapt a pre-trained model to unlabeled data drawn from a shifted
distribution directly at inference time, without access to the source training
data. TTA can thus be viewed as an extreme case of unsupervised domain
adaptation, particularly relevant for foundation models where source data
are often private or prohibitively large.
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Despite their different origins, these fields have converged on similar
algorithmic principles, particularly the use of unsupervised regularization
techniques such as entropy minimization or pseudo-labeling. In practice,
the distinction between these scenarios is often blurred. Real-world appli-
cations frequently involve varying degrees of supervision, ranging from
fully unlabeled test batches to partially annotated streams. This continuity
motivates the need for a flexible adaptation framework capable of interpo-
lating between these extremes.

Furthermore, with the emergence of foundation models and large-scale
pretraining, the traditional dichotomies on which few-shot learning and
test-time adaptation were initially founded are being challenged. In this
new context, the boundaries between base and novel classes, or between
source and target domains, become less well-defined; not because distri-
bution shifts disappear, but because the model already possesses broad,
generic capabilities across many domains. As a result, the key challenge
is no longer to transfer knowledge between clearly separated tasks, but
rather to refine or specialize the model’s general-purpose capabilities so
they align more closely with the structure of the current data while rely-
ing on minimal supervision (as in few-shot learning) or incurring minimal
computational overhead (as required for test-time applications).

Motivated by these observations, we provide a unified theoretical frame-
work that encompasses the proposed methods of previous chapters under
a general objective function. Furthermore, we integrate some key learning
strategies of the FSL and TTA literature by matching them with the key
terms of our formulation.

7.3 General Objective Function

7.3.1 Formulation

Structured objective formulation
Let Z = {z;}} | be the set of soft assignments. The model is parameterized
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by 6, which encapsulates the learnable weights'. In the previous chapters,
we aimed to minimize an objective function of the general form:

J(Z,6) = La(Z,0) + Re(Z) + Rm(0) (7.1)
———— —— N——~
compatibility =~ assignment reg. ~ parameter reg.
where L measures the compatibility between the assignments and the
model parameters. When the model defines likelihood scores such as the
GMM used in TransCLIP, this term reduces to the standard log-likelihood
weighted by Z:

N
T
L4(Z,0) = = ) 2; logpi.
i=1
Here p; = (pix) }Ile is the vector of likelihood scores. The regularizers Rg
and R allow us to encode task priors on the assignments (e.g., entropy
minimization) and the parameters (e.g., weight constraints), respectively.

Regularized EM algorithm

Since the joint optimization of Z and 6 is typically non-convex, we iter-
atively minimize the objective with respect to one set of variables while
keeping the other fixed. This alternating procedure guarantees that the ob-
jective value is non-increasing at each step, ensuring convergence to a local
minimum (or a stationary point).

The algorithm alternates between the following two steps until conver-
gence:

(E-step) ZU+1) argmzin {Eﬁt(Z,G(l)) + RE(Z)} , (7.2)

M-step) 01  argmin {zﬁt(zUH),e) + RM(G)} . (73)

This formulation provides a modular framework where Rg and Ry
can be tailored to implement a wide range of learning strategies commonly
found in few-shot learning and test-time adaptation. This can take the
form of assignment regularization (e.g., forcing consistencies through pair-
wise affinities as in TransCLIP) and parameter regularization (e.g., avoiding
catastrophic forgetting with constraints on the weights as in Stat.A).

1In some cases, 6 may contain both the original model parameters and additional ones,
such as the centroids and covariance matrices in TransCLIP.
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The case of the cross-entropy

It is instructive to analyze where the fully inductive few-shot learning par-
adigm fits within this framework. Consider the case where we have access
to a labeled support set S. The standard training objective is to minimize
the cross-entropy loss between the model predictions and the ground-truth
labels:

K
Rm(0) = —|‘19| Y. ). viklogsik, (7.4)
i€eSk=1

where s; represents the posterior probability distribution P(Y | X = x;;0).
In this expression, the targets y; are fixed observations. Consequently,
minimizing this term affects only the model parameters 6 and does not
involve the latent assignments Z. Therefore, the cross-entropy acts strictly
as a parameter regularizer Ry: it constrains the optimization of 6 to the
manifold of solutions that are consistent with the labeled support data.

Interpretation through inductive and transductive learning

The presented framework provides a natural way to decompose learning
into two complementary processes: estimating assignments and updating
parameters.

E-step

The E-step can often be interpreted as the fully transductive component of
the algorithm. It focuses on estimating the latent structure of the data;
specifically, the assignment variables z; given the current model state. In
a purely inductive supervised setting (without assignment regularizer R
and Lg;), this step effectively disappears. Conversely, in transductive set-
tings, the E-step can be critical to infer soft labels for the unlabeled query
set (e.g., maximizing confidence or enforcing consistency between similar
pairs).

M-step

The M-step, on the other hand, often corresponds to the fully inductive
learning phase. It updates the model parameters 0 to better explain the
estimated assignments/pseudo-labels (fixed or not). In typical inductive
few-shot learning, the M-step adapts the model weights or prototypes to
minimize R (often a cross-entropy loss), potentially constrained by other
parameter regularization to prevent overfitting. Nevertheless, some trans-
ductive regularization can also be integrated into Ry, for example by en-
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forcing the output of the model to be consistent for similar query samples.

Fitting term

Finally, the fitting term Lg; serves as the bridge between these two pro-
cesses. It links the estimated assignments from the E-step with the learn-
able parameters of the M-step, ensuring that the model’s representations
align with the inferred structure of the data. By selectively enabling or reg-
ularizing these steps, this framework allows us to recover a wide spectrum
of methods from standard supervised training (fixed Z, update 6) to pure
transductive inference (update Z, fixed 0) and fully adaptive approaches
(update both, often alternating between generating pseudo-labels and up-
dating some parameters). Under this interpretation, TransCLIP and Stat.A
contain both a transductive and an inductive components that work in syn-

ergy.

Methods

Connection to Previous Chapters

By decomposing the learning objective into a data-fitting term (Lg;), an
assignment regularizer (Rg), and a parameter regularizer (Ry1), we can
categorize each method of the previous chapters based on which compo-
nents it utilizes to constrain the optimization. Table 7.1 summarizes these
relationships.

CLIP-LoRA as fine-tuning with pure parameter regularization
CLIP-LoRA (Chapter 3) operates in a strictly inductive few-shot setting.
It does not infer latent assignments for the query set during training (no
E-step). Instead, it optimizes the model parameters 6 (specifically, some
low-rank matrices) to minimize the cross-entropy loss on the support set.
In our framework, this supervision acts entirely as a parameter regularizer
Rwm, constraining the hypothesis space based on labeled data.

MTA as mode seeking with assignment regularization

MTA (Chapter 4) can also be fit into our R-EM framework. Unlike the
other methods where the latent variables represent class probabilities, here
u represents the inlierness scores of augmented views, and the parameter
6 is the density mode m of the visual features. The fitting term Lg; is a
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Table 7.1 Interpretation of the methods presented in previous chapters
within the R-EM framework. Weighting coefficients are omitted for clarity.

Method Fit term (Lgy) Assignment reg. (Rg) Parameter reg. (Rm)
1 T
CLIP-LoRA — — —o7 Ly logs;
IS
ieS
Cross-Entropy
N N
MTA - Y uw,K(f, —m) =Y wpqupug — Y uplnuy —
p=1 A p=1
Kernel density est. Pairwise affinities Entropy
T T T Zi
TransCLIP - Y z/ logp; -yy w;iiz; Zj + Yz log 3 —
icQ i€D jeD i€cQ !
—_———
GMM log-likelihood Laplacian reg. KL divergence
N
z:
TransCLIP-FS -y z] logp; -y y wijZiTZj +Y z/ log gl -y y/ logp;
i=1 i€D jeD i€cQ ! i€S
S— | ——
GMM log-likelihood Laplacian reg. KL divergence Supervision
K
T T T zi /
Stat.A - Yz logp; =Y Y wizlzi+ )z logg 3 KL (VY]IMG)
icQ ieD jeD icQ ¢ k=1
GMM log-likelihood Laplacian reg. KL divergence Statistical anchor

robust Kernel Density Estimator that pulls the mode towards high-density
regions weighted by u. The assignment regularizer Rg enforces structural
consistency by penalizing high scores for views that are dissimilar to oth-
ers, so that the E-step can be interpreted as an outlier filtering. We can
observe that there is no parameter regularization (e.g., enforcing the mode
to stay close to its initialization).

TransCLIP as GMM fitting with assignment regularization

TransCLIP (Chapter 5) introduces transduction by modeling the query data
distribution with a GMM with a Lg; term (GMM log-likelihood) and alter-
nating between E-steps and M-steps. Crucially, TransCLIP imposes struc-
ture on the latent assignments Z via Rg: it enforces smoothness (Laplacian
regularization) and alignment with the zero-shot text predictions (KL di-
vergence). It does not explicitly regularize the updated parameters y and
2 (i.e., no Ryy), allowing them to drift freely to maximize the likelihood.
This explains why TransCLIP is powerful in standard balanced scenarios
but with failure modes when classes are missing or batches are small.

Stat.4A as GMM fitting with full regularization
StatA (Chapter 6) addresses the robustness issues of TransCLIP in realis-
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tic scenarios by activating the final component of the framework: Ry. It
introduces a Statistical Anchor that penalizes deviations of the estimated
parameters 6 from a reliable prior derived from the text encoder. StatA
thus represents a complete instantiation of the R-EM framework, balancing
data fitting (L), assignment structure (Rg), and parameter regularization

(Rw)-

Connection to the Literature

We now extend our analysis to established methods from the broader adap-
tation literature. Table 7.2 in the Appendix (Section 7.7) encompasses both
vision-only transductive few-shot methods, vision-only test-time adapta-
tion, as well as previously presented adaptations for VLMs. By mapping
their main components to our general objective function 7 (Z, ), we aim
to provide a structured perspective on some key advancements of the lit-
erature. Note that not every method can be matched perfectly into our
objective function (e.g., the hard filtering of TPT [47] or the SHOT that al-
ternates optimizing centroids and backbone updates [139]).

Limitations and Future Directions

Towards realistic deployment

Throughout this thesis, our evaluation primarily relied on publicly avail-
able and curated benchmarks. While these datasets are essential for repro-
ducibility and fair comparison with the state-of-the-art, they do not fully
capture the complexity of real-world deployment. As discussed in Chap-
ter 6 with Stat.A, real-world data streams often violate standard assump-
tions. Therefore, a critical trajectory for future research involves assessing
these approaches under organic rather than artificially induced shifts. This
includes handling heterogeneous data sources, signal degradation due to
sensor failures, or highly noisy web-scraped data, among others.

Generative models

Recent years have witnessed the rise of generative models, a trend extend-
ing to VLMs with architectures such as LLaVA [181]. Generative models
fundamentally rely on the structure of their latent spaces to process and
generate meaningful tokens. We hypothesize that robust optimization al-
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gorithms, such as the Gaussian Mixture Model fitting employed in Tran-
sCLIP or the mode-seeking mechanism in MTA, remain highly relevant.
An important avenue for future research is therefore to extend our current
algorithms beyond classification. Our methods may require specific tuning
to accommodate these architectures. For instance, handling sequences of
tokens instead of single embeddings per modality can be challenging due
to the high dimensionality of the embedding space.

Model scaling vs. adaptation

Another critical open question concerns the relevance of adaptation meth-
ods in an era where foundation models are scaling rapidly in both param-
eter count and training data size. While scaling has been a primary driver
of recent Al successes with new models beating previous ones by a large
margin even when utilizing state-of-the-art adaptation techniques. It raises
questions regarding the impact of research conducted under limited com-
putational power that precludes training such models. One might argue
that adaptation methods developed for current architectures risk obsoles-
cence, as newer, larger models could outperform them by significant mar-
gins solely through raw capacity. However, the methods developed in this
thesis rely on minimal assumptions regarding the underlying architecture.
For instance, TransCLIP requires only a feature representation and an ini-
tial prediction guess. Consequently, as we demonstrated with EVA-CLIP-
8B, a more powerful underlying representation naturally yields superior
adaptation results.

Implications of extensive pre-training

Beyond model parameters, the scaling of data size presents both funda-
mental challenges and opportunities. As foundational models are trained
on increasingly exhaustive datasets, potentially approaching internet-scale
coverage, the distinction between training and out-of-distribution data be-
gins to blur. One might argue that if a model has effectively "seen ev-
erything" during pre-training, the domain gaps that necessitate alignment
may diminish, potentially reducing the utility of transductive adaptation.
Future research must therefore determine where adaptation remains criti-
cal: likely not in standard scenarios covered by web-scale data, but in the
long tail of rare events, specific sensor degradations, or highly specialized
domains where even massive pre-training cannot guarantee coverage.

Test-time compute and transduction
Transductive approaches are uniquely positioned to manage vast amounts
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of unlabeled test data, dynamically leveraging massive, uncurated streams
to refine predictions. This resonates with the recent surge of interest in test-
time compute, [152] where allocating computational resources at inference
drives performance gains. For instance, transductive optimization could
serve as a mechanism to trade inference latency for accuracy: by allowing
the model to reason over the structure of the incoming batch, or even query
vast external databases of unlabeled images, we can correct errors that an
inductive forward pass could miss. This opens the door to optimization
processes which are not limited to the current batch but are guided by
retrieving relevant, structurally similar samples from a massive external
corpus.

Final Thoughts

In this thesis, we went through a comprehensive landscape of adaptation
strategies, addressing the critical challenges of learning with limited su-
pervision. Our investigation has spanned a wide spectrum of limited data
availability, from few-shot labeled scenarios to unsupervised settings in-
volving either single-sample or batch inference.

Collectively, our work contributes to the field on three complementary
levels: (i) a practical contribution: with CLIP-LoRA, we provided an ef-
ficient and accessible codebase for Low-Rank Adaptation, lowering the
barrier to entry for fine-tuning contrastive VLMs; (ii) a theoretical contri-
bution: through MTA, we developped a new more robust version of the
MeanShift algorithm and proved its convergence; (iii) a methodological
contribution: with TransCLIP and Stat.A, we pioneered the application of
transductive inference in the VLM domain and introduced rigorous new
evaluation protocols.

Beyond these specific algorithmic advances, we believe this body of
work offers a broader contribution to the research community regarding
scientific rigor and efficiency. First, we have consistently advocated for
evaluation integrity. By questioning standard protocols, such as the re-
liance on oracle hyperparameter tuning on test sets, we highlighted the
fragility of current state-of-the-art leaderboards. In addition, our work
demonstrates that true progress requires benchmarking in “wild” scenar-
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ios where data distributions are unknown and validation sets could be
unavailable. Second, we have championed the philosophy of algorith-
mic efficiency over brute-force scaling. In an era dominated by massive
compute, our findings with MTA, TransCLIP and Stat.A prove that well-
designed, lightweight inference algorithms can achieve competitive per-
formance without the need for prohibitive retraining.

Ultimately, we hope to have provided a modest but meaningful con-
tribution to the field, encouraging future research towards more robust,
transparent, and computationally efficient systems capable of navigating
real-world constraints.
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Appendix of Chapter 7

Table 7.2 Interpretation of (transductive) few-shot learning and test-time
adaptation of the literature within our general objective function. Weight-
ing coefficients are omitted for clarity. We match as close as possible the
notations of each of the paper to the one used through this thesis but some
conflicts might appear. 5, = Yo six/|Q|

Method Fit term (Lg;) Assignment reg. (Rg) Parameter reg. (Ry)
- 1
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Table 8.1 Prompt templates for each dataset.

(a) Prompt templates used in the experi- (b) Custom prompt templates
ments unless otherwise specified. for ImageNet dataset [16].
Dataset Prompt template "itap of a []."
ImageNet "a photo of a []." "a bad photo of the [1."
SUN397 "a photo of a [1." T
Aircraft "a photo of a [], a type of aircraft.”, a origamil 1.
EuroSAT "a centered satellite photo of [].", "a photo of the large []."
Cars 'a photo of a [1.", "a [1 in a video game."
Food101 "a photo of [], a type of food.", . B
Pets "a photo of []1, a type of pet." art of the [].
Flower102  "a photo of a [], a type of flower.", "a photo of the small []."
Caltech101 "a photo of a [].",
DTD "[] texture.",
UCF101 "a photo of a person doing [].",

Table 8.2 The 80 handcrafted prompts used for majority vote.

"a photo of a [].", "a bad photo of a [].", "a photo of many [].",
"a sculpture of a [].", "a photo of the hard to see [].", "a low
resolution photo of the [|.", "a rendering of a [].", "graffiti of a
[1.", "a bad photo of the [].", "a cropped photo of the [].", "a tattoo
of a [].", "the embroidered [].", "a photo of a hard to see [].", "a

non

bright photo of a[].","a photo of a clean|[].","a photo of a dirty

[1.","a dark photo of thel].","a drawing of al].","a photo of my][].",
"the plastic [].", "a photo of the cool [].", "a close-up photo of a
[1.", "a black and white photo of the [|.", "a painting of the [|.", "a
painting of a [].", "a pixelated photo of the [].", "a sculpture of
the [].", "a bright photo of the [].", "a cropped photo of a [].", "a
plastic [].", "a photo of the dirty [].", "a jpeg corrupted photo of

"non "non

a[].", "a blurry photo of the[].","a photo of the [].", "a good photo
of the [].", "a rendering of the [].", "a[] in a video game.", "a photo
of one [].", "a doodle of a [|.", "a close-up photo of the [].", "the
origami [].", "the [] in a video game.", "a sketch of a [].", "a doodle
of the[].","a origami[].","a low resolution photo of a[].","the toy

[1.", "a rendition of the [].", "a photo of the clean [].", "a photo of

a large [].", "a rendition of a [|.", "a photo of a nice [].", "a photo
of a weird [].", "a blurry photo of a [].", "a cartoon [].", "art of a
[1.", "a sketch of the [].", "a embroidered [].", "a pixelated photo of
a [].", "itap of the [].", "a jpeg corrupted photo of the [].", "a good
photo of a[].","a plushie [].", "a photo of the nice [].", "a photo of
the small [].", "a photo of the weird [].", "the cartoon [].", "art of
the [].", "a drawing of the [].", "a photo of the large [].", "a black
and white photo of a [].", "the plushie [].", "a dark photo of a [].",
"itap of a [].", "graffiti of the [].", "a toy [].", "itap of my [].", "a

"non "non

photo of a cool[].","a photo of a small[].","a tattoo of the []."

"non
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Table 8.3 Comprehensive overview of the 14 natural images datasets.

ImageNet ImageNet-A ImageNet-V2 ImageNet-R  ImageNet-Sketch SUN397  Aircraft StanfordCars Food101 OxfordPets Flowers102 Caltech101 DTD UCF101

Dataset Properties

P [17] [117] [118] 1] [119] [69] [701 [67] [71] [72] [73] [74] [75] [76]
# Test Samples 50,000 7,500 10,000 30,000 50,889 19,850 3,333 8,041 30,300 3,669 2,463 2,465 1,692 3,783
# Classes 1,000 200 1,000 200 1,000 397 100 196 101 37 102 101 47 101

Table 8.4 Comprehensive overview of the 10 remote sensing scene classification datasets used in the few-shot
benchmark.

ID EuroSAT MLRSNet OPTIMAL31 PatternNet RESISC45 RSC11 RSICB128 RSICB256 WHURS19

A
Dataset Properties
pertt [85] [68] [86] [87] [88] [89] [90] [91] [91] [92]
Total Samples 10,000 27,000 109,161 1,860 30,400 31,500 1,232 24,747 36,700 1,000
# Classes 30 10 46 31 38 45 11 45 35 19

0°'8






Unrelated Works

I present peripheral contributions that still played an important role in my
scientific journey. A key driver for these works was my active involve-
ment in the TRAIL environment, which facilitated rich collaborations with
researchers from other universities, for example during the TRAIL work-
shops (Paris, Berlin, Nantes and Lisbon).

* Benoit Gérin, Maxime Zanella, Maxence Wynen, Said Mahmoudj,
Benoit Macq, Christophe De Vleeschouwer, Exploring viability of Test-
Time Training: Application to 3D segmentation in Multiple Sclerosis, IEEE
Conference on Artificial Intelligence (CAI) [13]

Summary: Test-Time Training (TTT) is an unsupervised domain adap-
tation technique employing a self-supervised task performed by an
attached branch model. While justification of key design choices are
often neglected in the literature, we explore the viability of TTT in
a real-case scenario and conduct an extensive evaluation of key hy-
perparameters in TTT, including the choice and the placement of the
auxiliary task, the type of normalization layer, and the model param-
eters to adapt. We carry out this study in Multiple Sclerosis (MS)
diagnosis relying on focal lesions visible in conventional MRI. Man-
ual lesion segmentation based on automated methods face signifi-
cant challenges in clinical integration due to MRI domain shifts, i.e.
discrepancies between training and deployment data, notably due to
different acquisition settings. Finally, we propose general guidelines
to apply TTT in practice.

Sébastien Piérard, Anthony Cioppa, Anais Halin, Renaud Vandeghen,
Maxime Zanella, Benoit Macq and , Said Mahmoudi, Marc Van Droo-

| 139



8 | Annex

genbroeck, Mixture Domain Adaptation To Improve Semantic Segmen-
tation in Real-World Surveillance, Proceedings of the IEEE/CVF Win-
ter Conference on Applications of Computer Vision (WACV) Work-
shops [14]

Summary: Various tasks encountered in real-world surveillance can
be addressed by determining posteriors (e.g. by Bayesian inference
or machine learning), based on which critical decisions must be taken.
However, the surveillance domain (acquisition device, operating con-
ditions, etc.) is often unknown, which prevents any possibility of
scene-specific optimization. In this work, we define a probabilistic
framework and present a formal proof of an algorithm for the un-
supervised many-to-infinity domain adaptation of posteriors. Our
proposed algorithm is applicable when the probability measure asso-
ciated with the target domain is a convex combination of the proba-
bility measures of the source domains. It makes use of source models
and a domain discriminator model trained off-line to compute pos-
teriors adapted on the fly to the target domain. Finally, we show the
effectiveness of our algorithm for the task of semantic segmentation
in real-world surveillance.

* Anais Halin, Sébastien Piérard, , Renaud Vandeghen , BenoitGérin,
Maxime Zanella, Martin Colot, Jan Held, Anthony Cioppa, Emmanuel
Jean, Gianluca Bontempi, Said Mahmoudi, Benoit Macq, Marc, Van
Droogenbroeck, Physically Interpretable Probabilistic Domain Character-
ization, Proceedings of the Asian Conference on Computer Vision
(ACCV) Workshops [15]

Summary: Characterizing domains is essential for models analyz-
ing dynamic environments, as it allows them to adapt to evolving
conditions or to hand the task over to backup systems when facing
conditions outside their operational domain. Existing solutions typ-
ically characterize a domain by solving a regression or classification
problem, which limits their applicability as they only provide a lim-
ited summarized description of the domain. In this work, we present
a novel approach to domain characterization by characterizing do-
mains as probability distributions. Particularly, we develop a method
to predict the likelihood of different weather conditions from images
captured by vehicle-mounted cameras by estimating distributions of
physical parameters using normalizing flows.
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