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Abstract

Deep neural networks have become a cornerstone of modern Artificial Intelligence
due to their remarkable effectiveness and versatility. However, their performance
can deteriorate across diverse learning scenarios: models may rely on shortcut
solutions in the presence of spurious correlations, suffer from catastrophic for-
getting when data streams evolve over time, and exhibit limited compositional
or knowledge transfer abilities. The present thesis explores how neural mod-
els can be directed to adapt, preserve, transfer, and compose their capabilities
in such non-stationary scenarios by leveraging techniques that go beyond naive
data fitting, which would fail to remain effective under these conditions.

The first part focuses on mitigating shortcut learning. We show how, in
the absence of explicit protected attributes, latent clusters can be leveraged to
form proxy groups that guide optimization trajectories away from malign solu-
tions, thereby improving robustness. The analysis is then extended to continual
learning, where rehearsal-based strategies have been discovered to introduce or
amplify spurious correlations. To address this issue, a rehearsal mechanism is
proposed to maintain a balanced buffer with respect to loss values and mitigate
forgetting under distributional shifts. Additionally, the thesis investigates mul-
timodal vision—language models and shows that CLIP-like architectures exhibit
implicit, human-analogous biases, which are characterized by adapting estab-
lished measurement tools from social psychology.

The second part investigates how the parameter space of neural networks
can be manipulated to enhance post-training knowledge transfer. First, it ex-
amines when task vectors retain transferable knowledge across models trained
on distinct datasets and introduces a permutation-based alignment algorithm
for transformer-based models. Finally, the geometric properties of the loss land-
scape, particularly its flatness, are shown to predict compatibility when merging
multiple fine-tuned models derived from a common pre-training, with practical
applications in 3D medical image segmentation. Extensive experimental analyses
across diverse datasets and learning paradigms support these findings.

Collectively, the contributions outline a three-axis framework: (i) mitigation
of shortcut learning; (ii) avoidance of spurious correlations in continual learning
scenarios; (iii) manipulation of parameter-space geometry for knowledge transfer
and model merging. Through this perspective, the thesis advances principles
and methodologies for developing Al systems whose capabilities can be robustly
maintained, transferred, and composed.
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Book 1

Introduction



1. Notation

This chapter provides a comprehensive summary of the mathematical notation,
symbols, and conventions adopted throughout this thesis.

General Mathematical Symbols

o R: set of real numbers.
o N: set of natural numbers.

e p(x): probability distribution over random variable x.

p(y|x): conditional probability distribution.

IE(XN)p(X) [f(z)]: expected value of function f(z) with respect to distribution
p(x).

e I[]: indicator function, equals 1 if the condition is true, 0 otherwise.

Linear Algebra
e A, B: matrices in R™*",
e v, w: vectors in R™.
e AT: transpose of matrix A.

e AL inverse of matrix A.

A © B: element-wise product.

e ATB: matrix multiplication.
T

(v,w) or v'w: inner product between vectors.

[|v||p: p-norm of vector v. When p is omitted, it denotes the Euclidean
norm (p = 2).

I or I,: identity matrix of size n x n.



Activation Functions and Operations

e o(x) = H% sigmoid (logistic) function.

o ReLU(x) = max(0, z): rectified linear unit.
e softmax(z); = % softmax function applied to vector z.
J

e argmin, f(z): argument 2 that minimizes function f(x).

e argmax, f(z): argument x that maximizes function f(x).

(fog)(z) or f(g(x)): composition of functions f and g.



2. Overview and Motivation

Deep Neural Networks (DNNs) have become the foundation of modern artificial
intelligence, achieving remarkable success across diverse domains ranging from
computer vision to natural language processing [45, 183, 69, 174, 43, 144]. How-
ever, their performance often deteriorates under realistic deployment conditions:
models may rely on spurious correlations and shortcut solutions when confron-
ted with distribution shifts [63], suffer from catastrophic forgetting when data
streams evolve over time [121], and exhibit limited ability to transfer or com-
pose knowledge across tasks and architectures [82]. This thesis addresses these
fundamental limitations through an integrated perspective that examines how
DNNs can be made more robust, adaptive, and modular.

Shortcut Learning and Robust Generalization. Deep neural networks
frequently exploit spurious correlations [63]: patterns that are predictive within
the training distribution but fail to capture the underlying causal structure of
the task. Such shortcuts may arise from background textures, imaging arti-
facts, or demographic attributes, and disproportionately harm minority or un-
derrepresented subpopulations [17, 40, 165]. Traditional debiasing approaches
assume access to protected group annotations such as gender or ethnicity labels,
which are often unavailable or ethically problematic due to privacy concerns
and legal constraints [97]. Our foundational hypothesis is that self-supervised
feature representations encode latent structure that partially aligns with vulner-
able subgroups. In Chapter 4, we introduce ClusterFiz, a two-stage framework
that clusters self-supervised embeddings independently of the downstream task
and leverages cluster assignment errors as proxies for bias-prone samples. By
reweighting these instances during training, we achieve worst-group accuracy
improvements that match or exceed those of methods that require protected
group labels.

We extend our investigation to multimodal models. In Chapter 6, we demon-
strate that CLIP-like architectures [144] exhibit implicit biases analogous to
those measured in human cognition through psychological tools such as the Ste-
reotype Content Model [52] and Implicit Association Tests [136].



Catastrophic Forgetting and Robustness Over Time. While most debi-
asing interventions are evaluated in offline settings, realistic deployments require
models to adapt continuously as new data, domains, or tasks emerge. Under such
continual learning regimes, neural networks exhibit catastrophic forgetting [121]:
performance on previously learned tasks degrades sharply as new knowledge is
acquired. This temporal instability raises a critical question: can robustness to
spurious correlations be maintained as models and data evolve sequentially?

In Chapter 5, we demonstrate that standard rehearsal-based continual
learning methods, which rely on small memory buffers storing past examples, fail
to preserve debiasing properties. Random sampling strategies for buffer popula-
tion tend to overrepresent majority patterns and amplify spurious correlations,
effectively poisoning the replay mechanism. To counteract this degradation, we
introduce Learning without Shortcuts (LwS), a framework that encourages anti-
shortcut representations during current task training, and a loss-based buffer
sampling strategy that ensures balanced representation of bias-aligned and bias-
conflicting examples. This dual approach enables continual learning systems to
maintain worst-group accuracy across task sequences without requiring protec-
ted attribute annotations, thereby extending robustness from static to dynamic
learning scenarios.

Knowledge Transfer and Post-Training Compositionality. It’s common
to deal with many trained models as monolithic entities whose capabilities can-
not be easily (or efficiently) transferred or composed. When a new version of
a foundation model is released with improved pre-training, practitioners must
either discard previous fine-tuning efforts and retrain from scratch or continue us-
ing outdated backbones. Similarly, when multiple specialized models are trained
independently, combining their capabilities into a unified system typically re-
quires joint retraining on aggregated data. These limitations impose substantial
computational costs and constrain the modularity of Al systems.

This motivates a fundamental question: how can learned knowledge be rep-
resented and manipulated to enable efficient transfer and composition across
models? Recent work on task vectors [82], which encode fine-tuning as addit-
ive weight-space directions 7 = 6t — #P7¢ suggests that model updates can be
treated as a vector. However, task vectors are typically architecture-specific,
limiting their transferability across models with different initialization or pre-
training strategies.

In Chapter 8, we investigate when and how task vectors can be transpor-
ted across models. We introduce Transfusion, a permutation-based alignment
procedure specifically designed for Transformer architectures that addresses two
critical technical challenges: head contamination in multi-head attention layers
and residual path handling in skip connections. This enables data-free, training-
free transfer of task vectors from one pre-trained backbone to another, allowing
fine-tuning investments to carry forward as foundation models evolve.
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Beyond knowledge transfer, we examine knowledge composition: the ability
to merge multiple independently fine-tuned models into a single multi-task sys-
tem. In Chapter 9, we establish both theoretically and empirically that local
flatness in the loss landscape is a key predictor of merge compatibility. We show
that pre-training objectives that encourage wide minima facilitate subsequent
linear combinations of task vectors without degrading performance. We validate
this principle in 3D medical image segmentation, where privacy constraints and
annotation scarcity make model merging particularly valuable.

2.1 Organization of the Thesis

This thesis presents the work of the candidate and his collaborators (“we” in
the following) and addresses the aforementioned limitations through a series of
interconnected contributions. The structure of this thesis is organized as follows:

Book II addresses shortcut learning and spurious correlations across static,
continual, and multimodal settings:

e In Chap. 3, we review the literature on spurious correlations, group-
distributional robustness, bias mitigation techniques, continual learning
foundations, and psychological tools to introduce the meaning of implicit
biases.

e In Chap. 4, we introduce ClusterFix, a two-stage framework that leverages
self-supervised clustering to identify bias-prone samples without demo-
graphic labels. By treating cluster assignment errors as proxies for minority
subgroups, we achieve worst-group accuracy improvements that match or
exceed methods requiring explicit group annotations [22].

e In Chap. 5, we extend robustness considerations to continual learning
scenarios, demonstrating that standard rehearsal mechanisms amplify spuri-
ous correlations over time. We propose Learning without Shortcuts (LwS),
which combines unsupervised clustering objectives with loss-based buffer
sampling to maintain worst-group performance across sequential tasks [24].

e In Chap. 6, we investigate implicit biases in vision-language models through
the lens of social psychology, adapting the Stereotype Content Model and
Implicit Association Test to quantify differential associations in CLIP ar-
chitectures. We evaluate orthogonal projection debiasing strategies and
reveal their limitations when applied to models with varying initial bias
magnitudes [23].

Book III investigates parameter-space alignment for knowledge transfer and
model merging:



e In Chap. 7, we review the literature on weight-space permutations and
mode connectivity, establishing the theoretical foundations for aligning
models with permutation symmetries. Additionally, we introduce concepts
for both parameter-space alignment and model merging, with an emphasis
on flatness and its connection to merge compatibility.

e In Chap. 8, we introduce Transfusion, a structured two-level permutation
procedure for Transformer architectures that addresses head contamination
and residual connection handling. By employing permutation-invariant
spectral metrics for inter-head matching and constrained intra-head per-
mutations, we enable data-free transport of task vectors across models
with different pre-training strategies, demonstrating successful knowledge
transfer between distinct CLIP backbones [151].

e In Chap. 9, we establish both theoretically and empirically that local flat-
ness in the loss landscape predicts successful model merging. We introduce
a pre-training strategy that enables an effective merging of independently
fine-tuned 3D segmentation models. We demonstrate practical applicab-
ility in 3D medical imaging segmentation, where privacy constraints and
annotation scarcity make model merging challenging [115].

Book IV concludes the thesis with a discussion of open problems, while Ap-
pendix provides a summary of the contributions of the candidate and a list of
publications and activities carried out by the candidate during his PhD.



Book 11

Mitigating Spurious
Correlations in Deep Neural
Networks



3. Background

Modern neural networks deliver impressive performance across a wide range
of tasks [45, 183, 69, 174, 43, 144]. Yet, in the presence of distribution shifts,
changing environments, or diverse subpopulations, a core difficulty arises: neural
networks tend to follow the Principle of Least Effort [63], capitalizing on spurious
correlations, surface-level regularities that align with target labels but do not
reflect genuine causal factors. This shortcut learning manifests in various ways
depending on the deployment setting, and each manifestation demands a tailored
mitigation approach.

This chapter establishes the theoretical and empirical foundations for the
contributions presented in subsequent chapters, organized around three inter-
connected perspectives on spurious correlations: (i) offline debiasing, where bias
patterns remain fixed throughout training (Chap. 4); (ii) continual debiasing,
where spurious correlations evolve across sequential tasks (Chap. 5); and (iii)
implicit biases in multimodal models, where stereotypical associations emerge
from contrastive alignment objectives (Chap. 6). For each perspective, we re-
view the relevant literature, identify key limitations of existing approaches, and
contextualize how our contributions address these gaps.

3.1 Spurious Correlations

Artificial intelligence systems can suffer mainly from two distinct sources of bias:
data bias, arising from spurious correlations in the training distribution, and
algorithmic bias, stemming from design choices that favor certain patterns over
others [63, 77, 124]. The consequences are well-known: small input perturbations
or context changes cause dramatic performance drops [10, 152, 173|, and minority
groups or underrepresented subpopulations suffer disproportionately high error
rates [17, 40, 165]. Enhancing model trustworthiness therefore requires moving
beyond aggregate accuracy metrics to consider robustness, fairness, and worst-
group performance [16, 62, 64, 104, 179].

A significant body of work addresses distribution shift through domain ad-
aptation and generalization techniques [188, 208|. These approaches typically
assume access to multiple source distributions during training and aim to learn
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representations that transfer to unseen target distributions. Domain random-
ization has proven effective in robotics applications [178], while meta-learning
frameworks enable rapid fine-tuning to new distributions [51, 182]. Adversarial
training offers another avenue, explicitly optimizing for worst-case perturbations
to induce robust features [173, 204, 159]. While adversarial objectives can align
model behavior more closely with human perception, they do not provide formal
guarantees of robustness [104].

3.1.1 Debiasing Without Protected Attributes

Traditional debiasing methods such as Distributionally Robust Optimization
(DRO) [145] and Group Distributionally Robust Optimization (GDRO) [154] ex-
plicitly optimize for worst-group performance by minimizing the maximum loss
over predefined subpopulations. While theoretically principled, these supervised
approaches require access to protected-group annotations (e.g., demographic
attributes), which are often unavailable due to privacy constraints, ethical con-
siderations, or practical limitations in identifying relevant attributes. This has
motivated a shift toward unsupervised debiasing methods that infer group struc-
ture from the data itself [129, 133, 106].

Among unsupervised approaches, clustering-based methods have gained prom-
inence. George [168] and BPA [164] both leverage clustering to approximate pro-
tected groups: they first train a model via empirical risk minimization (ERM),
cluster the learned feature space, and then optimize a debiasing objective us-
ing cluster assignments as pseudo-labels. However, these methods face critical
limitations. George applies a minimax objective over clusters, which proves
vulnerable to outliers and can lead to overfitting on noisy cluster assignments,
particularly on datasets with complex bias structures like CelebA [164]. BPA
addresses this by dynamically reweighting samples based on per-cluster loss, but
inherits the fundamental issue that clustering on ERM features may already
reflect spurious correlations present in the initial training.

The work presented in Chap. 4 addresses these limitations by proposing a
cluster-based debiasing strategy [22] achieving state-of-the-art worst-group ac-
curacy without protected-group supervision.

3.2 Spurious Correlations in Continual Learning

The debiasing approaches discussed above operate in static settings where the
complete training distribution is available from the outset. However, many prac-
tical applications require systems that learn from continuous streams of non-i.i.d.
data while preserving previously acquired knowledge, a challenge addressed by
continual learning (CL) [137, 41]. This paradigm introduces the well-known
pitfall of catastrophic forgetting [121, 58]: neural networks dramatically lose
performance on earlier tasks when trained on new ones.
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3.2.1 Continual Learning Scenarios

The CL literature defines three primary scenarios [181]: Task-Incremental
Learning (task identifiers available at inference), Domain-Incremental Learn-
ing (fixed labels, shifting input distributions), and Class-Incremental Learn-
ing (Class-IL), where models train on sequential tasks introducing new classes
without access to task identifiers at test time [14, 75, 193]. Class-IL is the most
widely adopted benchmark as it closely mirrors real-world deployment scen-
arios [181, 49, 4].

Rehearsal-based methods have emerged as the dominant paradigm [18,
149, 75, 20, 4], maintaining small memory buffers that store representative
samples from past tasks and interleave them with new data during training. The
effectiveness of rehearsal stems from its ability to provide gradient diversity that
approximates the statistical properties of the original data distribution [49, 31].
This strategy has proven remarkably flexible, adapting to complex scenarios in-
cluding annotation noise [7, 94, 126], partial supervision [15, 92|, and absence
of task boundaries [18, 41]. Alternative approaches such as regularization-
based methods [95, 3, 203, 143], architectural solutions [118, 153], and
prompt-based methods [190, 189, 167], generally underperform rehearsal in
Class-IL [18, 181].

3.2.2 The Interaction Between Bias and Forgetting

Recent investigations reveal that spurious correlations interact with continual
learning in complex ways [156, 102]. When bias patterns evolve across tasks,
continual learners face a dual challenge: retaining discriminative knowledge of
past classes while maintaining robustness to spurious features whose relevance
may shift over time. Empirical evidence shows that transfer bias is exacerbated
in CL, affecting both future and past tasks bidirectionally [156, 102].

Current approaches to this problem build upon established rehearsal frame-
works. The Balanced Greedy Sampler (BGS) [102] adapts GDRO to continual
settings by incorporating group-aware sampling and post-hoc classifier adjust-
ments at task boundaries. While effective as a proof of concept, BGS inherits
the limitation of requiring protected-group labels. Learning without Prejudices
(LwP) [86] decouples feature extraction from classification by training the lat-
ter on synthetically generated data. However, maintaining a generative model
on non-stationary data streams introduces additional challenges [138, 180, 60],
limiting the method’s applicability.

The work presented in Chap. 5 addresses these limitations by proposing
continual debiasing strategies that combine unsupervised bias detection with
rehearsal mechanisms designed to preserve both accuracy and fairness across
evolving task sequences [24]. By jointly optimizing for balanced replay on buf-
fer data and debiasing regularization on streaming data, our approach ensures
robustness while avoiding catastrophic forgetting.
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3.3 Implicit Biases in Vision-Language Models

The preceding sections examined explicit spurious correlations and observable
disparities in model performance across identifiable subpopulations, as meas-
ured by group-level accuracy metrics. However, a more subtle challenge arises
for foundational vision-language models such as CLIP [144], which have re-
volutionized tasks including retrieval [67] and recognition [184]. Pre-trained
on massive internet-scale datasets, these models inherit not only broad visual-
semantic knowledge but also implicit biases embedded in their training corpora.
Unlike explicit spurious correlations, implicit biases operate at a more nuanced
level, shaping model behavior through stereotypical associations that may not
surface in standard benchmark evaluations [5].

3.3.1 The Nature of Implicit Biases

Biases in vision-language models often stem from spurious correlations in pre-
training data, where models inadvertently associate unrelated attributes, poten-
tially leading to biased decisions and unfair outcomes in deployment [62, 64].
The consequences extend far beyond academic benchmarks. Indeed, biased Al
models can lead to disproportionately impacting marginalized communities in
healthcare [53, 157, 141, 134], in criminal justice and employment [132].

Social psychology offers crucial insights through its long-standing distinc-
tion between implicit and explicit biases [8, 65]. While explicit biases corres-
pond to conscious attitudes that individuals can report directly, implicit biases
operate automatically and unconsciously, influencing behavior even when indi-
viduals consciously reject prejudiced beliefs. Despite various proposed debiasing
strategies, from supervised methods that adjust training data based on pro-
tected attributes [155, 86] to unsupervised techniques that modify training ob-
jectives [22, 164, 206, 129], standard bias evaluation benchmarks usually fail to
evaluate the complex interplay of hidden biases that influence model outputs [5].

3.3.2 Psychological Frameworks for Bias Measurement

Drawing on multidisciplinary perspectives, we adopt three established psycho-
logical frameworks to assess implicit biases in vision-language models. These
instruments reveal hidden patterns of discrimination that conventional accuracy-
based metrics cannot detect.

Stereotype Content Model (SCM). The Stereotype Content Model [52] pos-
its that social group perception organizes along two fundamental dimensions:
Competence and Warmth. These dimensions capture complementary aspects of
social cognition—whether a group is perceived as capable of enacting its inten-
tions (Competence: Intelligent, Competent, Skillful) and whether those inten-
tions are benevolent or harmful (Warmth: Friendly, Warm, Likable). The SCM
framework has proven universal across cultures and contexts Tab. 3.1.
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Table 3.1: Overview of models and attributes used to measure implicit biases.

Model Attributes

Competence: Competent, Intelligent, Skillfull

SCM Warmth: Warm, Friendly, Likeable
Emotions Pos: Surprise, Attraction, Pleasure, Compassion, Serene, Happiness
Neg: Anger, Disgust, Fear, Shame, Bitterness, Contempt
. Pos: Positive, Warm, Trusting, Friendly, Respectful, Admirable
Semantic

Neg: Negative, Cold, Suspicious, Hostile, Contemptive, Disgusting

Emotions Attribution. Intergroup emotions theory recognizes that emotional
responses toward social groups shape downstream behaviors [68, 171]. Research
demonstrates asymmetric emotion attribution: individuals tend to experience
negative emotions toward outgroup members (fostering prejudice, discrimina-
tion, and conflict) while positive emotions toward ingroup members promote co-
hesion and identity [9, 76]. For Al systems deployed in socially sensitive contexts,
the capacity to recognize and avoid perpetuating harmful emotional associations
becomes critical Tab. 3.1.

Semantic Differential Scale. The Semantic Differential Scale [136] provides
a method for measuring the connotative meaning of concepts through bipolar
adjective pairs. This technique reveals the affective coloring that models as-
sign to different demographic groups, exposing subtle evaluative biases along
dimensions including warm-cold, trusting-suspicious, friendly-hostile, respectful-
contemptive, and admirable-disgusting Tab. 3.1.

3.3.3 Existing Debiasing Approaches

Various methods have been proposed to address these biases by using bal-
anced data during training [116, 42]. Novel approaches involve debiasing vision-
language models by projecting out biased directions in text embeddings using
adversarial prompts [35]. While effectively reducing some explicit biases, these
methods do not adequately address implicit ones [5], highlighting a fundamental
gap in current debiasing strategies.

The work presented in Chap. 6 addresses this limitation by adapting psycho-
logical measurement frameworks (Implicit Association Test, Common Language
Effect Size) to quantify implicit biases across 90 Open-CLIP models and pro-
posing SCM-guided orthogonal projection techniques that calibrate debiasing
using social psychology attributes rather than arbitrary visual features [23]. By
grounding bias measurement and mitigation in established psychological con-
structs, our approach reveals discrimination patterns that standard fairness
benchmarks overlook and provides a principled framework for post-hoc debi-
asing without retraining.



4. Overcoming Shortcut
Learning via Robust
Optimization

4.1 Overview

There has been widespread interest in debiasing methods that aim to mitigate
unintended solutions. Debiasing interventions can occur before the learning pro-
cedure (pre-processing), during model training (in-processing), or after training
(post-processing)[97]. In particular, in-processing approaches directly affect al-
gorithm design and effectively mitigate biases. Proposed methods directly debias
the model adjusting sample importance [96, 154, 169] and using adversarial
learning [26, 105]. Other techniques employ quantitative fairness metrics as reg-
ularization terms [25] and optimization constraints [78]. Although these works
address the problem, they require prior knowledge of protected groups, achieved
by grouping samples according to their target and bias attribute values, such as
gender. Accessing such information is often infeasible due to privacy and ethical
constraints. Furthermore, identifying and quantifying bias attributes a priori
can pose challenges in complex systems (e.g., organism, climate, and cognition).

So, what if the protected groups are missing during the learning phase?

Our goal is to train a model to mitigate performance disparities among pro-
tected groups without exploiting such information during training. We aim to
achieve this objective while ensuring satisfactory average performance. These
qualities are particularly essential for practical decision-making algorithms. As
an example, in healthcare and forensic genetics, inaccurate outcomes can pose
significant risks to underrepresented communities, calling for fair and robust
solutions [32, 119, 133, 142]. An approximation is needed whenever the system
does not access protected groups directly.

Our hypothesis posits that classification of cluster assignments can leverage

14



4.1. OVERVIEW 15

Bias Attribute: Gender

| Male | | Female |

|O No Necklace I

O—tlowloss i (O-+HighLoss

Target Attribute: Wearing Necklace

| <> Necklace I

) : .
<—>High Loss <> +Low Loss

Figure 4.1: An illustrative scenario depicting dataset partitions biased towards
gender attributes. We propose that challenging clusters for classification may
leverage significant samples that do not possess the same protected attribute.
We emphasize the need to pay closer attention to such distributions to address
and mitigate model shortcuts.

shared features between bias-aligned and unbiased samples, thereby providing an
opportunity to mitigate spurious correlations effectively. Similar to the works of
George [168] and BPA [164], our objective is to address this issue by estimating
protected groups by clustering.

Existing approaches often encounter a common challenge in the presence of
dataset bias: overfitting to noisy, densely populated clusters identified during
Empirical Risk Minimization (ERM) pre-training, where the focus is solely on
minimizing the training loss for the target variable y [164]. Furthermore, these
methods rely heavily on the assumption that critical samples can be easily iden-
tified by clustering in the ERM feature space. However, real-world scenarios do
not necessarily support this assumption, as critical samples may be dispersed
across clusters rather than concentrated in a single cluster.

In contrast, our approach takes a different standpoint by acknowledging the
dispersed distribution of critical samples within the feature space. Our method
involves clustering a self-supervised feature space, but, in addition to optimizing
the target objective, we also seek to minimize the cluster classification error.
Consequently, we define our weighting mechanism policy by incorporating the
auxiliary clustering loss with the target objective. To demonstrate the effective-
ness of our approach, we provide a compelling illustration in Fig. 4.1.

Identifying Bias. As illustrated in Fig. 4.1, we consider a dataset partitioned
on a target label, such as “Wearing Necklace”, where each partition is biased
towards a protected attribute like gender. Following the clustering process and
assuming these assignments as ground truth, a classifier may encounter chal-
lenges within a cluster where the majority of individuals x do not possess the
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same protected attribute (highlighted in Fig. 4.1 as critical samples within the
grey clusters). To address this challenge, we aim to learn new features that can
identify a common per-cluster attribute and achieve satisfactory performance.
This means looking for features that are consistent with the original cluster as-
signment, but different from the protected attribute. We believe that upweight-
ing samples from clusters with high cluster classification loss can help identify
data distributions that enhance model robustness and mitigate bias.

Observation. To validate our intuitions,

we conducted an experiment on the CelebA ROC Curve
dataset (denoted as D) with the target at- Lo
tribute y representing Wearing Necklace and 08
the protected attribute a representing gender
(female = 0 and male = 1). In addition, we
define a group g as g = (y,a). The target la-
bel exhibits a strong correlation with female
individuals: within the training set D;, com- 00
prising a total of 162,770 samples, Dy—; con-

sists of 18,525 females and only 1,239 males.

As aforementioned, we defined critical groups as go : (y = 0,a = 0) and
g1 : (y = 1,a = 1). Consequently, the label z define if z € {go,g1} or not.
When training an ERM classifier on y, we observed that the accuracy for the
group ¢; (male with necklace) was only 2.72%. Subsequently, based on self-
supervised features, we obtained cluster assignments for each partition D, using
k-means with & = 8. Afterward, we trained an ERM cluster classifier using
these assignments. The inset figure presents the ROC curve for partition D,—
(blue) and partition Dy—; ( ), which quantifies the correlation between
the critical label z and the ERM cluster-objective. Interestingly, we observed
a correlation between cluster errors and critical samples in these partitions, in-
dicating the former can be adopted profitably to design an ad-hoc weighting
strategy, which is the main proposal of our work. In Sec. 4.2.2, we will formally
define how our policy detects critical distributions during the learning phase.

0.6

0.4

True Positive Rate

0.2

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

4.1.1 Problem Setup

We are given a set of n datapoints z1, ..., x, € X associated with a binary label
Y; € {0, 1}. In addition, each datapoint is associated with a label ¢; € {1...0}
defined by cluster assignment. We train a deep neural network composed of a
feature extractor F : X — R?, a binary classifier 7 : R — R?, and a set of
auxiliary classifiers C, : R* — RC, one for each task label y. The classification
performance of y is evaluated on pre-defined groups G based on the average
and worst-group accuracy as in [154]. The group label g € G is only used for
metric evaluation and is not accessible during optimization. The objective is to
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achieve good average and worst-group accuracy at test time without training
group annotations.

4.1.2 Relevant Objective Functions

In this section, we describe in detail four training approaches to introduce our
work in the next section.

Empirical Risk Minimization. Typically, a model defined by a feature ex-
tractor F and a target classifier 7 try to solve the following optimization prob-
lem:
1
argmin—ZE(To}"(:Ei),yi) (4.1)
FT N o
where £ represents a loss function, y is the target, and = is the input. In other
words, ERM minimizes the average loss across data points. In general, this kind
of procedure needs better generalization in some groups during inference.

Group Distributionally Robust Optimization [154]. The Group DRO
approach utilizes training group annotations to reduce the maximum group error
within the training set. Assuming the availability of group annotations for the
training data, the objective function for Group DRO can be expressed as:

Ny

arg min max {]\1[ Z 1(g; = 9)l(T o F(xy), y,)} (4.2)

F,T  9€9 95

George [168]. Since g is often not available in real scenarios, George approx-
imates protected groups with cluster assignments. More specifically, this method
is organized as follows: (i) train a model via ERM, (i) cluster the feature space,
(4ii) train the final model from scratch with clustering information as in Eq. 4.3.
The central empirical hypothesis here is that the feature space of deep neural
networks trained via ERM carries information about group labels.

N.
arg min max {]\17 Z 1(c; = e)b(T o F(x;), yl)} (4.3)

eC
FT c€ e

BPA [164]. BPA takes advantage of the same hypothesis of George: protected
groups are approximated by clustering after ERM pretraining. On the other
hand, the optimization process is guided by dynamically reweighting sample
importance.

N
1
arg min— we, 0(T o F(xi),yi 4.4
g N;:l (T o F(x:), i) (4.4)

where the sample weight w,, is given by the following equation:
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1
We = ﬁE(m)y)Npc [(T o F(x:),y:)] (4.5)

ClusterFix. This paper presents ClusterFix (CFix), a practical in-processing
debiasing framework aiming to jointly optimize a classification task and an aux-
iliary one to generalize over groups without their supervision. Our evaluation
demonstrates that the proposed solution outperformed the previous state-of-
the-art unsupervised debiasing approaches. Moreover, despite not having group
annotations during training, ClusterFix outperformed the supervised approach
GDRO [154], even without explicit bias information.

Our contributions can be summarized as follow: (1) We propose an effective
debiasing method to mitigate inductive bias in real datasets, which does not rely
on prior knowledge on protected groups; (2) We show how cluster assignment
classification is a practical auxiliary task that improves worst-case robustness
and generalization; (3) Our approach reaches state-of-the-art performances in
standard bias-removal benchmarks, even w.r.t. supervised methods.

4.2 Proposed Method: ClusterFix

ClusterFix (CFix) is a two-stage debiasing approach that does not require pro-
tected group supervision. Similarly to previous works, CFix weighs the contribu-
tion of each example to the overall classification loss as in Eq. (4.4); differently,
the importance of each example does not depend only on the mismatch between
the prediction and ground-truth label y, but also on an additional term that
considers how examples cluster in latent space. Briefly, our approach consists of
two subsequent steps:

Cluster Assignment. The first stage regards prepar-
ing a pretext task, which will be optimized in the second
stage. In particular, the idea is to cluster the latent space
of a deep neural network into several groups, thus yielding
novel pseudo-labels ¢ from the computed assignments to
the clusters. In doing so, CFix leverages self-supervised
pre-training (performed with Barlow Twins[202]), whose
latent space is subsequently clustered using the k-means
algorithm. Such a preliminary stage reduces the risk of
biased representation in the downstream task. Indeed,
the pseudo-labels produced in this way are opaque with
respect to the target bias-prone task, as they rely only
on self-extracted features.




4.2. PROPOSED METHOD: CLUSTERFIX 19

Debiasing Training. In the second stage, we ask the model to pursue a two-
fold objective: not only it has to learn the target task embodied by y, but there
is a tailored objective that constrains the feature space. In particular, it seeks
to ensure the model remains consistent with the original cluster assignments
c.Eventually, to preserve minority groups, we weight each example proportion-
ally to the average error of its cluster, where error is defined as the difference
between the original and pseudo labels y and c. In this respect, what differen-
tiates CFix from existing approaches is that the clustering membership actively
and directly contributes to the overall learning objective.

As an example, George [168] also performs a preliminary clustering step;
however, while its authors exploited clustering to compute the classification loss
w.r.t. an independent sample grouping (represented by c), we instead use a
metric related to ¢ to weight examples.

To provide an intuition, we refer to the observation in Sec. 4.1 in which
a clear dependence arises between an independent cluster’s assignment metric
(e.g., an ERM pre-trained classifier) and the presence of protected features. For
this purpose, this suggests that the empirical risk incurred by a wrong cluster
assignment can be used as a proxy for the importance of an element in terms of
its contribution to the task loss on y.

4.2.1 Step 1: Cluster Assignment

First, the dataset was divided by label, from which features were extracted from
a pre-trained model. Next, k-means was applied to obtain cluster assignments
¢, which were used as categorical labels for the next stage. Specifically, a self-
supervised-trained model F : X — R% was used for feature extraction.

4.2.2 Step 2: Debiased Training

Let F: X - R4, T :RY— R? and Cy : R? — RC represent the functions of the
pre-trained encoder, task classifier, and cluster classifier respectively, Fig. 5.2.
The objective function of the proposed method consists of two parts: a weighted
classification loss and a cluster-structural loss. In the following, we provide de-
tails on these two separate terms and the re-weighting strategy for the proposed
model.

Clustering-Structural Loss. Achieving smoothness in the feature space through
cluster classification can prevent model shortcuts in y classification and mitigate
inductive bias. This method is also valuable for identifying problematic clusters
with high average entropy and small size. We hypothesize that there is a correl-
ation between high-entropy clusters and out-of-distribution elements, which can
help the model generalize better in worst-case scenarios. This approach’s bene-
fits are underpinned by information theory [197], as the structural loss creates
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an information bottleneck that facilitates the identification of proxy objective
bias and improves model generalization. Formally, the clustering-structural loss

is defined as follows: N

Lo=Y L(CoF(zi)ci) (4.6)

i=1

Task-Weighted Classification Loss. The main objective of the optimization
process is to learn how to classify y, which is achieved through task-weighted
classification loss. Each sample’s classification loss is weighted by a factor wy,
reflecting the significance of the cluster to which it belongs. The weight is
determined based on the average loss with respect to y and the structural loss
with respect to the clusters. The task-weighted classification loss is defined as
follows:

Ly =we (T o F(xi),y:) (4.7)

where w, is:

1
We = FE(z,y)~Pc (T o F(zi),yi) +vL(Cy, o F(xi),c;)] (4.8)

ClusterFix Objective. In summary, the proposed debiasing method’s overall
objective function can be expressed as the following optimization problem, the
trade-off hyper-parameter is denoted by +:

min Ly + L (4.9)

4.3 Experiments

In this section, we present the experiments to evaluate the proposed debiasing
method and compare it with several state-of-the-art debiasing techniques. We
used the same experimental settings as BPA [164] to ensure a fair comparison
among different debiasing methods. Specifically, we trained the proposed method
using a ResNet-18 as the backbone architecture with the Adam optimizer, a
learning rate of 1 x 1074, a batch size of 256 images, and a weight decay rate
of 0.01 for 100 epochs. The learning rate was scheduled with cosine annealing.
For all experiments, we performed k-means clustering with K = 8 and the
cluster weight of the ¢y, cluster, w., was updated with a momentum m = 0.3 as
in [164]. Additional experiments on hyperparameters and datasets are available
in the supplementary material.

4.3.1 Benchmarks

CelebA. CelebA [108] is a dataset comprising 202,599 celebrity face images
with 40 binary attribute annotations for each image. Moreover, in our experi-
ments, the gender attribute has been used as the bias attribute to evaluate the
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Table 4.1: Unbiased accuracy (%) on CelebA dataset. Ours denotes ClusterFix.
Best unsupervised results in bold.

Unsupervised Supervised
Target ERM George [168] BPA [164] Ours GDRO [154]

Double Chin 64.61+ 082  76.23+ 0.11 82.92+ 054 85.13+ 030 83.19+1.11
Pale Skin 71.50+ 1.60 78.22+ 3.75 90.06+ 0.75 91.17+ 0.04 90.55+ 0.84
Chubby 67.42+ 095  T4.88+ 1.01 83.88+ 036 84.16+ 022  81.90x+ 0.20
Necklace 55.04+ 0.50 58.79+ 0.10 68.96+ 0.12 68.99+ 1.10 62.89+ 3.60
Wearing Hat 93.53+ o0.37 95.72+ 0.71 96.80+ 0.26 97.88+ 0.00 96.84+ 0.46
Big Lips 60.87+ 058  64.99+£ 013  66.50+ 024 6540045  63.70+ 0.44
Bangs 89.04+ .47 92.62+ 0.12 93.94+ 057 94.67+ 0.16 94.45+ 017
Hairline 69.72+ 0.78 78.86+ 0.40 84.95+ 0.49 87.00+ 0.12 85.15+ 1.31
Wavy Hair 73.10<+ o0.56 77.39+ 0.15 79.89+ 071 79.42+ 0.12 79.65+ o.63
Brown Hair 78.07+ o.s7 83.07+ 0.07 83.83+ 0.66 85.30+ 0.47 84.87+ 0.07

Average 72.29 78.07 83.17 83.91 82.31

robustness of the proposed method, as in [164]. We initialized the feature ex-
tractor F parameters by using a self-supervised pre-trained network with Barlow
Twins [202]. In particular, for the self-supervised training, we used an output
dimension of 1024, a batch size of 256, and an SGD optimizer with a fixed
learning rate of 0.6. We set the A parameter to 0.5.

Following [164], we focused on gender as the fixed bias attribute and excluded
8 out of 40 attributes due to limited samples in the test set. Among the remain-
ing 32 attributes, 26 exhibited a significant correlation with gender, showing a
classification accuracy gap of over 5% compared to unbiased accuracy [154]. To
explore diverse scenarios, we selected the top 5 attributes with the highest gap
and the bottom 5 attributes with the lowest gap, as identified in [164].

Waterbirds. The Waterbirds dataset [154] is designed to evaluate the robust-
ness of deep networks w.r.t. spurious correlations and distribution shifts. It has
been created by selecting images of birds from the Caltech-UCSD Birds-200-2011
dataset [186] and overlaying them on backgrounds obtained from the Places data-
set [207]. This dataset includes two attributes: the type of bird (waterbird or
landbird) and the background (water or land). The training set comprises 4, 791
samples. 56 of the 1,113 waterbird samples have a land background, while 180
of the 3,678 landbird samples have a water background. To assess model ro-
bustness, the validation and test sets evenly distribute landbirds and waterbirds
across land and water backgrounds. We initialized F with ResNet18 pre-trained
on ImageNet and set the A parameter to 0.01.

Evaluation Protocol. To evaluate the proposed method, we calculate the
accuracy of every group g = (y,b), defined as a combination of target and
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Table 4.2: Worst-Group accuracy (%) on CelebA dataset.

Unsupervised Supervised
Target ERM George [168] BPA [164] Ours GDRO [154]

Double Chin 21.33+ 2.24  50.00+ 0.41 67.78+ 001 T4.26+ 304 72.94+ 114
Pale Skin 36.64+ 353  62.03£165 88.60+ 145 87.01:r1.46  87.68+ 237
Chubby 24.30+ 3.73 58.01+ 1.10 72.32+ 003 71.01+ 117 72.64+ 1.70
Necklace 2.72+ 0.83 13.82+ 0.41 41.93+ 2.47 55.56+ 0.38 24.34+ 7.81
Wearing Hat 85.12+ 0.31 92.93+ o.76 94.94+ 019 96.58+ 0.63 94.67+ 0.41
Big LipS 30.85+ 0.62 44.51+ 083 56.99+ 3.05 B57.27+ 0.8 47.55+ 1.03
Bangs 76.91+ 327 85.90+ 0.24 92.21+ 124 93.01:036 92.12+ 1.03
Hairline 35.69+ 035  57.30+ 0.90 79.11+ 101 84.15+0s2 79.12+211
Wavy Hair 38.01+ o.85 53.17+ 0.43 65.74+ 113 69.924 0.3s 66.79+ 1.62
Brown Hair 59.58+ 2.55 73.20+ 0.88 71.50+ 0.07 79.18+ 0.50 78.92+ 1.61

Average 41.11 59.09 73.11 76.80 71.67

Table 4.3: Unbiased and Worst-Group accuracy (%) on the Waterbirds dataset.

Unbiased Accuracy (%)
Unsupervised Supervised
Target Bias ERM BPA [164] Ours GDRO [154]

Object Place 84.63+0.00 87.05+0.00 86.29+ 000 88.99+ 0.00
Place Object 87.99+ 0.00 88.44% 0.00 92.17+ 0.00 89.20 0.00

Worst-Group Accuracy (%)
Target Bias ERM BPA [164] Ours GDRO [154]

Object Place 62.39+ 0.00 71.39+ 0.00 74.03+ 0.00 80.82+ 0.00
Place  Object 73.34+0.00 79.16+ 000 86.61+0.00 85.27+ 0.00

bias attribute values. The bias attribute b € {1...B } is an external annota-
tion unused during optimization (e.g., gender, background). We report results
in terms of average-group accuracy (unbiased accuracy) and worst-group
accuracy [154, 164]. All reported results are the average of three runs.

4.3.2 Comparisons with Other Debiasing Approaches

The proposed method is compared with several state-of-the-art debiasing tech-
niques:

e Empirical Risk Minimization (ERM): our vanilla baseline. It trains a
model on a biased dataset, leading to a biased model;

e Learning from Failure (LfF) [129]: it trains a debiased classifier using the
misclassification information of the biased classifier;
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Figure 4.2: Robustness evaluation of models trained without critical samples
a and the effectiveness of CFix backbone pre-training on unbiased accuracy
measurement b. ¢ and d are UMAP projections visualizing CFix feature space
(Wearing Necklace = false) at the initial and final epoch. Blue and orange colors
represent male and female gender values, respectively.

e George [168]: a debiasing method that approximates bias attributes with
cluster assignment and weights the objective function to maximize the worst-
case group accuracy;

e Debiased Representations with Pseudo-Attributes (BPA) [164]: a
debiased representation is learned by introducing cluster-generated pseudo-
attributes;

e Group Distributionally Robust Optimization (GDRO) [154]: this method

optimizes the worst-case performance over a distributionally robust uncer-
tainty set using explicit bias supervision.

Main Results. The results of our evaluation on CelebA are presented in Tab. 4.1
and Tab. 4.2. We show how CFix outperforms all competitors across all eval-
uated scenarios, achieving higher unbiased and worst-group accuracy metrics.
Specifically, our method outperforms the bias-supervised approach, Group DRO,
and state-of-the-art BPA in both metrics. Additionally, our optimization process
demonstrates greater stability across different runs. The improvement in worst-
group accuracy is noteworthy, given that other approaches, such as George and
Group DRO, prioritize maximizing worst-case group accuracy, which is not the
focus of our approach. In more detail, our method achieves an average improve-
ment of +0.74% in average accuracy and +3.27% in worst accuracy (413.63%
for Wearing Necklace target) compared to the previous unsupervised state-of-
the-art. Additionally, experiments on Waterbirds confirm the effectiveness of
our approach even in a controlled environment, as shown in Tab. 4.3. We ob-
served improvements in the worst-case performance for Object (bird) and Place
(background) classification, with gains of +2.64% and 47.45%, respectively.
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Figure 4.3: Visualization of the class activation maps generated by Grad-
CAM [163], Grad-CAM+-+[28], Ablation-CAM[146], HiResCAM [46], and

LayerCam [88] for the ERM and the proposed debiased approach targeting the
Wearing Necklace attribute.
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4.4 Model Analysis

Ratio of the Bias-Aligned Samples. To showcase the resilience of different
approaches to distribution shifts, we have designed an experiment in which we
selectively remove bias-aligned samples from the training dataset while keeping
the test set unchanged. Our study focuses on the Waterbirds dataset, where we
remove minority groups from the training set (i.e., all waterbirds on land back-
grounds and vice versa). The worst group accuracy on the test set is reported
across epochs in Fig.4.2a. Our results indicate that CFix outperforms BPA on
minority groups not present in the training distribution. This provides evidence
that the proposed structural loss enhances the overall worst-case generalization
performance.

On the Effects of Pre-Training. The feature extractor F, used for clus-
tering and backbone initialization, is a crucial component in our pipeline. To
verify the effectiveness of our approach on CelebA while altering the backbone,
ResNet-18 pre-trained on ImageNet has been employed to initialize F. We con-
ducted identical experiments for the best and worst target attributes as specified
in Tab. 4.1. The outcomes illustrated in Fig. 4.2b indicate minimal changes in
overall performance, with a slight improvement when using the latter setting.
These results suggest that it is possible to leverage bias-aligned signals without
requiring an Empirical Risk Minimization (ERM) model for each target. Not-
ably, we employed the same self-supervised encoder F to perform clustering for
all CelebA experiments, while others trained a separate ERM model for each
target. Refer to the supplementary material for ERM pre-training experiments.

Feature Space Visualization. In Fig. 4.2c and Fig. 4.2d, we present visu-
alizations of UMAP [123] projections on the CelebA dataset for the Wearing
Necklace classification. Specifically, we visualize only negative examples ( Wear-
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ing Necklace = false) to effectively show the feature space at the initial and final
epoch using CFix. Our observations suggest that our proposed model success-
fully achieves a smoother feature space within the same class, mitigating the
presence of large clusters caused by shortcut solutions. Other methods aim to
mix the bias attributes in the feature space to improve worst-case generalization.
In contrast, our findings advocate that good worst-group and average generaliza-
tion properties can be achieved even when the bias attributes are separable in the
feature space. Therefore, unlearning the bias attribute is not always necessary
to avoid shortcuts and achieve good model performance.

Model Explainability. The experiments in Fig. 4.3 explore the interpretabil-
ity of the proposed debiased approach compared to the classical Empirical Risk
Minimization (ERM) method. Specifically, we use several explainability tech-
niques to visualize the class activation maps for the Wearing Necklace target on
CelebA. For instance, the ERM method emphasizes features that are not cor-
related with the target attribute, while CFix prioritizes regions that are more
indicative of the regions of interest. These results suggest that our method
mitigates unintended solutions.

4.5 Discussion

Mitigating model shortcuts without directly observing bias attributes is a chal-
lenging, relatively unexplored task for achieving bias removal in deep networks.
Previous research has attempted to address this problem by modifying the target
objective using pseudo-groups identified through ERM pre-training. However,
our empirical findings indicate that this approach could be suboptimal in some
scenarios. Our key contribution is the recognition that empirical cluster er-
ror can serve as a proxy for identifying samples likely to be affected by the
inductive bias of deep networks. By leveraging this insight, CFix effectively
up-weights such samples, improving the worst-case and average generalization
for protected groups across multiple standard benchmarks. Our study demon-
strates that ClusterFix and the insights gained from experimental results offer a
robust foundation for advancing worst-case generalization and algorithmic fair-
ness without relying on demographic data.



5. Avoiding Forgetting in the
Presence of Spurious
Correlations

5.1 Overview

Modern Al systems are trained on an ever-increasing volume of data, much of
which may not be available during the initial training phase, e.g. new tasks or
classes can be discovered as the system evolves. For this purpose, Continual
Learning (CL) has become a prominent paradigm, especially when privacy
concerns or limited resources constrain access to previous data. In CL, models
learn tasks sequentially, facing the challenge of mitigating catastrophic forget-
ting (121, 137|, where the model forgets previously acquired knowledge while
learning new tasks. In this respect, numerous CL methods exploit a rehearsal
mechanism to protect against forgetting [19, 111, 4, 18, 13]. These methods util-
ize a small memory buffer to store past data and alternate training between the
current task and the examples stored within the buffer. The sampling strategy
typically employed to add or remove examples is reservoir sampling [150, 185],
a stochastic method that ensures equal representation of previous tasks within
the buffer.

Due to its broad applicability, the intersection between bias-related issues
and CL has been recently studied in [86]. We build on this research line, ar-
guing that rehearsal methods have significant limitations when applied to tasks
influenced by bias and spurious correlations. Since the memory buffer holds
only a small, random subset of past examples, it is likely to be dominated by
instances that exhibit spurious correlations, potentially leading to underrepres-
ented groups being unfairly penalized. As the buffer samples are the only source
of insight into past tasks, a buffer poisoned by spurious correlations could further
amplify existing biases, creating a compounding effect.

To illustrate the issue, we direct the attention of the reader to Fig. 5.1. In
CelebA [110], attributes like Wearing Necklace exhibit strong correlations with

26
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Figure 5.1: Attention heatmaps for Wearing Necklace, Receding Hairline, and
Wearing Hat attributes in CelebA, using Empirical Risk Minimization (ERM)
and ClusterFix [22]. ERM models often concentrate on irrelevant regions, ex-
ploiting shortcuts, whereas CFIX focuses on more salient features.

latent variables like Gender, i.e., wearing a necklace is more common among
women. As a result, the model is prone to learning shortcuts [62], associating
the presence of a necklace with female traits and its absence with male traits.
Such a shortcut can lead the model to predict a necklace on a woman even when
she is not wearing one, or, conversely, fail to recognize a necklace on a man
who is. To avoid shortcuts, current debiasing methods [154] exploit expensive
auxiliary annotated metadata (e.g., gender or ethnicity), or training paradigms
whose outputs are invariant to biases [107]. However, none of these approaches
were designed to handle a continuous stream of potentially biased tasks.

[ So, how do spurious correlations affect rehearsal-based methods?

In light of these intuitions, in Fig. 5.2 we propose a novel approach, Learn-
ing without Shortcuts (LwS), to mitigate the effects of spurious correlations
in CL without relying on latent-variable supervision. LwS introduces i) an un-
supervised objective against shortcuts while training on the current task, and i)
a loss-based sampling algorithm to ensure a fair representation across the groups
in the buffer population. We conducted experiments on three benchmarks and
achieved notable improvements in average and worst-group accuracy, with our
results sometimes surpassing methods that employ latent supervision.

5.2 Problem Definition

Spurious Correlations. Al methods often focus on the interaction between an
input space, represented as X (e.g. an image), and its associated output space,
Y (e.g., ground truth label). In this context, we introduce the latent variable
z. This variable captures a unique attribute of an element x € X, ranging
from broader aspects, such as the presence of artifacts, to more detailed image
features, such as the green grass in the background. To define this concept
precisely, we can describe an element x with a set of binary attributes A =

{21,227...,Zn}.
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Figure 5.2: Overview of the proposed framework called Learning without Short-
cuts (Lws). Left: during training, Lws employs tailored optimization objectives
to relieve both forgetting and shortcut learning. Specifically, Lws couples the
standard cross-entropy loss on labels Y with an auxiliary self-supervised term
(i.e., cluster loss). Importantly, the training loss for each example is dynamically
adjusted to amplify the contribution of underrepresented groups (e.g., women
who do not wear a necklace) during training. Right: a visual of the loss-based
criterion used to insert new elements within the buffer. The loss values serve
as a proxy for distinguishing between bias-aligned and unaligned examples, a
feature we leverage to achieve balanced representation across groups.

Even though these attributes may correlate with Y, they do not necessarily
correspond to an attribute of interest. For example, the presence of a cow (V)
might be correlated with a background of green grass, where z = 0 indicates no
green grass and z = 1 indicates the presence of green grass. While this correlation
exists, relying on it can lead to harmful shortcuts in learning: recognizing the
presence of grass may be easier, but it does not indicate the presence of a cow.
This discrepancy is often referred to as spurious correlations [63]: associations
in the data do not imply a causal relationship with the outcome.

Continual Learning with Spurious Correlations. In an incremental setup,
the model is trained sequentially on different datasets D1, ..., Dy, where each
D, = (X;,Y;) represents a supervised classification task. Each dataset introduces
some variation compared to the others, making the tasks distinct. For example,
each task could involve classifying a different visual attribute. The objective is
to develop a function f : X; — Y; that effectively integrates new knowledge from
successive tasks without losing performance on previously learned ones.

Within this context, each dataset D; may be influenced by different biases.
Consequently, the presence of spurious correlations has a detrimental effect on
CL, especially on those methods that build upon a memory buffer, like replay-
based approaches. Indeed, their effectiveness relies heavily on the quality of
samples stored in the buffer, with significant degradation as it becomes contam-
inated by bias.
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5.3 Method

We present Learning without Shortcuts (Lws), a continual debiasing approach
that mitigates the harmful effects of bias on learning from a data stream while
preventing catastrophic forgetting. In particular, we exploit an auxiliary self-
supervised approach to reduce bias. This approach is popular in offline set-
tings [22, 164, 168, 198] and exploits pseudo-labeling to regularize the latent
representation of the model. Specifically, the pseudo-labels are obtained by clus-
tering the latent space with k-means. Notably, this strategy poses technical
challenges in continual learning due to the emergence of new tasks and asso-
ciated cluster sets. To overcome these issues, we introduce the following two
modules.

Data Stream. We start by extracting cluster assignments for the samples of the
current task. These will be used throughout the task to ensure alignment with
the initial representation. Here, the primary goal is to minimize the distance
among samples that belong to the same inferred group (cluster) yet share the
same class, thereby reducing the mutual information between spurious correla-
tions and target labels within the data stream [168, 164]. This auxiliary task has
also been shown to enhance the smoothness of the latent space [198], a property
that facilitates the reuse and transfer of features across tasks [13, 50, 162].

Memory Buffer. To address the shortcomings of traditional replay-based
methods, we propose a loss-based strategy to update the memory buffer. Spe-
cifically, the magnitude of the loss value is utilized to select which examples
to store in the buffer. Secondly, we build upon knowledge distillation [73| to
form the replay regularization objective. In contrast to common techniques,
our method uses the output of the cluster classifier as the teaching signal for
knowledge preservation. By doing so, we can maintain cluster coherence across
current and future tasks, thereby mitigating forgetting and enriching transfer
capabilities.

5.3.1 Data Stream Objective

Cluster Assignment. At the start of each task ¢, our approach assigns a
cluster ¢ to every element within the dataset D;. This step involves partitioning
D; based on target labels y and performing k-means for each partition with
features from a pre-trained frozen model Fj.. : X — R?. Notably, the model
Fyre remains the same across all tasks.

Debiased Training. From the samples of the data stream, our model is given
a twofold objective. Firstly, it solves the binary classification task ¢, where
y denotes the ground-truth label. Secondly, it adheres to a specific objective
that constrains the feature space. This objective requires the model to remain
consistent with the original cluster assignments c.
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To ensure that minority groups are not overlooked, we modify the optimiz-
ation objective to re-weight the importance of each example. In practice, we
assign a weight, w,. in Eq. 5.3, proportional to the average error and the cardin-
ality of its cluster. The error is defined with respect to the original and pseudo
labels y and c.

Formally, let F': X — R? be the feature extractor and let 7; : R — R! and
C; : R* — RY indicate, respectively, the task head and the cluster classifiers.
The latter are two linear projections; while the first outputs the logits of the
classes of the t-th task, the second is instead relevant for the auxiliary self-
supervised objective. The parameters of the feature extractor F' and the task
head C} are updated continuously across tasks. Differently, the parameters of the
cluster classifier 7; are optimized only during task ¢. Formally, the clustering-
structural loss is defined as follows:

Ecluster = ECE(Ct o F(:E)7 C) (51)

The main objective of the optimization process is learning to classify y, which is
achieved through a task-weighted classification loss. Indeed, the loss is weighted
by a factor w,, which reflects the “importance” of the cluster to which the sample
belongs. Finally, the task-weighted classification loss is defined as follows:

‘Ctarget - w(:EBCE (7; o F(.’IJ), y) (52)

where w, is:

1

N E(z,y)~pr, [LBCE(T: © F(x),y) +vLce(C: o F(x), c)] (5.3)

Then, the overall stream objective:

Estream = Ecluster + £target (54)

5.3.2 Memory Buffer Objective

We now present our approach to managing the memory buffer. During the
execution of task ¢t € {1,2,...,T}, the buffer memory serves as a temporary
storage area. Its capacity, denoted as M, sets the maximum number of elements
it can hold at any given time. Further, we can allocate a maximum number
of elements for each task, known as the budget of the task B. To select which
example from the current task to insert, our insertion strategy considers the
loss value — defined as Lpcg(x;) — for the target label y. Afterwards, we use a
set of intervals, called bins, to categorize these loss values into distinct ranges.
An example within the memory buffer is hence associated with a specific bin,
determined by the interval in which its loss value falls.
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Figure 5.3: The AUC trend using binary cross-entropy loss to distinguish
between the ‘bias-aligned’ and ‘non-bias-aligned’ groups. Notably, a higher AUC
indicates that the loss is more effective at separating examples aligned with spuri-
ous correlations from those that are not. This result supports our strategy of
achieving a balanced representation of bias-aligned and non-aligned groups, pro-
moting fairer and more equitable sampling.

Buffer Management. As we initiate a task ¢, the budget allocation for the
task is determined as B = %, taking considering the total capacity M and the
task index t. The allocation for each bin is then defined as %, which ensures
a proportional distribution of memory resources across the predefined number
of n bins. For each instance of data x; in the training set D;, a loss value
ly = Lpcr(T: o F(x),y) is calculated and stored, after a warm-up of a few
epochs. This follows [129], which shows that the gap between bias-aligned and
bias-not-aligned emerges during the initial training epochs. Thus, we choose to
compute the loss after 5 epochs to leverage a larger gap. These values range
from a minimum L,;, to a maximum L., which establishes the scope of the
bins. The allocation of loss ranges to specific bins is determined based on their
relative position within this range Liax — Lmin, divided into n equal intervals.

Buffer Population. To determine whether to include an instance x in the
buffer, we first check the current number of elements in its corresponding bin.
If this number is below the allocated budget %, the instance is included. This
method ensures a fair representation of instances within the buffer, including
both low and high loss values. This way, we ensure that the memory buffer
always contains examples that are both aligned and not aligned with spurious
correlations. Indeed, there is a significant empirical correlation between the loss
value and potential biases (see Fig. 5.3). We leverage this correlation to maintain
a balanced buffer.

Knowledge Distillation from Buffer Memory. Our implementation of
knowledge distillation involves classifying samples stored in a buffer and com-
paring the cluster logits values saved to those computed for the current model.
Let y' = T; o F(x) represent the model output for task ¢ (current or past), and
h' = Cp o F(x) represent the cluster classifier logits as well. We define two
distinct terms:

Luut = Lace(y',y) + Lace(h, ¢), (5.5)

The loss function Lp,s combines the target and cluster classification loss. Addi-
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Table 5.1: Average accuracy [] on B-CelebA1l, B-CelebA2, and B-Camelyon. T
BGS uses auxiliary group labels.

Method B-CelebA1l B-CelebA2 B-Camelyon
Random 50.00= o0.00 50.00= o0.00 50.00=+ 0.00
SGD 60.12+ 068 56.06+ 0.09 85.80+ 1.51
Debiasing

BPA 61.69+ 0.47 56.33+ o0.53 88.06+ 1.11
CFIX 64.00+ 1.25 61.264+ 0.96 87.88+ 0.57
Replay (1024)

BGST  TA6dioss  T645s0;  91.89som
ER-ACE 60.75+ 0.77 59.03+ o0.59 88.48+ 0.08
DPP 61.34+ 0.54 60.87+ 0.36 82.56+ 0.57

BPA + replay 60.92+ 0.51 58.19+ o.66 88.88+ 0.52
CFIX -+ replay  61.57+ 0.30 62.62+ o0.58 86.48+ o0.58
LwP 62.33+ 1.31 57.47+ 1.47 86.39+ 4.24
LwS (ours) 71.43+ 1.67 70.73+ o.65 92.47+ 0.21

tionally, we define the knowledge distillation objective for the buffer as:
= 2
KDy = By g [~ 2] 59

KDyt stands for the expected euclidean distance between stored logits h and the
computed current logits h’ over the distribution of samples (x, k) drawn from the
buffer memory M. Finally, the overall objective function combines the stream,
buffer, and knowledge distillation objectives:

L= Estream + Lbuf + KDbuf (57)

5.4 Experiments

Assessing debiasing methods in an environment affected by spurious correlations
is challenging. Many works use synthetic datasets or custom splits to control a
latent attribute z in a controlled setting [164, 168, 129, 206]. In our continual
setting, we face a similar challenge as in [86, 102]. Here, we consider a sequence
of tasks that occur successively, each influenced by a degree of bias. We extend
the setting [102] by increasing the number of tasks.

To comply with standard metrics used in literature about debiasing [168,
164, 22, 206, 107, 155], we used the worst-case accuracy (not employed in [86]).
Namely, we compute the average and worst accuracies across groups, where
a group is defined as ¢ = (y,z). The group-specific accuracy is denoted as
accy(fr, Diest,), representing the accuracy of the final model fr on group g in
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Table 5.2: Worst-group accuracy [f] on B-CelebAl, B-CelebA2, and B-
Camelyon. T BGS uses auxiliary (protected) group labels.

Method B-CelebA1l B-CelebA2 B-Camelyon
Random 50.00+ o0.00 50.00+ o0.00 50.00+ o0.00
SGD 14.87+ 1.56 8.12+ 0.57 48.53+ 6.47
Debiasing

BPA 15.08+ 1.56 9.16+ 0.47 62.13+ 2.73
CFIX 18.00+ 2.04 17.65+ 1.07 59.56+ 0.83
Replay (1024)

BGST 55681200 56.56s27a  7TT.55s00r
ER-ACE 16.37+ 1.76 13.12+ 1.10 56.80+ 1.70
DPP 21.794+ 1.06 18.03+ 1.37 53.40+ 1.41

BPA + replay 16.04x 0.90 11.37x 0.43 65.33+ 1.02
CFIX + replay  17.80x+ o0.04 19.79+ o.75 55.93+ 0.34
LwP 1940i 0.91 1344i 3.94 5440i 9.54
LwS (OllI‘S) 58.84+ 2.42 50.91+ 3.52 80.40+ 1.74

the t-th task. The metrics for average and worst-group accuracies are defined as
follows:

ACCavg (fTv Dtest) = % Zthl ﬁ deG accg(fT, Dtestt) (58)

Accwo’rst (fTa Dtest) = % Zthl mingEG accg(fT, Dtestt) (59)

where G represents the set of all groups across tasks. Notably, each task ¢ comes
with its test unbiased dataset Di.st,, employed for evaluation.

Implementation Details. All reported results are the average of three runs.
We use ResNet-18 [70] pre-trained on ImageNet-1K; for fairness, we apply this
backbone to all tested methods. Each task was trained for 25 epochs using
Stochastic Gradient Descent (SGD), with a learning rate of 1 x 1073. We per-
formed k-means with k = 8 for all experiments. More details are provided in
the supplementary.

5.4.1 Experimental Setup and Benchmarks

To model the presence of spurious correlations, we use CelebA [109] (facial at-
tributes) and Camelyonl7 [6] (skin lesions) from the WILDS benchmark [155].
We split the datasets into tasks such that a latent attribute z correlates with a
target attribute, quantified by a given factor peorr. We set peorr to 0.95, indic-
ating that 95% of images with a specific attribute y (e.g., a necklace) are of a
particular latent attribute z (e.g., gender). In the supplementary materials, we
provide an extensive graphical analysis of the correlation between the variables



CHAPTER 5. AVOIDING FORGETTING IN THE PRESENCE OF
34 SPURIOUS CORRELATIONS

y and z in our experimental settings. During training, we do not have access to
the latent variables z; we use them only for evaluation.

Biased CelebA. The CelebA dataset [109] was divided into eight separate tasks
for our study. These tasks focus on the binary classification of various target
attributes y. We made two variants: B-Celebal includes {Heavy Makeup,
Blond Hair, Receding Hairline, Young, Wearing Necklace, Bags Under FEyes,
Smiling, Eyeglasses} while B-Celeba2 includes { Chubby, Pale Skin, Bald, Gray
Hair, Wearing Necktie, Wearing Hat, Arched Eyebrows, Mouth Slightly Open}.
Each task contains 4480 images in the training set, evenly distributed in terms
of y. The latent attribute z is the gender label as in [164, 22, 129|. Each task
has a test data Dies, with 100 samples per group (there are 4 groups for each
task) to assess model debiasing performance.

Biased Camelyon. This dataset is derived from the Camelyonl7 dataset [6].
It consists of 4 tasks, each involving binary classification. The hidden variable
z represents the hospital from which the images were sourced. The presence
of a tumor is indeed correlated with the hospital where the images were taken,
thereby creating a spurious correlation between the two variables. The training
includes 4 hospitals, while the test phase includes a fifth hospital not present
in the training data. Each task contains 4,096 images, and the test sets are
balanced for tumor presence and hospital origin, with 500 images per hospital.

5.4.2 Baseline and Competing Methods

Rehearsal Methods. While SGD does not incorporate measures against for-
getting, ER-ACE [20] enhances traditional Experience Replay (ER) by applying
distinct loss functions for the stream and the buffer. DER++ [18] adopts self-
distillation by encouraging consistency in the model’s output, minimizing the
L2 norm between the logits of current and past iterations. However, they do
not consider the potential contamination of the buffer by spurious correlations,
which could affect future knowledge retention.

Continual Debiasing Methods. To mitigate spurious correlations in both
the stream and buffer, several methods have been proposed. LwP [86] aims to
prevent spurious correlations by using self-supervised learning with feature-level
augmentation. BGST [102] constructs a buffer to store group-class-balanced
examples across all encountered tasks. In this context, BGS acts as an oracle by
leveraging latent-variable supervision z to structure the buffer.

Offline Debiasing Methods. We also assessed standard debiasing algorithms
such as BPA [164], which employs a per-sample re-weighting strategy. CFIX [22]
optimizes a dual objective to re-weight sample importance, using cluster classi-
fication as an additional regularization to smooth the latent space. Since these
methods do not natively support the arrival of new tasks, we also introduce
BPA + replay and CFIX —+ replay, which are adaptations that incorporate
buffer reservoir sampling.
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5.4.3 Experimental Results

Tab. 5.1 and Tab. Tab. 5.2 summarize the key findings of our work. LwS boosts
average and worst-group accuracy metrics, outperforming rehearsal methods
across various scenarios. A notable feature is the gain in worst-group accur-
acy, highlighting its effectiveness against spurious correlations. Also, the results
demonstrate that our mechanism for updating the memory buffer enables the
retention of unbiased past knowledge.

Baselines. Regarding debiasing methods, CFIX [22] and BPA [164] have effect-
ively improved worst-case accuracy with respect to fine-tuning on the new task
(SGD). However, their gains are relatively small compared to LwS, indicating
the need for a buffer strategy to avoid forgetting. In this context, offline debi-
asing algorithms serve as more reliable baselines than naive fine-tuning (SGD).

Rehearsal Methods. Their results are reported in Tab. 5.1 and Tab. Tab. 5.2;
we refer the reader to Fig. 5.4 for a in-depth comparison with DER++ [18],
one of the most simple yet effective approaches. As shown, replay methods
surpass their baselines, highlighting the advantage of memory replay. However,
the tables reveal a crucial issue. If the buffer contains mostly biased elements, it
can amplify bias in new tasks when samples are drawn from it. This underscores
the limitation of traditional rehearsal methods.

Continual Debiasing Methods. From our results, LwS outperforms a con-
tinual debiasing model like LwP [86] and pairs the performance of BGS [102],
which presents our upper bound. Indeed, it constructs the buffer using su-
pervision on the latent attribute z to balance the number of elements per
group in the memory, which is preferable but less realistic. Indeed, to identify
the group labels, one must i) discover the variable z that determines the spurious
correlation; 7i) annotate the training set accordingly. This process is expensive
and requires a thorough analysis of the dataset. Indeed, while annotating at-
tributes like gender may be easy, it becomes impractical when the attribute z
is hard to inspect (e.g. metadata protected by privacy laws or hidden artifacts
in images). In such cases, a framework like ours, which avoids relying on group
labels, is advantageous.

5.5 Ablation Studies

Reservoir Sampling Fails with Spurious Correlations. Tab. 5.3 illustrates
the impact of memory buffer size (M) and buffer handling strategies on LwS. The
results reveal that the loss-based approach consistently outperforms the reservoir
method in terms of worst-group and average accuracy across all datasets and
buffer sizes (256, 512, 1024). This outcome supports our hypothesis that random
strategies, such as reservoir, may unintentionally amplify spurious correlations
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Figure 5.4: Comparative analysis across tasks, showcasing worst-group accuracy
and average accuracy for each dataset.

Varying the Correlation Factor p.,... We analyze how the model learns as
the correlation factor changes and evaluate the effectiveness of different strategies.
On the left side of Fig. 5.5, the relationship between the loss value and alignment
with spurious signals (AUC) is shown as peo, varies. After the warm-up phase,
we compute the loss for all training elements of task ¢, which is then used in the
buffer update described in Sec. 6.4. We observe a gradual decrease in AUC after
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Table 5.3: LwS performance in terms of worst [1] and average accuracy [1] across
different buffer sizes and management strategies.

M Strategy ACCworst [%] ACCaUg [%]

— 256 reservoir 14.14 58.21
E loss-based 36.29 66.73
S syp  Teservoir 18.50 61.08
C.I) loss-based 52.12 71.17
R Lopy  Teservoir 17.87 62.16
loss-based 56.98 72.57
~ 9256 reservoir 18.71 61.10
_<Dﬂ loss-based 51.62 72.06
S 5yp Teservoir 19.37 62.43
CI) loss-based 48.50 69.46
M 1024 reservoir 20.50 63.06
loss-based 53.37 71.40
o 256 reservoir 41.40 81.92
_& loss-based 79.40 91.84
)
g 512 reservoir 36.80 81.92
S loss-based  79.60 92.42
M 094 Teservoir 55.80 86.50
loss-based 80.40 92.84

buffer insertion, as desired. As depicted on the right, joint training and DER++
are more susceptible to spurious correlations. As p.o. increases, both methods
suffer a drop in average and worst-case accuracy while our approach performs
robustly across different p.., values.

On the Number of Bins. We investigate the effect of varying the number of
bins for the buffer population. As the number of bins increases, we observe a
slight decline in worst-case accuracy, as shown in Tab. 5.4. This trend can be
attributed to the fixed buffer size; a greater number of bins entails a reduced
allocation budget per bin, potentially leading to an under-representation of ele-
ments that diverge from the bias within each bin. Despite this, our strategy
maintains competitive performance, even with a higher bin count.

Knowledge Distillation using Cluster Logits. We analyzed the impact of
the K Dyyy term introduced in Eq. 5.6. Our findings demonstrate that know-
ledge distillation offers significant advantages in smoothing the feature landscape
and facilitating knowledge transfer across future tasks. In particular, Tab. 5.4
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Figure 5.5: The figure displays AUC curves (left), which show the correlation
between the loss value and alignment with spurious signals varying levels of
Peorr- The shaded regions on the curves show the warm-up phase, followed by
the computation of target losses for all training samples in each task. The right
side presents comparisons across different p.,.- values for joint training, DER++,
and LwS methods.

Table 5.4: LwS performance comparison varying number of bins and usage of
knowledge distillation (KD).

B-CelebA1l B-CelebA2 B-Camelyon

# bins Accy AcCaug AcCy Accqug Accy  Accaug

2 58.23 72.71 55.12 7540 76.40 90.88
4 61.55 73.24 53.37 7140 81.20 92.72
8 53.12 70.79 51.25 70.68 81.40 92.40
16 95.61 71.83 52.00 71.72 80.40 92.84
32 50.37 70.82 51.00 71.34 79.60 93.04

no KD 58.80 73.40 50.50 70.18 80.40 92.84
w. KD 61.55 73.24 53.37 71.40 81.20 92.72

shows that utilizing cluster prediction logits improves the worst-case accuracy
performance without negatively affecting the average accuracy.

On the Effect of w. Fixing w, = 1 in Eq. 5.3 worsened model performance
as shown in Tab. 5.5, demonstrating the effectiveness of our adaptive weighting
strategy. As expected, the decrease with w. = 1 was not severe thanks to the
buffer population, which serves as a regularization term.

Sensitivity of . Tab. 5.6 shows how increasing the value of v in Eq. 5.3
leads to better results. The scalar v multiplies Lgjyster term, which indicates
heterogeneity within a cluster ¢, where individuals share the same target label y
(e.g., blond hair) but differ in attribute z (e.g., gender). Therefore, we assign a
higher weight w, to a cluster with a high expected error for Liurger OF Lejuster-
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Table 5.5: LwS with adaptive weights w. and fixed w, = 1.

Dataset We Accyorst Accqug
adaptive 58.84 + 2.42 71.43 + 1.67
B-CelebAl ¢ cd 52.83 + 1.59  70.90 & 0.99
adaptive 50.91 & 3.52  70.73 + 0.65
B-CelebA2 ¢ cd 47.29 + 1.43  70.74 + 0.68
BCamelvoy  Adaptive  80.40 £ 174 92.47 + 0.21
- YOI fixed 7820 + 1.60  91.85 + 0.37

Table 5.6: LwS results on B-CelebAl using difference values of .

Metric y=.0 =2 =5 =8 ~v=1
Accworst  47.61 51.92  55.62 54.85 58.25
Accaug 69.46  70.16  70.91 70.83 72.12

5.6 Discussion

Our results reveal a critical vulnerability in rehearsal-based continual learning:
the memory buffer can act as an amplifier of bias rather than a safequard against
forgetting. When spurious correlations dominate the training distribution, ran-
dom sampling strategies inadvertently populate the buffer with bias-aligned ex-
amples, creating a feedback loop that compounds the problem across tasks.

The success of LwS demonstrates that loss values serve as an effective proxy
for detecting spurious correlations without requiring explicit supervision. As
shown in Fig. 5.3, the separation between bias-aligned and non-aligned examples
emerges naturally during early training epochs. By leveraging this phenomenon,
we achieve performance comparable to BGS [102], which relies on expensive
latent-variable annotations. Our ablation studies further confirm the limitations
of reservoir sampling (Tab. 5.3), the robustness of LwS across varying peorr
values (Fig. 5.5), and the importance of cluster-based knowledge distillation for
maintaining structural consistency (Tab. 5.4).

However, our approach has limitations. The reliance on k-means clustering
assumes separable clusters in the feature space, (which may not hold for all
domains), and the number of bins requires some tuning.

Overall, the work highlights a fundamental challenge in continual learning:
mechanisms designed to preserve knowledge can inadvertently perpetuate biases.
This has implications for deployed systems that learn continuously from biased
data streams, where fairness may degrade over time.



6. Implicit Bias in
Vision-Language Models

6.1 Overview

The debiasing approaches discussed in previous chapters primarily address expli-
cit spurious correlations and observable disparities in model performance across
predefined subpopulations, as measured by group-level accuracy metrics. How-
ever, vision-language models like CLIP [144], pre-trained on massive internet-
scale datasets, inherit a more insidious form of bias: implicit associations that
operate below the surface of standard fairness benchmarks. These biases mani-
fest not through dramatic performance gaps, but through subtle stereotypical
associations between visual concepts and social attributes.

Unlike explicit biases that violate measurable fairness constraints (e.g., worst-
group accuracy, demographic parity), implicit biases reflect unintentional, un-
controllable, and purely stimulus-driven associations [5, 8, 65]. Social psychology
has long recognized this distinction: implicit attitudes differ fundamentally from
explicit beliefs that individuals can consciously report. Drawing on this mul-
tidisciplinary perspective, we argue that the Al community requires evaluation
frameworks grounded in psychological principles to capture biases that standard
benchmarks overlook.

How can we measure implicit biases in vision-language models when they
do not exhibit obvious performance disparities?

Our investigation addresses this question by adapting established psycholo-
gical measurement techniques to the domain of multimodal Al systems. Specific-
ally, we leverage three frameworks from social cognition research: the Stereotype
Content Model (SCM) [52], which organizes social perception along dimensions
of Competence and Warmth; Emotions Attribution theory [68, 171], which ex-
amines affective responses toward social groups; and the Semantic Differential
Scale [136], which captures connotative meaning through bipolar adjective pairs.

40
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These instruments reveal hidden discrimination patterns—associations between
demographic groups and evaluative attributes—that conventional accuracy-based
metrics cannot detect.

To operationalize these psychological constructs for vision-language mod-
els, we introduce two complementary metrics. First, we adapt the Common
Language Effect Size (CLES) [122], converting differential similarity scores into
interpretable probabilities that quantify the extent to which models systematic-
ally associate certain attributes with specific demographic groups. Second, we
develop a CLIP-adapted version of the Implicit Association Test (IAT) [65], re-
placing human reaction times with zero-shot classification preferences to measure
the strength of stereotypical associations in the model’s embedding space.

Using these metrics, we conduct a comprehensive audit of 90 Open-CLIP
models [33] spanning diverse architectures (ResNet, Vision Transformers) and
pre-training strategies (OpenAl, LATION, MetaCLIP, DataComp). Our analysis
reveals that most models exhibit significant implicit biases along axes of eth-
nicity and gender, with systematic preferences for certain demographic groups
when prompted with attributes related to Competence, Warmth, and emotional
valence. Critically, we find that pre-training strategy profoundly influences the
magnitude and direction of these biases, suggesting that dataset curation and
training objectives play a decisive role in shaping implicit associations.

Beyond measurement, we investigate whether text-based debiasing techniques
can mitigate these implicit biases. We evaluate orthogonal projection meth-
ods [35] that remove spurious directions from CLIP’s text embedding space,
comparing standard implementations against a novel variant that calibrates pro-
jections using SCM attributes. Our findings reveal a nuanced picture: while
projection-based debiasing effectively reduces biases in already-biased models,
it can paradoxically exacerbate disparities in models with initially weak biases,
highlighting fundamental limitations of purely geometric interventions that ig-
nore the semantic structure of social attributes.

6.2 Measuring Implicit Bias in CLIP

6.2.1 Common Language Effect Size (CLES)

We use the methodology developed for the Word Embedding Association Test
(WEAT) [21] to evaluate bias in CLIP, which measures the differential associ-
ation between two sets of target text concepts and visual embeddings. Here, A
and B represent two sets of image embeddings of equal size (for example, white
male and white female faces), and x € X, a set of text embeddings which use a
specific social attribute:

‘ “A photo of a <adjective> looking face” ‘

We define the cosine-similarity gap for a single text embedding x with respect
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to sets A and B as follows:

Agap(z, A, B) " Zcos x,a) B Zcos x,b) (6.1)
| |a€A | ‘bEB

Which is extended to a set of text embeddings X:

Agop(X, A, B) = X XI > Agapla, A, B). (6.2)
rzeX

This measure quantifies the differential association of the target concepts (text
prompts) X with visual embeddings represented by A and B.

Interpreting Ay,,: Effect Size as a Probability. Effect sizes are crucial
in evaluating the outcomes of empirical studies. They determine whether an
experimental intervention or manipulation yields a statistically significant effect
and, if so, the magnitude of this effect. An example of effect size is Cohen’s
d, which is utilized to express the mean difference in terms of the standard
deviations:

d— ha — UB

(na—1)o% +(np—1)c%
nat+npg—2

(6.3)

Cohen’s d can theoretically range from 0 to infinity, with established bench-
marks typically categorizing effect sizes as small (d = 0.2), medium (d = 0.5),
and large (d = 0.8) [37]. However, these categories should not be rigidly applied
as they are somewhat arbitrary, and even small effect sizes can be clinically signi-
ficant in certain contexts [177]. An alternative measure is the Common Language
Effect Size (CLES) [122], also known as the probability of superiority [66]. This
statistic provides a more intuitive understanding than Cohen’s d by converting
the effect size into a percentage. It represents the probability that a randomly
selected individual from one group will score higher than a counterpart from
another group. There are two methods for calculating this probability: one is
algebraic, while the other is empirical. The algebraic method assumes that the
data is normally distributed and continuous, while the empirical approach does
not rely on such assumptions [100].

Algebraic Approach. Mathematically, the CLES is the probability that a
Z-score exceeds the value corresponding to no difference between groups in a
normal distribution. Z-score can be calculated as follows:

Agap(X, A, B)

2 2
oatog
2

where Agyq,(X, A, B) is the mean difference between the cosine similarities of
groups A and B with respect to prompts X, and o4 and op are the standard

Z = (6.4)
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deviations of the cosine similarities within groups A and B respectively. The Z-
score measures how the mean difference deviates from zero in terms of standard
deviations.

The probability associated with this Z-score is calculated using the Cumu-
lative Distribution Function (CDF) of the standard normal distribution. This
gives the upper tail probability P(Z > z), which represents the likelihood that
Agap > 0:

P(Z>z)=1-9(Z2), (6.5)

where ®(Z) is the CDF of the standard normal distribution evaluated at Z. This
probability quantifies the extent to which one group’s embeddings are consist-
ently rated as more similar to the prompts than the other’s.

Empirical Approach. To avoid statistical assumptions, we measured the
Common Language Effect Size (CLES) using the empirical method. This is
accomplished by calculating the frequency with which cos(x, a) > cos(x,b) holds
true for all pairs (a,b) across all x in the set X.

6.2.2 Implicit Association Test (IAT)

Research in cognitive science [158] has led social psychologists to develop tech-
niques for studying how individuals connect social groups with target concepts.
A commonly used method is the Implicit Association Test (IAT) [65].

IAT with Humans. The IAT requires participants to quickly categorize items
into different stimulus categories using one of two response keys. In an IAT fo-
cused on the racial attitudes of white individuals, four categories of stimuli might
be used: pictures of black (ethnic out-group) and white (ethnic in-group) indi-
viduals, as well as positive and negative attributes. The IAT includes different
experimental blocks: (i) a compatible block, where white individuals and posit-
ive attributes share the same response key, and black individuals and negative
attributes share a different response key; (i) an incompatible block, where these
associations are reversed. The critical measure is reaction time —how long it
takes to associate the pictures with the attributes. These experiments typically
show that white participants are faster during the compatible block, associating
white individuals with positive attributes and black individuals with negative
attributes. This indicates a deep-seated in-group favoritism and out-group bias.

IAT with CLIP. We used a similar method to test the CLIP model, but
reaction time was not a factor since it is constant. In the case of CLIP, the
test involved zero-shot classification, using the similarity between the visual
embeddings of the image and the textual embeddings of the input prompts. We
used attributes from a semantic scale in our textual prompts to guide binary
classification, such as positive versus negative.
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Let v(a) € R? denote the normalized visual embedding of image a and t(p) €
R? the normalized textual embedding of prompt p. Cosine similarity is computed
as:

s(a,p) = (v(a), t(p))- (6.6)

Let A and B denote the two image groups, and P = {(p,n)} the set of prompt
pairs (positive, negative). The preference score for the positive prompt is defined

A ‘AH Z Z ) > s(a,n)], (6.7)

a€A (p,n)eP

"B |BH IZ Z s(b,p) > s(b,n)]. (6.8)

beB (p,n)eP

The IAT score is computed as the absolute difference between the two rates:

IATscore = |,U/A — KB { (69)

6.3 Debiasing CLIP from Text

Debiasing via Orthogonal Projection. It is essential for a robust classifier
to avoid dependence on irrelevant features present in images. This necessitates
the classifier to be invariant to image backgrounds or insensitive to attributes
such as race or gender. To make the classifier invariant to irrelevant features,
we utilize an orthogonal projection technique [35]. In such a scenario, matrix
M € R™™ represents the embeddings of spurious prompts, with the orthogonal
projection matrix Py defined as:

Py=1—-MM"M)"*MT, (6.10)

where [ is the identity matrix. Using Py, we project text embeddings x to remove
bias directions:

Tnew = Pox. (6.11)

Spurious prompts used to identify “bias” directions (matrix M) are:

‘ “A photo of a male.” ‘ ‘ “A photo of a female.” ‘

‘ “A photo of a man.” ‘ ‘ “A photo of a woman.” ‘

‘ “A photo of a white person.” ‘ ‘ “A photo of a black person.” ‘




6.3. DEBIASING CLIP FROM TEXT 45

Black Male White Male Black Female White Female

Figure 6.1: Representative samples from the dataset show individuals from dif-
ferent demographic groups.

Calibrating the Projection Matrix. Since Pyx could cause errors in es-
timating irrelevant feature directions, Chuang et al. [35] add a calibration term
using a set of positive pairs of prompts .S, which ideally retain the same semantic
meanings post-projection. The calibration minimizes the following loss function,
where X is a regularization parameter:

. A
min [|P = Pyl + w(z)ésnpxi - Py, (6.12)
27]

resulting in the optimized projection matrix P*:
-1

P = Po I+ i Z (],‘1 — J?])(Z‘z — Ij)T . (613)

S
| | (i,9)€S

This process captures the pairwise differences x; — x; for all pairs in S, refining
the projection matrix to de-emphasize directions with larger singular values, en-
hancing the robustness of the debiasing process. Finally, the debiased embedding
is then given by:

Tnew = P x. (6.14)

We refer to this method as Orth Proj.

Calibrating the Projection Matrix via Social Attributes. Building on
the debiasing techniques detailed above, we further refine the calibration of the
projection matrix, P*, using the Stereotype Content Model (SCM) attributes
discussed in Section 5.2. Typically, pairs of prompts in debiasing processes
involve the same class of interest but include different spurious attributes. For
example:

“A photo of a black male with dark hair.” ‘ ~ ’ “A photo of a white male with dark hair.” ‘

In contrast, we define our class of interest using attributes from the SCM
model, thereby aligning our debiasing efforts with sociopsychological insights.
We refer to this method as Our Orth Proj. For instance, to calibrate Py as per
Equation 6.12, we utilize prompt pairs such as:

“A photo of a competent looking black male.” ‘ =~ ’ “A photo of a competent looking white male.”
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Figure 6.2: The plots show the distribution of the CLES and the IAT Score
across models, comparing original and random data partitions.

6.4 Experimental Setup

6.4.1 Dataset

We used the Chicago Face Database (CFD) as a benchmark. The dataset in-
cludes males and females from various locations across the United States. Each
person is shown with a neutral facial expression. For our experiments, we fo-
cused on 90 images per group (4 in total), all showing neutral facial expressions
with closed mouths to minimize potential artifacts, as shown in Fig. 6.1.

6.4.2 Open-CLIP

Our experiments employed 90 Open-CLIP models [33]. The selected models in-
clude ResNet [70] and Vision Transformers (ViT) [45], such as RN50 and RN101,
and various configurations of ViT (B-32, B-16, L-14, H-14). Other implementa-
tions, such as QuickGELU and specific model scales (e.g., ViT-B-32-256, ViT-
H-14-378-quickgelu), were also explored. Selected models are pre-trained on dis-
tinct datasets and strategies including OpenAl [144], YFCC15M [176], CC12M
[27], LAION [161, 160], Metaclip [195], DataComp-1B and CommonPool vari-
ations [59].

6.4.3 Evaluating Implicit Biases in Open-CLIP Models

Our analysis of the CLES and the IAT metrics across three distinct benchmarks
of social psychology provides substantial empirical evidence against the null hy-
pothesis. To model the letter, we conduct a permutation test using random
equal-size partitions {(4,, B,)} of AU B, which model the baseline assumption
of no inherent bias in the associations between the groups and the visual-text
inputs. In our experiments, rather than representing CLES as a value ranging
from 0 to 1, we scale the metric to focus on the gap from the theoretical null
hypothesis (CLES = 0.5), mapping it to [0,0.5]. As depicted in Fig. 6.2, the
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Ranking Open-CLIP Pre-training Strategies

o Og 000
0 ° @ooo® e 0 ° °
30 .o'.oo.o.oo..'o'.O..‘.’.oo.°. o 200700 e "0 PoT00 "o
o0

[SXe)
« ) © o
'y oo Qoo o_0%0e0 0o
302 ...o..o..o.....ooo..o... 0e0® %ee%g00 P e o

O
%o ° e 2 .°
() ® ] ()
° ©e®9 o 000 ° ° [P
0®® o0 ...oo... °® oo. ° ... e®o .0 o °
° ° ® o
0123456 7 8 91011121314151617 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55
ID Pre-Training Methods

IAT Score
N
3
S

Figure 6.3: Ranking of Open-CLIP pre-training strategies based on bias metrics
(SCM, Emotions, and Semantic Scale, respectively). Each dot represents a pre-
training strategy and is color-coded to indicate relative performance, i.e., higher
CLES values are closer to yellow. In comparison, lower CLES values are closer
to the blue. The size of the dots is based on the number of models that use each
strategy. The x-axis lists the IDs of the pre-training methods, ordered by the
sum of ranks obtained across all metrics.

results indicate that the metrics obtained from the original data partitions sig-
nificantly differ from those derived from random partitions. This gap confirms
the presence of bias, which is consistently observed across 90 examined models.

On the Effect of Pre-training. We analyzed 56 different pretraining meth-
ods and found that each strategy had a distinct impact on social bias, as depicted
in Fig. 6.3. The pretraining methods are ordered in the plot by their cumulative
ranks across three metrics (SCM, Emotions, and Semantic Scale), providing a
comprehensive view of how different training paradigms influence model beha-
vior. This trend demonstrates the influence of pretraining method selection on
the inclination toward discrimination, suggesting that the composition and cura-
tion of training datasets plays a decisive role in shaping the implicit associations
learned by vision-language models.This observation underscores the importance
of dataset quality over mere quantity and highlights the need for transparent
documentation of data collection and filtering strategies.

Biased Image Retrieval. Considering the SCM attributes and using the
worst and best-performing models, Fig. 6.4 plots the similarities between tex-
tual and visual embedding for all images. The plot reveals significant disparities,
especially against images of Black individuals. Notably, except for the attribute
“Warmth” where images of white women are most similar to the semantic mean-
ing of the prompt, the model does not make significant distinctions at the at-
tribute level. In this case, it shows a systematic preference for White individuals
when prompted with attributes linked to Competence and Warmth, highlighting
the need to address these biases in practical applications such as image retrieval.
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Figure 6.4: Visualization of biases in image retrieval tasks for different demo-
graphic groups. The heatmaps show the similarity score between the text prompt
and the image for the worst-performing model (ViT-B-32 pre-trained by OpenAl,
top) and the best-performing model (ViT-B-16 pre-trained with commonpool-1-
text-s1b-b8k, bottom).

These findings have direct implications for downstream applications. In real-
world image search systems, such biases could systematically surface images of
certain demographic groups more prominently when users query for professional
or leadership-related terms, thereby perpetuating and amplifying existing soci-
etal stereotypes.

6.4.4 Debiasing via Orthogonal Projection

Is Text-Guided Debiasing Enough? To assess the effectiveness of the debi-
asing strategies introduced in Sec. 6.3, Fig. 6.5 is provided. It shows that debi-
asing clip via orthogonal projection is primarily effective for models already
exhibiting biased behavior. At the same time, it appears to saturate or even
worsen the performance of less biased models. This paradoxical behavior sug-
gests that purely geometric interventions, which operate by removing specific
directions from the embedding space, may inadvertently disrupt the semantic
structure that enables models with initially low bias to maintain balanced as-
sociations. The saturation effect observed in already-debiased models indicates
that there exists a lower bound beyond which projection-based methods cannot
improve fairness without sacrificing representational capacity.

Comparing Orth Proj with Our Strategy. Moreover, as expected, incor-
porating the attributes of the SCM model led to a systematic improvement. Our
implementation improved the CLES in 47 out of 90 models, outperforming the
Orth Proj [35], which improved in 33. Our approach enhanced performance in
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Figure 6.5: The CLES trends for debiasing strategies were analyzed across 90
Open-CLIP models. The results indicate that our implementation (cyan) im-
proves upon naive one (red). However, while both debiasing strategies are mainly
effective for models that exhibit bias, they tend to worsen the performance of
less biased models.

64 out of 90 cases compared to the original Orth Proj, as shown in Fig. 6.5. The
key difference lies in how we calibrate the projection matrix: by grounding the
calibration process in psychologically validated social attributes from the SCM,
we ensure that the debiasing procedure preserves semantically meaningful dis-
tinctions while removing spurious demographic associations. This demonstrates
that incorporating domain knowledge from social psychology into the technical
design of debiasing algorithms yields more robust and reliable outcomes than
purely data-driven geometric approaches.

6.5 Discussion

In our study, we conducted a comprehensive analysis of implicit biases in open-
clip models. Drawing from social psychology, we introduced two metrics: CLES
and the adapted IAT. These metrics revealed significant disparities stemming
from different visual inputs and demographics, highlighting the impact of visual
data on skewing the embedding space and negatively affecting the alignment
between text and image representations. We validated our results by adapting
three different social psychology benchmarks to measure implicit bias in humans.

We found that the choice of pretraining significantly impacts such biases.
We also evaluate debiasing methods that use orthogonal projection. Although
these approaches have proven effective at reducing biases in models with appar-
ent bias, they tend to exacerbate disparities in models with less obvious bias,
highlighting their limitations. Overall, our study provides a new perspective on
bias evaluation and emphasizes the ongoing need for scrutiny and refinement to
ensure fairness and equity in such systems.
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7. Background

The previous chapters explored how neural networks fail under distribution shifts
and proposed methods to mitigate shortcut learning in both static and continual
learning scenarios. While continual learning aims to enable the integration of
new information over time, it is only a partial solution to the broader chal-
lenge of model adaptability. Beyond mitigating the catastrophic forgetting,
practical deployment requires addressing complementary questions: How eas-
ily can knowledge be transferred between models with different capacities or
pre-training strategies? Can we compose capabilities from multiple specialized
models without incurring the cost of retraining?

Recent discoveries reveal that seemingly distinct solutions found by independ-
ent training runs often reside in connected regions of the loss landscape [61, 55],
and that algebraic operations on model weights can manipulate learned behavi-
ors in semantically meaningful ways [82, 191]. These findings suggest that the
weight space of neural networks exhibits exploitable symmetries, connectivity
patterns, and compositional properties that can be leveraged to enable resource-
efficient model updates. This chapter establishes the theoretical foundations
for both model alignment via permutation symmetries and model merging,
providing two complementary lenses for understanding and enabling parameter-
space composition.

7.0.1 Mode Connectivity

Mode Connectivity occurs when paths of nearly constant loss connect differ-
ent solutions within the loss landscape of neural networks (NNs) [61, 57, 61, 47].
When such paths are linear, we refer to linear mode connectivity (LMC) [55]. En-
tezari et al. [48] conjecture that solutions found by Stochastic Gradient Descent
(SGD) can be linearly connected when accounting for permutation symmetries.
Motivated by this, several works first align the models into a shared optimization
space by permuting their neurons, and then merge them through a simple aver-
age [2, 90, 172, 140, 38, 130, 166], or apply optimal transport to align activations
in transformer-based networks [83].

52
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7.0.2 Weight Interpolation and Task Arithmetic

Emerging research reveals that the output of NNs can be manipulated through
algebraic operations in weight space [80, 191]. Central to this paradigm are
task vectors 7 [82], which encode task-specific knowledge and exhibit composi-
tional properties. More in detail, task vectors [82] are defined as the difference
between fine-tuned and pre-trained weights: 7 = Oane-tuned — Ipre-trained- These
vectors capture task-specific knowledge in a form that exhibits remarkable com-
positional properties. Adding task vectors enables multi-task generalization,
combining capabilities from multiple fine-tuning processes into a single model.
Conversely, subtracting task vectors can selectively suppress learned behavi-
ors, removing unwanted associations or reverting domain-specific adaptations,
without degrading performance on unrelated tasks.

Beyond arithmetic, weight interpolations further unlock unexpected capab-
ilities: blending fine-tuned and pre-trained weights often yields single-task per-
formance superior to standalone fine-tuning [55, 85, 120, 148, 147, 192], sug-
gesting a reconciliation of specialized adaptation with generalization capabil-
ities. Multi-task merging via parameter averaging [80, 82, 191, 196] not only
circumvents catastrophic forgetting [58, 121, 143] but synthesizes models that
retain diverse expertise, even serving as superior starting points for future ad-
aptation [34]. The benefits of weight ensembles and interpolations extend bey-
ond just fine-tuned models; they also apply to models that are trained from
scratch. Techniques such as those proposed by [2, 166], leverage permutation
symmetries to facilitate coherent interpolation between models trained in dif-
ferent ways. Collectively, these findings position weight-space manipulation as
a scalable toolkit for resource-efficient model engineering, where arithmetic and
interpolation replace brute-force retraining.

7.1 Model Re-basin

Given two models with weights 64 and 65, model re-basin [2] investigates how to
permute the units of one model to facilitate the alignment of two models. The
two models are then merged in the weight space, resulting in an interpolated
model that achieves performance comparable to that of the two original ones.

Following the notation of [2], re-basin is defined as any operation defined on
the weights of two models 4 and fp that maps one of the two models onto the
local loss region (basin) of the other one. To assess the effectiveness of re-basin,
one common approach is to check the property of linear mode connectivity [55,
48] between the permuted model and the other, reference model. Informally,
this involves checking if the model weights laying on the linear path connecting
04 and Op also result in a low loss value.

To reach such a property, existing model re-basin techniques leverage the
permutation symmetries inherent in neural networks [48]. These symmetries
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allow the swapping of the units within a layer without changing the functionality
of the network. To show that, we consider the activation of the ¢-th layer of an
MLP:

2001 = 0c(Wyze + by), 20 =, (7.1)

where W, and b, are the weight matrix and bias vector and ¢ denotes an element-
wise activation function. In this case, the following relation holds for any per-
mutation matrix P:

2041 = PPz 1 = PTPo(Wyz + by), (7.2)
= P"o(PWyz + Pb;), where P € Sy, (7.3)

with Sy denoting the set of d x d permutation matrices. Thanks to this relation,
we can essentially permute the weights and biases of a layer using a matrix P.
Therefore, when we apply the permutation P to the parameters of a layer, the
resulting output undergoes the same permutation. However, to ensure that the
transformed model remains functionally equivalent to the original, the next layer
must process the output in its original, unpermuted form. This can be achieved
equivalently by permuting the weights of the subsequent layer using the inverse
permutation PT. Accordingly, we define a transformed set of weights 6’ as:

W, =PW,, b,=Pb, Wj,, =Wy P (7.4)

Git Re-Basin. Ainsworth et al. [2] exploit Eq. 7.2 to induce weight alignment
between 04 and 0p. Formally, we consider the ¢-th feed-forward layer, with
weight matrices Wé(A) and WL,(B) for 84 and Op respectively. Given that each
row of W;A) and WZ(B) represents a distinct feature, if [WZ(A)]i,: R~ [W;B)]L;, then
it makes sense to associate the units ¢ and j. Therefore, we could formalize the
alignment as finding the permutation matrix that maximizes the dot product
between PgWZ(A) and WZ(B). However, to preserve functional equivalence, we
have to account for the term Pgtl related to the permutation of the previous
layer —see Eq. 7.4. This results in a global optimization across layers:

argmax <W1(B), lef“‘)> + <W2(B), WA PT > +
n={Py}{

ot <W£B),W£A)PLT,1> . (7.5)

where (4, B) = >, ; A; ;B ; is the inner product between real-valued matrices.
As discussed in [2], the optimization problem described in Eq. 7.5 corresponds to
the Symmetric Orthogonal Bilinear Assignment Problem (SOBLAP), which is
unfortunately NP-hard. Its relaxation re-casts it as a series of Linear Assignment
Problems (LAPs), focusing on one permutation Pp at a time while keeping the
others fixed. In formal terms:

argFr)nax <W£(B), P[;W[(A)P;_l> + <W€(fl), Py We(fl)P(T> . (7.6)
[4
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Notably, each LAP can be solved efficiently using polynomial-time methods such
as the Hungarian algorithm [89]. The outcome is a set of permutation matrices
= {Pg}lL, which, when applied to model 84, result in a new model 84 = 7w(64).
Notably, this model is functionally equivalent and, theoretically, lies within the
low-loss basin of 6g. However, since optimizing a series of LAPs is a coarse
approximation of the SOBLAP, there are no strong guarantees of optimality.

In Chap. 8, we discuss model rebasin applied to transformers, showing that
it is possible to transfer the knowledge of a task vector to a different backbone
without additional data, using a permutation-based procedure.

7.2 Loss Landscape Properties

Weight-space operations such as model interpolation, re-basin transformations,
and task vector arithmetic are post-training procedures that operate directly in
a neural network’s parameter space. A central question, therefore, is how the
local geometry around a trained solution influences its ability to adapt in post-
training updates. To do so, we introduce the concept of flatness and examine its
role in measuring these properties.

7.2.1 Defining Flatness

Intuitively, the flatness of a minimum describes how sensitive the loss is around
a solution 6*. If the loss changes slowly, the minimum is considered flat; if it
grows rapidly, the minimum is sharp. Flatness thus captures the local shape of
the loss landscape in the neighborhood of 6*. A classical way to formalize this
notion is through the Hessian of second derivatives,

H = V2£(6").

A solution is flat when the Hessian’s largest eigenvalues are small, meaning the
loss increases slowly in all directions or the ratio between the largest and smallest
eigenvalues is low. However, computing or storing the full Hessian is intractable
for modern neural networks. For large-scale models, one typically resorts to first-
order curvature surrogates. A widely used proxy is the Fisher Information
Matrix (FIM) [139)], defined as:

F(0) = E(y.y~p [Vologp(y | 2:6) Valogp(y | #:6)"].

In practice, this expectation is approximated by an empirical average over data-
set samples or mini-batches:

N
Z Vologp(yi | zi;0)) (Ve logp(y; | $i;9))T
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Usually, because estimating the full Fisher matrix requires estimating all
pairwise correlations between parameters, one commonly adopts a diagonal ap-
prozimation, which discards off-diagonal interactions and retains only the indi-
vidual sensitivity of each parameter. This leads to the estimate:

2
jj N Z < Ing Yi | L3 )) .

The diagonal Fisher therefore provides an efficient and informative proxy of
local curvature: it preserves the primary signal needed to assess sharpness while
reducing the computational and memory cost from quadratic to linear in the
number of parameters.

7.2.2 Flatness and Robustness to Weight Perturbations

As discussed above, flat minima correspond to solutions that are robust to para-
meter noise: perturbing the weights within a wide, flat basin does not substan-
tially change the network’s behavior. This is why optimization methods such
as SAM [54] and ASAM [99] explicitly promote flatness during training. A dir-
ect application of this concept is about quantization: indeed, we can interpret
quantization as a perturbation of the weights, and the ability to be resilient to
such operations can make the model usable even in settings with limited com-
putational resources [128]. Similarly, in the context of continual learning,
flat regions of the loss landscape provide learning stability: when the model lies
within a wide basin, parameter updates due to new tasks are less likely to com-
promise performance on previous tasks [127, 125]. Consequently, the flatness of
the loss landscape determines the extent to which the model can integrate new
knowledge while preserving previously acquired capabilities.

7.2.3 Flatness and Model Merging

These observations naturally raise a critical question:

How do the geometry properties influence procedures like model-merging?

As demonstrated in Chap. 9, the geometric properties of the loss landscape
play a crucial role in determining the success of downstream parameter-space
composition. We show that independently fine-tuned models (task vectors) can
be combined more reliably when their shared backbone converges to a flat basin
around their respective optima. Flat regions naturally tolerate the weight per-
turbations arising from merging, increasing the likelihood that the composed
solution remains functional. In contrast, sharp minima magnify even small dis-
crepancies between models, causing the merged parameters to deviate rapidly
toward high-loss regions and amplifying undesirable or unstable behaviors.



8. Re-Basin of Task Vectors

8.1 Overview

Recently, there has been a notable shift among researchers and practitioners to-
wards fine-tuning pre-trained models, rather than building them from scratch.
This method leverages backbones trained on large-scale datasets, significantly
reducing the data and training time required to tailor models for specific down-
stream tasks. For this reason, since pre-trained backbones such as OpenAl’s
CLIP [144] are widely used as foundation models, their fine-tuned versions
play a crucial role in numerous real-world applications, such as medical ima-
ging [113] and satellite image analysis [117]. However, while these pre-trained
backbones are widely adopted, their evolution poses new challenges, with tech
companies and academic institutions frequently releasing updated checkpoints.
Often, these updates do not modify the underlying architecture but involve
new weights trained on increasingly large datasets compared to their prede-
cessors [79]. Moreover, the additional training data may be more curated or
specifically tailored to specialized domains, boosting their zero-shot capabilities
considerably.

To take advantage of newly released checkpoints, the typical approach is to
retrain them on the downstream task. This means fine-tuning the new check-
point on the same data already used to adapt the original model. Besides the
considerable costs associated with re-training the new model, this strategy is also
unviable in certain scenarios. Indeed, the data for the downstream task might
no longer be available due to compliance with privacy or storage constraints.
This raises an important question:

r

Can we re-use the fine-tuning that has already been performed on the
newly released model?

Precisely, the overall aim of this paper is to investigate whether we can
transport the previous fine-tuning, in a training-free manner. To understand the
idea of transport, we consider the weights of the original base model as 6 4, and
their fine-tuning as 955 = O +7. The task vector [82, 135] 7 = 9;’;’5—9,4 represents

o7
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Figure 8.1: Transporting task vector 7 from a fine-tuned base model Hfgt =0A+T
to a new release 0pg.

a direction from 04 that embodies all adjustments made during the fine-tuning
process. Hence, our goal is to find a procedure 7(-) that can transport the task
vector T into an appealing basin of the newly released model 65 (see Fig. 8.1). In
this approach, the procedure 7(-) must be designed to ensure that the modified
weights 0}; = 0p + 7(7) achieve low loss on the downstream task.

When designing the transportation function 7(+), the ideal approach should
be data-free and training-free to meet the concerns above. Nevertheless, if the
two base models 84 and 0p differ significantly (due to varying initialization,
training strategies, or datasets), the knowledge acquired during fine-tuning of
04 may not transfer to fp with a mere addition of the original task vector (i.e.,
9? = 0p + 7). To bridge the gap in representation spaces and facilitate the
transfer, intuitively, we have to make the two base models “compatible”, such
that they “speak the same language”. To address this challenge, we could rebase
one of the two models (for instance, 64), such that any linear interpolation
between the weights of the edited ¢’y and 05 yields an intermediate model that
performs comparably to both 64 and 6p. This indicates that the models are
now aligned and thus share a common low-loss basin. Notably, this concept
of re-basin models shares similarities with the approach described in [2], where
alignment is achieved by finding optimal permutations of the rows in the weight
matrices. We build upon this idea and explore its application in the context of
fine-tuning, with a task vector being permuted and finally applied to 05.

While model re-basin presents an appealing framework, it currently faces
several technical hindrances. To date, successful applications of model re-basin
have been limited to Multi-Layer Perceptrons (MLPs) and Convolutional Neural
Networks (CNNs) [2]. Unfortunately, the application of model re-basin to multi-
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head attention layers, despite their widespread use in Transformer-based archi-
tectures, has been largely overlooked, with a few very recent attempts based
on Optimal Transport (see Chap. 7). However, these recent methods do not
guarantee functional equivalence between the permuted model and the ori-
ginal, unpermuted model. The primary obstacle lies in managing the weights
associated with multiple attention heads. As we discuss in Sec. 8.2, indeed, to
apply standard permutation-based approaches [2, 166, 83|, the heads must be
concatenated and treated as a single unified projection. This way, after apply-
ing permutations, each head of the edited model may incorporate rows from
different original heads — an issue we refer to as head contamination. This
is problematic because, without preserving the logical separation of heads dur-
ing permutation, it becomes impossible to invert the permutation process and
recover the original, unpermuted output of the attention block. Furthermore,
existing methods struggle when two addends in the computational graph rely on
distinct permutation matrices, a situation common in residual connections such
as ' = h + f(h). Differently, we avoid averaging the respective permutation
matrices, thereby preserving their discrete nature.

To address these issues, we propose a structured two-level approach for ef-
fective re-basin of Transformer-based models, called TransFusion. To avoid head
contamination, we first seek optimal mappings between pairs of heads (inter-head
permutations); subsequently, we restrict permutations to only the rows within
these coupled heads intra-head permutations. We mathematically prove that
this two-level permutation strategy prevents head contamination and preserves
functional equivalence between the original and permuted models. Notably,
the inter-head permutations are optimized leveraging a distance metric that is
invariant to permutations of the rows and columns within the heads. Such a
metric is founded on spectral theory [91] and employs the singular values of the
weight matrices, which are unaffected by orthogonal transformations like those
induced by permutations. We show that transporting task vectors enables know-
ledge transfer to a new checkpoint in a data-free manner. In practice, this means
we can improve the zero-shot performance of the new version on the downstream
task. We also demonstrate that the transport retains generalization capabilities
on a support set, a crucial factor for justifying updating the base model to the
new release.

8.2 TransFusion: Re-basin of Task Vectors

Objective. Our approach, named TransFusion, is designed to transfer task-
specific knowledge between transformer-based models that have undergone dif-
ferent pre-training. Specifically, it starts with an initial weight set 84 and a task
vector T = 9£t — 04, derived after fine-tuning on a downstream task. The goal is
to adapt 7 to a new parameter configuration fg. This process aims to preserve
the inherent properties of 8 — for example, its superior zero-shot capabilities
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compared to 84 — and to integrate specialized knowledge carried out by 7 for
the downstream task. Finally, we aim to enable model transfer in a data-free
manner without training. To achieve these objectives, we first align the weights
of 64 with those of 8. This is achieved with a novel data-free weight-matching
strategy tailored for Transformer architectures. The procedure is discussed in
depth in Sec. 8.2.1. Briefly, we address various shortcomings of existing meth-
ods and examine two building blocks of attention-based networks: residual paths
and the multi-head attention mechanism. To manage the latter, we introduce
a novel two-step process that employs a permutation-invariant spectral metric
to match pairs of heads within the same layer of 64 and 5. Subsequently, we
permute features within the matched heads to optimize weight alignment, as
detailed in Chap. 7.

Transport. We end up with a functionally equivalent model 6y = w(64), where
m(-) yields a permutation of every layer in 64. Afterwards, 7(-) is used to trans-
port the task vector 7 = 65 — 64 into the low-loss basin of 5 (see Sec. 8.2.2).

8.2.1 Attention Alignment for Transformer Models

A Transformer-based block consists of a multi-head attention layer and an MLP
block, connected through residual connections. Considering the MLP, this builds
upon standard linear projections, which we treat as discussed in Chap. 7. In-
stead, we adopt a novel, tailored approach for multi-head attention layers ad-
dressing a common pitfall. Considering multiple heads, current methods view
their projections as a whole linear layer, thereby joining the corresponding weight
matrices before applying permutations. However, such an approach does not re-
flect the organization of attention in distinct, parallel heads. For example, this
can result in artifacts, where units from separate heads in the original model are
mixed together — an issue we call head contamination. This compromises the
structural separability of attention heads and precludes the preservation of func-
tional equivalence, that is, the ability to permute and subsequently unpermute
the weight matrices while yielding identical model outputs. In the following,
we present our proposal against head contamination (see 1 and 2) and a prac-
tical approach to handle residual connections (3). The complete methodology is
outlined in Algorithm 1.

Step 1: Inter-Head Alignment. Consider the q(uery), k(ey), and v(alue)

projection matrices Wy, Wy, and W, € Rm*dm — with d,, denoting the total

embedding dimension of the attention module. We partition each matrix into
dm

H = #heads matrices (one for each head) of shape dp x d,,, where d, = .

This results in a tensor Wq = split(W,, H) € R7xdXdn for the query projection
matrix W,. The same operation is applied for W) and W, to obtain W, and
W,.

The first step involves defining a distance metric between pairs of heads, such
that we can identify and execute the optimal swap between heads in 84 and 6pg
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Algorithm 1 Weight Matching

L L
Require: 0,4 = {WZ(A)}Z ) and g = {WZ(B)}Z )
Ensure: A permutation 7 = {Py,...,Pr_1} of 04.
1: Initialize: P, < I,..., P, 1+ 1
2: repeat
3 forlel,...,L—1do

4 if / is a MHA layer then

5 P, + Algorithmmhaglgo

6: else

7 P, + Solving LAP as in Eq. 7.6
8: until convergence

(see Fig. 8.2). We employ a distance metric that is invariant to permutations of
rows and columns within the H sub-matrices in Wq, Wi, and W,,. In this respect,
one might question why invariance is crucial for comparisons between different
heads. We note that the initial, natural order of units does not necessarily
correspond to the optimal alignment that could be achieved. Consequently, the
metric used in this initial phase must be insensitive to the specific ordering of
head features, thereby ensuring an agnostic comparison of the heads.

To achieve the permutation-invariance property, we employ a distance based
on the singular values of the sub-matrices representing the heads. Specifically,
given two heads hP = [W]f € R%>4m from model p and hf' = [W]j‘ from
model 64, we compute the distance as:

dij = |5 — 4], (8.1)

where ¥; and X; denote the singular values of hE and h? respectively. These
can be computed through the Singular Value Decomposition (SVD); in formal
terms, considering the i-th head, the SVD decompose its weight hf = UiEiViT,
where U; and V; are orthogonal matrices, and ¥; is a diagonal matrix containing
the singular values of h;. As demonstrated in Sec. 8.5.1, the Euclidean distance
between singular values remains invariant to permutations.

To take into account the distance for query, key and value projections jointly,
we construct a distance matrix D € R¥*#  where each element D;; = dy; —l—dfj +
d;; represents an inter-head alignment cost that is calculated as the sum of the
pairwise distances across ¢, k and v matrices. We hence employ D to find the
optimal inter-head permutation:

H
Piter head = argmin Di i) 8.2
ter _hea PgGSH ; ,Pli] ( )

where D; pp; is the distance between the i-th head of model 65 and the P[i]-
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Figure 8.2: Inter- (Step 1) and intra-head alignment (Step 2).

th (candidate) head of model 84. The solution Piter head Can be practically
determined with the Hungarian algorithm. The corresponding permutation is
applied to each VNVf7 W,j‘, and Wf, thereby reordering the heads of 6 4 to increase
alignment with those of 0p.

Step 2: Intra-Head Alignment

After matching each pair of heads (h?, h‘g[i]), we aim to swap individual units
between hP and hﬁ[i]' To do so, as in Git Re-Basin [2], we seek for permutations
that maximize the iner product between the corresponding H sub-portions of
the projection weights hZ and hé[%’]’ as follows:

—_p@ H
Rntra_head - {Pintraihead i=1

1 = exgmas (nF, Phiyy ). (8.3)
k

where P(i)

intra_hea.

In this formula, the cost is computed as the dot product across the query, key,
and value sub-matrices. In summary, this two-step process ensures both global
inter-head and local intra-head alignment while preserving the structural integ-
rity of the multi-head attention mechanism. The comprehensive procedure for
aligning multi-head attention layers, combining these alignment stages, is form-
alized in Algorithm 2. These individual alignment steps are unified into a single
composed permutation, denoted as Pattn, Which is applied directly to the projec-
tion matrices of the multi-head attention layer. Crucially, it can be shown that
our structured composed permutation preserves functional equivalence: despite
reordering and permuting the heads and their internal dimensions, the attention
computation remains unchanged. We formalize this in the following theorem.

Theorem 8.2.1 (Equivariance of Multi-Head Attention) Let Pinter head
be a permutation over the H attention heads, and let Pipirq heada be a set of
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Algorithm 2 Attention Alignment

Require: Weights W,;A)Pe—r_l, W,EA)P,Il, WéA)PeT_l € 04 and VNVQ(B)7 W,EB),

Vi e Op for multi-head attention projection layer ¢ and previous layer

{—1.
Ensure: Permutation Py, for VNVQ(A)7 W,gA), J ,SA).
Step 1: Inter-Head Alignment

Create spectral distance matrix D (Eq. 8.1).

Pinter < Solve LAP on D (Eq. 8.2).

Step 2: Intra-Head Alignment

for h =1 to H head pairs from P, do
P+ Solve LAP for head pair h (Eq. 8.3).

intra

h H .
7 Ppattn < Pinter © {Pl(nt)ra} h_, > compose permutations

independent permutations acting within each head (of size d = dﬁm) Then
applying the composed block permutation P, to each of the projection matrices
Wy, Wi, W, € RIm>Xdm s functionally equivalent to permuting the output of the
multi-head attention module. The resulting attention output O’ satisfies: O’ =
OPtin, where O is the unpermuted output. (A complete proof of Theorem 8.2.1
is provided in Sec. 8.5.2.)

Step 3: Managing of Residual Connections
Each transformer block incorporates two residual con-
nections: the first bypasses the multi-head attention

layer, and the second bypasses the feed-forward net- P,
work: 0
Zattn = Wo MHA(X), MHA Pin
Z; = Zattn T X, 1
" (84) Pin
Zy = WQRQLU(WlZZ'), x

Zout = Zf + Z,

where x is the input, Wy is the weight of the attention
mechanism, and W; and W5 those of the feed-forward
layer. For simplicity, we omit layer normalization as it can be regarded as a
standard linear projection. In each residual block, the input and the intermediate
output are summed to produce the final output. However, we note that there
are several sources of potential mismatch between the two addends: intuitively,
if the two addends have undergone different permutations, it is reasonable to
suspect a potential mismatch in their representations.

To clarify the interaction between permutations in residual blocks, con-
sider Sec. 8.2.1, which represents the first residual z; = z44t, + x. When the
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weights of the model are permuted, the input x comes with its own permutation
P,,, which has to be accounted for using Pl—r': Moreover, the attention projection
Wy adds its own permutation matrix Py, . This leads to the following relation:

Z; = PWOZattn + Pinx- (85)

When examining the permutations/summations that impact on z;, there are
two main issues: issue I) the residual branch lacks transformations that could
account for the matrix P,; issue II) the projection Wy adds its own permutation
Py, of which the residual branch has no information about.

To maintain coherence between the two addends, they must be transformed
under identical permutations. To enforce this consistency, we redefine the iden-
tity mapping made by the residual connection. We replace it with a composition,
I, = PWOPT consisting of two permutations — one to address issue I and an-

m’

other for issue II — as follows:
z; = Pw,Zattn + LiPinX = Py, Zaten + Py X, (8.6)

which highlights how the two addends now share the same permutation. An ana-
logous process applies to the second residual connection yielding zq,; (see Sec. 8.5.3
for the full procedure). As a final technical note, we remark that the permuta-
tion matrix Py, associated to the second residual block in Eq. 8.4 has to be
considered as input permutation for the subsequent layer.

8.2.2 Transporting Task Vectors from 6, to 6p

By applying 7 to model 64, we would have a functionally equivalent model

", = m(04) with stronger linear-mode connectivity with 6 compared to the
original 6,. However, to allow knowledge transfer from the fine-tuned model
Gfgt =60+ 7 to 0p, we do not apply the permutations directly on 64, but rather
on the task vector 7, as follows:

task vector : T= fo — 04, (8.7)
transport : 0% = 0p + an(r), (8.8)

where « is a non-negative scaling factor [192] modulating the influence of 7(7)
on fp.

By leveraging the concept of transporting task vectors, we have several not-
able advantages, especially in a scenario with multiple models fine-tuned on
distinct tasks from the same base model 4. In this scenario, the weight match-
ing process between 6,4 and 6 needs to be conducted only once. Indeed, a
permutation set m can be established and reused to transfer any number of
task vectors. This approach avoids the additional computational costs associ-
ated with learning separate transport functions for each transfer. Moreover,
transporting multiple task vectors using the same reference model 64 allows
their combination at destination #g, which basically means we could still apply
model merging [191] after re-basin.
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8.2.3 Complexity Analysis

In this subsection, we assess the computational complexity of the proposed
weight matching procedure. The key insight is that the method is highly ef-
ficient compared to full re-training, and scales polynomially with model size.

Proposition 8.2.2 Let L be the number of layers and d,, the embedding di-
mension of each transformer block. The overall computational complexity of our
weight matching procedure is dominated by O(Ld3)). This complexity matches
that of Git Re-Basin, making our approach comparably efficient in terms of com-
putational cost.

The proof is provided in Sec. 8.5.4 and illustrates the per-layer contribution
of both MLP and attention blocks.

8.3 Experiments

This section is structured into three main parts. Initially, we empirically assess
the transportation of task vectors, involving extensive experiments across both
visual and natural language processing (NLP) tasks (Sec. 8.3.1). Subsequently,
we examine the capability of our methodology to align the weights of two Trans-
former models while maintaining functional equivalence (Sec. 8.3.2). Finally,
several ablative studies show the impact of our techniques on addressing multi-
head attention layers and residual connections (Sec. 8.3.3).

8.3.1 TransFusion of Task Vectors

Visual Classification Tasks. As reference architecture, we consider the CLIP
ViT-B/16 Vision Transformer [144] from Open-CLIP [33]. We refer to 64 as
the original pre-training weights and 6p as those used for the re-basin. We use
CommonPool pre-training for 4 and Datacomp for 85, both cited in [59].

Considering the base model 64, we fine-tune the corresponding model on
several computer vision tasks [144, 82]. We employ DTD [36], EuroSAT [71],
GTSRB [170], and SVHN [131] and obtain multiple, independent fine-tuned
models like 91{1’5 = 04 + 7. Afterwards, we empirically assess the transportation
of 7 to the new weights #5. In this respect, we adopt two metrics to characterize
the quality of the transported model 8 +7(7): i) the zero-shot performance on
the original task (specialized knowledge), and i) the zero-shot performance on a
support, unseen set to evaluate the preservation of broader capabilities. In our
experiments, ImageNet-R [72] serves as a support dataset.

We report the results in Tab. 8.1 as drops (-) or gains (+) in accuracy relative
to the zero-shot performance of 0g. As baselines, we provide the results of vanilla
transportation (no permutations applied on 7) and those of Git Re-Basin [2] and
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Table 8.1: Comparison of permutation-based methods on visual tasks, in terms
of task accuracy [1] and support accuracy [1].

METHOD EUROSAT DTD GTSRB SVHN
ET Task Supp. Task Supp. Task Suprp. TASK SupP.
0p ZERO-SHOT 49.02 68.73 47.50 68.73 43.42 68.73 45.97 68.73
O + 7 -7.62 -16.15 -0.15 -0.10 -5.39 -0.70 -22.00 -16.45
0 + 77 (OT) -14.05 -5.28 -0.53 -1.18 -2.43 -1.30 -12.30 -2.70
0p + n7(REBASIN) +0.95 -048 -0.91 -0.02 +0.76 -0.05 -+0.79 +0.30
OURS +4.95 -0.06 +0.21 -0.08 +1.10 -0.40 +3.64 -0.48

Table 8.2: Comparison of permutation-based methods on NLP tasks, in terms
of task accuracy [1].

METHOD QQP SST2 RTE CoLA
0B 55.00 50.69 54.51 40.94
0 + 7 -8.29 +0.23 -2.53 -0.77
0 + 7 (OT) -831 +5.39 -1.08 -1.25

0 + 7 (GIT RE-BASIN) +3.58 +5.73 +2.17 +1.44
TraNnsFusioN (Ours) +6.50 +5.96 +3.61 +2.49

Optimal Transport (OT) [83], two existing methods for model re-basin. Spe-
cifically, the comparison with OT is noteworthy since this approach is designed
for Transformer models (like ours).

As can be seen, our method enhances zero-shot performance on the down-
stream tasks and preserves generalization on the support dataset, outperforming
existing permutation-based methods. Considering the results of our approach,
it is particularly noteworthy that we enhance performance on the downstream
task while maintaining generalization, all achieved without the use of any data.

In the experiments shown in Tab. 8.1, we consistently set the scaling coeffi-
cient for the (permuted) task vector as a = 1 (see Sec. 8.2.2). This illustrates
the drop/gain in accuracy for g + ar (blue) and our 05 + an(7) (red). This
drop/gain is measured w.r.t. the zero-shot accuracy of 5, and « varies within
the range [0.01,2.0]. The outcome is that applying the permuted 7(7) to 6p
leads to tangible improvements in the downstream task (top row), especially
a =~ 1. Moreover, when « > 0.5, the permuted task vector is considerably more
reliable in terms of generalization (higher accuracy on the support set).

NLP Classification Tasks. Herein, we investigate a different setting that
involves closed-vocabulary text classification — specifically, a set of tasks from
the GLUE benchmark [187]. We consider a model § = {¢,w} composed of a pre-
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10. Top: Our permutation approach
vs. vanilla interpolation and no re-
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with methods, which fail to preserve
functional equivalence as o — 0.

trained Transformer encoder ¢ and a classification head w. We then evaluate the
transport of the learned task vector 7, = qbf;t — ¢4 on a new feature extractor ¢p.
As access to data of the downstream task is restricted, we are unable to train a
new classifier for 6p: consequently, we re-use the originally fine-tuned classifier,

denoted as w*.

The goal is to evaluate whether transporting the task vector

Ty aligns the representation yielded by ¢p + 7(7,) with the original, fine-tuned

classifier w/t.

Tab. 8.2 presents the evaluation for the GLUE benchmark. Unexpectedly,
applying the classification head from the original feature extractor ¢ 4 yields poor
performance (see first line of Tab. 8.2, §g). On the other hand, transporting 7,
with Git Re-Basin and Optimal Transport performs reasonably, with good gains
on QQP and SST2. Moreover, our approach leads to the highest and more
consistent performance gains, highlighting the potential of our framework.

8.3.2 TransFusion Improves Alignment and Preserves Func-

tional Equivalence

While the previous analyses focus on transferring task vectors, we now delve
into the effectiveness of our approach in terms of weight alignment. In detail, we
consider two ViT-B/16 models [45] A and B trained independently on CIFAR-
10 [98] from scratch, which means they underwent different initializations and
batch orders. After training, we apply our permutation strategy to 64 and ana-
lyze the resulting alignment of 7 (6 4) and 65 in terms of linear mode connectivity:
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following [2]|, we evaluate the loss landscape £ ((1 — a)m (64) + afp),a € [0,1]
while interpolating between the two models.

As shown by Fig. 8.4 (top), applying the permutation 7 yields an interpolated
model that exhibits consistent lower loss compared to the vanilla approach that
does not permute 04 (w(04) = 04). Moreover, the no residual approach under-
scores the critical role of properly handling residual connections in our method
— both during the permutation of 6 4 and throughout the interpolation process
between models. Similarly, in Fig. 8.4 (bottom) we assess the loss landscape us-
ing 7 derived from the Optimal Transport (OT) hard alignment method [83] and
Git Re-Basin [2]. While these works show a more favorable loss landscape than
naive interpolation, we observe that the resulting interpolated model struggles
and exhibits high loss as e — 0, highlighting that neither OT nor Git Re-Basin
preserves functional equivalence. We conjecture that this lack stems from poten-
tial weaknesses in effectively permuting layers that feature residual connections
and multi-head attention blocks. In light of the results achieved by our approach,
we claim that it represents the first successful data-free method to interpolate
between two Transformer models in weight space, while ensuring the functional
equivalence of 7(64).

8.3.3 Ablative Analysis

On the Strategy to Manage Multiple Heads. We herein explore the signi-
ficance of an appropriate policy for permuting the projection layers within multi-
head attention mechanisms. Specifically, we present the outcomes of transferring
7 with varying strategies to permute attention projection layers. As potential
alternatives, we firstly consider brute force alignment, which considers all
possible head pair combinations within each attention layer. Then, for each
candidate pair, the intra-head alignment cost is computed by optimizing the
objective in Eq. 8.3. The final permutation is then derived with the Hungarian
algorithm, which selects pairs with the highest intra-alignment scores.

After, we compare our approach with one that pairs heads in A and B ac-
cording to their natural order, thereby avoiding head contamination by design.
Nevertheless, the preservation of original head ordering comes at the cost of ig-
noring functional mismatches between attention units. We refer to this further
baseline as no attention alignment.

The results of these experiments are detailed in Tab. 8.4. Our attention-
alignment strategy achieves superior performance on the downstream task (0 +
7(7)) compared to alternative approaches, while maintaining comparable zero-
shot capabilities. The comparison with the brute force approach underscores
the effectiveness of our permutation-invariant costs in modeling inter-head re-
lationships, demonstrating superior performance over a brute force alignment
that optimizes for the best match within each candidate pair of heads. Fur-
thermore, our results suggest that preserving the original head ordering (as in
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Table 8.3: Fine-tuning results with permuted task vectors.

METHOD EUurRoSAT DTD GTSRB SVHN
0p ZERO-SHOT 49.02 47.50 43.42 45.97
0B + at +7.93 -1.44 +4.70 -15.98
0 + 0477(7') +10.00 +1.21 +6.80 +10.52

Table 8.4: TransFusion results by head alignment strategy.

EURrROSAT GTSRB SVHN
TaAask Supp. Task Supp. TASK SuPP.

0p ZERO-SHOT 49.02 68.73 43.42 68.73 45.97 68.73
BRUTE Force +1.32 -0.21 +0.60 -0.46 -+3.39 -0.40
No ArT-ALiGN +2.22 -0.47 +0.71 +0.05 +0.24 -0.08

Ours (FuLL) +4.95 -0.06 +1.10 -0.40 +3.64 -0.48

HEAD ALIGN.

the no-alignment strategy) yields better performance than brute-force inter-head
matching for two of the three experimental tasks.

Few Shot Fine-tuning. There are practical scenarios in which retaining data
is infeasible. If such constraints are not present, our proposed method can be
effectively combined with fine-tuning. To illustrate this, we follow [205] and start
with a small subset consisting of 10 shots per class, learning a scaling coefficient
per layer, denoted as & = [a, ..., a|g)]. The results in Tab. 8.3 clearly indicate a
substantial improvement when fine-tuning a model that has undergone re-basin
using our approach, represented as 0 + an (7). In contrast, fine-tuning directly
from 0p 4+ a1, without permutation, yields inferior outcomes. This emphasizes
that re-basing and fine-tuning should not be considered mutually exclusive but
complementary strategies.

8.4 Discussion

As pre-trained checkpoints are frequently updated, the ability to transport fine-
tuning in a data-free manner becomes valuable, particularly when data retention
is constrained by privacy or storage limitations.

The success of TransFusion demonstrates that weight-space alignment is a vi-
able alternative to reusing fine-tuned Transformers. Our two-level permutation
strategy, combining spectral-based inter-head matching with intra-head align-
ment, preserves functional equivalence during re-basin as evidenced by the loss
barrier in Fig. 8.4). The method’s effectiveness depends on the quality of source
fine-tuning: strong task vectors (GTSRB, EuroSAT) yield substantial gains,
while weaker ones (DTD) provide modest improvements.
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8.5 Proofs

8.5.1 On the Invariance to Permutations of our Metric for
Inter-head Alignment

Proposition 8.5.1 Let h € R™*"™ be arbitrary. For any h, denote its singular
values by o(h) = (o1(h),02(h), ..., Omin(m,n) (), where o1(h) > o2(h) > -+ >
0. For two matrices hy, hy of the same shape, define

dp(h1,h2) = [lo(h1) — o(h2)llp (8.9)

where || - ||, is the usual p-norm for vectors. Then, for any permutation matrices
P. ¢ R™*™ gnd P. € R"*™, the row- and column-permuted matriz

h = P.hP, (8.10)
has exactly the same singular values as h. In particular,

dy(h,h') =0 (8.11)
for every p, making d invariant under row- and column-permutations of h.

If P is a permutation matrix, then PTP = I, i.e. it is orthogonal. Furthermore,
the singular values of any matrix h are given by the square root of the eigenvalues of
h'h. If k' = P, h P, then

(W) (') = (P-hP.)" (P hP.) (8.12)
=P 'h" P/ P.hP, (8.13)
=P h' hP.. (8.14)

Since P, h"h P. is a similarity transform of k" h, which does not change the eigenval-
ues, h"h and (R')T A/ have the same eigenvalues, and in turn h and h’ share the same
singular values. hence o(h') = o(h), and therefore

dp(h, h) = [lo(h) — a(h)]l, =0, (8.15)

proving that, for any row or column permutation of h, the distance d(h,h’) remains
unchanged.

8.5.2 Proof of Equivariance of Multi-Head Attention to
Structured Permutations 8.2.1

We provide a detailed, step-by-step proof showing that our two-stage alignment
procedure—inter-head reordering followed by intra-head permutations—preserves
the functionality of a multi-head self-attention layer. Let:

e X € R¥%dmoael he the input sequence.
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o Wy, Wi, W, € RmoderXdmoael he the query, key, and value projection matrices.

e H be the number of attention heads, each of dimensionality dy, = dmodel/H -

Define:

Q=XW, K=XW, V=XW, (8.16)

and split them by head:
Q:[QDQQ»"'&QH}» QieRSXdka (817)

and similarly for K and V. Let P,er be an inter-head permutation in Sy, with

induced permutation vector 7, and let Pi(nit)ra € Sg, be the intra-head permutation

for head i. We form the block-permutation matrix:
H .
Pawn =3 B0 @ PR, (8.18)
i=1

where E#™() is a binary H x H matrix with a single 1 at (7,7(4)), and ® denotes
the Kronecker product.

Step 1: Permuting the projection weights

Applying Pyin to the query projections gives:

Q/ = XWanttn = QPattn
H

H
= Z QjPattn[j7 Z]
=1

i=1
()]
= |:Q’Il'*1(i)]gintraZ :|i:1
Hence,

Q= Qr1(5) P (8.19)

where the new head @} corresponds to the head designated by the inter-head
—1,.
P7T (1)

ntra - Lhe same applies to:

permutation 7~1(i), modified according to

ey ¢}
V! = Ver (i Pros. (8.20)

intra

Kl = Ky Pr

intra
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Step 2: Permuting the attention scores

Because each P\ is orthogonal (PPT = I), the attention scores satisfy:

intra

1 31T
Al = softmax @ik
Vd

k

ey ¢ e C
Qﬂ*l(i)ljintra( )(Pintra( ))TKgrll

@)

= softmax
Vi
Q‘n"l i KZ— i
= softmax M = Aﬂ-—l(i).
Vi

Thanks to the orthogonality of the intra-head permutation blocks, the attention
scores are only influenced by the inter-head permutation.

Step 3: Permuting the value outputs

For each head,

intra intra

O = AV = Ap-s() Vi (i P = Oy Pl (8.21)

Step 4: Reconstructing the final output
Concatenating all heads yields:
Ol - [ /1,0/2,,OIH] - Opattn- (822)

Conclusion. Applying P.t, to the projection matrices is thus equivalent to
permuting the output of multi-head attention. The self-attention layer remains
functionally equivalent, and the original output can be recovered via O = O'PL, .

8.5.3 Full Procedure to Manage Residual Connections

We begin with the standard formulation of a transformer block, ignoring LayerNorm
for simplicity:
Zattn = Wo MHA(x),
Z; = Zattn T X,
Zf = WQRGLU(WlZi),

Zout = Zf + Z;.

(8.23)

Ignoring the ReLU activation function as well, we examine the impact of applying
a permutation to one layer within a transformer block and then reversing it in the
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subsequent layer. This transformation leads to:
Zatin = Poig WoPaiun (Pasen MHA P (Pin)),
z; = P Zattn + Rnx7
oSt (8.24)
25 = PuaWa Py, (P, Wi (24) )
Zout = PWQZf + PWOZZ',

To ensure consistency in the permutation applied to both addends within each residual
block, we replace the identity mapping with a permutation composition Z, where Z; =
Py, PIZ and Zout = Pw, PV—I\—,D. This results in:

zZ; = PWOZattn +Z; Pnx = PWgzattn + RNOX7
Zouws = Pwy2p + ZouwPwo2i = Pw,2y + Pw,Z;.

After incorporating these compositions, the permutations remain consistent across
each residual path, simplifying the block equations to:

(8.25)

Zattn = Pw,Wo ( MHA(X)),
z; = Pw,Zattn + Pw,X,
zy = Pw,W> (W1(Z¢)),

Zout — PWQZf + PW2ZZ‘.

(8.26)

With Pw, serving as the input permutation for the subsequent layer.

8.5.4 Proof of Proposition 8.2.2

Proposition 8.5.2 To assess how computational complexity scales with model
size, we define:

e L: number of layers, evenly divided into MLP (%) and self-attention (%)
e H: number of attention heads.

e Each MLP layer contains two linear projections with dimension (d,,dp)
and (dp,,d.,), assuming d,,, = dj,.

o Self-attention layers have Q, K, and V matrices, each of size (dpm,dm)-

We now estimate the complexity for a single iteration of the weight-matching
algorithm.

MLP Layers. The main computational cost comes from computing a pairwise
similarity matriz between rows of projection matrices (O(d2,)), and solving a
(dm,dm) assignment via Hungarian algorithm (O(d2,)). Hence, per-layer cost

187

Oo(d3) (8.27)
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Self-Attention Layers. Split into two steps: inter-head and intra-head per-
mutation.
Inter-head permutation:

o 6H SVDs over matrices of size ("5’;1” ydm):

6d3
m 2
o (%) -
e Distance matrix over heads:
H2
O (32dm) (8.29)

e Hungarian algorithm over (H, H) matriz:

O(H?) (8.30)

Intra-head permutation:

() ) -0 (%) -

e Hungarian algorithm per head:

dm \*
— .32
o((%)) i
Summed over H heads:

0 (H (;l;"; + (‘Z”f)) =0 (C% ﬁ’;) (8.33)

Total Self-Attention Cost per Layer.

6d3 3H?%d,, d3 d3
O<m+ +H3+m+m> (8.34)

e Per-head similarity:

H 2 H H?

Final Complexity. Summing across % MLP and % attention layers:

L L 6d3 ~ 3H?d,, s, d
O<2d%+(m+ +H3+m+m)>. (8.35)

2\ H 2 H  H?
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This expression can be algebraically simplified to a more compact equivalent
form:
s, 4y d; 3 2

So, the complexity scales polynomially with d,, and H, and remains signific-
antly lower than data-based fine-tuning.






9. The Role of Pre-training
for Model Merging in 3D

Medical Segmentation

9.1 Overview

Although deep networks have achieved significant success in lesion segmentation
and disease diagnosis [1, 84], medical image segmentation still poses distinct
challenges in obtaining high-quality annotated data. The scarcity of labeled
data, due to the time-intensive nature of manual annotation and the variability
in imaging protocols across institutions, makes it challenging to build robust
models. As a result, fully annotated datasets are often unavailable at the outset
of a project, and new diseases or segmentation classes may emerge later. In
this respect, models deployed in real-world healthcare settings should ideally
learn continuously while preserving previously acquired knowledge. A straight-
forward approach for integrating new knowledge involves retraining the model
from scratch on an aggregated dataset that includes both past and newly avail-
able data. However, strict privacy and security regulations may prohibit the

S
N N D [
U-Net 3D Tjgth m@@_‘
Pre-trained Model o o ”
\ Task 1 J Task 2 )

ng.

O O {netfimn)| B*®
C_J 6 9|8.° SN

Task 3 Task 4
~ ~ Omerge = 00 + g Ti
0y 0;=0)+Ti i=1
1. Pre-train a Model 2. Finetune for each Task 3. Merge wodels together

Figure 9.1: Overview of model merging for 3D medical segmentation models.

7
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long-term storage of patient records, and resources for full retraining may be
unavailable, making this approach impractical or undesirable in medical con-
texts.

To support these scenarios, an ideal model should allow for fast and flexible
adaptation, enabling the integration of new data or classes. If the model can ac-
commodate novel anatomical structures without requiring re-training, it would
reduce storage and deployment costs and potentially reduce the need for labeled
data. From a medical perspective, removing the need for complete re-training
would minimize the long-term storage of sensitive training data, simplify com-
pliance with ethical committee requirements, and support a decentralized and
modular development paradigm. Commercially, the ability to combine model
capabilities without re-training would enable dynamic, client-specific software
customization, thereby accelerating deployment and offering greater flexibility.
Notably, model merging permits updating and customizing AI models, facilitat-
ing knowledge transfer without full retraining [81, 120, 175, 199]. Our approach
builds on these foundations by utilizing task vectors [81, 151], which represent
modifications to a pre-trained model introduced during fine-tuning for a specific
task. These vectors can be added to tune the model’s functionalities (Fig. 9.1).

Unfortunately, model merging is not always practical, as it relies on the avail-
ability of effective pre-trained models. While standard computer vision tasks
benefit from a wide selection of pre-trained base models, medical imaging—
particularly tasks involving 3D segmentation—does not share the same advant-
age. In this respect, we aim to investigate the properties a base pre-trained
model must possess to enable more effective model merging. Through both ana-
lytical and empirical assessments, we demonstrate why the base model should
attain wide minima [200, 201] in the optimization landscape. While wide min-
ima have been investigated in continual learning [125, 127] (i.e. tasks succeed
one after the other), their implications in the context of model merging—where
models are integrated simultaneously—remain unexplored until this study.

Specifically, we present the first analysis of model merging for 3D image
segmentation. Considering two well-known medical datasets (ToothFairy2 [11,
12| and BTCV Abdomen [101]) and the standard 3D architecture, our study
shows how models specialized for segmenting different anatomical structures can
be successfully merged into a single model that can perform all the original tasks.

Contributions. We provide: i) an extensive analysis of model merging for 3D
segmentation based on well-known medical datasets, revealing that combining
task vectors is a flexible method for customizing models without re-training, ii)
we offer both theoretical and empirical validation showing how a base model with
a flat loss landscape enhances model merging, i) alongside the source code, the
model’s weights are publicly released to facilitate research.
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9.2 Framework

We deal with a neural network f(-;0) designed for 3D segmentation, such as .
The model has weights @ € R™ and takes 3D images as input € RIXWxD,
The output is a 3D map of class distributions pg(y|x), one for each voxel y in Y €
RIXWXDxC e study a multi-task learning framework comprising 7' seg-
mentation tasks, denoted as 7. Each task t € T is associated with a dataset Dy
of n; training samples, sampled from a task-specific distribution p;(x,y). Des-
pite variations in these distributions (e.g. different anatomical parts segmented
in each task), all share a common loss function £(0|x,y) (e.g. the cross-entropy
loss), defined as the negative log-likelihood £(8]x,Y) = —3_, 5, log po(y|z).

Model Merging. To learn multiple segmentation tasks, we consider training
a distinct set of weights for each task independently. We organize these models
within a pool P = {f(-;6;) | 8; = 0y + Ti}1e7 that can be expanded to ac-
commodate for new tasks. Importantly, each model f(-;0;) is initialized from
a shared set of pre-trained weights 6, and fine-tuned for its respective task.
The displacement in weight space 7w = 0; — 6y is called task vector [81] and,
intuitively, it represents a direction in which the loss decreases for the ¢-th task.

As we discuss further, the models in the pool P can be selected and com-
bined in arbitrary ways to construct a (personalized) multi-task model. The
most straightforward approach to achieve this is by simply averaging the weights
within the pool:

P2 f(50p) st. Op =00+ wm, S_jwi=1L (9.1)

By adjusting the coefficients w;, we can specialize the merged model for spe-
cific tasks while deprioritizing others. Conversely, for a model that maintains a
balance across all tasks, a uniform weighting scheme, w; = 1/7, can be used.

The goal is to design an approach that learns and combines multiple 3D
segmentation models, ensuring the resulting merged model performs well across
a set of combined tasks. To assess multi-tasking, we define the empirical risk,
i.e. the average loss é(9|D) over the union of all training tasks:!

UOID) = 57— S yeusr, o, 012, Y) (9.2)

Research Question. While 2D image classification tasks can benefit from a
variety of pre-trained models (e.g. CLIP and DINO), 3D medical segmentation
tasks face the absence of similar pre-trained models. In this respect, how can we
develop pre-trained models for 3D segmentation that facilitate model merging?

ITo simplify the notation, we will no longer explicitly denote the dependence of the loss on
the data and write the individual loss and the empirical risk as £(0) and ().



CHAPTER 9. THE ROLE OF PRE-TRAINING FOR MODEL MERGING
80 IN 3D MEDICAL SEGMENTATION

9.2.1 Model Merging from a Pre-training Perspective

Following [143], we analyze model merging through the lens of the Taylor approx-
imation of the loss function. Specifically, we indicate as £..,(0) the second-order
approximation of the empirical risk, centered around the pre-trained weights 6y:

leur(0) = (0) + (8 — 00)TVI(6,) + %(0 —00)"H,(60)(0 — 6y), (9.3)

with V/(0y) 2 Vgi(6,) and H;(60) = V2((6y) indicating the gradient and the
Hessian around 6. Based on [143], assuming that 8 = 6 is a local minimum for
the empirical risk 2(0) across all tasks, the Hessian is positive semi-definite. It
follows that the second-order approximation gcur(O) of the empirical risk is locally
convex. Utilizing Jensen’s inequality (valid for convex functions) we can establish
the following relationship between the merged model and the individuals:

écur(e") =60+ ZZ:ltht) < ZZ:l Wy écur(et =6+ Tt)- (94)

This inequality is informative because the term on the right provides a worst-
case upper bound on the performance of the merged model. In particular, the
empirical risk gcur(Op) of the merged model is constrained by the convex com-
bination of the empirical risks associated with each model. This implies that if
each model 8; performs accurately across all tasks, there are certain assurances
regarding the risk level of the merged model 0p.

However, the issue with Eq. 9.4 is that, under a scenario with specialized
models trained on separate tasks, we cannot ensure that each model 6, per-
forms well across all tasks. Indeed, as 6, is trained exclusively on its specific
distribution p(x,y), its empirical risk is likely high for other data distribu-
tions py 4 (x,y) (— low out-of-distribution performance). For this reason,
the following augmented optimization problem was proposed [143] for the ¢-th
learner:

min(iartnize ]Ecc,prt (z,y) [ecur (9t|m7 y)] + DKL(peo (’y|$) | ‘pet (y|$)) (95)
In essence, the out-of-distribution performance of each model is preserved through
additional regularization provided by the term Dkp,(+), which acts explicitly on
out-of-distribution examples @,y ~ pyx(x,y). The Dki(-) term aligns the
predictions pg, (y|x) of the individual model f(+;6;) to those generated by the
pre-trained model 8y. By doing so, the individual model can achieve at least the
performance level of the pre-trained model on external distributions py . (x,y),
effectively reducing the upper bound on the right side of Eq. 9.4.
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Table 9.1: Stable wvs. plastic training regimes, met-

%%
rics, and corresponding hyperparameters: Batch %
size (BS), Dropout (DO), and Learning rate (LR).  10°1 LN
Ai correspond to the eigenvalues of Hj(6y). 1%-{TF2 Plastic
o] R
Regime Dataset BS DO LR DiceT Y A;l A1l :\:OA
3 ATNCe8.8-8:5-0 00
Stable Cui 4 05 10 34.93 0.57 0.02 1072 4 Sxex ®—¢—0
Plastic 8 0.0 107* 4268 40.71 600 L - B
M Az A3 Ag As Ag A7 Ag Aoh
Stable ,\ ¢ 4 05 1073 43.76 230 0.03 Pt fs A Ae et
Plastic 8 0.0 10~* 46.87 58.46 0.05

Figure 9.2: Top 10 eigenval-
ues |.

9.2.2 The Role of the Training Regime of the Pre-trained
Model

While the authors of [143] drew inspiration from Eq. 9.5 to design a data-free
regularization term, we take a different approach that avoids introducing explicit
regularization. Instead, we focus on analyzing the roles of the training regime
of the pre-trained model.

Thesis. We hypothesize that the tendency of the fine-tuned model 8; to retain
pre-training knowledge is linked to the curvature of the pre-trained point 6y
within the landscape of the empirical risk @() To show that, we approximate
the Dkr(:) as in [30]: if 8; — @y — 0, the Dky(-) term is close to the distance
between 6; and the pre-training weights 6y:

Dk (pe, (y|) || pe, (ylz)) =~ 5(8; — 60)TH;(00)(6; — 6). (9.6)

The weight distance is not isotropic but instead influenced by the Hessian
of the empirical risk evaluated at 6y. Thanks to Eq. 9.6 and the positive semi-
definiteness of the Hessian around 6y, we can establish a bound on Dk, (+):

1 1 1
Diu(--.) = (0 — 00) THy(80)(6; — 00) < SA1 (16 = 60]* = S A [m]”, (97)

where \; is the maximum eigenvalue of the Hessian H;(6y) around the pre-
training weights. The result is that the degradation in out-of-distribution per-
formance relative to the pre-trained model is controlled by: i) the norm of the
task vector, and ) the maximum eigenvalue A\; of the Hessian. Notably, the
entire spectrum of eigenvalues has been crucial in analyzing the geometry of the
loss landscape and its impact on generalization capabilities [44, 93]. Moreover,
the maximum eigenvalue has been extensively used to characterize the width of a
local minima [74, 93, 127]. In particular, a larger maximum eigenvalue suggests
that the loss landscape is steeper along at least one dimension, which corres-
ponds to a sharper minimum. Conversely, smaller eigenvalues suggest wider
minima because the surface of the loss function changes less drastically in those
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Table 9.2: Details of the datasets used in our experiments. Data is not res-
ampled, but it is preprocessed with z-score normalization and patch-based train-
ing.

Dataset Modality Volumes Structs Shape

AMOS (87| (pre-training) cT 240 15 148 x 533 x 560
BTCV Abdomen [101] 30 13 125 x 512 x 512
Cui [39] (pre-training) CBCT 151 42 322 x 402 x 402
ToothFairy2 [12] 480 42 169 x 356 x 375

directions. Hence, to sum up, for a fixed task vector 7, the wider the curvature
of the pre-trained model, the lower the loss in out-of-distribution performance
during fine-tuning, and the better fine-tuned individual models will merge.

9.2.3 Biasing the Base Pre-Trained Model Towards Wide
Minima

Building on this analytical finding, we propose modifying the training regime of
the base pre-trained model to bias optimization toward wider minima. To do so,
the approach is simple: inspired by [127], we act on some key hyperparameters—
like batch size, dropout, and learning rate—that have been shown to affect gener-
alization and the geometry of the minimum [56, 103, 194]. Following the termin-
ology in [127], we define two distinct pre-training regimes, namely stable (wide
minima) vs. plastic (sharp minima). The stable pre-training regime employs a
small batch size, a higher learning rate, and increased dropout. In contrast, the
plastic pre-training follows conventional self-supervised learning best practices,
including using a large batch size, no dropout, and lower learning rates.

To analyze the effects of these hyperparameters, a preliminary result is re-
ported in Tab. 9.1. We pre-train two base models (the one within the stable
regime and the other in the plastic one) on two datasets for 3D medical image
segmentation, namely AMOS [87] and Cui [39]. We then evaluate the average
Dice on the corresponding test sets and compare the Hessian’s eigenvalues as a
proxy for the width of the pre-training optimum. Following [29], the Hessian’s
eigenspectrum is calculated with the trace of the empirical Fisher Information
Matrix (FIM) [95], as a (diagonal) approximation of the intractable Hessian. As
observed, the performance of the two base models (stable vs. plastic) is com-
parable across both datasets; however, the stable model achieves a remarkably
lower trace (Fig. 9.2). This indicates that manipulating hyperparameters is a
simple yet effective way to influence the geometry of the solution attained by
the pre-trained model.
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Figure 9.3: The average Dice score for two classes when merging task vectors 7
(z-axis) and 72 (y-axis) by varying wy and wy. The star (%) marks the maximum
Dice score, while the diamond (<) denotes the default w; values. The first row
shows task vectors from plastic pre-training and the second row from flat pre-
training, both merged using average. All the plots have the same x and y scales.

9.3 Experiments and Results

Datasets and Task Splits. Considering four public datasets, we categorize ex-
periments into two settings based on the target anatomical regions: i) abdominal
datasets (AMOS [87] and BTCV Abdomen [101]) and ) mazillofacial datasets
(Cui [39] and ToothFairy2 [12, 114]). The summary characteristics are provided
in Tab. 9.2. In the abdominal scenario, we use AMOS for pre-training and
four BTCV classes (Liver, Spleen, Kidney, and Stomach) to create four tasks.
In the maxillofacial scenario, we use Cui for pre-training and ToothFairy2 for
fine-tuning, with four tasks based on Mandible, Pharynx, Teeth, and Canals.

Training. We perform stable and plastic pre-training for both AMOS and Cui
according to the setup in Tab. 9.1. To perform fine-tuning, we replace the final
1 x 1 x 1 convolution with a new one; for the rest of the layers, we fine-tune
the corresponding parameters 6, through a task vector 7; (initialized at zero).
We optimize with AdamW [112] and a weight decay penalty of 0.1 to discourage
large task vector norms. Training runs for 10 epochs.

9.3.1 Impact of Pre-Training Regime on Model Merging

In each plot of Fig. 9.3, we consider a pair of tasks (e.g. Mandible + Canals) and
evaluate the Dice score of the merged model while varying merging coefficients
wy and we, by comparing plastic (first row) vs. stable (second row) pre-training,
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Table 9.3: Performance scores obtained from pairwise task vector merging.

Merging =g

T 45 48 Tr ES 58
Dataset Strategy BX 48 @@ L8 K& S8 A
Default <> Average [81] 91.41 92.18 80.61 90.85 77.18 80.91 85.52
.- TIES [196] 82.80 90.76 76.83 88.69 58.56 76.69 79.05
Eg Best Average [81] 92.64 92.22 82.09 91.01 78.97 81.80 86.45
m§ s TIES [196] 92.42 91.88 81.55 91.07 77.72 81.04 85.95
- Joint 91.40 93.34 78.38 92.31 91.79 88.86 89.35

Merging E£4 &% 85 2% @25 T8
Dataset w Strategy «,3 g2 N_g 38 32 8—2 Avg.

=5 2E 2 2 S HA
o Default <> Average [81] 89.54 82.55 87.70 56.08 57.08 81.27 75.70
> TIES [196] 88.70 79.89 88.96 5851 63.44 73.72 75.54
%3 Best ¥ Average [81] 89.67 82.78 91.89 68.16 75.19 81.27 81.49
= s TIES [196] 89.24 82.33 91.97 67.94 68.91 81.07 80.24

o

& - Joint 98.75 97.33 98.26 83.04 97.10 93.61 94.68

we can say that stable pre-training yields remarkably robust performance, exhib-
iting lower sensitivity to the merging coefficients — a feature that, in real-world
applications, reduces the overhead associated with hyperparameter tuning. As
further proof, for the stable regime, the uniform weighing scheme < (wy 2 = 0.5)
is always closer to the best configuration % (found by hyperparameter tuning on
a held-out set).

After examining a scenario where pairs of tasks are merged, we extend our
analysis to a setting with four task vectors. We report in Fig. 9.4 the results
(Dice score) on each task separately and also the average (Overall). Beyond
comparing stable Z vs. plastic' pre-training, we also examine their impact on
TIES Merging [196], a well-established alternative to uniform averaging. The
results in Fig. 9.4 show that the performance of the merged model is influenced
by the type of pre-training rather than the merging method. This is evidenced by
the performance gains achieved with stable pre-training (e.g. uniform averaging),
yielding improvements of +18.60 on ToothFairy2 and +16.28 on BTCV.

Further Comparative Analysis. To assess the effectiveness of model mer-
ging for 3D segmentation, we include a reference approach that re-trains from
scratch, in which the pre-trained model is fine-tuned on both classes jointly.
As shown in Tab. 9.3, in BTCV Abdomen, Kidney+Stomach shows the largest
drop w.r.t. the joint training (~ 18.60 Dice score), while other pairs achieve
similar performance, indicating effective merging. In contrast, the gap is signi-
ficantly larger in ToothFairy2, likely due to greater variation in the shape, size,
and intensity values of maxillofacial structures. We conjecture that increased
variability leads to greater interference when merging relative task vectors.
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Figure 9.4: Task-wise performance after merging four distinct task vectors with
weight averaging and TIES. The Overall bars aggregate results across tasks.

9.4 Discussion

In this work, we conduct a systematic study of model merging for 3D medical
image segmentation and examine the influence of the base model’s pre-training
regime, which plays a central role. We show that the geometry of the solution
reached during pre-training, in particular, the width of the minimum, strongly in-
fluences the quality of the task vectors and, consequently, the success of merging.
Models trained under a stable regime, which encourages convergence toward flat-
ter minima, consistently produce task vectors that combine more reliably across
both abdominal and maxillofacial tasks.

Our findings reveal three key insights. First, task vectors obtained from
stable pre-training yield merged models that are markedly less sensitive to mer-
ging coeflicients, reducing the need for extensive hyperparameter tuning in prac-
tical deployments. Second, the benefits of stable pre-training persist regardless
of the merging strategy: while methods such as TIES can improve performance,
the dominant factor remains the curvature of the pre-trained optimum. Third,
merging remains competitive with joint training in several scenarios, especially
when anatomical variability is moderate, suggesting that model merging can
serve as a viable alternative to full retraining, particularly in contexts where
privacy constraints or computational limitations limit data access.

Taken together, these results point to a revised model life cycle for medical
imaging, in which modular, data-efficient adaptation becomes feasible even in
the absence of large-scale 3D pre-trained backbones.
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This thesis investigated three interconnected challenges about robustness and
generalization in deep learning: the tendency of models to rely on shortcut
solutions induced by explicit and implicit biases, the problem of catastrophic
forgetting under spurious correlations, and the limited ability of independently
trained models to transfer and compose knowledge.

In the first part, we addressed shortcut learning by introducing Cluster-
Fix, a framework that leverages self-supervised clustering to identify and mitig-
ate spurious correlations without requiring explicit protected-group annotations.
We then extended this line of inquiry to continual learning through Learning
without Shortcuts (LwS), demonstrating that conventional rehearsal-based
strategies are often insufficient to preserve robustness over time and may even
exacerbate spurious correlations. To overcome this limitation, we proposed loss-
based buffer sampling mechanisms that preserve worst-group performance across
sequential tasks. Finally, we examined implicit biases in multimodal vision—
language models, showing that CLIP-like architectures encode human-analogous
biases and highlighted limitations of prompt-based debiasing approaches.

In the second part, the focus shifted to knowledge transfer and model com-
position in parameter space. We introduced Transfusion, a permutation-based
alignment strategy that enables data-free transfer of task vectors across Trans-
former models trained on heterogeneous datasets. Building on this, we showed
that the local geometry of the loss landscape plays a central role in determining
merge compatibility. In particular, empirical evidence from 3D medical image
segmentation showed that flatter pre-trained backbones yield more stable results
when merging multiple fine-tuned models.

Modern deep learning systems increasingly depend on retraining or fine-
tuning steps to accommodate new data, tasks, or architectural updates.
While effective, this paradigm entails computational costs and becomes
progressively less sustainable. The topics explored in this thesis align with
a broader research direction that enables more efficient learning mechan-
isms, minimizing unnecessary recomputation while preserving perform-
ance and robustness. Within this perspective, learning is not a one-off
optimization process, but an ongoing process of refinement and integra-
tion over time.

In conclusion, generalization in artificial intelligence should be under-
stood as a dynamic system-level property, and a central open challenge is
the development of Al systems that can evolve efficiently alongside their
operating environments.
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