M MU7,
oY 12y,

UNIMORE

UNIVERSITA DEGLI STUDI DI
MODENA E REGGIO EMILIA

RSITAS g
R S7y,

A, &
“ogy 13 °

University of Modena and Reggio Emilia
XXXVIII cycle of the International Doctorate School in

Information and Communication Technologies (ICT)

Learning Across Time, Tasks, and
Models: Knowledge Transfer in

Evolving Systems

Aniello Panariello

Supervisor: Prof. Simone Calderara

PhD Course Coordinator: Prof. Luigi Rovati

Modena, AY. 2024/2025






Supervisor:

Prof. Simone Calderara University of Modena and Reggio Emilia

Director of the Doctoral School:
Prof. Luigi Rovati University of Modena and Reggio Emilia

Review Committee:

Prof. Andrew D. Bagdanov University of Florence

Dr. Joost van de Weijer Computer Vision Center

Universitat Autonoma de Barcelona

Finanziato Ministero ) s UNIMORE

dall'Unione europea dell’'Universita
NextGenerationEU %> e della Ricerca

Tesi di dottorato finanziata dall’Unione europea - Next Generation EU, Missione 4, componente 2 “Dalla
Ricerca all'Impresa” - Investimento 3.3 “Introduzione di dottorati innovativi che rispondono ai fabbisogni di

innovazione delle imprese e promuovono I’assunzione dei ricercatori dalle imprese”.

i






Abstract

With the growing accessibility of artificial intelligence and machine learning tech-
nologies, modern learning systems increasingly operate in dynamic environments,
where data distributions, tasks, and objectives evolve over time. Traditional static
learning paradigms struggle to keep pace with this evolution, often leading to de-
graded performance, loss of previously acquired knowledge, or costly retraining from
scratch. Addressing these challenges requires learning mechanisms that can transfer,
preserve, and recombine knowledge across evolving conditions, spanning sequential
data, streams of tasks, and even collections of trained models.

This dissertation investigates how learning systems can evolve alongside their
environments by leveraging structured information and prior knowledge at multiple
scales. It follows a coherent progression that begins with temporal learning from data,
extends to continual adaptation across tasks, and culminates in model composition
and merging. Across these settings, the central question is how information acquired
in one context can be reused or adapted in another without restarting the learning
process.

The first part focuses on temporal learning from visual data, treating video streams
as structured time series. It introduces a consistency-based formulation for weakly
supervised temporal anomaly localization, showing how temporal coherence can com-

pensate for missing frame-level supervision. It then recasts multi-object tracking as



Abstract

conditional density estimation through probabilistic and flow-based modeling of data
association (TrackFlow), before introducing monocular per-object distance estimation
(DistFormer), which combines object-centric reasoning with Masked Object Modeling
to learn geometric representations that remain robust under occlusions and domain
shifts. Together, these contributions demonstrate how temporal and object-level struc-
ture can be exploited at increasing levels of granularity, from sequence-level regularities
to identity persistence and geometric reasoning.

The second part investigates continual learning, where data arrive as a stream
of evolving tasks. CHARON presents an efficient continual learning framework for
skeleton-based action recognition that combines masking and compression to improve
stability and memory efficiency. CGIL introduces a generative replay strategy in embed-
ding space for continual prompt learning in large vision-language models, preserving
zero-shot capabilities while enabling incremental adaptation. Collectively, these works
reinterpret continual learning as structured temporal evolution in task space.

The final part explores knowledge transfer across models through model com-
position, merging, and transport. Instead of adapting a single model over time, this
setting studies how multiple trained models or parameter-efficient updates can be
combined to synthesize new capabilities. PASTA demonstrates scenario-specialized
modular composition in parameter space for tracking, MoDER shows how class- and
task-specialized textual experts can be recomposed to improve recognition of unseen
classes, Core Space introduces an accurate and efficient low-rank framework for mer-
ging parameter-efficient updates, and GradFix addresses task-vector transport across
different pretrained models through gradient-sign filtering. This reframes adaptation
as evolution in model space rather than data space.

Overall, this dissertation presents a unified perspective on knowledge transfer in
evolving systems. By connecting temporal learning, continual adaptation, and model
composition, it frames learning as the manipulation of structured representations
across time, tasks, and models. The resulting framework highlights the role of structure,
modularity, and reuse in building scalable, adaptive, and resilient learning systems that

not only operate in changing environments but also evolve with them.



Sommario

Con la crescente accessibilita delle tecnologie di intelligenza artificiale e di apprendi-
mento automatico, i sistemi di apprendimento moderni operano sempre pilt spesso
in ambienti dinamici, in cui le distribuzioni dei dati, i task e gli obiettivi evolvono nel
tempo. I paradigmi di apprendimento statici tradizionali faticano a tenere il passo con
questa evoluzione, portando spesso a un degrado delle prestazioni, alla perdita delle
conoscenze precedentemente acquisite o a costosi riaddestramenti da zero. Affrontare
queste sfide richiede meccanismi di apprendimento in grado di trasferire, preservare e
ricombinare la conoscenza in condizioni in evoluzione, che spaziano dai dati sequenziali
ai flussi di task, fino a collezioni di modelli addestrati.

Questa tesi indaga come i sistemi di apprendimento possano evolvere insieme ai
loro ambienti sfruttando informazioni strutturate e conoscenza pregressa a piu scale.
Segue un percorso coerente che inizia con I'apprendimento temporale dai dati, si
estende all’adattamento continuo tra task e culmina nella composizione e fusione di
modelli. In questi contesti, la questione centrale é come le informazioni acquisite in un
contesto possano essere riutilizzate o adattate in un altro senza riavviare il processo di
apprendimento.

La prima parte si concentra sull’apprendimento temporale da dati visivi, trattando
i flussi video come serie temporali strutturate. Introduce una formulazione basata

sulla coerenza per la localizzazione temporale di anomalie in regime debolmente su-
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pervisionato, mostrando come la coerenza temporale possa compensare ’assenza di
supervisione a livello di frame. Riformula poi il multi-object tracking come un problema
di stima di densita condizionata, tramite una modellazione probabilistica e basata su
flussi dell’associazione tra oggetti (TrackFlow), prima di introdurre la stima monoculare
della distanza per singolo oggetto (DistFormer), che combina ragionamento centrato
sugli oggetti e Masked Object Modeling per apprendere rappresentazioni geometriche
robuste a occlusioni e cambi di dominio. Nel loro insieme, questi contributi mostrano
come la struttura temporale e quella a livello di oggetto possano essere sfruttate a
livelli crescenti di granularita, dalle regolarita a livello di sequenza alla persistenza
delle identita e al ragionamento geometrico.

La seconda parte indaga il continual learning, in cui i dati arrivano come un flusso
di task in evoluzione. CHARON presenta un framework efficiente di continual learning
per il riconoscimento di azioni basato su scheletri, che combina mascheramento e
compressione per migliorare stabilita ed efficienza in memoria. CGIL introduce una
strategia di generative replay nello spazio delle rappresentazioni per il continual prompt
learning in grandi modelli visione-linguaggio, preservando le capacita zero-shot e
consentendo al contempo un adattamento incrementale. Nel complesso, questi lavori
reinterpretano il continual learning come un’evoluzione temporale strutturata nello
spazio dei task.

La parte finale esplora il trasferimento di conoscenza tra modelli tramite compos-
izione, fusione e trasporto nello spazio dei parametri. Invece di adattare un singolo
modello nel tempo, questo contesto studia come pilt modelli addestrati o aggiorna-
menti parameter-efficient possano essere combinati per sintetizzare nuove capacita.
PASTA dimostra una composizione modulare specializzata per scenario nel tracking,
MoDER mostra come esperti testuali specializzati per classe o task possano essere
ricombinati per migliorare il riconoscimento di classi mai osservate, Core Space intro-
duce un framework accurato ed efficiente a basso rango per la fusione di aggiornamenti
parameter-efficient, e GradFix affronta il trasporto di task vector tra diversi modelli
pre-addestrati tramite filtraggio basato sul segno del gradiente. Questo riformula
l’adattamento come un’evoluzione nello spazio dei modelli piuttosto che nello spazio
dei dati.

Nel complesso, questa tesi presenta una prospettiva unificata sul trasferimento
di conoscenza nei sistemi in evoluzione. Collegando apprendimento temporale, ad-
attamento continuo e composizione dei modelli, inquadra I’apprendimento come la

manipolazione di rappresentazioni strutturate attraverso tempo, task e modelli. Il
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framework risultante mette in evidenza il ruolo di struttura, modularita e riuso nella
costruzione di sistemi di apprendimento scalabili, adattivi e resilienti che non solo

operano in ambienti in cambiamento, ma evolvono insieme a essi.
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Introduction

1.1 Learning in Evolving Systems

Modern machine learning systems are increasingly deployed in environments that
evolve over time. Data distributions shift, tasks change, models are updated, and
operational constraints limit the ability to retrain from scratch or store all historical
data. As a result, learning systems must continuously adapt while preserving previously
acquired knowledge, often under strict computational, memory, or privacy constraints.

A common thread underlying the three main parts of this dissertation is the presence
of non-stationarity. Learning is performed in settings where some aspect of the problem
changes over time, yet the system is expected to remain robust, efficient, and reusable.
While temporal learning, continual learning, and model merging are traditionally studied
as distinct research areas, this dissertation argues that they can be understood within a
shared technical framework centered on knowledge transfer under evolution.

Across all these settings, the core challenge is not merely learning, but learning
without starting over: how to reuse, preserve, and recombine knowledge as the learning

context changes.
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1.1.1 A unifying abstraction

Consider a parametric model f(-;6) operating on data drawn from a distribution p.

Learning can be formalized as the minimization of an expected risk:
0" = arg;nin E(zp)~p [L(f(230),9)] . (1.1)

In evolving settings, however, the data distribution p is not fixed. Instead, learning

is exposed to a sequence of distributions {p;} where the index s may represent

sES?
time steps, tasks, domains, or even different pretrained models. The central technical
question addressed in this dissertation is how to update, adapt, or combine models
across changes in p, while preserving useful information acquired under previous
distributions.

Across the three parts of the dissertation, evolution acts on different objects:

+ in temporal learning, p, varies implicitly through sequential structure in the
input;

+ in continual learning, ps changes explicitly across tasks, with restricted access to
past data;

« in model merging, p; is fixed, but knowledge is distributed across multiple para-

meter vectors {6, }.

Taken together, these settings describe a progression from evolution in the input stream,
to evolution in the task sequence, and finally to evolution at the level of the model
itself. Despite these differences, all settings require mechanisms to control interference,

retain knowledge, and enable transfer across changing conditions.

1.1.2 Structured information as an inductive constraint

Throughout the dissertation, structured information is used as an inductive constraint
to stabilize learning under evolution. Rather than relying on additional supervision,
structure is embedded into the learning process through architectural choices, loss
functions, or parameterizations.

In temporal domains, structure arises from ordering, persistence, and smoothness
in sequential data. Let {xt}le denote a sequence. Many objectives introduced in this

dissertation can be interpreted as enforcing invariances of the form:

f(AL(z1:7);0) = f(Ax(z1:7)3 0), (1.2)
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where A; and A; are transformations that preserve the underlying temporal semantics.
Such constraints are closely related to self-supervised learning principles and exploit
temporal coherence as a supervisory signal.

In object-centric and tracking settings, structure is expressed through entities and
associations. Given a latent association variable z, learning often targets a conditional

distribution

p(z | 214, (1.3)

where heterogeneous cues such as appearance, motion, and geometry interact jointly.
Explicitly modeling these interactions, rather than assuming independence, improves
robustness and generalization.

In continual learning and model merging, structure manifests at the level of the
model parameters, but in fundamentally different ways. In continual learning, adapta-
tion proceeds through standard optimization, while forgetting is mitigated by shaping
the learning signal, for example via replay or regularization. In model merging, instead,
adaptation is performed without optimization: multiple trained parameter vectors are
combined algebraically to construct new models. Across the dissertation, these forms
of structure act as anchors that limit interference under non-stationarity, enabling

reuse and transfer without requiring full retraining.

1.1.3 Knowledge transfer across different applications

Despite the diversity of problem settings, the contributions in this dissertation re-

peatedly rely on a small set of recurring transfer mechanisms:

Consistency and invariance. Local invariances reduce the effective hypothesis
space and stabilize learning. In temporal problems, this yields objectives that align
predictions across time or views. In parameter space, similar ideas appear as constraints

that limit deviations from previously learned solutions.

Memory and replay. When past distributions p. s are unavailable, transfer requires
an explicit memory mechanism. Replay-based methods approximate the ideal joint

objective

D B yymn, £(f(236),9), (1.4)

either through stored samples or through generated representations. Operating in

learned embedding spaces improves both efficiency and scalability.
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Parameter-space composition. Model merging treats knowledge as a displacement

in parameter space. Given models 6; = 6 + 7;, composition constructs a new model as
0. =00+ > AiTi, (15)
i

with suitable coefficients A;. This formulation reframes transfer as a purely algebraic

operation and connects task arithmetic, low-rank adaptation, and modular fine-tuning.

1.1.4 Efficiency and constraints

Efficiency is treated as a first-class requirement across all parts of the dissertation. Tem-
poral models must process long sequences, continual learners face memory and privacy
constraints, and model merging is only viable if it avoids retraining and additional
inference cost. These pressures motivate learning signals that are local, compact, and

compositional.

1.1.5 Common evaluation principles

Although different metrics are used across parts, evaluation consistently targets ro-
bustness under change: stability over time, retention across tasks, and compositional
generalization across models. Success is measured not only by peak performance, but
by the ability to adapt without collapse or prohibitive computational cost.

Taken together, these principles motivate the organization of the dissertation into
three parts, each addressing a different manifestation of evolution while relying on

shared technical foundations.

1.2 Organization of the dissertation

This dissertation presents the research contributions of the candidate and his collabor-
ators (we in the following), addressing the challenges of knowledge transfer in evolving
systems through multiple settings and applications.

The dissertation is organized into three main parts, each focusing on a different
aspect of knowledge transfer in evolving systems. At the beginning of each part, a
background chapter introduces the relevant concepts. Each chapter within the parts
corresponds to a published or submitted research work, with the candidate as one of

the authors.



1.2 Organization of the dissertation

Part I - Learning Across Time The first part focuses on temporal learning from
visual data, where video streams are treated as structured time series. It explores
how temporal coherence and spatial structure can be leveraged to model dynamic

phenomena.

« Chapter 2 provides an overview of temporal learning, self-supervised learning, and
video understanding.

« Chapter 3 introduces a consistency-based framework for temporal anomaly localiz-
ation that exploits self-supervision to identify irregular events in weakly labeled

videos.

Chapter 4 presents TrackFlow, a probabilistic formulation of multi-object tracking

built on normalizing flows for modeling temporal dynamics in complex scenes.

Chapter 5 addresses monocular per-object distance estimation through DistFormer,
which integrates object-centric reasoning into a unified masking-based learning

paradigm.

Part II - Learning Across Tasks The second part investigates continual and incre-
mental learning, where models must acquire new knowledge from a sequence of tasks
while preserving previously learned information. It focuses on efficiency, memory

constraints, and transferability across evolving domains.

« Chapter 6 reviews continual learning, incremental learning, and prompt learning
in vision-language models.

« Chapter 7 describes CHARON, a continual learning framework for skeleton-based
action recognition that employs masking and compression to enhance stability and
memory efficiency.

+ Chapter 8 introduces CGIL, a continual generative training approach for incremental
prompt learning in CLIP models, which preserves zero-shot capabilities while

supporting incremental adaptation.

Part III - Learning Across Models The third part explores knowledge transfer across
models through model merging and task arithmetic. It investigates how pretrained

models can be combined and adapted to create new capabilities without full retraining.

+ Chapter 9 surveys model merging, task arithmetic, and parameter-efficient fine-
tuning techniques.

« Chapter 10 presents PASTA, a modular tracking framework that composes special-
ized model components in parameter space to generalize across domains.

+ Chapter 11 introduces MoDER, a model merging technique that facilitates know-
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ledge transfer between different architectures.

+ Chapter 12 introduces Core Space, a framework for low-rank adaptation of pre-
trained models that enables efficient fine-tuning on new tasks.

+ Chapter 13 introduces GradFix, a method for stabilizing gradient updates in multi-

task learning scenarios.
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Learning through Time






Background on Temporal Learning

from Video

This part of the dissertation considers temporal learning from video, in which observa-
tions are naturally organized as sequences and time provides a fundamental source of
structure. Rather than treating video frames as independent samples, temporal learning
explicitly exploits continuity, persistence, and dynamics to infer meaningful patterns
and maintain coherent predictions over time.

Three application domains are considered: video anomaly detection, multi-object
tracking, and distance estimation from monocular video. While anomaly detection
operates at the level of global scene dynamics, tracking and distance estimation adopt
an object-centric perspective, modeling temporal persistence and geometric consistency
at the level of individual entities.

This chapter introduces the common temporal learning principles underlying these
problems, presents the shared mathematical background, and details the datasets and

evaluation protocols adopted throughout this part.



Chapter 2. Background on Temporal Learning from Video

2.1 An informal overview

Before introducing the formal background, it is useful to ask: what does it mean to learn
from time? Across these chapters, the model does not interpret isolated frames, but
exploits continuity, persistence, and motion across nearby observations.

In the anomaly-detection chapter (Chapter 3), this means recognizing when the
temporal evolution of a scene breaks its usual pattern. A violent event or an accident
may be ambiguous in a single frame, but becomes easier to detect when the model can
compare what happens before, during, and after the event.

In the tracking and distance-estimation chapters (Chapters 4 and 5), the same
principle becomes object-centric. A tracker must recognize that a partially occluded
pedestrian remains the same person across frames, while distance estimation benefits
from how an object’s appearance and geometry evolve over time. These examples
motivate the formal treatment below: time acts as a structural constraint that supports

learning under weak, noisy, or incomplete supervision.

2.2 Temporal learning from video

Let 1.7 = {21,..., 27} denote a video sequence, where each z; € X represents a
frame or a short clip. Unlike static image understanding, video understanding must
model dependencies across time, induced by physical continuity, object persistence,
and structured dynamics.

A recurring assumption throughout this part is temporal coherence: under normal
conditions, changes across time are smooth and predictable, whereas anomalies, identity
switches, or geometric inconsistencies violate this regularity. This principle appears as
global temporal regularity in anomaly detection, identity persistence in tracking, and
geometric consistency in distance estimation.

Temporal learning therefore aims to extract stable representations from sequential
observations, using time not merely as an ordering variable but as an inductive bias

that constrains the hypothesis space.



2.3 Mathematical background

2.3 Mathematical background

This section introduces the mathematical abstractions that underpin the temporal

learning methods developed in the following chapters.

2.3.1 Sequential modeling

Many temporal learning problems can be described through latent variables evolving
over time. Introducing latent states z; that summarize relevant information at time ¢, a

general factorization takes the form

T

T
plarr, z1r) = p(z1) [ p(ze | 2) [ oo | 20), (2.1)
t=1

t=2

which underlies a wide class of models, including hidden Markov models and state-space
models. While the methods proposed in this dissertation do not explicitly instantiate
this formulation, the assumptions of temporal dependence and state persistence inform

the design of learning objectives, architectures, and inference strategies.

2.3.2 Weak supervision and multiple instance learning

In weakly supervised temporal problems, labels are provided at the sequence level

rather than at the frame level. This setting can be formalized within the multiple

instance learning (MIL) framework, in which a video is treated as a bag of instances.
Given instance-level anomaly scores a1.7 and a video-level label y € {0, 1}, MIL

objectives typically enforce constraints of the form
maxa; ~ y. (2.2)

Despite its simplicity, this aggregation mechanism implicitly assumes that temporally
adjacent instances exhibit correlated behavior, often combined with regularization
terms encoding temporal sparsity or smoothness. This formulation highlights how
global supervision can be leveraged to recover localized temporal structure despite the

absence of explicit frame-level annotations.
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2.3.3 Probabilistic modeling and density estimation

Probabilistic modeling plays a central role in multi-object tracking. Given a track history

T and a candidate detection d, the association problem can be cast as estimating
p(d|T), (2.3)

which quantifies the compatibility between motion, appearance, and geometric cues.
Learning such conditional distributions allows replacing hand-crafted association

costs with data-driven likelihoods, enabling principled handling of uncertainty.

2.3.4 Temporal consistency as a learning signal

A unifying principle across the considered tasks is temporal consistency. Let A; and As
denote transformations that preserve the semantics of a sequence. Consistency-based
objectives enforce

f(Ar(zrr)) = f(A2(21.7)), (2.4)

thereby exploiting temporal structure without requiring additional labels. This principle

connects temporal learning in video to broader self-supervised learning frameworks.

2.4 Applications

2.4.1 Video anomaly detection

Video anomaly detection aims to identify temporal intervals that deviate from patterns
observed during training. In realistic settings, only weak supervision is available, with
videos labeled as normal or anomalous at the sequence level. Temporal context is
therefore crucial, since the same visual pattern may be benign or abnormal depending
on what precedes and follows it.

Formally, given a sequence z1.7 and a video-level label y, the goal is to infer latent
anomaly scores a1.7, where a; reflects the likelihood of an anomaly occurring at time
t. This problem is inherently ill-posed and relies on assumptions such as rarity and

temporal localization of anomalous events.
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Datasets

We conduct experiments on:

« XD-Violence [279]: a large-scale multi-modal benchmark containing 4754 videos
(approximately 217 hours), including 2405 violent and 2349 non-violent samples.
The official split comprises 3954 training videos and 800 test videos. All experiments
use RGB data only.

Evaluation metrics

Performance in video anomaly detection is evaluated using threshold-free metrics that
are robust to severe class imbalance. Let s; € R denote the predicted anomaly score
for video ¢, and let y; € {0, 1} be the corresponding ground-truth label, where y; = 1

indicates the presence of at least one anomalous event.

+ Area Under the ROC Curve (AUC). The Receiver Operating Characteristic (ROC)
curve plots the True Positive Rate (TPR) against the False Positive Rate (FPR) as the
decision threshold 7 applied to the anomaly scores s; varies. Formally, for a given
threshold 7,

TPR(7) =Pr(s; >7|yi =1), FPR(7)=Pr(s; >7|y; =0). (2.5
The AUC is defined as the area under the ROC curve:
1
AUC = / TPR(FPR™'(v)) du, (2.6)
0

and quantifies the ability of the model to rank anomalous videos higher than normal
ones, independently of any specific operating threshold. Equivalently, AUC can be
interpreted as the probability that a randomly chosen anomalous sample receives a
higher anomaly score than a randomly chosen normal sample.

« Average Precision (AP). Average Precision summarizes the precision-recall curve
obtained by varying the decision threshold over s;. Let P, and R,, denote precision
and recall at the n-th threshold. AP is defined as:

AP = (Rn — Rn_1)Py, @2.7)

n

which corresponds to a Riemann sum approximation of the area under the precision—
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recall curve. Unlike AUC, AP is sensitive to class imbalance and emphasizes correct
detection of rare anomalous samples, making it particularly informative in highly

skewed datasets.

Metrics are computed at the video level; frame-level scores are used only for analysis.

2.4.2 Multi-object tracking

Multi-object tracking (MOT) addresses the problem of maintaining object identities
across time. Given detections Dy = {d},...,dY*} at each time step, tracking consists

of associating detections across frames into trajectories.

Datasets

We evaluate tracking performance on:

« MOTSynth [72]: 764 synthetic full-HD sequences, each 1800 frames long, covering
diverse urban scenarios.

« MOT17 [183]: real-world pedestrian tracking benchmark with moderate crowd
density.

« MOT20 [57]: highly crowded real-world scenarios with severe occlusions.

Evaluation metrics

Multi-object tracking performance must jointly account for detection accuracy and
identity consistency over time. To this end, modern evaluation protocols measure not
only whether objects are localized correctly in individual frames, but also whether
their identities are maintained consistently throughout the sequence.

Let IDTP, IDFP, and IDFN denote identity true positives, false positives, and false
negatives, respectively. These quantities count correctly matched identities, identity

mismatches, and missed identity associations across all frames.

« IDF1. IDF1 measures identity preservation over time and is defined as the harmonic

mean of identity precision and identity recall:

9. IDTP
IDF1 — . ).
5 IDTP + IDFP + IDFN (28)

A high IDF1 score indicates that tracked trajectories maintain consistent identities

across frames, penalizing identity switches, fragmentations, and re-identification
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failures. This metric is particularly sensitive to long-term tracking consistency and
is therefore widely adopted in pedestrian tracking benchmarks.

« HOTA. Higher-Order Tracking Accuracy (HOTA) provides a unified measure of
tracking performance by explicitly decomposing it into detection and association

components. It is defined as
HOTA = vDetA - AssA, (2.9)

where DetA (Detection Accuracy) quantifies how well objects are detected and
localized in individual frames, while AssA (Association Accuracy) measures the
quality of identity associations across time. By combining these two aspects multi-
plicatively, HOTA captures the trade-off between spatial accuracy and temporal
consistency, offering a more balanced evaluation than metrics that focus on only

one of these dimensions.

2.4.3 Distance estimation from monocular video

In contrast to anomaly detection and tracking, distance estimation introduces explicit
geometric structure into temporal learning, providing a complementary signal that
reduces ambiguity in object-centric reasoning under occlusions and crowded scenes.
Distance estimation aims to infer metric object distances from monocular video by
exploiting temporal cues such as motion consistency and object persistence. In this
dissertation, distance estimation is studied in conjunction with tracking, enabling

temporal stabilization of predictions.

Datasets

We evaluate distance estimation on:
« NuScenes [26]: 1000 urban driving scenes with dense 3D annotations.
« MOTSynth [72]: synthetic pedestrian sequences with 3D skeleton annotations.
« KITTI [84]: autonomous driving benchmark with LIDAR-based distance ground
truth.

Evaluation metrics

Distance estimation quality is evaluated using complementary metrics that capture

relative accuracy, absolute error, and robustness under challenging visibility conditions.
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Let d; and d; denote the ground-truth and predicted distances for the i-th object,

respectively, and let N be the number of evaluated instances.

+ Threshold accuracy (d). Threshold accuracy measures the proportion of pre-

dictions whose relative error falls below a predefined tolerance 7. It is defined

N ~
1 d; d;
6<7_ = N 1;:5 - 1 (maX(cli, C@) < 7') . (210)

This metric is scale-invariant and is widely adopted in monocular depth and distance

as:

estimation benchmarks, as it emphasizes relative correctness rather than absolute
magnitude.
« Root Mean Squared Error (RMSE). RMSE quantifies the average absolute devi-

ation between predicted and ground-truth distances:

N
1 A 2

MSE = — i — ;) . 2.11

RMS N ;:1 (d; — d;) (2.11)

By squaring the error, RMSE penalizes large deviations more strongly, making it

sensitive to catastrophic failures and long-range distance errors.

Average Localization Precision (ALPq,). ALPq, measures the percentage of
predictions whose absolute distance error is below a fixed threshold 7, expressed

in meters:

N
ALPq, = %Zn(@ —d| < T). (2.12)
i=1

Unlike 6, this metric directly reflects performance in metric space and is particu-
larly relevant for safety-critical applications such as autonomous driving.
Average Localization of Occluded Objects Error (ALOE). ALOE evaluates

robustness under partial or severe occlusions by restricting the evaluation to objects

within a predefined occlusion range O:

ALOE = ﬁzmi —dy. (2.13)
€O

This metric isolates the impact of visibility degradation on distance estimation
performance and enables fine-grained analysis of failure modes in crowded or

occluded scenes.



Consistency-based Self-supervised
Learning for Temporal Anomaly

Localization

3.1 Video anomaly detection

Video anomaly detection addresses the problem of identifying and localizing irregular
events within a video stream. Such events often correspond to unusual or unsafe human
activities, including violence, accidents, or illicit behaviors. Owing to the widespread
deployment of surveillance systems, particularly CCTV cameras, this task has become
increasingly relevant in real-world applications, where manual inspection of video data
is impractical due to the sheer volume of data and automated analysis is required to
make the process feasible.

Early approaches to video anomaly detection relied on low-level handcrafted fea-

tures, extracted either from visual cues [55, 11, 118] or from object trajectories [28, 185].

Publication. Aniello Panariello, et al. Consistency-Based Self-Supervised Learning for Temporal
Anomaly Localization. ECCVW, 2022 [194].

Candidate contribution. Idea, methodology, implementation, experiments, and writing.
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While effective in controlled settings, these methods often exhibit limited robustness
when confronted with complex scenes or unseen behaviors [107, 180]. As a result,
research has gradually shifted toward learning-based formulations.

A prominent class of methods models normality by learning a representation of
regular patterns from data containing only normal events. Under this paradigm, an-
omalies are detected as deviations from the learned model of regularity [93]. Deep
reconstruction-based approaches, typically based on autoencoders or related archi-
tectures, have become particularly popular in this context [320, 268]. These methods
often incorporate explicit regularization of the latent space to encourage compactness
and stability of normal representations.

More recent work has explored the use of weak supervision, where anomalous
videos are available during training but annotations are provided only at the video
level [248]. In this setting, the model is informed about the presence of an anomaly
somewhere in the sequence, without access to its temporal extent. This formulation
naturally leads to multiple instance learning (MIL) frameworks [253, 279, 75], in which
avideo is treated as a bag of instances and additional constraints are introduced to infer
frame-level anomaly scores from coarse labels. Common assumptions include temporal
sparsity and smoothness of anomaly scores, which are enforced through regularization.

Within this line of research, temporal structure emerges as a key source of in-
formation. Recent advances in self-supervised learning and consistency regulariza-
tion [246, 282, 42, 22] have shown that meaningful learning signals can be obtained by
enforcing invariance across different views of the same data. In sequential domains,
this principle can be extended by generating alternative views of a video sequence and
encouraging the model to produce consistent predictions across them.

Following this perspective, the work presented in this chapter introduces a regular-
ization strategy, based on consistency, tailored to video sequences. Instead of restricting
temporal smoothness to adjacent frames, consistency is enforced across temporally
distant but semantically related sub-sequences, leveraging temporal coherence as an im-
plicit supervisory signal. This formulation complements existing MIL-based objectives
and provides a principled way to exploit temporal structure under weak supervision.

The effectiveness of this approach is evaluated on the XD-Violence dataset [279],
demonstrating that temporal consistency can significantly improve frame-level localiz-

ation performance in weakly supervised anomaly detection settings.
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3.2 Related work

Traditional video anomaly detection relied on handcrafted features or object traject-
ories [55, 11, 118, 28, 185], but these approaches lack robustness to unseen scenarios,
motivating the shift to deep learning methods. Recent unsupervised methods use deep
autoencoders to model normality and detect anomalies via reconstruction error [93, 1].
Due to the scarcity of fine-grained labels, weakly supervised approaches based on
Multiple Instance Learning (MIL) [248] have become popular, using video-level labels
and constraints such as sparsity and smoothness, with attention mechanisms further
improving localization [320].

Temporal action localization methods are typically fully or weakly supervised,
with one-stage [166, 152] and two-stage [284, 302, 154] pipelines; proposal generation
uses anchors, sliding windows, or boundary detection [36, 78, 291, 238, 153, 154].
Weakly supervised temporal localization has been advanced by UntrimmedNet [265],
STPN [189], and AutoLoc [239], and recently adapted to anomaly detection [278,
171]. The approach presented in this chapter builds on the weakly supervised MIL
formulation, while introducing temporal consistency as an additional self-supervised

regularization signal.

3.3 Proposed method

In the following, we first present the proposed model and then its training objective.
The final part is dedicated to explaining the process of proposal generation, which
consists of a post-processing step grouping adjacent similar scores into contiguous

intervals.

3.3.1 Model

In our setup, each video is split into segments of 16 frames, with no overlap between
consecutive segments. To extract video-level features, some works [300, 33] combine 2D
CNNs and recurrent neural networks; instead, we feed each segment to a pretrained 13D
network [32]. Indeed, the authors of [128] have shown that I3D features can be effective
for video anomaly detection even when a shallow classifier such as XGBoost [41, 29] is
used for downstream classification. In our case, the I3D network is pretrained on the

Kinetics [114] dataset and not fine-tuned on our target data.
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Figure 3.1: Overview of the proposed framework. (left) Augmentation function sampling two
slightly different sequences out of a single one. The original sequence gets split into windows
and for each, we randomly sample a single feature vector. This is done twice to obtain two
sequences X and X P (right) Both sequences are separately fed to the model, obtaining two
sequences of attention weights A4 and Ap, pulled closer together by the alignment loss.

Each example is represented by a variable-length sequence of T feature vectors
X = (x1,29,...,27). During training, each example is associated with a label y
indicating whether an anomalous event appears in the sequence at least once. Hence,

given a training set of examples { (X}, yj)}N constructed as described above, we seek

=1
to train a neural network f(-; 8) that minimizes the empirical error:

N
mein % Zﬁcl(f(xi;9)7yi)a (31)
i=1

where L(-, -) denotes the binary cross entropy (BCE) loss. For the architectural design
of f(+; ), we took inspiration from [189]. It consists of two main parts, discussed in
the following paragraphs: namely, the computation of attention coefficients and the

creation of an aggregate video-level representation.

Attention coeflicients

The aim of this module is to assign a weight A; € [0, 1] to each element of the input
sequence. These weights will identify the most salient segments of the video i.e., the
likelihood of having observed an abnormal event within each segment. The module
initially performs a masked temporal 1D convolution [136] to allow each feature vector
to encode information from the past. Such a transformation, which does not alter the
number of input feature vectors, is followed by two fully connected layers activated by

ReLU functions, except for the last layer where a sigmoid function is employed.
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Video-level representation

Once we have the attention values, we exploit them to aggregate the input feature
vectors. Such an operation, which resembles a temporal weighted average pooling
presented in [204], produces a single feature vector with unchanged dimensionality;

formally:
T
x = Z AT (3.2)
t=1

We finally feed x to a classifier g(-), composed of two fully connected layers. The final

output represents the guess of the network for the value of y.

3.3.2 Training objective

As mentioned before, we train our network in a weakly supervised fashion, i.e., only
video-level labels are provided to the learner. However, to provide a stronger training
signal and to encourage attention coefficients to highlight salient events, we follow re-
cent work [27, 296] and use additional regularization terms that encode prior knowledge
about the dynamics of anomalous events.

Often, anomalous activities are characterized by sparsity and smoothness. Namely,
anomalies appear rarely (i.e., normal events dominate) and transitions between the
two modalities usually occur across multiple frames. This prior can be enforced on the
scores learned by the model: most of them should be close to zero and vary smoothly
across neighboring video segments. In formal terms, the first constraint is injected by

penalizing the /; norm [34] of the attention weights, as follows:
Lop = [ All1 (3.3)

while the second one can be carried out by imposing adjacent coefficients to vary as

little as possible:
T—1
Lsm = (>\t - )\t+1)2' (34)

t=1

Alignment loss

Our main contribution consists in adding a consistency-based regularization term to

the overall objective function. Overall, the idea is to generate two slightly different
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sequences out of a single one and, then, to encourage the model to produce the same
attention coefficients for the two inputs.

To do so, we introduce a data augmentation function, shown in Fig. 3.1, that allows
us to forge different versions X4 and A5 from the same example X'. In more detail,
we split each sequence (z1,x2,...,2r) into fixed-size blocks, whose length L is a
hyperparameter we always set to 3; afterward, we randomly choose a feature vector
within each block.

Once the variants X4 and X' have been created, we ask the network to minimize

the following objective function:

T
Lo=Y (M =2F), (3.5)

t=1

where A* and AP are respectively the attention coefficients computed by the network
for X4 and Xp. With this additional regularization term, we seek to enforce that not
only adjacent time-steps should have the same weight, but also those lying within a

wider temporal horizon.

Overall objective

Finally, the objective function will be:
L=Lyg+ Oéﬁsp + BLsm + Wﬁa, (3~6)

where the parameters «, /3, and 7 weight the regularization terms, and L; is the BCE

classification loss.

3.3.3 Temporal proposal

During inference, we refine the anomaly scores with a post-processing step. Often,
two segments considered important by the network are separated by “holes”, mostly
due to noisy acquisitions or weak representations. The purpose of this phase is to
merge temporally close detections into a single candidate. In particular, as in [315], we
first remove from the candidate set all time steps whose attention scores fall below
a threshold. The remaining non-zero scores are then used to generate the temporal

proposal.
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Video Level Segment Level ~ Frame Level Proposal Frame Level
AlignLoss AUC% AP% AUC% AP% AUC% AP % AUC% AP %
- 97.91 98.36  84.39 66.75 85.14 68.01 84.57 65.96
v 97.79 98.28 85.49 66.87 90.23 71.68 85.65 66.05

Table 3.1: Results of our model with and without the proposed alignment loss across different
evaluation levels and metrics. Leveraging the proposed term improves almost all metrics.

To generate the proposals, we do not use the raw coefficients, but a refined version
of them. In particular, we compute a 1D activation map in the temporal domain, called
the Temporal Class Activation Map (T-CAM) [315], which indicates the relevance
of segment ¢ for predicting one of the two classes involved (normal vs. anomalous).
Each value a; of this activation map is computed as a; = g(z;), i.e., the prediction of
the classifier ¢g(-) (introduced in Sec. 3.3.1) when the contributions of all time steps
except the ¢-th one are masked. Furthermore, we extract the weighted T-CAM, which
combines the attention weight and the T-CAM activation value, i.e., 1)y = A; - a;. This
operation lets us emphasize the most important features for generating the proposal.

The last operation involves interpolating the weighted scores in the temporal axis
and taking the bounding box that covers the largest connected component [189] to

generate the final proposal [315]. The anomaly score for each proposal is:

1 tend

S(tstarta tend) = ﬁ Z i, (3-7)
en star

t=tstart

where $(tstart, tend) denotes the anomaly score assigned to the proposal [tsiart, tend)-

3.4 Experiments

Following a weakly supervised setting, we use only video-level annotations during
training. During evaluation, we exploit the segment-level and frame-level ground truth
provided by XD-Violence [279] to assess the model’s ability to localize anomalous
events with fine temporal granularity. We evaluate anomaly detection performance

using AUC and AP, following standard practice.
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Supervision Method AP %
SVM baseline 50.78

Unsupervised OCSVM [227] 27.25
Hasan et al. [93] 30.77

Sultani et al. [248] 75.68

Weakly Wu et al. [279] 75.41
Supervised RTFM [253] 77.81
Ours 71.68

Table 3.2: We report the frame-level AP score on XD-Violence for both unsupervised and
weakly-supervised methods. All the competitors exploit the I3D network for extracting features
from RGB frames.

Training details

We use the Adam optimizer [120] with a learning rate of 10~* for the first 10 epochs
and 1075 for the remaining 40 epochs. The hyperparameters for the loss components
are set to v = 2 x 1078, 8 = 0.002, and v = 0.5. The threshold for discarding low
weighted T-CAM scores is set to 0.35, and the batch size is 8.

Results

Tab. 3.1 compares the baseline approach with and without the proposed alignment
objective. Adding the objective yields a remarkable improvement in most metrics. In
particular, we observe a gain of about 1% in AUC for the segment-level and frame-level
metrics, while AP remains almost unchanged. The largest improvement occurs for the
temporal proposal metric, where we gain 5 points in AUC and around 4 points in AP.
The video-level metrics remain approximately unchanged, but still very high.

When comparing our approach with other recent works (see Tab. 3.2), it can be
seen that it outperforms the unsupervised state-of-the-art methods; however, it is
in turn surpassed by the weakly supervised ones. We conjecture that such a gap is
mainly due to the bag representations inherent in these approaches, which could confer
superior robustness; therefore, we leave to future works the extension of our idea to
these methods.
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Figure 3.2: Qualitative examples of the capabilities of our model to perform anomaly localiza-
tion. The temporal proposal scores are indicated with a blue line, while the weighted T-CAM
scores and the ground truth are shown in green and red respectively.

Qualitative analysis

Fig. 3.2 presents several qualitative results, showing two fight scenes in the first row
and a riot and an explosion in the second. We observe that the scores increase when an
anomalous action begins. Unfortunately, they remain close to the uncertainty regime
(around a score of 0.5) and never move toward clear-cut decisions.

By inspecting the original videos, we can also explain why the scores produced by
the model are noisy and subject to local fluctuations. Sudden scene changes or camera
movements are often mistaken for real anomalies by the model, which is sensitive to
these visual discontinuities because segment-level annotations are unavailable during
training. By contrast, when the entire video sequence is considered, the model can

recognize them correctly.
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3.5 Conclusions

This chapter studied weakly supervised video anomaly localization through the lens of
temporal consistency. By introducing a consistency-based self-supervised regularization
term, the proposed approach exploits temporal coherence as an implicit supervisory
signal, complementing sparsity and smoothness priors commonly used in MIL-based
formulations.

While not designed to outperform specialized architectures, the results show that
enforcing consistency across temporally related views improves frame-level localization
and proposal quality. This confirms temporal consistency as a principled mechanism
for stabilizing learning under weak supervision and extracting fine-grained temporal
information from coarse labels.

At the same time, this formulation operates at the sequence level, assigning anomaly
scores to time steps without explicitly modeling the entities that generate the observed
dynamics. This limitation motivates a transition toward object-centric temporal learning.
Multi-object tracking addresses this complementary problem by enforcing temporal
coherence at the level of persistent object identities and trajectories, rather than frame-
level regularity. The following chapter builds on this shift by introducing probabilistic

tracking models that explicitly represent object persistence and temporal dynamics.



TrackFlow: Multi-Object Tracking

with Normalizing Flows

4.1 Multi-object tracking as conditional density

estimation

Multi-object tracking (MOT) provides an object-centric perspective on temporal learn-
ing. Unlike anomaly detection, which assigns scores to time steps by modeling devi-
ations from regularity, tracking aims to maintain persistent identities over time, despite
occlusions, missed detections, and clutter. This makes temporal coherence explicit at
the level of trajectories: a valid track is one whose motion and appearance remain
consistent across the sequence. This problem is central in applications ranging from
autonomous driving to visual surveillance that require reliable tracking under strong
ambiguity and crowding.

Modern trackers can be broadly categorized into tracking-by-detection, tracking-

Publication. Gianluca Mancusi, Aniello Panariello, et al. TrackFlow: Multi-Object Tracking with
Normalizing Flows. ICCV, 2023 [174].

Candidate contribution. Idea, methodology, implementation, experiments, and writing.
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by-regression, and attention-based end-to-end approaches [19, 12, 117, 74, 100, 162,
181, 286, 277]. In this chapter we focus on the tracking-by-detection setting, in which
detections are produced per frame and the challenge is data association across time.

Although tracking-by-regression and attention-based end-to-end approaches have
recently attracted significant interest, tracking-by-detection remains competitive thanks
to its simplicity, reliability, and the availability of accurate object detectors [83]. Mo-
tivated by these considerations, we strengthen tracking-by-detection algorithms by
enriching the information they typically leverage, i.e., the displacement between estim-
ated and actual bounding boxes [275, 312], with additional cues. Indeed, as shown by
several works on multi-modal tracking [46, 310], visual appearance is only one possible
source of information. Skeletal pose [51], depth maps [212, 58], and even thermal meas-
urements [132] can improve robustness because they encode a deeper understanding of
the scene. In particular, since humans move and interact in a three-dimensional space,
one goal of this work is to provide the tracker with the predicted distance from the
camera, thus resembling what is commonly referred to as “2.5D”. To achieve this, we
train a per-object distance regressor on MOTSynth [72], a synthetic dataset displaying
immense variety in scenes, lighting/weather conditions, pedestrians’ appearance, and
behaviors.

However, the fusion of multi-modal representations raises a key question: how
should the contribution of each input modality be weighted in the overall cost? This
is a crucial design choice, as it directly affects the subsequent assignment problem.
Existing works often resort to hand-crafted formulas and heuristics; for example,
DeepSORT [275] computes two different cost matrices and combines them through
a weighted sum. Notably, the authors of [212] build on a probabilistic formulation,
which recasts the cost ¢; ; as the likelihood of the event “the i-th detection belongs to
the j-th tracklet”. The task then becomes estimating a density function over correct
associations, termed inliers. We investigate whether data-association costs can be
learned as a conditional likelihood model, replacing hand-crafted fusion rules with a
single probabilistic score that adapts to track history and scene context. Although these
fusion strategies may appear reasonable, they hide several practical and conceptual

pitfalls:

« They introduce additional hyperparameters, which require careful tuning on a
separate validation set and hence additional labeled data.

« A single choice of these hyperparameters cannot fit different scenes perfectly, as



4.2 Related work

these typically display different dynamics in terms of pedestrians’ motion and
spatial density, the camera’s position/motion, and lighting/weather conditions.
Therefore, the right trade-off is likely to be scenario-dependent;

« Common approaches (e.g., a simple weighted summation) assume the input modal-

ities to be independent, thus overlooking their interactions.

We address these weaknesses through a dedicated parametric density estimator, termed
TrackFlow, which summarizes several input costs/displacements into a single score,
e.g., the probability that a specific detection D belongs to a particular track 7. To
approximate the underlying conditional probability distribution P(D € T'| T') over the
input costs, we draw on deep generative models, in particular normalizing flows [62,
63, 122]. These models provide a flexible and effective tool for density estimation.
Importantly, the module also relies on an additional context-level representation that
informs the model about scene-level characteristics. In this way, likelihood computation
is conditioned on cues that capture scenario-specific properties.

Extensive experiments on MOTSynth [72], MOT17 [183], and MOT20 [57] show that
the naive cost metric, i.e., the 2D intersection between predicted and candidate bounding
boxes, can be replaced by the score provided by our approach, with a remarkable
performance gain.

This chapter focuses on the formulation of multi-object tracking as a probabilistic
density estimation problem, in which data association is learned rather than handcrafted.
The objective is not to propose a universal tracking system, but to study how flexible
generative models can capture temporal dynamics and uncertainty in crowded scenes,

providing a principled alternative to heuristic association costs.

4.2 Related work

Most modern multi-object tracking methods follow the tracking-by-detection paradigm,
combining object detectors with hand-crafted motion and appearance models for data
association [275, 18, 312, 318, 169]. Recent works have explored learning data associ-
ation directly, either through end-to-end architectures or probabilistic formulations that
model uncertainty explicitly [14, 181, 301, 31]. These methods highlight the importance
of temporal modeling beyond deterministic matching,.

Normalizing flows have emerged as a powerful class of generative models for density

estimation in high-dimensional spaces [63, 218], and have recently been applied to
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Figure 4.1: Overview of the camera distance estimator. DistSynth predicts per-object distances
from a short video clip and serves as the distance estimation module within TrackFlow. We
further provide the centers of each bounding box as an additional input channel. After several
convolutional blocks processing each frame independently: (i) a temporal module is devised to
extract temporal patterns; (ii) the activation maps undergo the FPN branch, in order to preserve
local details. Finally, feature maps from distinct layers are stacked and passed to the Rol pooling
layer. The latter produces per-pedestrian vector representations, which we finally use to predict
the pedestrians’ expected distance y and uncertainty 2.

motion modeling and trajectory prediction [184, 116]. This chapter builds on these
ideas by using normalizing flows to model track dynamics and association likelihoods

in multi-object tracking.

4.2.1 Problem formulation

Let 7;_1 denote the state of a track up to time ¢ — 1, and let d; be a detection at time ¢.

Multi-object tracking can be formulated as estimating the conditional likelihood

p(dt | 7;71)7 (41)

which measures the compatibility between a detection and an existing track. Learning
this distribution enables data association to be performed by likelihood maximization
rather than heuristic cost design. In the remainder of the chapter, this likelihood is
instantiated as Py(D € T | T'), parameterized by a normalizing flow over association

cues.
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4.3 Method

Our architecture comprises two main building blocks:

« A deep neural regressor that, given a monocular image, estimates the distance of
each pedestrian from the camera (see Sec. 4.3.1). We called it DistSynth, as we
train only on synthetic images from MOTSynth [72].

« A deep density estimator, termed TrackFlow (Sec. 4.3.2), which has to merge
2D cues (e.g., the spatial displacement between bounding boxes) with the 3D

localization information obtained through DistSynth.

4.3.1 DistSynth: estimating per-instance distance from a

monocular image

As the output of the distance estimator is meant to further refine the association
cost between detections and tracks, it is crucial to handle temporary occlusions and
noisy motion patterns. Therefore, as discussed below, our model integrates temporal
information (e.g., a short collection of past frames) with visual cues to achieve smoother
and more reliable distance predictions.

In detail, the network is fed with a short video clip RITXCXWXH where T is the
clip length, C is the number of channels, and W and H are the frame width and
height. Since we are not interested in a dense prediction for the entire scene but in
pedestrian-level predictions, we ask the network to focus on a restricted set of locations,
namely those around the bounding boxes provided by an off-the-shelf detector such
as YOLOX [83]. To do so, we concatenate an additional channel to the RGB frames
representing the center of each bounding box.

The architecture mainly follows the design of residual networks [95] (in our ex-
periments, we used ResNet-34 pretrained on ImageNet [59]). Importantly, we apply
two modifications to the feature extractor to enhance its capabilities, discussed in the

following two sub-paragraphs.

Exploiting temporal information. While related works [319, 94] focus solely on
the last frame of interest, we propose to condition the predictions of camera distances
on a small window of previous frames, thus encompassing temporal dynamics. The
main goal is to provide a much more robust prediction when the target pedestrian is
partially or temporarily occluded in the current frame but visible in the previous ones.

In that case, his/her history would compensate and smooth the prediction. Therefore,
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we equip the backbone with a layer capable of processing the sequence of past feature
maps: precisely, a Convolutional Recurrent Neural Network, i.e., a ConvLSTM [237],
whose output is a single-frame feature map encoding all the history of past frames.
We insert such a module in the deeper layer of the network i.e., to the exit of the last

residual block of our backbone.

Improving spatial representations. Standard CNNs usually exploit pooling layers
to progressively downsample the activation maps. For classification, there is little
doubt that this operation provides advantageous properties (e.g., translation invariance,
high-level reasoning, etc.). For per-object distance estimation, however, we argue that
a strong reliance on pooling can be detrimental. In particular, for people far away
from the camera (i.e., those enclosed by tiny bounding boxes), pooling layers may
over-subsample the corresponding spatial regions, leading to a significant loss of visual
cues.

To avoid this issue, we equip the feature extractor with an additional branch based
on a Feature Pyramid Network (FPN) [155]. In practice, it begins with the encoding
produced by the temporal module, then proceeds in the reverse direction (i.e., from
deeper layers to those closer to the input), and restores the original resolution through
up-sampling layers and residual paths from the forward flow. Fig. 4.1 provides an

overview of the architecture.

Output and loss function. Once the feature maps have been processed through
the temporal module and the pyramid, we again exploit the bounding boxes and
perform Rol pooling [85] to obtain a feature vector for each pedestrian. The result is
a RVXHXKXK feature map, where NN indicates the number of detected pedestrians,
H the number of hidden channels, and K = 4 is the dimension of the Rol pooling
window. We process these feature maps through a multilayer perceptron (MLP), which
outputs the predicted distances. Finally, rather than producing a point estimate, we ask
the network to place a Gaussian distribution over the expected distance, thus obtaining
the model’s aleatoric uncertainty [17, 60]. In practice, this means yielding two values,
d = d,, and d,2, and optimizing the Gaussian Negative Log Likelihood (GNLL) [190],
as follows:

1 _ 2
GNLL(dtrue|d, dJZ) = 5 <10g(d02) —+ (dddtrue)> .
o2
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4.3.2 TrackFlow: modeling the density of correct associations

through normalizing flows

In a nutshell, the tracking-by-detection paradigm usually relies on the Kalman filter [244,

S S RS | . .
;T =[x, y;" ] of a certain pedestrian

j in the next ¢ + 1-th frame. The prediction f)z-‘H depends upon the set of previous

observations, contained in a short track 7 = [pé, pzfl, ceey p?lTlH] recording the

18] to estimate the next 2D spatial position p

past matched locations of the pedestrian j. Afterward, given a new set of detections
D; = [pi, Wi, h;] i =1,2,...,|D| (with w; and h; being the width and the height of
the bounding box respectively), the cost of a candidate association between D; and the
track T can be computed as the displacement A, = A, (T}, D;) between the predicted
location and the candidate one, i.e, A, = d(f)§-+1, p:)- In such a notation, d(-, -) stands
for any function penalizing such a displacement, as the Euclidean distance | \f)z*l —pill3.
Similarly, the variation of the sizes of the bounding box, i.e., Ay n = Ay 1 (T}, D;)
could be taken into account.

Furthermore, thanks to the regressor introduced in Sec. 4.3.1, we can also exploit
discrepancies in camera distance, Ay = d(afjt"'l7 d chf“
one-step-ahead distance for track T} and d; is the distance of candidate detection D;

i), where is the estimated
inferred through DistSynth. To ease the notation, from now on we denote T} and D;
simply as T" and D.

Once these costs have been computed (though additional cues could also be con-
sidered), we define an aggregated cost function ®(T,D) = f(A,, Ay h, Ag) that
jointly computes the cost of the candidate association D € T. Among the possible
approaches, we build on the probabilistic formulation proposed in [212] and define the

cost ® as the negative log-conditional likelihood:

O(T,D) = —log Py(D € T | T)
- log f([Ap7 Aw,ha Ad] | Ta 6)

In that formulation, the target conditional probability distribution Py(-) is parameter-
ized as a learnable function f(- | #), whose parameters  are optimized by maximizing
the likelihood of correct associations (often referred to as inliers). To simplify optimiza-

tion, the authors of [212] factorized the density above, assuming that each marginal
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distribution is independent, such that Py(D € T | T')  Pp Puw,n Pa. Therefore:
(I)(T, D) = — log ’Pgl (Ap) — log P92 (vah) — 1og P93 (Ad)

As discussed in the next subsection, we do not impose such an assumption but approx-
imate, via Maximum Likelihood Estimation (MLE), the joint conditional distribution

with a deep generative model f(- | T, 0).

Overview of the architecture

Among many possible choices (e.g., variational autoencoders [121], generative ad-
versarial networks [91] or the most recent diffusion models [102]), we borrow the
design of f(-|T,0) from the family of normalizing flow models [62, 218, 63]. Not-
ably, they provide an exact estimate of the likelihood of a sample, in contrast with
other approaches that yield a lower bound (as the variational autoencoder and its
variants [259, 254]). Moreover, normalizing flow models grant high flexibility, as they
do not rely on a specific approximating family for the posterior distribution. The
latter is instead a peculiar trait of the variational methodology, which may suffer if the
approximating family does not contain the true posterior distribution.

Briefly, a normalizing flow model creates an invertible mapping between a simple
factorized base distribution with known density (e.g., a standard Gaussian in our
experiments) and an arbitrary, complex and multi-modal distribution, which in our
formulation is the conditional distribution P(D € T | T') underlying correct associ-
ations. The mapping between the two distributions is carried out through a sequence
of L invertible and differentiable transformations g;(- | T') (with parameters 6;, omit-
ted in the following), which progressively refines the initial density through the rule
for change of variables. In formal terms, our proposal named TrackFlow takes the

following abstract form:
f([Avaw,h7Ad] IT,Q) :9510"'095109f1, (42)
where

forward pass : z; = g;(z;_1|T); 2z ~Pe(D €T |T)
inverse pass : zi_1=g, (2| T); 20 ~N(0, 1)
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are the forward pass (i.e, used when sampling) and the inverse pass (i.e., used to
evaluate densities) of TrackFlow. The model can be learned via Stochastic Gradient
Descent (SGD), by minimizing the negative log-likelihood on a batch of associations
sampled from the true P(D € T | T) (i.e., corresponding to valid tracks). The loss
function exploits the inverse pass and takes into account the likelihood under the base
distribution [125] plus an additive term for each change of variable occurred through
the flow.

Base architecture. Regarding the design of each layer g;(- | T'), we make use of several
well-established building blocks, such as normalization layers, masked autoregressive
layers [198], and invertible residual blocks [40]. In particular, our model features a
cascade of residual flows [9], which we preferred to other valuable alternatives (e.g.,
RealNVP [63]) in light of their expressiveness and proven numerical stability. For the
sake of conciseness we are omitting the inverse functions, but the overall representation

of the forward pass of the [-th block proceeds as follows:

residual block : 2z = MLP;(z;—1) + z;—1,
act. norm : z=s80z+1b,

masked auto. flow :  z; = MAF;(concat[z || e/]),

where ¢; refers to an auxiliary learnable representation discussed below, by which we

take into account the dependence on the external context (e.g., the track 7).

Context encoder

Dependence on temporal cues. As stated in Eq. 4.2, the inverse pass (but also the
forward one) of TrackFlow depends also on the observed track 7T'. By introducing such
a conditioning information, the model could learn to assign higher likelihood to the
candidate associations that exhibit motion patterns coherent with those observed in
the recent past. To introduce such an information, we take inspiration from [274, 228]
and condition each invertible layer on an additional latent representation e;, given by
a temporal encoder network ey, s.t. ¢; = e, (T") fed with the observed track 7'.
Importantly: (i) as advocated in several recent works [229, 8], we provide the
encoder network with relative displacements between subsequent observations rather
than absolute coordinates; (ii) regarding the design of the encoder network, it can be

any module that extracts temporal features (e.g., Gated Recurrent Units (GRU) [47, 228]
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or transformers [260, 184]). In this work, the context encoder follows a subset of the
Temporal Fusion Transformer (TFT) [151], a well-established and flexible backbone
for time-series analysis and forecasting. In particular, we start from the original
architecture and discard the decoding modules, retaining only the layers needed to
encode the previous time steps (referred to as “past inputs” in the original paper) of
track 7.

Dependence on scene-related visual information. Importantly, one of the main
issues we aim to address is the lack of adaptation to the scene under consideration.
Existing approaches typically use the same aggregated cost function for all conditions,
which we argue may clash with the variability expected in real-world settings. Since dif-
ferent scenarios may display substantial differences (e.g., night/day, camera orientation,
moving/stationary camera, etc.), some costs should be weighted differently.

To provide this signal, we further condition the estimated density f(-| T,6) ona
visual representation of the whole current frame. In particular, we exploit the variety
of MOTSynth [72] (comprising more than five hundred scenarios) and encode each
frame 2! through CLIP’s visual encoder [210], thus leveraging its well-known zero-shot
capabilities. On top of the extracted representations, we run the k-means algorithm and
split them into |C'|= 16 clusters, each of which represents an abstract hyper-scenario.

We then introduce the cluster index € as an additional conditioning variable:

f = f([Ap, Au,7h, Ad} ‘ T7 ¢ ,9) (4.3)

where & = argmin,_; ¢ || CLIP, (z") — ¢ |3, (4.4)

and ¢; are the |C| centroids retrieved through the k-means pass. Such a formulation also
allows inference on novel scenarios, unseen during the training stage. To practically
condition the model, we simply extend the context encoder ey, (-) to take an additional
learnable embedding emb;[¢] as input, s.t. e; = ey, (T, emby[¢]). In practice, in light of
the TFT [151] layout employed by our context encoder, it becomes natural to include
scene embeddings emb;[¢] as static covariates [151, 273] - i.e., something holding
time-independent information about the time-series. We kindly refer the reader to the
original paper [151] for all the important details regarding how the TFT uses covariates

to influence the forward pass of each layer.
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Normalization of the cost matrix

Once the density estimator f(-| T, € ,6) has been trained, we exploit its output to fill
the cost matrix ®(D;, T;). Following Bastani et al. [7], we apply a further normalization

step, defined as follows:

(D, T;) ®(D;,T;)
q)row _ € 3/ qjcol _ € 3/
= S e = S ey (4.5)
d(D;, T;) = min(®™(D;, T;), °(D;, T)). (4.6)

In practice, we compute softmax (smoothed through a temperature hyperparameter
o) along rows and columns of ®; afterward, we take the cell-wise minimum between
the two cost matrices. We finally pass the normalized cost matrix d to the Hungarian

algorithm for solving the associations.

4.4 Experiments

Experimental protocol. Datasets and evaluation metrics used in this chapter are
introduced in Chapter 2. Here we report only TrackFlow-specific protocol choices
(data cleaning, splits, and evaluation settings). Specifically, we evaluate on MOTSynth,
MOT17, and MOT20.

4.4.1 Evaluation metrics

We adopt the standard tracking and distance estimation metrics discussed in Chapter 2.
In addition, we introduce a dedicated metric, ALOE, to evaluate distance estimation
robustness under occlusions.

Tracking. We report IDF1 and HOTA following standard MOT evaluation practice.
Distance estimation. We report standard distance metrics (i.e., T-Accuracy, ALPq.,
Abs. Rel., Sq. Rel.,, RMSE, RMSE,,,) and introduce ALOE (Average Localization of
Occluded objects Error), which measures average absolute distance error restricted to
objects whose occlusion level falls within a specified range.

ALOE: Average Localization of Occluded objects Error (ours). Let d; be the
predicted distance and d$T the ground-truth distance for object 4, and let o; € [0, 1]
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Easy Hard All
Metrics HOTA1 IDF11T HOTA{1 IDF11 HOTA1 IDF11 HOTA{1 IDF17t
SORT [18] 63.48 79.40 50.31 62.11 37.48 45.13 48.42 59.05
+ TrackFlow GT +4.37 +7.41 +5.33 +9.09 +6.54 +10.88 +5.49 +9.62
+ TrackFlow +0.31 +0.97 +0.81 +1.63 +0.74 +1.56 +0.54 +1.22

ByteTrack [312] 63.22 80.84 49.91 62.46 37.61 46.15 48.21 59.79
+ TrackFlow GT  +3.76 +2.82 +5.47 +5.51 +5.08 +4.60 +4.75 +4.54

+ TrackFlow +0.13 +1.80 +0.47 +1.21 +0.88 +1.81 +0.49 +1.41
OC-SORT [30] 65.56 81.61 52.42 63.50 38.10 45.48 49.96 60.16
+ TrackFlow GT +2.41 +3.76 +4.88 +7.70 +6.18 +9.55 +4.67 +7.67
+ TrackFlow +0.44 +0.84 +0.60 +1.09 +1.17 +1.96 +0.31 +0.70

Table 4.1: Tracking results on MOTSynth. For each tracker, we report its extended version
using either our distance estimator (i.e., TrackFlow) and ground-truth distances (i.e., TrackFlow
GT). For a wider comparison, we also report two tracking-by-regression approaches.

MOT17 MOT20
Metrics HOTA+ IDF1+ HOTA1  IDF14
SORT [18] 64.17 72.98 60.56 74.30
+ TrackFlow +1.78 +1.41 +0.15 +0.22
ByteTraCk [312] 67.73 79.81 58.94 74.89
+ TrackFlow +0.40 +0.23 +0.54 +0.06
OC-SORT [30] 66.22 77.74 55.18 71.22
+ TrackFlow +0.35 +1.12 +0.53 +0.76

Table 4.2: Tracking results on the validation set of MOT17 and the train set of MOT20 [57].

denote its occlusion level. For an occlusion bin |71, 73] C [0, 1], we define:

1 .
ALOE[TllTQ] = Z |dz - diGT|, Iq—1¢7-2 = {Z ‘ 0; € [Tl,’TQ]}. (47)

|I7' T | X
BT, iy

This metric isolates failure cases that are underrepresented by aggregate errors, high-
lighting whether temporal modeling stabilizes distance predictions during partial and

severe occlusions.

Implementation details. We feed the distance estimator with video clips of 6 frames,
sampled with a uniform stride of length 8; this way, each clip lasts approximately 2
seconds. We adopt 1280 x 720 as input resolution, thus further preserving the visual

cues. We set the batch size to 4 and use Adam [120] as the optimizer, with a learning
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ALP ¢ ALOE |
Method dc1257 RMSE] @05m @lm @2m [0.3:0.5] [0.5:0.75] [0.75:1.]
SVR 26.7% 12,5 34%  6.8% 13.8% - - -
DisNet [94] 27.5% 12.1 38%  75% 14.6% - - -
Zhuetal. [319]  94.7% 2.15 345% 562% 78.5% 178 1.95 2.03
DistSynth 99.1% 1.91 480% 68.9% 86.1%  1.39 141 1.78

Table 4.3: Comparison of various distance estimators on MOTSynth [72]. Our DistSynth
exhibits superior performance across all the metrics reported. We highlight the enhancements
observed in terms of ALOE, confirming an improved ability to withstand occlusions.

34|-®- Zhuetal. 5
-@- Ours * ,‘
< 1 :(‘ /
/0/’ 1{#
L 4
[0,101  [10,20]  [20,30]  [30,100] [0.0,03] [03,05] [05 075 [0.75,1.0]
True distance [m] Occlusion %

(@) (b)

Figure 4.2: The ALE metric and the proposed ALOE metric are evaluated on MOTSynth.
Specifically, (a) our approach reduces ALE within the reported distance range shown in the plot,
and (b) our method displays increased stability during occlusion events, resulting in superior
performance, which can be attributed to our temporal approach.

rate of 5 X 1072, The density estimator, on the other hand, is trained with a batch size
of 512 and Adam [120] with learning rate 1 x 10~2. The normalizing flow consists of
16 flow blocks, each comprising 64 hidden neurons. For context conditioning, we fix
the number of observed past observations to |T'|= 8 and the number of visual clusters
to C' = 16. Unless otherwise specified, both networks are trained only on synthetic
data (i.e., the training set of MOTSynth); we leave the question of transfer learning

strategies to future work.

4.4.2 Impact on tracking-by-detection

In this section, we empirically show that our proposed method, applied to popular
state-of-the-art tracking-by-detection techniques, improves upon the MOTSynth and
the MOTChallenge benchmarks (see Tabs. 4.1 and 4.2).

On MOTSynth, we focus on three trackers (i.e., SORT [18], Bytetrack [312], and OC-

SORT [30]) and adhere to the following common evaluation pipeline: (i) we compute
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predicted bounding boxes through YOLOX [83]; (ii) as our approach requires an estimate
of per-pedestrian camera distances, we exploit YOLOX bounding boxes by providing
them to the distance estimator DistSynth (Sec. 4.3.1); (iii) we finally integrate our density
estimator TrackFlow into the pipeline of each tracker, applying the normalization
described in Sec. 4.3.2 before the Hungarian algorithm.

Additionally, we report an upper bound termed TrackFlow GT (i.e., ground-truth).
Like standard TrackFlow, it relies on YOLOX detections to compute 2D displacements,
but it leverages ground-truth distances (available in MOTSynth) instead of DistSynth
predictions. This allows us to assess the potential of TrackFlow under near-perfect
distance estimates. From a methodological standpoint, this comparison isolates the
contribution of the distance signal from the rest of the association pipeline, since
the detection backbone and the motion cues are left unchanged. The gap between
TrackFlow and TrackFlow GT can therefore be interpreted as an estimate of the room for
improvement that could be unlocked by more accurate monocular distance prediction.

We provide the results of this comparison in Tab. 4.1. Our results indicate that
TrackFlow enhances the performance of the considered trackers on all MOTSynth
splits, i.e., easy, moderate, and hard, highlighting the benefits of our method across
three levels of complexity. The improvements are substantial when ground-truth
distances are employed as expected; nevertheless, a consistent gain is also observed
when leveraging estimated distances, leading to improved identity accuracy reflected
by a steady enhancement of the IDF1 metric.

As reported in Tab. 4.2, the evaluation on the MOT17 and MOT20 benchmarks
further shows that TrackFlow consistently improves the considered trackers in even
more realistic scenarios (notably, SORT benefited the most from our approach). While
evaluating on the MOT20 benchmark, we rely on the same YOLOX [83] model employed
for MOT17. This particular YOLOX model was trained on two distinct datasets, namely
CrowdHuman [235] and the initial half of MOT17, which aligns with the training
methodology adopted in ByteTrack [312].

As mentioned above, both TrackFlow and DistSynth have been trained solely on
synthetic data without additional fine-tuning, yet still achieve competitive results on
real data. This suggests that the geometric cues learned by our framework transfer
reasonably well across the synthetic-to-real domain gap, despite the evident differences
in appearance and scene statistics. This finding opens the door to future research on

how components such as camera distance can be used to advance multi-object tracking.
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4.4.3 Distance estimation: comparison with the state of the art

To assess the merits of the proposed distance estimator, we compare it with baselines
and valid competitors from the current literature. We report the results of such a

comparison in Tab. 4.3.

Comparison with Support Vector Regressor (SVR). SVR consists of a simple
shallow baseline based on a support vector regressor, which exploits the dimensions
of the bounding boxes (i.e., height and width). Through the comparison with such a
naive approach, we would like to emphasize the gap w.r.t. the bias present in the task
at hand i.e, the smaller the bounding box, the farther the pedestrian from the camera.
As expected, the SVR approach yields low performance w.r.t. our method, due to its

inability to generalize to objects with different aspect ratios.

Comparison with DisNet. DisNet [94] consists of an MLP of 3 hidden layers, each
of 100 hidden units with SeLU [124] activations. The network is fed with the relative
width, height, and diagonal of bounding boxes, computed w.r.t. the image dimension;
these features are then concatenated with three corresponding reference values (set to
175 cm, 55 cm, and 30 cm). As can be seen, the improvements of DisNet are marginal
w.r.t. SVR, but its results are substantially lower than those obtained by both Zhu et al.

and our approach.

Comparison with Zhu et al.. The model proposed by Zhu et al. [319] shares some
similarities with our approach, as it relies on ResNet as feature extractor and Rol
pooling to build pedestrian-level representations. However, thanks to the additional
modules our model reckons on (i.e., the temporal module and the FPN branch), it is
outperformed by our approach under all the considered metrics. Our advancements

concerning ALE and ALOE, compared to Zhu et al., are illustrated in Fig. 4.2.

4.4.4 Analysis of TrackFlow

We next examine the advantages of conditioning our density estimator on scene inform-
ation. To do so, we focus on a single tracker (i.e., SORT) and compare how its tracking
performance changes if the context encoder of TrackFlow (see Sec. 4.3.2) considers
only time-dependent information about the tracks, thus discarding the scene-related
visual information provided through cluster centroids ¢;. From the results reported
in Tab. 4.4 (second and third rows), it can be observed that visual conditioning (i.e., the
row marked with v') leads to a lower negative log-likelihood on both the MOTSynth
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MOTSynth MOT17
cond. NLL | NLL| HOTAt IDF11
SORT [18] - - - 64.17 7298
TrackFlow X -1.48 5.66 6534 7477
TrackFlow v -1.80 581 6595 7571
TrackFlowppr X -0.10 729 6594 7597
TrackFlowgp v/ -0.12 750 6570 76.22

Table 4.4: For MOT17, ablative study w/o scenario-level conditioning (cond.) and w/o fine-
tuning (TrackFlowgT). Performance is reported in terms of negative log-likelihood (NLL) and
HOTA/IDF1 for the evaluation of the resulting tracker.

and MOT17 validation sets, as well as better HOTA and IDF1 results on MOT17. We
interpret these findings as confirmation of the benefits of designing a cost function
that is aware of the scene.

Finally, we note that only synthetic data were used to train our models. One
might ask whether additional fine-tuning on real-world data could help. To shed light
on this question, we select the best-performing model obtained on MOTSynth and
carry out a final fine-tuning stage on the MOT17 training set for a further 20 epochs
with a lower learning rate. We report the performance of the resulting model (i.e.,
TrackFlowgT) without visual conditioning. Two major findings emerge from the last
two rows of Tab. 4.4: (i) as in the frozen-model setting, the introduction of visual cues
leads to better results (with the only exception of HOTA on MOT17); (ii) in general,
additional training steps can profitably adapt TrackFlow to real-world scenarios, as
confirmed by both the lower negative log-likelihood attained after fine-tuning (-7.50,
compared with -5.81 before fine-tuning) and the higher tracking results.

4.5 Conclusions

This chapter framed multi-object tracking as a problem of probabilistic temporal learn-
ing, in which the core operation is data association conditioned on track history and
contextual cues. Instead of relying on hand-crafted fusion rules, TrackFlow learns a
single likelihood-based association score via normalizing flows, integrating standard
2D motion cues with monocular distance estimates produced by DistSynth.
Experiments on MOTSynth, MOT17, and MOT20 demonstrate that replacing heur-
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istic association costs with a learned conditional likelihood consistently improves
identity preservation and overall tracking quality. Beyond aggregate performance
gains, the proposed ALOE metric reveals that explicit temporal modeling stabilizes
distance estimates under occlusions, exposing failure modes that are often masked by
conventional error measures.

More broadly, the results of this chapter support a central theme of this part:
temporal coherence constitutes a powerful learning signal, and probabilistic modeling
provides a principled mechanism for converting temporal structure into robust decision
rules. By explicitly modeling identity persistence, motion regularity, and association
likelihoods over time, TrackFlow shows how temporal structure can be exploited to
resolve ambiguity at the level of observations, even in the presence of noise and partial
visibility.

More broadly, these findings suggest that temporal coherence alone is not the only
useful signal in video understanding. Once identity persistence is modeled reliably,
geometric information becomes essential for resolving ambiguity under occlusion and
viewpoint change.

The next chapter builds on this shift from temporal persistence to structured geo-
metry by studying monocular per-object distance estimation. Rather than associating
objects across frames, it focuses on learning object-centric representations that support

robust geometric reasoning in dynamic scenes.






Monocular Per-Object Distance

Estimation via Object-Centric
Masked Modeling

5.1 Object-centric geometry as a complement to

temporal learning

The previous chapter addressed temporal learning in video through object persistence:
given a stream of detections, tracking aims to maintain coherent identities over time
by exploiting motion, appearance, and temporal continuity. However, object-centric
reasoning in video is not only about who is present and where they move, but also about
how the scene is structured geometrically. In crowded scenes and under occlusions,
geometric cues such as distance-to-camera help disambiguate interactions, enforce

physically plausible associations, and stabilize predictions when appearance and motion

Publication. Aniello Panariello, et al. Monocular Per-Object Distance Estimation with Masked Object
Modeling. CVIU, 2025 [196].

Candidate contribution. Idea, methodology, implementation, experiments, and writing.
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become unreliable.

In this chapter, we study monocular per-object distance estimation, i.e., predicting
a metric distance value for each object instance given a single RGB frame (and its
bounding box). Although related to dense depth estimation, per-object distance es-
timation is a targeted alternative that focuses computation on objects of interest and
remains meaningful even under partial visibility. This makes it particularly relevant
for downstream video understanding pipelines, in which object-level signals must be
robust to occlusions, viewpoint changes, and domain shifts.

Beyond distance prediction itself, the chapter is motivated by a broader question
that will recur throughout the dissertation: how can we learn object-centric representa-
tions that are stable and reusable under distribution shifts, without relying on expensive
retraining? To this end, we introduce a masked learning objective tailored to multi-
object settings, designed to regularize object representations by forcing models to
reconstruct informative object regions from partial observations.

Recently, Masked Image Modeling (MiM) has become a dominant strategy for
representation learning, in which models are trained to reconstruct missing content
from partially observed inputs (e.g., MAEs [97]). While effective for learning global
representations, standard masking strategies are not naturally aligned with multi-object
downstream tasks: masking is applied on the full image grid, and reconstruction tends
to be dominated by frequent background patterns. As a result, the learned features may
under-emphasize fine-grained object cues that are critical for instance-level predictions
such as distance.

To address this limitation, we propose Masked Object Modeling (MoM), a mask-
ing strategy skewed toward instance-level representation learning. Instead of masking
raw image patches, we defer masking until after region-based extraction and apply
it independently to each object representation. The decoder is trained to reconstruct
only the object region, and the reconstruction objective is jointly optimized with the
supervised distance loss using a shared backbone. This design (i) focuses learning on
object-relevant details, (ii) acts as a strong regularizer under occlusions, and (iii) yields
representations that transfer more reliably across domains.

We incorporate MoM into a hybrid architecture termed DistFormer, combining
convolutional feature pyramids for high-resolution feature extraction with transformer
blocks for object-level reasoning. DistFormer predicts a distribution over distances,
enabling uncertainty-aware estimates in ambiguous conditions. We validate the ap-
proach on KITTI [84], NuScenes [26], and MOTSynth [72], showing consistent gains
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in accuracy and robustness, including synthetic-to-real transfer.

Conceptually, this chapter completes the perspective of Part I by complementing
sequence-level temporal regularity (anomaly detection) and identity-level temporal
coherence (tracking) with an object-centric geometric signal. Importantly, it also an-
ticipates later parts of the dissertation: the instance-level masked objective shows
how structured self-supervision can produce reusable components, a theme that will
reappear when knowledge is preserved across tasks (Part II) and composed across

models through parameter-space operations (Part III).

5.2 Related work

Estimating object distances from a single RGB image (i.e., monocular distance estima-
tion) is a crucial task for many computer vision applications [3, 86, 214, 87, 213, 138, 319,
94]. A first family of methods performs per-object distance estimation from geometry
alone, without exploiting visual features. Among them, the Support Vector Regressor
(SVR) [89] finds the best-fitting hyperplane from bounding-box geometry, while In-
verse Perspective Mapping (IPM) [173, 217] converts image points to bird’s-eye-view
coordinates. However, IPM introduces image distortion, making distance prediction
harder for far objects or curved roads.

Successive methods [94, 89] use deep networks on bounding-box geometry, improv-
ing upon purely algorithmic techniques but remaining limited across object classes: a
car and a person with similar boxes can be at very different distances. Zhu et al. [319]
addressed this issue with a Faster R-CNN-inspired architecture [216] that extracts
visual features through RoIPool [85], while DistSynth [174] further leveraged multiple
frames to improve temporal consistency.

A different line of work is monocular per-pixel depth estimation [71, 87, 138, 213,
147], which predicts a depth map from a single RGB image. Representative approaches
use cascaded networks [71] or multi-resolution depth maps [138]. However, these
methods are computationally expensive and difficult to deploy in real-time systems such
as autonomous driving, and converting depth maps into object distances is nontrivial
in the presence of occlusions and loose bounding boxes. Our approach instead is lighter

and can predict distance for partially occluded objects.
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Figure 5.1: Overview of DistFormer. The image passes through the Contextual Encoder and
Rol extraction to obtain per-object representations, which are then processed by the Local and
Global Encoders. Finally, we predict a Gaussian distribution modeling distance and uncertainty.

5.3 Method

DistFormer, shown in Fig. 5.1, includes three main modules: the Contextual Encoder,
the Local Encoder, and the Global Encoder. First, the Contextual Encoder f(x;6;)
(Sec. 5.3) produces a feature map from an image x, encoding visual features. This
network is a CNN equipped with a Feature Pyramid Network [155], which extracts
high-level features while retaining fine-grained details.

Secondly, given the bounding box for each instance, we extract per-object repres-
entations with standard region-based pooling to obtain a structured grid of activations
for each target object, denoted as latent patches (or tokens). Then, we apply our
masking strategy to these latent patches, treating each instance independently. Un-
masked tokens are fed to the Local Encoder LE(f(-); 1) (Sec. 5.3), which further
enhances local visual reasoning and promotes the extraction of localized fine-grained
details. Specifically, it performs self-attention between latent patches of the same object,
disregarding other objects. Notably, the Local Encoder interacts with the Decoder
network and, based on that, receives a self-supervised training signal (MoM, Sec. 5.3.1).

Unlike standard MAEs, our approach jointly optimizes the pretext and downstream

tasks (i.e., multi-target distance estimation) in a single training stage. In this context,
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there is a third and final component, the Global Encoder (Sec. 5.3), trained to predict
object distances. Since our task benefits from modeling mutual distances, the Global
Encoder applies self-attention to representations from distinct objects.

This multi-object analysis also plays an essential role in human perception, as stated
by the adjacency principle [88]. Indeed, an object’s apparent size or position in the field

of view is determined by the size and distance cues provided by adjacent objects.

Contextual Encoder. We feed our backbone f with an RGB frame x € R¢>*xW
where C is the number of channels and (H, W) are the frame resolution. We adopt
a CNN as our backbone, specifically we use ConvNeXt pre-trained on ImageNet-
22k [95, 165]. While convolutional networks offer benefits such as translation invariance
and hierarchical reasoning [130], the pooling layers and other resolution reduction
techniques can hinder distance estimation, as distant objects may be represented by
only a few pixels.

To avoid such shortcomings, we employ Feature Pyramid Networks (FPN) [155],
similar to previous works [174, 135, 39, 289]. FPN-based networks consist of a forward
branch for downsampling and a backward branch that progressively upscales the
output. The backward branch utilizes Lateral Blocks (LB) to upscale the feature maps

from the forward pass, concatenated into a single feature map.

Local Encoder. Next, the goal is to extract fixed-size latent representations, one for
each object. To do so, we start from the feature maps processed by the Contextual
Encoder and then apply the RolAlign [96] operation', which extracts the portions of
the feature map covered by the target objects. Denoting by /N the number of bounding
boxes, this operation yields feature vectors Fjic1,... N} € Rexhxw where c is the
number of channels of the feature map and (h,w) are the dimensions of the Rol
quantization (8 x 8 in our experiments).

To better encode information about the target object, we employ a module termed
Local Encoder (LE), which consists of the final 6 layers of a pretrained ViT-B/16
model [64]. To feed it, we rearrange the feature map of each object F; into a vec-
tor — i.e, REX(hxw) _ Rex(hw) _ treating each cell of the activation map as a token.
The LE then performs self-attention on the object’s tokens. This operation aims to
encode informative intra-object features and to encourage the model to focus on the

most critical portions of the object, e.g., the non-occluded ones.

!Compared to RolIPool, commonly used in this task [319, 146], RolAlign avoids misalignments thanks to a
more accurate interpolation strategy.
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IRRiR

Figure 5.2: Corresponding reconstructions
from the Decoder trained with + MoM .

Masking Time FLOPs RMSE

DistFormer

+ all tokens  67.6ms 380G  2.87
+ mask 30% 66.5ms 360G  2.89
+mask 50% 65.2ms 345G 291
+ mask 80% 64.4ms 330G  3.14

Table 5.1: Computational cost ana-
lysis on KITTI (all classes).

Global Encoder. Since the Local Encoder is based on ViT layers, it outputs & -w tokens
for each bounding box, which we aggregate along the token axis through global average
pooling - Re*(»w) _ ReX1 _ to obtain a single representation. This representation is
fed to the Global Encoder (GE), structured as a two-layer ViT architecture. Its function
is to improve the modeling of inter-object relationships within the scene. Similarly
to the Local Encoder, the Global Encoder employs multiple layers of attention-based
operations. However, it performs self-attention between tokens corresponding to
different objects. This operation enables each token to integrate information from other
objects, including partially occluded ones. Consequently, each object representation in

R€ is passed to a Multi-Layer Perceptron (MLP) to predict its distance.

5.3.1 Masked object modeling (MoM)

We devised a self-supervised learning approach called Masked Object Modeling
(MoM) in our architecture. During training, only 50% of the input tokens are fed into
the Local Encoder. Subsequently, we employ a two-layer Decoder network D(-,0p)
to reconstruct only the input image area covered by the bounding box. As in original
MAE:s [97], the unmasked tokens are taken directly from the encoder output, while a
learned control token substitutes the absent masked tokens. Finally, the Masked Object
Modeling (MoM) objective is:

‘CMOM = ]E(Xi;]:i)GX [”D(LE(]:% GLE)v GD) - X1||§] s (51)

where x; is the i-th object image portion and &’ is the whole set of target objects.

Overall objective. Given the intrinsic uncertainty of the task, we opt to predict a
Gaussian distribution over the expected distance instead of providing a point estimate.

The mean of the distribution represents the distance, while its variance is the model’s
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aleatoric uncertainty [17, 60], which refers to the inherent noise contained in the
observations. To do so, the MLP mentioned in Sec. 5.3 outputs two scalars for each
object; the supervised part of the training signal is then obtained by minimizing the
Gaussian Negative Log Likelihood (GNLL) [190] of the ground-truth distances. The
final objective combines Eq. 5.1 with the GNLL:

L = alvom + LoNLL, (5.2)

where « is a hyperparameter balancing the importance of the MoM objective.

MoM acts as an object-level feature regularizer. Adopting the MoM objective
provides several noteworthy advantages, as discussed below. In Sec. 5.4.3, we demon-
strate its efficacy in enhancing zero-shot capabilities, synthetic-to-real transfer, and
robustness to noisy bounding boxes. In this respect, we argue that our masking strategy
encourages the Local Encoder to focus on more stable cues. To support this claim,
we report examples of reconstructions in Fig. 5.2: the decoder appears to exclude
non-essential details (e.g., colors) that are irrelevant to distance estimation. There-
fore, by prioritizing task-related cues, our model gains resilience to unexpected and

unimportant visual variations, which are particularly problematic under domain shift.

MoM allows flexible inputs. Applying MoM enables us to reduce the number of
latent tokens provided to the Local Encoder. Significantly, this reduction can be applied
not only during training but also at inference time. As reported in Tab. 5.1, leveraging
masking at inference reduces both wall-clock time and memory footprint while still

producing accurate distance estimates (— low root mean squared error).

5.3.2 Comparison with related works

In Sec. 5.2, we pointed out similarities with dense depth estimation, which focuses on
predicting depth maps of images. For example, works such as [147, 138, 213, 292] com-
monly employ end-to-end transformer architectures. Nevertheless, there are several

distinctions:

+ Memory. We defer self-attention layers until the Region of Interest (Rol) stage,
applying self-attention only to targets instead of processing the entire input patch
set. This leads to a significant reduction in memory footprint: while methods such
as [147] demand 8 V100 GPUs for training, our method requires only a single 2080

Ti GPU with the same batch size, aligning with sustainability constraints.
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MOTSynth NuScenes
Method ABS| SQl RMSE] dc1957 ABS| SQl RMSE] 6.q.0571
SVR 54.67% 6.758  12.61  26.08% 57.65% 1048  19.18  32.49%
DisNet 8.73% 0266 2507  94.15% 18.47% 1.646 8270  76.60%
Zhu et al. 4.40% 0.116 2131  98.71% 14.95% 1.244 7507  84.54%
DistSynth 3.71% 0.073 1567  99.13% - - - -
Monoloco' 3.59% 0.064 1488  99.69% - - - -
DistFormer (no MoM)  3.36% 0.046 1152  99.31% 11.16% 0.807 6363  91.10%
DistFormer (+MoM)  2.81% 0.037 1.081 99.70% 8.13% 0.533 5.092 95.33%

Table 5.2: Comparison on the NuScenes and MOTSynth datasets. (1) Uses GT poses.

« Speed. Moreover, in our approach, the number of tokens for self-attention depends
on the number of objects in the frame, thus enhancing scalability and flexibility (as

discussed in Sec. 5.4.2).

« Adaptability. Due to its decoupled design, which separates detection from distance

estimation, our model can easily adapt to new detectors.

Flexibility. Per-object distance estimation enables predicting distances for partially

occluded objects, a critical task for tracking and autonomous driving.

Regarding the accuracy in estimating distances, we will report the results of a current
state-of-the-art dense depth estimator such as Depth Anything V2 [292] in Tab. 5.3.

5.4 Experiments

5.4.1 Experimental setting

Evaluation Setting. We adhere to the widely adopted benchmark [319, 94, 112,
174, 146]. Namely, the model is supplied with ground truth bounding boxes (or poses)
during inference, along with the input image, to disentangle the detector’s performance

from the distance estimator’s.

Metrics. We rely on standard metrics for per-object distance estimation [71, 319,
80, 240, 158, 174], such as 7-Accuracy (J.) [134] (i.e., the maximum allowed relative
error), the percentage of objects whose relative distance error falls below a threshold
(< k%) [146], and classical error metrics [319]: absolute relative error (ABS), square
relative error (SQ), root mean squared error in linear space (RMSE), average localization
error (ALE), and average localization of occluded objects error [174] (ALOE).
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Method ABS | SQJ RMSE | dc105 T
SVR 147.2% 90.14 24.25 37.90%
IPM 39.00% 274.7 78.87 60.30%
DisNet 25.30% 1.81 6.92 69.83%
Zhu et al. 54.10% 5.55 8.74 48.60%
+ classifier 25.10% 1.84 6.87 62.90%
DepthAnythingV2-B 27.37% 2.39 6.11 72.10%
DepthAnythingV2-L 27.22% 2.32 5.65 74.33%
DistFormer-RN 11.40% 0.39 3.42 91.98%
DistFormer (no MoM) 10.61% 0.34 3.17 93.43%
DistFormer (+MoM) 10.39% 0.32 2.95 93.67%

Table 5.3: Evaluation on KITTI, following the setting in [319].

Baselines. Our comparison includes geometric methods, i.e., SVR [89], IPM [257],
DisNet [94], and Monoloco [17], which exploits human pose to infer distance, as well
as feature-based methods, i.e, Zhu et al. [319], CenterNet [70], PatchNet [172], Jing
et al. [112], and DistSynth [174].

Experimental details. We train every approach with ground-truth bounding boxes
except Monoloco [17], which is trained with ground-truth human poses. For the
experiments involving NuScenes and MOTSynth, we use the same ConvNeXt backbone
for all methods, which operates on full-resolution images and extracts object features
via RolAlign with an 8 x 8 window. Tokens are randomly masked with a 50% ratio
before the Local Encoder, which consists of the last six layers of a ViT-B/16 pretrained
on ImageNet. The MoM decoder and the Global Encoder are two-layer transformer
encoders with eight attention heads. Since the code bases of the other competitors are
unavailable for KITTI, we also provide results with a ResNet-50 (the DistFormer-RN
row) to ensure a fairer comparison. We train end-to-end on an NVIDIA 2080 Ti for 24

hours on NuScenes and MOTSynth and for 6 hours on KITTI, applying early stopping.

5.4.2 Distance estimation

Tabs. 5.2 and 5.3 present the results of our approach and previous work. Results on
KITTI (Tab. 5.3) are taken from the respective papers (apart from DepthAnythingV2),
while we implemented the other methods from scratch for NuScenes and MOTSynth

(Tab. 5.2). We draw the following overall conclusions, which we expand below: (i)
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MOTSynth KITTI
ALE | ALOE | ALE | ALOE |

Method 0m-100m 30-50 50-75 75-100  Om-100m 30-50 50-75 75-100
Zhu et al. 1127 129 144 157 2084 186 219 221
DistSynth 0835  1.08 115 141 - - - -
DistFormer 0675 081 088  1.07 1909 176 200  2.12
No Global Enc. 0711 086 096 113 1994 192 194  2.03
+ MoM 0617 076 0.85 0.99 1854 171 189 194

Table 5.4: ALE and ALOE comparison on KITTI and MOTSynth (using ConvNeXt).

DistFormer achieves competitive or state-of-the-art performance on the three datasets
under consideration; (ii) notably, adding the MoM objective ( + MoM ) further improves
the accuracy of our approach with a consistent gain. In Sec. 5.4.4, we analyze this
evidence through ablation studies to disentangle the contribution of the components
involved in DistFormer.

NuScenes presents unique challenges due to its dynamic scenarios, complex traffic
situations, and distances up to 150 meters. Despite these challenges, our proposed
approach demonstrates robust performance, achieving state-of-the-art results across all
metrics. The MOTSynth dataset, instead, focuses on the pedestrian class. However, its
extensive range of landscapes and viewpoints renders it a comprehensive benchmark.
In Tab. 5.2, our proposed method shows a remarkable -27% in RMSE w.r.t. Monoloco
and -49% w.r.t. Zhu et al..

Regarding KITTI (Tab. 5.3), we report the average results (All) on the three classes
examined (i.e., cars, pedestrians, cyclists). Our approach surpasses the state-of-the-
art across all classes, except for the car class, which is on par. In this respect, we
remark that the methods matching our performance leverage multiple input frames
(e.g., Jing et al. [112]), or they are designed to handle the class car. In contrast, our
approach generalizes over all classes without further adjustments. We also tested Depth
Anything V2 [292] on KITTI using the original pretrained weights for metric depth
estimation. Our method outperforms it in object-level distance estimation, underscoring
the difference between per-object and dense distance estimation tasks. Additionally, our
model (= 195 M parameters) runs 6 X faster than the Base version (= 97M parameters)

and 20X faster than the Large version (= 3350 parameters) on the same GPU.

Long-range evaluation. We further evaluate performance on pseudo long-range

subsets of KITTI and NuScenes [146], focusing on objects beyond 40 meters in Tab. 5.5.
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Dataset Lower is better Higher is better
Method (LongRange) LiDAR ABS SQ RMSE <5% <10% < 15%
DisNet KITTI - 10.6%  1.55 104  37.1%  65.0% 77.7%
Zhu et al. KITTI - 87%  0.88 7.7 39.4%  65.8% 80.2%
Zhu et al. KITTI v 89% 097 8.1 41.1%  66.5% 78.0%
R4D KITTI v 7.5%  0.68 6.8 46.3%  72.5% 83.9%
Ours KITTI = 5.2% 0.22 3.3 56.3% 88.3% 97.3%
DisNet NuScenes - 10.7%  1.46 105  29.5% 58.6%  75.0%

Zhu et al. NuScenes 8.4%  0.91 8.6 403%  66.7% 80.3%

Zhu et al. NuScenes e 9.2%  1.06 9.2 37.7%  63.5% 77.2%
R4D NuScenes v 7.6% 0.75 7.7 44.2% 71.1% 84.6%
Ours NuScenes - 7.3% 0.65 6.8 47.3% 75.4% 88.6%

Table 5.5: Comparison on the Pseudo Long-Range KITTI and NuScenes datasets. Here < k%
is accuracy below k% error.

Without additional tuning, DistFormer remains competitive and consistently outper-
forms methods requiring auxiliary sensors, highlighting the benefit of modeling global

inter-object relations via self-attention.

5.4.3 The impact of masked object modeling

MoM enhances transfer learning. In Sec. 5.3.1, we conjectured that our masking
strategy encourages the Local Encoder to prioritize the most consistent patterns (e.g.,
shapes, but not appearance styles). This enables the model to suppress input variations
that do not contribute valid information for estimating the distance of target objects.
This reduced sensitivity to unimportant variations is advantageous in the case of
domain shifts, as it enhances the robustness of the final distance predictor.

To investigate this aspect, we assess the model under domain shift, moving from
a synthetic scenario (i.e., MOTSynth) to real-world ones (i.e., KITTI and NuScenes)?.
Specifically: (i) we train two models on MOTSynth, one with the MoM objective and
one without it; (ii) we then move to KITTI and NuScenes and compare the performance
of the two models on the pedestrian class (i.e., the only class present in all datasets). We
evaluate under two settings: zero-shot, without any refinement on the target dataset,
and fine-tuning, which allows a few training steps on a variable number of target

examples.

Notably, the intrinsic camera parameters reported by the authors of these datasets differ substantially.
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Zero-shot (no training) Fine-tuning
ABS| SQ| RMSE| d<1.25T ABS|  SQ| RMSE| d<1257
Masking MOTSynth — KITTI
- 18.51% 0.56 2.95 70.44% 6.05% 0.12 1.89 97.58%
+ MoM 17.56% 047  2.87 83.57% 542% 0.12  1.48 99.16%

MOTSynth — NuScenes

- 20.74% 193  9.10 44.07% 15.62% 1.10  6.27 80.42%
+ MoM 19.94% 1.74 8.74 46.70% 10.28% 0.64  5.22 92.23%

Table 5.6: Masked Object Modeling impact in domain-shifts.

Tab. 5.6 reports the results of the two models (without and with + MoM ) under
the evaluation protocol described above. Notably, there is an impressive gain from
MOTSynth to KITTI in the zero-shot scenario (+13% in d<1.25), showing that our
masking strategy extracts features that are better aligned with real-world domains.
Similarly, in the fine-tuning protocol, we observe a +12% gain in 0«1 25, proving that
MoM provides a better starting point for training on new domains, and that keeping
the objective (i.e., object-level reconstruction) further improves the transfer capabilities
of our approach.

Furthermore, in Fig. 5.3, we report RMSE and d1 o5 for the fine-tuning experiment
with varying numbers of adaptation samples. Specifically, we observe that the model
with + MoM reaches convergence much faster and is more stable than standard fine-
tuning, showing that this strategy can also reduce the training-time requirements of

the adaptation phase.

MoM aids in handling occlusions. MoM yields an advantage even for handling
partially occluded objects. Specifically, we evaluate the accuracy at different occlusion
levels by evaluating the ALOE [174] metric on MOTSynth and KITTI (Tab. 5.4). The
proposed masking strategy provides a stable and reliable improvement over stand-
ard training, showcasing its efficacy. MoM’s efficacy in addressing occlusions can
be ascribed to its distinctive approach to object representation during model train-
ing, resulting in more discernible and stable representations, enabling the model to

differentiate between objects and background elements effectively.

MoM vyields robustness to noisy bounding boxes. While employing ground truth

bounding boxes is a common practice in this setting, one might question the model’s
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Figure 5.3: Resulting performance on the class pedestrian after fine-tuning with varying
training set sizes.

performance in cases where bounding boxes are predicted by a detector, potentially
influenced by errors. To this end, we employed YOLOX [83] as a state-of-the-art detector
for MOTSynth, allowing us to gauge the system’s resilience in real-world scenarios.
Our findings show that incorporating MoM improves the system’s performance, nearly
reaching the upper bound in terms of the d1 25 while achieving a notable reduction in
RMSE. Additionally, we purposely perturbed the geometry of ground truth bounding
boxes, such that the noisy box and the original one have at least IoU equal to r. This
experiment simulates real-world conditions where the exact bounding box might be

imprecise, showing the benefits of MoM.

5.4.4 Ablation studies

We report an extensive ablation study (Tab. 5.7) of our model on the MOTSynth dataset.

Bounding box center prior. We additionally evaluate the effect of providing a
coarse spatial prior by augmenting the input with a heatmap encoding bounding
box centers. This signal yields a small but consistent improvement across metrics
on MOTSynth, suggesting that simple object-centric spatial cues can complement

Rol-based representations (Tab. 5.8).

Local Encoder and MoM. The experiments with the ResNet34-FPN and the ConvNeXt-
S-FPN highlight the role of the LE to process local cues. Indeed, its application (V')
improves all metrics. Moreover, our masking (+ MoM) further improves results, con-

firming our claims regarding its regularizing effect.

Global Encoder. Discarding the Global Encoder worsens performance, confirming
the discussion in Sec. 5.3. We also assess the merits of the ViT layers by comparing
them with Graph Attention Networks (GAT) [261, 24]. Notably, GAT improves over
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Ablative studies on the Contextual Encoder

Contextual Enc.  Local Enc. Global Enc. ABS] SQJ| RMSE| d.1957
ViT-B/16 v V%T 7.88% 0.460 3.973 92.78%
+ MoM ViT 6.81% 0.316 3.473 94.90%

ResNet34 v V%T 414% 0.107 2.078 98.93%
+ MoM ViT 436% 0.094 1.826 98.94%

- - 4.45% 0.102 1.975 98.91%

v - 3.44% 0.056 1.363 99.53%

- ViT 3.30% 0.054 1.302 99.59%

ResNet34-FPN v ViT 3.15% 0.050 1302  99.70%
+ MoM GAT 3.49% 0.049 1.213 99.51%

+ MoM ViT 3.00% 0.040 1.146 99.70%

Ablative studies on Local Encoder & MoM

- - 3.38% 0.055 1.289 99.31%

v - 3.41% 0.055 1.275 99.34%

- ViT 3.38% 0.052 1.236 99.43%

ConvNeXt-5-FPN v ViT 336% 0.046 1152  99.31%
+ MoM - 3.31% 0.053 1.290 99.38%

+ MoM GAT 3.26% 0.048 1.221 99.63%

ConvNeXt-S-FPN + MoM ViT 2.81% 0.037 1.081 99.70%

Table 5.7: Ablation of the backbone and modules on MOTSynth.

the variant without a Global Encoder. However, ViT layers consistently outperform

their GAT counterparts, underscoring their efficacy for multi-object analysis.

Contextual Encoder. Using ResNet leads to worse results (especially when removing

the FPN layers), indicating the importance of stronger and larger feature maps. Notably,

we observe a severe degradation when using ViT-B/16°, showcasing the efficacy of

convolutional networks in extracting valuable features for multi-object tasks.

3Due to its significant memory footprint at full resolution (i.e., 720 x 1280), we resort to the standard

resolution of 224 x 224.
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Centers  ABS | SQ | RMSE |  d<190571

3.07% 0.051 1.266 99.52%
v 2.81% 0.037 1.081 99.70%

Table 5.8: Contribute of the centers mask on MOTSynth.

5.5 Conclusions

This chapter studied monocular per-object distance estimation as an object-centric
learning problem and introduced DistFormer, a hybrid architecture that combines
high-resolution convolutional features with transformer-based object reasoning. We
proposed Masked Object Modeling (MoM), an instance-level masked objective that
reconstructs object regions from partially observed object tokens and is jointly optim-
ized with the supervised distance loss. Across KITTI, NuScenes, and MOTSynth, MoM
consistently improves accuracy and robustness, strengthening transfer under domain
shifts, resilience under occlusions, and stability under noisy detections.

From a broader perspective, the contribution of this chapter goes beyond distance
prediction. MoM acts as an object-level representation regularizer: by forcing recon-
struction at the instance level, it biases learning toward stable cues and reduces reliance
on incidental appearance details. This yields a reusable geometric signal that comple-
ments temporal cues and supports object-centric video understanding in challenging
conditions.

Finally, this chapter provides a bridge to the rest of the dissertation. In Part I,
we progressed from sequence-level temporal regularity to object-level persistence;
here we showed that object-level learning can be further stabilized through structured
self-supervision and geometry. The same principle, namely encoding knowledge in a
form that remains reusable under change, will recur in Part II, in which knowledge
must persist across evolving task distributions, and in Part III, in which such knowledge

is explicitly composed and transported across models without full retraining.






Summary of Part I: Learning through

temporal structure

Part I framed video understanding as learning from structured temporal information,
progressively moving from sequence-level irregularity detection to object-centric tem-
poral modeling. The first chapter introduced temporal consistency as a learning signal
for weakly supervised anomaly localization, showing how coherent predictions across
temporally related views can compensate for the lack of frame-level supervision. The
second chapter shifted to multi-object tracking, modeling data association as conditional
density estimation and leveraging probabilistic generative modeling to fuse hetero-
geneous cues and improve identity continuity over time. The third chapter further
strengthened the object-centric perspective by introducing Masked Object Modeling
for multi-target settings and a dedicated architecture for per-object distance estimation,
highlighting how self-supervised reconstruction can regularize representations and
inject geometric cues that benefit downstream temporal reasoning.

Together, these contributions establish a coherent progression in which temporal
structure is exploited at increasing levels of granularity, from video-level dynamics
to object-level and geometric reasoning. Across all three problems, a common theme
emerges: temporal structure can act as an implicit supervisory signal, enabling learning

even when annotations are weak, incomplete, or noisy. Consistency, masking, and
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probabilistic modeling provide complementary mechanisms to stabilize representations
over time, whether the underlying entities are events, objects, or metric quantities.
This perspective motivates the transition to the next part of the dissertation, in
which evolution is no longer confined to the data stream but extends to the learning
process itself. In the continual learning setting, models are exposed to sequences of
tasks rather than sequences of observations, and the central challenge becomes how to

adapt over time while preserving previously acquired knowledge in the presence of
distributional shift and limited access to past data.



Part 11

Learning through Tasks






Background on Continual Learning

from Data Streams

This part of the dissertation focuses on learning systems that operate under continual
exposure to data, with the training distribution evolving over time. Unlike the temporal
learning problems addressed in Part I, in which time indexes observations within a
sequence, continual learning treats time as an ordering over tasks or data distributions.
In this setting, the challenge is not to model temporal dynamics within the input, but
to adapt a model incrementally while preserving previously acquired knowledge.
This chapter introduces the continual learning perspective adopted in Part II, cla-
rifies the assumptions under which the problem is studied, and reviews the tech-
nical background required to understand the contributions presented in the following

chapters.

6.1 An informal overview

At an intuitive level, continual learning asks how a model can keep learning new
tasks without undoing what it already knows. The difficulty is not that the tasks are
individually hard, but that they arrive sequentially: after adapting to the present task,
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the model is still expected to perform well on earlier ones, even though their data is no
longer fully available.

The chapters in this part illustrate this challenge with two concrete examples. In
CHARON (Chapter 7), a model first learns some classes of human actions from skeleton
sequences and is later exposed to new actions. If it focuses only on the new task, it
risks overwriting motion patterns that were useful for the old ones. Continual learning
therefore requires deciding what to keep, what to compress, and how to replay prior
information under a tight memory budget.

In CGIL (Chapter 8), the setting shifts to large pretrained vision-language models,
in which the goal is to adapt to new visual classes while preserving the rich zero-shot
capabilities of the original model. Rather than relearning everything from scratch, the
method operates at the level of prompts and representations, showing that continual
learning can also mean protecting a pretrained interface while adding new knowledge
on top of it. These examples motivate the formal view below, in which the core issue is

learning under sequential distribution shift without catastrophic forgetting.

6.2 Learning under distributional shift

Let D1,Ds, ..., Dr denote a sequence of data distributions arriving over time. In
continual learning, a model is trained sequentially on samples drawn from each D,
without assuming persistent access to data from previous distributions. The goal is to
learn a parameterized function f(-; 6) that performs well on all tasks encountered so
far, despite being optimized in a strictly sequential manner.

A defining challenge of this setting is catastrophic forgetting: when optimizing
the model on data from D;, performance on earlier distributions D.; may degrade
substantially. This phenomenon arises because gradient-based updates overwrite
parameters that were previously important for older tasks.

In contrast to static learning, in which a single stationary distribution is assumed,
continual learning must explicitly account for the temporal structure of data arrival

and the resulting non-stationarity of the optimization process.

6.3 Problem formulations in continual learning

Continual learning problems are commonly formalized under different assumptions

regarding task identity and supervision. In the task-incremental setting, the task index ¢
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is known at inference time, and the model can exploit this information to disambiguate
predictions. In contrast, the class-incremental setting introduces new classes over time
while requiring the model to recognize all previously seen classes without access to task
identifiers at test time. This formulation is widely regarded as the most challenging and
realistic, as it prevents any explicit conditioning on task boundaries during inference.

More generally, continual learning can be viewed as learning from a non-stationary
data stream in which samples arrive sequentially and distribution shifts correspond
to the introduction of new concepts or classes. In the class-incremental case, the data
stream is organized into a sequence of tasks {Ti}isz each associated with a disjoint
label space, but the model is ultimately evaluated on the union of all classes encountered

so far.

Class-Incremental Learning (Class-IL). Formally, in Class-IL a deep model f(-; 6)
parametrized by 6 is presented with a sequence of tasks 7;, with ¢ € {1,...,T}. The

‘ : (n) , (m)y V' (n)
i-th task provides N; labeled samples {(x; ', y; ')}, _;, where y;" € ); and the label
spaces are disjoint across tasks, i.e, Y; N Y; = 0 for i # j. The learning objective

corresponds to minimizing the empirical risk over all tasks:

T

Lons = Y B ot [L(f(23:60),9)], (6.1)

i=1

where £ denotes the task loss (typically cross-entropy for classification). Since the
model observes tasks sequentially and does not retain direct access to past data, naive
optimization leads to catastrophic forgetting. As a result, tailored strategies are required
to preserve previously acquired knowledge while learning new tasks.

In this part we will adopt a class-incremental perspective. The objective is to
incrementally adapt representations over time while maintaining performance on
previously learned classes, without relying on task identity or architectural expansion.
In this context, the emphasis is placed on preserving representational knowledge across
tasks, rather than enforcing explicit constraints on parameter updates or freezing

subsets of the network.

6.4 Mitigating forgetting through replay

One of the most widely adopted strategies to mitigate catastrophic forgetting in class-

incremental learning is replay. Replay-based methods approximate joint training by
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reintroducing information from past tasks during optimization on new data. This
is typically achieved either by storing a limited subset of previous samples in an
episodic memory (exemplar replay) or by training a generative model to synthesize
representative samples from earlier tasks (generative replay).

Under this perspective, learning at time step ¢ is performed by optimizing an

objective of the form

E(y oy, [((F(@30).9)] + Eqypyop, [ (:60).)], (62)

where D, denotes the data distribution of the current task and D, is an approxim-
ation of past data distributions obtained through stored samples or generation. In
rehearsal-based methods, this second term is often implemented through an addi-
tional regularization component £ computed on memory samples. Accordingly, the

objective optimized at the current task 7. can be written as

ﬁClasstL = IE(at,y)NTC [‘C(f(xv 9)7 y)] + EM (63)

In this formulation, parameter updates are not explicitly constrained. Forgetting
is mitigated by reshaping the training signal to resemble joint optimization over all
tasks observed so far, rather than by restricting the update space. This replay-based
view is central to the methods explored in Part II, in which the focus lies on how prior
knowledge can be efficiently retained and reused through data-driven mechanisms

under strict memory and computational constraints.

6.5 Representation learning under continual

adaptation

Beyond maintaining output performance, continual learning can be interpreted as a
problem of learning stable and reusable representations. From this viewpoint, cata-
strophic forgetting is a symptom of representational drift, in which features learned
for earlier tasks lose their semantic meaning as new tasks are introduced.

Several approaches therefore emphasize preserving representation quality over time,
either by regularizing feature spaces, aligning representations across tasks, or replaying
latent variables instead of raw inputs. This perspective becomes particularly relevant

when dealing with large pre-trained models, for which re-learning representations
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from scratch is computationally prohibitive.
In this dissertation, continual learning is studied as a process of structured temporal
progression in representation space, in which adaptation is driven by data streams and

controlled through replay mechanisms rather than explicit parameter isolation.

6.6 Continual learning in large-scale models

Recent advances in foundation models have raised new challenges for continual learn-
ing. Large vision and vision-language models exhibit strong generalization capabilities
but are costly to retrain and sensitive to distributional shifts. Adapting such models
incrementally requires methods that preserve zero-shot or pre-trained capabilities
while enabling task-specific refinement.

The chapters in Part II address this setting by exploring replay and modular ad-
aptation strategies that operate at the level of embeddings and latent representations,
enabling continual learning without compromising the original capabilities of large

pre-trained models.

6.7 Benchmarks and datasets

Standard benchmarks for Class-IL are typically derived from image classification data-
sets, such as CIFAR-100 [131] and ImageNet [59]. In these settings, a classification
problem involving C classes is decomposed into 1" sequential tasks, where each task
i contains C; classes and the total number of classes satisfies C' = Z;Trzl C;. In the
following, we summarize the datasets most frequently employed in the Continual

Learning literature.

6.7.1 Natural domain datasets

Natural domain datasets are composed of images representing real-world objects and
scenes. They are widely used in computer vision and serve as canonical benchmarks
for evaluating Continual Learning methods due to their diversity and availability.

Seq. MNIST. MNIST [137] consists of 70 000 grayscale images of handwritten digits
from 0 to 9, with 60000 training samples and 10 000 test samples. Each image has
resolution 28 x 28. Owing to its simplicity, Split MNIST is commonly adopted for

preliminary and small-scale Continual Learning experiments.
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Seq. SVHN. The Street View House Numbers dataset (SVHN) [188] contains approxim-
ately 600 000 color images of digits extracted from Google Street View, with resolution
32 x 32. Compared to MNIST, SVHN poses a more challenging recognition problem due
to cluttered backgrounds and the presence of multiple digits. In Continual Learning, it

is commonly partitioned into 5 binary tasks.

Seq. CIFAR-10 & Seq. CIFAR-100. These benchmarks are derived from CIFAR-10
and CIFAR-100 [131], respectively, and are among the most widely used datasets in
Continual Learning. Split CIFAR-10 is typically divided into 5 binary tasks, while Split
CIFAR-100 is commonly organized into 5, 10, or 20 tasks, providing a flexible trade-off

between task granularity and computational cost.

Seq. ImageNet-R. ImageNet-R [101] includes 30 000 images spanning 200 ImageNet
classes, depicting non-photorealistic renditions such as sketches, cartoons, and paint-
ings. All images are disjoint from the original ImageNet training set. This dataset is
commonly adopted to assess robustness to domain shifts when starting from ImageNet-

pretrained models.

6.7.2 Fine-grained classification datasets

Fine-grained datasets consist of classes that are visually similar and often characterized

by limited training samples, making the learning problem more challenging.

Seq. CUB-200. This benchmark is based on the CUB-200-2011 dataset [263], which
contains 11 788 images across 200 bird species. It is typically split into 10 tasks of
20 classes each. Due to its difficulty, Continual Learning experiments often initialize
models with ImageNet pretraining [38, 299], as several classes overlap semantically

with ImageNet categories.

Seq. Cars-196. The Cars-196 dataset [129] includes 16 185 images of 196 car models,
divided into 8144 training and 8041 test samples. In Continual Learning settings, it is
commonly partitioned into 10 tasks, with 20 classes per task except for the final task,

which contains 16 classes.

6.7.3 Satellite and medical image datasets

Although natural and fine-grained datasets dominate Continual Learning benchmarks,

their similarity to common pretraining sources [210, 191], such as ImageNet, limits
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their ability to capture real-world distribution shifts. For this reason, satellite and

medical imaging datasets are increasingly used as out-of-distribution benchmarks.

Seq. EuroSAT. EuroSAT consists of 27 000 images acquired by the Sentinel-2 satel-
lite [13], covering 10 land use and land cover classes. Each sample has resolution
64 x 64 and includes 13 spectral bands. In Continual Learning, experiments typically

retain only the RGB channels and split the dataset into 5 binary tasks.
Seq. RESISC45. The NWPU-RESISC45 dataset [44] contains 31 500 RGB images of

size 256 x 256 across 45 land use classes, collected from satellite and aerial imagery
with varying spatial resolution. It is commonly divided into 9 tasks, each containing 5

classes.

Seq. ISIC. Based on ISIC 2018 [53], this dataset includes dermoscopic images of skin
lesions. To mitigate class imbalance, the most frequent class is usually excluded, yielding
6 classes with 2648 training and 662 test samples. The dataset is then partitioned into
3 binary tasks.

Seq. ChestX. ChestX-ray8 [267] contains 108 948 chest radiographs originally annot-
ated for multi-label classification. For single-label Continual Learning, it is commonly

reduced to 6 non-overlapping disease classes and split into 2 tasks.

Seq. NTU-60 and Seq. NTU-120. This benchmark is built upon the NTU-RGB+D
dataset [233] and was introduced in [21]. It targets sequential classification of 3D
skeleton-based actions and is typically organized into 6 tasks of 10 classes each for the
Seq. NTU-60 version. Later, NTU-RGB+D has been expanded into 120 classes [161]
and used to define the Seq. NTU-120 benchmark [22], which comprises 12 tasks of 10

classes each.

Seq. Food-101N. Based on Food-101N [139], this dataset contains 310009 web-
collected images from 101 food categories, sharing the same classes as Food-101 [23]
but with substantial instance-level label noise. In Continual Learning, it is commonly

split into 5 tasks of 20 classes each.

6.8 Evaluation metrics

Model performance in Continual Learning is most commonly assessed using the Final
Average Accuracy (FAA), which measures the average accuracy across all tasks after

completing the final task. Let ag denote the accuracy on task ¢ evaluated after learning
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task j. The FAA is defined as:

1
FAA £ T > al (6.4)

While FAA reflects the final state of the model and aligns with the desiderata, it
does not capture performance dynamics throughout training. To this end, several

complementary metrics have been proposed:

« Backward Transfer (BWT) [167] quantifies how learning a task ¢ influences per-
formance on a previous task ¢’ < ¢. Negative BWT corresponds to catastrophic
forgetting.

« Forward Transfer (FWT) [167] measures how learning task ¢ affects performance
on a future task ¢’ > t. Its computation assumes that predictions on unseen tasks
are possible, which may not always hold.

« Final Forgetting (FF) [37] captures the average drop in performance for each task

after training on all tasks:

T-2

LA __ - L_ o T-1
FF = T-1 Z le{OI,I.I.%}T{—z} (al a; ) . (6.5)

i=1
This metric reflects relative degradation but ignores absolute accuracy levels.

Throughout this dissertation, we primarily report FAA, as it remains the most

widely adopted metric in the Continual Learning literature [215, 25, 245, 179, 10].



Mask and Compress: Efficient
Skeleton-based Action Recognition

in Continual Learning

7.1 Memory-efficient continual skeleton action
recognition

Human Action Recognition (HAR) has become critical in various domains such as
surveillance [156, 194], rehabilitative healthcare [293], and sports analysis [126, 234].
Early HAR approaches focused on RGB or grayscale videos due to their widespread
availability. However, recent advances have explored alternative modalities, including
skeletal joints [66, 141, 293], depth [226], point clouds [73], acceleration [133], and
WiFi signals [250]. Among these, skeleton-based action recognition stands out as

particularly efficient and concise, especially for actions that do not involve objects or

Publication. Matteo Mosconi, Andriy Sorokin, Aniello Panariello, et al. Mask and Compress: Efficient
Skeleton-Based Action Recognition in Continual Learning. ICPR (Oral Presentation), 2024 [186].

Candidate contribution. Idea, methodology, implementation, experimental design, and writing.
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scene context. Skeleton sequences capture the trajectories of key points (i.e., joints)
in the human body (e.g., elbows, knees, wrists) [283]. Since joints can be represented
by 2D or 3D spatial coordinates, skeletal data are more efficient than images because
of the sparsity of skeleton graphs. Moreover, this representation is robust to changes
in appearance, cluttered backgrounds, and occlusions while remaining inherently
privacy-preserving [250].

The traditional learning approach to HAR assumes that all necessary data is readily
available during training. However, this assumption often does not hold in real-world
contexts, as instances or classes may emerge incrementally over time. In such a dynamic
scenario, deep neural networks struggle to acquire new knowledge without displacing
capabilities learned in earlier stages. This phenomenon, widely known as catastrophic
forgetting, degrades performance and lies at the core of continual learning. In this
setting, models must adapt to a sequence of tasks while preserving performance on
previously seen ones.

While tasks such as classification [123, 225, 25, 270, 245] and video-based action
recognition [201, 35, 262] have been widely explored in continual-learning settings,
skeleton-based HAR has received comparatively limited attention. Although the au-
thors of [144] took initial steps toward this problem, they rely on an expandable
architecture that appends a new learnable module to the network whenever a new
class appears. While this strategy helps alleviate catastrophic forgetting, the computa-
tional footprint of the model grows gradually, making the approach memory-hungry
and poorly scalable. Additionally, their setting imposes constraints that diverge from
realistic scenarios. Specifically, they pretrain the network on most training instances
and reserve only a few classes for the incremental stage.

This chapter exploits the structure of skeletal data to store samples efficiently in
an episodic memory, i.e., a continuously updated buffer containing a small subset of
past data. Memory efficiency is improved by compressing skeleton sequences through
temporal sub-sampling, leveraging their redundancy in time [126]. During rehearsal,
retained samples are reconstructed via linear interpolation, which introduces negligible
overhead and requires no additional parameters.

Temporal redundancy is further leveraged through a masking strategy inspired by
masked autoencoding [97, 6, 255]. Unlike prior skeleton masking works focused only
on pretraining [280, 287], the reconstruction objective is optimized jointly with the
recognition loss during continual learning. This design reduces training requirements

and acts as an auxiliary regularizer that stabilizes the encoder representations.
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At the end of each task, a lightweight linear probing phase is introduced to align the
classifier with test-time conditions. Since the encoder is trained on masked sequences
but evaluated on full inputs, the classifier may suffer from covariate shift [111], partic-
ularly at high masking ratios. To mitigate this effect, encoder parameters are frozen
and the classifier is re-optimized using unmasked sequences; this step updates only a
small number of parameters while yielding a consistent improvement in performance.

The approach is evaluated on incremental versions of NTU RGB+D 60 [233] and
NTU RGB+D 120 [161], achieving state-of-the-art performance for class-incremental
skeleton-based action recognition.

We remark on the following main contributions:

« We reduce the memory footprint of skeleton sequences in the episodic buffer via
temporal sub-sampling and interpolation-based reconstruction.

+ We introduce a masked modeling objective for skeletal data that is optimized jointly
with rehearsal-based continual learning.

« We employ a lightweight linear probing phase to align the classifier with test-time

inputs under masking-based training.

7.2 Related work

Skeleton-based Action Recognition. In early skeleton-based action recognition
works, sequences were treated as time series and were therefore processed with Recur-
rent Neural Networks (RNNs) [67, 309, 103, 50] to capture temporal dynamics. These
approaches struggled to integrate the spatial context of joints and proved slow and
difficult to parallelize. Subsequent works exploited Convolutional Neural Networks
(CNNs) [119, 115], treating skeletal data in various ways to make them compatible
with CNNs; some handle coordinates as image channels [66, 141], while others reshape
skeletons by combining joints in space and time [115].

However, these models faced a common limitation: they failed to effectively rep-
resent the relationships between skeletal joints moving together over time. Graph
Convolutional Networks (GCNs) address these shortcomings by exploiting nodes (i.e.,
joints) both temporally and spatially [288, 68, 69, 43, 236]. Subsequently, the emergence
of ViT [64] introduced transformer-based architectures into computer vision, leading to
solutions that integrate self-attention layers into convolutional architectures. One such

work, STTFormer [209], divides the sequence into tuples of joints and retains some
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CNN concepts (i.e., pooling aggregation) for temporal feature processing. Nonetheless,
this approach under-exploits the sparsity and redundancy of skeletal data. In recent
years, masking approaches [280, 287] have been employed to take advantage of these
characteristics for pretraining. In contrast, this chapter adopts the reconstruction
objective during downstream continual learning, reducing training requirements while

avoiding a separate pretraining stage.

Continual Learning. Classical CL methods employ a regularization term that pen-
alizes the alterations of weights to avoid forgetting [123, 303, 230]. Rehearsal meth-
ods [224, 215, 25, 5], on the other hand, employ a limited memory buffer in which they
store samples from past tasks and replay them. Another paradigm is represented by
dynamic architectures [225, 20] in which new network components are instantiated for
each incoming task; unfortunately, this often leads to a rapid increase in the number
of parameters. This approach has been employed by the authors of Else-Net [144] to
tackle skeleton-based HAR in Class-IL. They use the first 50 classes of NTU RGB+D
60 to pretrain their network, and perform incremental training across 10 tasks, each

focusing on a different class.

7.3 Method

7.3.1 Preliminaries

Class-Incremental Learning. We adopt the standard Class-IL setting and notation
introduced in Chapter 6. At each task, training is performed on the current data
together with a small episodic memory buffer of past samples, following rehearsal-

based learning.

Spatio-Temporal Tuples Transformer (STTFormer). We adopt STTFormer [209]
as the main backbone of our architecture. It is a transformer-based model designed
for skeleton-based action recognition and exploits self-attention to capture cross-joint
correlations across adjacent frames. Specifically, a raw skeleton sequence z € RE*#*V
where C'is the number of channels (i.e., spatial coordinates), I’ is the number of frames,
and V is the number of joints, is given as input to the model. This sample is divided

into tuples, i.e., sequences of n adjacent frames:

X = [x1,X2,...,X|p/n|], Where x; € REXxV (7.1)
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Figure 7.1: Overview of the key components of CHARON. Our efficient buffer strategy is
shown on the left (a). In the upper right (b), we illustrate the training phase with reconstruction
regularization, while linear probing is displayed at the bottom (c).

Each layer of STTFormer comprises two distinct modules, which target either intra-
or inter-tuple relationships. Every element of X (i.e., each tuple) is first fed to a self-
attention layer, which attends the joints in x;. This phase aims to model the intra-tuple

characteristics. Then, an inter-tuple representation is extracted via temporal pooling.

7.3.2 CHARON

In this section, we present CHARON, which encompasses three components: (i) a
technique to populate the memory buffer, employing linear interpolation to decompress
memory samples; (ii) an efficient training phase with masked inputs; (iii) a linear
probing stage, which refines the classifier and updates the logits stored in the memory

buffer. We depict these elements in Fig. 7.1.

Efficient buffer. A raw skeleton sequence x € RE*F >V collects the C coordinates
(e.g., zyz in Split NTU-60 and Split NTU-120) of V joints at F’ time instants. Unlike
RGB video frames, skeletal data inherently reside in Euclidean space, where the concept
of distance between points (three-dimensional joints in our case) is well defined. Addi-
tionally, skeleton sequences often exhibit temporal redundancy [90]. In light of these

characteristics, skeletal data can be compressed when needed; in our case, this happens
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before storing a sequence in the memory buffer. Notably, the compressed sequences
can also be reconstructed with minimal loss through simple linear interpolation. In
particular, even with a sampling interval of s = 5 frames - i.e,, retaining one frame
every five and thus yielding a compression ratio of 80% — the reconstructions remain
close to the raw samples. Based on this observation, a larger number of instances can
be stored under the same memory constraints: in other words, we can accumulate up
to s times as many samples in the buffer.

When a sample is extracted from the buffer for rehearsal, we reconstruct it to obtain
F frames again and then treat it as a complete sample. Since linear interpolation does
not require learnable parameters, reconstructing temporal skeletal sequences has low

computational cost.

Training phase. As we mentioned above, a transformer-based architecture founded
on [209] is adopted as our backbone. We build upon it to derive an encoder-decoder
framework inspired by masked autoencoders [97]. Notably, this allows us to reduce the
computational effort during training, as depicted in Fig. 7.2. Specifically, given a sample
2 coming from the current task or the buffer, the first step consists of a linear projection,
followed by positional encoding to inject temporal dependencies. Afterward, we feed

FIXV obtained

the encoder e(-; 0,) with a temporally masked sample & € RC*L(1=7)
by dropping a random subset of frames from the input sequence, where 1 € [0, 1) is
the masking ratio.

The encoder projects the input Z into the latent space, obtaining features h =
e(Z;0.). At this point, the architecture splits into two branches: the first (recognition)
uses a fully connected layer f(-;6;) to yield pre-softmax logits z = f(h; ;). The
second (reconstruction) implements the self-supervised regularization through a decoder
module d(-; 64). Specifically, given the latent feature vector A, which has [ (1 — 1) - F|
tokens, the decoder input is formed by filling the missing positions with learnable
mask vectors denoted by [MASK]. We place these vectors in the same positions as the

original masked ones, h = concaT(h, [MASK]). The training objective is:
Estream - ECE(27 y) + v ||d(h7 ad) - 1’”% (72)

where Lo is the cross-entropy loss and + is a hyperparameter controlling the impact
of the reconstruction loss.
To mitigate forgetting, we incorporate the objective defined in Eq. 7.2 into a

rehearsal-based framework. Drawing inspiration from [25], we retrieve a mini-batch
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of samples z ¢ from the memory buffer at each training step. This mini-batch includes
associated predictions z 4 (i.e., logits) and labels y ¢, which are added to the episodic
memory along with the corresponding samples. The loss functions for these two

components are:

Liogits = ||f (hat; 05) — zmll3 + 7+ lld(hags 0a) — 2aall3, (7.3)

Liabets = Leu(f(hat; 05)syaa) + - ||d(hag; 0a) — zadl[3- (7.4)

The mini-batch of samples x ¢ undergoes the same pipeline as the input stream z,
producing the latent features o = e(Za;0e) and hpg = CONCAT(ﬁM, [MASK]).
The final objective of this phase is:

L = Lgtream + [’Iogits + /B : ‘Clabels; (7‘5)

where o and 3 are two balancing hyperparameters.

Linear probing. As described above, the model is trained with partial skeleton
sequences. While this provides an efficient training strategy, it may hinder performance
during evaluation. In particular, we argue that the classification head f(-;0¢) may
become misaligned because training and test conditions differ (masking on during
training, masking off at test time). To address this issue, highlighted in Fig. 7.3, we
devise an auxiliary linear-probing stage at the end of each task, lasting a few epochs

(i.e., 10% of the number used for the main training stage). During this phase, only the
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classifier parameters are updated, while the encoder remains frozen. We therefore feed
each full (i.e, unmasked) sample x € RE*F*V to the encoder.

In formal terms, as in the main training phase, the encoder projects the input x
into the latent space, obtaining hidden features h = e(x; 6,.). The fully connected layer
f(-;65) then produces the logits z = f(h;8), to which a cross-entropy loss is applied.
In this phase, we still employ the regularization from [25]. Thus, the resulting objective

Ly, can be written as:

Ly, = Lcg(2,y) + o ||f(ha;05) — 23 + B+ Lea(f(ha05),ym)-  (7.6)

Traditional works using masked autoencoders [97, 255] typically distinguish between
a pretraining phase and a linear-probing phase used to adapt to downstream tasks.
However, we argue that keeping these stages separate results in a more cumbersome
approach, potentially undermining the efficiency we seek. To address this, Egs. 7.5
and 7.6 are computed sequentially during each task according to the incremental setting

(i.e., while retaining access only to the data of the current task).

7.4 Experimental analysis

Datasets. We evaluate on the standard class-incremental skeleton action recognition
benchmarks derived from NTU RGB+D 60 and 120, using the established task splits and
protocols described in Chapter 6. We report results for the cross-subject (XSub) and
cross-view (XView) data modalities [233] for Split NTU-60, and cross-subject (XSub)
and cross-setup (XSet) [161] for Split NTU-120.

Implementation details. Our custom STTFormer [209] reduces the width of inter-
mediate layers to obtain a more lightweight model. We set the number of frames in
each tuple n = 6. Following the asymmetric design proposed in [97], we employ 8
layers for the encoder and 3 for the decoder. Unless otherwise specified, architectural
hyperparameters follow the original STTFormer design choices. Additionally, we set
a = 0.3 and § = 0.8 in Eqs. 7.5 and 7.6, while using v = 0.5 in the variants employing
the reconstruction regularization (Egs. 7.2 to 7.4). We adopt a batch size of 16 and an
SGD optimizer with a learning rate of 0.05. Each task in the incremental setting lasts
30 epochs, followed by 3 epochs of linear probing. Finally, for data augmentation, we

follow the original STTFormer implementation.
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Split NTU-60 Split NTU-120
Method XView XSub XSet XSub
FT 16.05x007 15.64 005 7.19 %006 6.97 +02s
JT 84.75+002 77.32 4054 71184107 70.154098
Mesize 500 2000 500 2000 500 2000 500 2000

iCaRL 51.54+15 53.41+11 47.12+14 50.69+12 3291409 34.74+07 33.03+15 36.68+10
Else-Net 40.81+0s 59.10+02 39.72+04 57.00+10 19.37+0s 33.52+06 18.43+07 33.95+03
ER 51.00+16 68.27+01 45.80+05 62.74+19 26.35+11 43.12+04 26.19+17 45.06+07
DER 51.36+09 66.74+01 49.97+19 63.48+15 27.83+17 40.19+00 30.10+15 36.10+1s
DER++ 60.41+05 73.09+15 57.22+10 67.64+16 34.27+14 50.06+06 36.29+03 49.81+0s

CHARON 73.60+05 77.77+02 68.30+06 72.70+02 52.19+06 61.63+01 48.64+00 59.23+04
+13.19 +4.68 +11.08 +5.06 +17.92 +11.57 +12.35 +9.42

Table 7.1: FAA (%) results on Split NTU-60 and Split NTU-120. For CHARON, we report the
results with a masking ratio equal to 30%. We highlight in green the gains achieved by our
approach w.r.t. the best competing method.

7.4.1 Results

For the experimental comparison, we use Joint Training (JT) as the upper bound for
our approach. It consists of training the model on the unified dataset (i.e., without
splitting it into tasks). As a lower bound, we adopt an incremental training approach
that does not employ tailored techniques against catastrophic forgetting. We refer to it
as Fine-Tuning (FT).

In Tab. 7.1 we report the results for buffer sizes M;.. € {500,2000}. Following
prior work [25, 144, 21], we report Final Average Accuracy (FAA) as defined in Chapter 6.
We repeat each experiment three times and report mean and standard deviation. As
outlined by Tab. 7.1, Else-Net [144] does not reproduce the performance reported
under its original protocol, which includes extensive pretraining; under a standard
from-scratch class-incremental setting, its performance degrades substantially.

Furthermore, even classical replay methods such as iCaRL [215], ER [219], DER,
and DER++ [25] outperform Else-Net. CHARON achieves state-of-the-art performance
in class-incremental skeleton-based action recognition across both Split NTU-60 and
Split NTU-120. In particular, this holds when employing a masking ratio of 30%;
for higher percentages, we observe a decrease in performance, as discussed below.
Significantly, the largest improvement is observed with a buffer size of 500 (surpassing

the second-best method, i.e., DER++, even when it uses a buffer size of 2000). This
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Figure 7.4: (left) FAA for the DER++ baseline employing different values of the sampling
interval s. (right) FAA obtained by CHARON as the masking ratio varies.

highlights the pivotal role of sample quantity in the effectiveness of replay methods.
Consequently, it underscores the importance of techniques that increase the number

of stored samples under a fixed buffer budget.

On the sampling interval. To further evaluate the effectiveness of our buffer strategy,
we conduct a comparative study by varying the sampling interval s (which we recall
indicates the step length in the uniform sampling procedure). Given s € N*, we obtain

the compression ratio as:

s—1
s

- 100.

compression ratio = (7.7)

We report in Fig. 7.4 (left) the FAA obtained at different sampling intervals s for
both tested buffer sizes. For each value of s, we scale the buffer size accordingly (as
documented in Sec. 7.3.2). For instance, when s = 10, a memory with a nominal
capacity of 500 examples could contain up to s - 500 = 5000 compressed examples.
As can be appreciated, the sampling interval s = 5 (i.e., 80% compression) yields
the best final accuracy. Namely, when sampling one skeletal pose every five frames,
the memory buffer attains the best compromise between sample fidelity (favored by
lower sampling intervals) and sample diversity (i.e., higher intervals). Moreover, we
note that introducing a compression phase (s > 1) brings a stable and substantial
gain w.r.t. the standard replay paradigm (s = 1 — no compression), suggesting that
moderate compression improves replay also by broadening temporal coverage. This

result highlights the central role of the trade-off between sample quality and quantity.
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Masking ratio Position
30% 60% Strategy pre post
w/o recon. loss 70.61 61.59 Deterministic ~ 72.08 72.43
CHARON 73.60 65.72 Random 71.89  73.60

Table 7.2: Impact of the reconstruction loss ~ Table 7.3: Ablative outcomes about sampling
at different masking ratios. strategy and masking position.

On the masking ratio. We next assess the impact of the masking ratio, which indicates
the fraction of frames discarded before feeding the input sequence to the model. The
results are illustrated in Fig. 7.4 (right) and show an increase in performance up to 30%.
For higher masking ratios, performance begins to decline despite the notable efficiency
gains (see Fig. 7.2). Quantitatively, even with 50% masking, CHARON achieves an
acceptable final average accuracy of around 68%, which decreases to ~ 66% with a

masking ratio of 60%.

7.4.2 Ablations

We report the following ablation studies; all experiments are performed on the XView
modality of Split NTU-60.

On the importance of the reconstruction-based objective. Our approach not only
seeks strong classification performance but also includes an auxiliary reconstruction
term targeting the entire input sequence. To better understand the effect of this auxiliary
objective, we provide an ablation in which we discard both the decoder module and
the reconstruction loss. In doing so, we still apply random masking (testing ratios of
30% and 60%) and linear probing at the end of each task.

The results of these ablative studies are reported in Tab. 7.2: remarkably, CHARON
experiences a significant performance drop when removing the decoder and the re-
construction loss, especially for the higher masking ratio of 60%. We consider such a
finding as noteworthy, as it highlights the importance of auxiliary learning techniques

when leveraging higher compression ratios to pursue efficiency.

Masking strategy and positioning. Our approach adopts a random masking strategy
to drop frames, following most of the literature on masked autoencoders. Here we
compare it with a deterministic strategy that drops one frame every k frames. We also
assess different points in the pipeline at which the masking operation can be introduced.

Specifically, post indicates that masking is applied after splitting the sequence into



Chapter 7. Mask and Compress

tuples (see Sec. 7.3.1), as done in our approach. Results for the combinations of these
two alternatives are reported in Tab. 7.3: the random strategy with post-hoc masking

emerges as the best configuration.

7.5 Conclusions

Skeleton-based action recognition is a relevant task in modern human-centric learn-
ing systems, and continual learning provides a natural framework for scenarios in
which the set of actions evolves over time. In this chapter, we introduced CHARON, a
rehearsal-based approach for class-incremental skeleton action recognition that com-
bines temporal sub-sampling for memory-efficient buffering, masked training with an
auxiliary reconstruction objective, and a lightweight linear probing stage to align the
classifier with test-time conditions.

The experimental analysis demonstrates that these components jointly reduce
memory usage and training cost while achieving state-of-the-art final average accuracy
on NTU RGB+D 60 and 120. In particular, the reconstruction-based regularization
stabilizes learning under aggressive masking ratios, enabling an effective trade-off
between efficiency and performance in memory-constrained continual settings.

More broadly, this chapter highlights how exploiting the intrinsic structure of the
data stream can substantially improve replay-based continual learning. While CHARON
leverages temporal redundancy in skeletal sequences to compress and reconstruct past
samples, the same principle extends to higher-level representations learned by large
pretrained models. In the following chapter, we shift focus from structured input data
to structured embedding spaces, and study continual learning in the context of vision-
language models. There, adaptation is performed directly at the representation level,
with the objective of preserving both past knowledge and zero-shot generalization

capabilities while incrementally learning new classes.



CLIP with Generative Latent Replay:
A Strong Baseline for Incremental

Learning

8.1 Forgetting both the past and the future

Pretrained vision-language models (VLMs) such as CLIP [210] provide strong zero-
shot capabilities. This allows them to achieve strong continual-learning performance
without any fine-tuning [252], thereby largely avoiding forgetting by design. However,
for tasks that deviate from CLIP’s pretraining (e.g., satellite and medical domains), ad-
aptation is essential. In this context, incrementally fine-tuning CLIP models presents an
additional challenge: catastrophic forgetting can break the model’s zero-shot capabilities,
harming performance on other tasks and domains [314].

Motivated by this challenge, this chapter introduces a simple approach to incre-
mental fine-tuning of CLIP. Inspired by CoOp [317], we freeze both the visual and

Publication. Emanuele Frascaroli, Aniello Panariello, et al. CLIP with Generative Latent Replay: A
Strong Baseline for Incremental Learning. BMVC (Oral Presentation), 2024 [77].

Candidate contribution. Methodology, implementation, experiments, and writing.



Chapter 8. CLIP with Generative Latent Replay

text encoders and learn class-specific textual prompts fed to the text encoder. This
approach allows the model to maintain enough plasticity to adapt to new domains
while remaining stable enough to preserve its original zero-shot capabilities. Moreover,
as tasks progress and the model learns new classes, we use the corresponding learned
prompts for previously observed classes. For unseen ones, by contrast, we rely on
hand-crafted prompts (e.g., “a photo of a <CLS>”), resulting in a hybrid prompting
approach.

This chapter considers continual learning in the context of large pretrained vision-
language models, in which adaptation primarily affects representation alignment rather
than low-level feature extraction. In contrast to approaches that exploit structure in
the input space, forgetting is addressed through replay-based mechanisms operating
directly in embedding space, with the objective of preserving zero-shot capabilities
while enabling incremental adaptation to new tasks.

In addition, inspired by [305], we bridge the gap with joint training through the use
of multiple lightweight generative models. Specifically, for each new class, we train a
lightweight Variational Autoencoder (VAE) [121] to model the distribution of CLIP’s
visual embeddings.

The proposed methodology, named Continual Generative training for Incre-
mental prompt-Learning (CGIL), is evaluated on various standard Class-IL bench-
marks, showing strong performance even in domains in which zero-shot CLIP fails.
Moreover, following [314, 297] we introduce an additional metric to assess the zero-shot
capabilities on future tasks. We evaluate in this setting all competitors with zero-shot

capabilities (i.e., the ones relying on a VLM), showing the effectiveness of our strategy.

8.2 Preliminaries: prompt learning with CLIP

Contrastive Language-Visual Pretraining (CLIP). CLIP [210] consists of a visual
encoder F,;,(-) (which can be either a ViT or a CNN) and a Transformer [260] text
encoder Ey.(-). They are trained with a contrastive objective on image-text pairs to
obtain aligned latent embeddings. Given an image x, we denote by z,;s = Fy;s(x) the
embedding produced by the visual encoder.

Once trained, CLIP can be used for zero-shot classification by computing the cosine
similarity between the visual and textual embeddings. In particular, for each candidate

class, a text prompt is created by embedding the class label into a template like “a
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photo of a <CLS>”. The resulting class-level prompts are fed to the text encoder,
producing a textual representation z{,, for each class y°. This formulation enables
classification without task-specific training data, relying entirely on the semantic
alignment learned during pretraining. However, performance is highly sensitive to the
choice of textual prompts, motivating learning-based strategies to adapt prompts to
downstream tasks while keeping the encoders fixed. The posterior probabilities are
computed as the cosine similarity (noted as (-, -)) between visual and class-level textual

representations:

( c‘ ): exp(<ztcxt7_zvi5>/7—) ’ (8.1)
P ST exp(rs 20ie)/7)

where 7 is a temperature parameter and ) represents the set of classes.

Tuning CLIP with textual prompts. Prompt learning techniques allow efficient
fine-tuning of large pretrained models. Among these methods, CoOp [317] stands out
as particularly effective. In a nutshell, CoOp does not rely on hand-crafted prompts to
generate the input for the CLIP text encoder, but rather on learnable context vectors
V. These context vectors are concatenated with the label token [C'LS] and learned
through gradient descent, using the similarity scores from Eq. 8.1 as logits for the

cross-entropy loss.

8.3 CGIL: generative replay meets prompt learning

Fig. 8.1 depicts our approach, termed Continual Generative training for Incre-

mental prompt-Learning (CGIL), which comprises two main phases:

Phase 1: generative modeling. The proposed approach performs replay directly
in representation space. Using all images from the current task, the corresponding
visual embeddings are extracted through the CLIP visual encoder and grouped by
class. For each class, a lightweight Variational Autoencoder (VAE) [121] is trained to
model the class-conditional distribution of visual embeddings. The VAE’s encoder and
decoder are lightweight, consisting of only three fully connected layers interleaved
with LeakyReLU activations. Once the VAEs are trained, we discard the encoders and
retain the decoders in a memory buffer. The decoders are then used to sample new

data points from the respective priors during the subsequent alignment phases.

Phase 2: prompt alignment. We learn the context vectors for the text encoder. How-

ever, instead of computing image embeddings from real images, we sample synthetic
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Figure 8.1: Training of the generative models (left) and prompt alignment (right). For each
class C; of task t, we train a class-specific generative model (i.e., a VAE). Afterwards, only the
decoders are retained for later generative replay, while the encoders can be discarded. In the
second phase, we perform prompt alignment by matching the features sampled from all stored
decoders up to task ¢ with the text features generated using the learnable prompts.

embeddings from all VAEs, thus including data from both past and current classes. In
detail, the prompt construction involves generating two distinct tokens: (i) a learnable
class-specific token V.. to capture fine-grained details, and (ii) a hyper-token V. that
models cross-domain knowledge. The hyper-token is generated by a shared, learnable
Multi-Layer Perceptron (MLP), fed with the textual embedding z;,: obtained through
the standard hand-crafted prompt. Overall, the prompt t. for class c fed to the text
encoder E,,; is:

te = (V] [Ve] [CLS), (8.2)

C

where V¥ = MLP(E,,;(“a photo of a <CLS>”)). (8.3)

The posterior probability of class c is obtained as in Eq. 8.1, using the text embeddings
obtained with our prompts z{,, = Fi4(te).

The two phases are repeated at each task to refine previously learned prompts
with knowledge from subsequent tasks. It is worth noting that training becomes
considerably faster because visual embeddings are sampled from the VAEs rather than
computed through the CLIP visual encoder, allowing us to avoid costly forward passes

through the deep visual backbone.

Zero-shot inference. During inference, we adopt a hybrid approach to deal with

both seen and unseen classes. For classes the model has encountered in previous tasks,
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we employ the corresponding learned prompts; for those it has not yet encountered,
we feed the text encoder with the original hand-crafted prompts (e.g., “a photo of
a <CLS>”). Such a straightforward approach allows us to preserve the zero-shot

capabilities of CLIP while adapting to novel classes that arrive sequentially.

8.4 Experiments

Datasets. We evaluate our approach across a wide range of datasets with varying
degrees of similarity to ImageNet pretraining [54, 191] and varying compatibility
with CLIP’s zero-shot capabilities [210] (see Tab. 8.1). In particular, we test on Seq.
ImageNet-R, Seq. Cars-196, Seq. CUB-200, Seq. EuroSAT, and Seq. ISIC.

Metrics. When evaluating in the Class-IL scenario, performance is summarized
using the Final Average Accuracy (FAA), defined in Chapter 6. Additionally, we assess
zero-shot performance on future (unseen) tasks by adapting the Transfer metric
from [314, 297], originally introduced to evaluate zero-shot capabilities across different
domains. Specifically, let A be the accuracy on the i-th task after being trained until

task ¢, the Class-Incremental Transfer is defined as:

1 T—-1 1 T )
CI-Transfer = ﬁ Z (H Z Az) . (84)

t=1 1=t+1

Comparison methods. We benchmark our model against several prompt-tuning
approaches, including L2P [270], DualPrompt [269], CODA-Prompt [245], and Att-
riCLIP [266]. Additionally, we assess models that fine-tune the entire architecture,
namely LwF [148], GDumb [206], DER++ [25], and SLCA [305]. We also integrate MoE-
Adapters [297] into our framework, which is designed to prevent zero-shot accuracy
degradation across datasets. AttriCLIP, MoE-Adapters, and our CGIL are also evaluated
on future tasks, measuring how their zero-shot capabilities are affected by incremental

training. We employ the same ViT-L/14 backbone for each model that uses CLIP.

8.4.1 Results

Tab. 8.1 reports the Class-IL performance for all evaluated competitors and benchmarks.
The last column shows the average accuracy of each method across all benchmarks.

Despite the impressive results of zero-shot CLIP on Seq. ImageNet-R and Seq. Cars-196,
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Method Img-R Cars-196 CUB-200 EuroSAT ISIC Avg.
Zero-shot CLIP [210]  81.95 64.99 50.52 53.32 26.59  55.47
LwF [148] 19.09 23.24 16.73 25.13 33.06 23.45
GDumb * [206] 44.28 28.74 61.34 90.99 61.64 57.40
DER++ T [25] 56.66 53.66 74.62 93.08 65.68 68.74
L2P [270] 66.49 38.18 62.21 46.34 47.13  52.07
DualPrompt [269] 68.50 40.14 66.00 71.39 49.99  59.20
CODA-Prompt [245] 75.45 31.99 67.30 63.12 44.87  56.55
AttriCLIP [266] 87.39 75.63 58.28 72.33 28.26  64.38
SLCA * [305] 77.00 67.73 84.71 88.69 59.19  75.46
MOoE Adapters [297] 90.67 77.76 64.98 80.56 3452  69.70
CGIL 89.42 89.27 83.12 96.17 73.03 86.20

Table 8.1: The FAA on the tested benchmarks. T denotes methods that fine-tune the whole
model, while other methods apply parameter-efficient techniques.

CI-Transfer Img-R Cars-196 CUB-200 EuroSAT ISIC Avg.
Zero-shot CLIP [210]  82.14 66.16 50.86 55.00 2242 55.32
AttriCLIP [266] 85.75 73.98 54.07 59.69 24.14  59.53
MoE Adapters [297] 88.25 75.82 61.73 55.77 21.06  60.53
CGIL 86.71 78.80 66.34 71.52 48.18 70.31

Table 8.2: The Class-Incremental Transfer on the tested benchmarks. Only methods based on
CLIP as a backbone could be tested.

it fails in other domains, particularly in the medical field. Consequently, competitors
that rely on CLIP are heavily affected by this limitation and exhibit a similar drop.
On the other hand, CGIL effectively addresses CLIP-related limitations, delivering
consistently strong performance across all scenarios. Considering average performance,
the proposed method achieves a substantial improvement (+ 11) over SLCA [305], while
other prompt-based techniques fall behind.

Zero-shot performance. Tab. 8.2 reports performance on unseen tasks through the
Class-Incremental Transfer metric. Here, a similar trend emerges, with CLIP and the
other competitors excelling on Seq. ImageNet-R and Seq. Cars-196 while struggling on
the remaining datasets. CGIL shows a strong ability to leverage both CLIP’s zero-shot
expertise and knowledge acquired from previously learned tasks, achieving superior

performance in nearly all benchmarks.
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Img-R Cars-196 CUB-200 EuroSAT ISIC Avg.

CoOp (Joint) 89.24 89.89 82.52 96.25 73.57 86.29
CoOp (Finetune) 84.94 68.61 59.84 79.27 37.08 65.95
CGIL 89.42 89.27 83.12 96.17 73.03 86.20

Different generative approaches

Multinomial Gaussian ~ 83.89 82.59 80.06 85.70 51.89 76.83
Mixture of Gaussians 88.54 88.82 82.10 93.04 62.42 8298
Diffusion Models 89.28 90.14 83.48 95.73 68.99  85.52
VAEs (CGIL) 89.42 89.27 83.12 96.17 73.03  86.20
Different techniques to create the context prompt
Class-specific token 89.09 88.96 83.06 95.59 72.21 85.78
MLP-generated token 89.41 88.91 82.82 95.69 70.79  85.52
Multiple shared tokens  89.02 88.08 81.50 95.47 70.18  84.85
CGIL 89.42 89.27 83.12 96.17 73.03  86.20

Table 8.3: Ablative studies on CGIL. Results are expressed as Final Average Accuracy.

8.5 Model analysis

To further validate the effectiveness of CGIL and its architectural design, we report

additional experiments in Tab. 8.3.

Detailed comparison with CoOp. Vanilla CoOp is evaluated under two distinct
benchmarks: one trained jointly, i.e., without partitioning the dataset into tasks (Joint),
and the other trained in the conventional Class-IL scenario (Fine-tune). For the latter,
we make two minor adjustments to accommodate the incremental scenario: (i) we
allocate a class-specific learnable prompt to each class, rather than relying on a single
global prompt, and (ii) during subsequent tasks, the previously learned prompts are
kept frozen. This strategy, also employed in [245], helps prevent forgetting; conversely,
training all contexts in subsequent tasks could overwrite previous knowledge.

The insights derived from the results of these two approaches (first rows of Tab. 8.3)
highlight the effectiveness of CGIL in bridging the gap between fine-tuning and joint
training when prompt learning is used. Indeed, the proposed method nearly matches

the performance of the Joint setting.

Different generative models. Along with Variational Autoencoders, we evaluate

various families of generative models to determine which best complements our method.
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The most straightforward approach involves fitting a multivariate Gaussian distribution
for each class [305]. As indicated in Tab. 8.3, this approach alone achieves strong
results, with an average of 76.83 compared to 75.46 for SLCA. However, exploiting
more powerful generative models such as VAEs considerably improves the effectiveness
of the alignment procedure. This suggests that the quality and variety of the generated
data are crucial.

We also evaluate Mixture of Gaussians (MoGs) and Denoising Diffusion Probabilistic
Models (DDPMs) [102]. While DDPMs achieve results comparable to VAEs, we prefer

VAEs because they train faster and require fewer parameters.

Different prompting techniques. As introduced in Sec. 8.3, our context consists
of a class-specific token and a generated token. Hence, at the bottom of Tab. 8.3, we
present the results with different choices: (i) using a single class-specific context, as
in CoOp (Finetune); (ii) utilizing only the hyper-token generated by the MLP; and (iii)
adopting a method similar to the original CoOp, in which multiple tokens are learned
and shared across classes. For the first two ablative variants, we increase the number
of contextual tokens in our preliminary experiments. However, while the third variant,
which uses a shared context across classes, benefited from this modification, the first
two strategies showed no improvement. We thus report only the results with a single
context token.

The results of these alternatives fall slightly behind CGIL, indicating that the main
contributors are the generative rehearsal and the alignment phase. This becomes
evident when considering the performance gap between CoOp (Finetune) and Class-
specific Context: they share the same prompting mechanism, but the latter is enhanced

with generative replay.

8.6 Conclusions

This chapter introduced CGIL, a simple yet effective baseline for incremental fine-tuning
of vision-language models that preserves zero-shot capabilities while adapting to new
classes. By operating directly in embedding space and combining prompt learning with
generative replay, the proposed approach mitigates forgetting without modifying the
pretrained encoders. In addition, the introduction of the Class-Incremental Transfer
metric enables the evaluation of zero-shot generalization on future tasks, providing an

overall assessment of continual-learning performance in VLMs.
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A limitation of CGIL is its reliance on class-specific generative models, which
must be stored for all observed classes. While the memory footprint of each decoder
is modest and these models are only required during training, scalability remains a
consideration as the number of classes grows. As we will explore in Chapter 11, the
memory requirements can be significantly reduced by using a task-specific generative
model that captures the distribution of all classes within a task, rather than individual
models for each class. Nevertheless, even with class-specific generative models, infer-
ence remains efficient, requiring only a forward pass through the frozen CLIP visual
encoder and a similarity computation with the learned textual embeddings.

More broadly, this chapter reinforces a central theme of this dissertation: effective
continual learning can be achieved by carefully selecting the level at which adaptation
occurs. While CHARON exploits structure in the input space of skeletal sequences,
CGIL demonstrates that replay and adaptation can be successfully performed at the
representation level of large pretrained models. The following part of the dissertation
builds upon this insight by investigating how knowledge can be transferred across tasks
and models through direct composition and merging, without relying on sequential

retraining.






Summary of Part Il: Continual
learning through data and

representations

This part investigated continual learning under the assumption of sequential task
exposure, where models must adapt over time while preserving previously acquired
knowledge. The focus was on rehearsal-based strategies, explored at different levels
of abstraction and across heterogeneous modalities, highlighting how the choice of
representation fundamentally shapes the design and effectiveness of continual learning
algorithms.

The first contribution, CHARON, addressed class-incremental learning for skeleton-
based action recognition. By exploiting the structured and temporally redundant nature
of skeletal data, CHARON demonstrated that memory efficiency can be significantly
improved through temporal sub-sampling and interpolation-based reconstruction. In
addition, masked modeling was integrated directly into the continual learning process,
acting as an auxiliary regularizer that stabilizes representations under replay. This
chapter showed that, when input structure is explicitly leveraged, rehearsal-based
continual learning can achieve strong performance even under tight memory and

computational constraints.
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The second contribution, CGIL, shifted the focus from input-space structure to
representation-level adaptation in large pretrained vision-language models. Rather
than modifying the backbone architecture, CGIL operated entirely in embedding space,
combining prompt learning with generative replay to preserve zero-shot capabilities
while enabling incremental adaptation. This chapter highlighted a complementary
perspective on continual learning: when powerful pretrained representations are
available, forgetting can be mitigated by aligning and replaying representations, without
altering low-level feature extractors.

Taken together, the chapters in this part illustrate two complementary strategies
for continual learning. CHARON shows how structured inputs can be compressed,
reconstructed, and replayed efficiently, while CGIL demonstrates how adaptation can
be confined to a lightweight representational interface built on top of frozen pretrained
models. In both cases, continual learning is achieved through explicit rehearsal and
sequential optimization across tasks.

While effective, these approaches still rely on task-by-task training and explicit
replay mechanisms. As the number of tasks grows, this paradigm raises questions
about scalability, efficiency, and long-term knowledge consolidation. The next part
of the dissertation moves beyond sequential retraining by exploring an alternative
direction: model merging. Instead of learning incrementally from data streams, Part III
investigates how independently trained models, task vectors, or parameter-efficient
updates can be composed and merged to transfer knowledge across tasks and domains.
In particular, this perspective enables extensions of the ideas introduced in CGIL, as
exemplified by MoDER, where generative replay and representation alignment are
combined with model composition techniques to obtain continual adaptation without

explicit sequential training.
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Background: Model Composition

and Knowledge Transfer

The previous parts of this dissertation addressed continual learning primarily through
sequential adaptation, in which models are updated over time using rehearsal, reg-
ularization, or representation alignment. While effective, these approaches rely on
explicit retraining across tasks and assume continued access to data streams or replay
mechanisms. As the number of tasks grows, such assumptions raise concerns regarding
scalability, efficiency, and long-term knowledge consolidation.

This part explores a complementary paradigm: model composition. Rather than
learning new tasks through additional sequential optimization, model composition
aims to reuse, combine, or transport knowledge already encoded in trained models or
parameter-efficient updates. In this setting, adaptation emerges from the structured
combination of existing components, enabling knowledge transfer without direct
retraining on the target task data.

Model composition provides a unifying framework for a diverse set of problems,
ranging from domain adaptation and zero-shot generalization to cross-task transfer
and modular learning. Across these settings, the central question is how to represent

task-specific knowledge in a form that can be reliably reused and combined. In this
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part, adaptation is no longer framed as an optimization process, but as an algebraic

operation over learned task representations.

9.1 An informal overview

The easiest way to read this part is to think of learning as reusing pieces of models rather
than retraining a system from scratch. Each chapter instantiates this idea in a different
way, but the common intuition is that useful knowledge can be stored in a modular
form and later recombined to solve a new problem.

PASTA (Chapter 10) offers the most concrete example: a tracker may behave
differently in daylight, rain, or crowded scenes, and instead of retraining the full model
for every condition, one can compose condition-specific modules to obtain the desired
behavior. MoDER pushes the same idea toward zero-shot class synthesis (Chapter 11),
in which knowledge learned on previous tasks is recombined to recognize classes that
were never observed jointly. In both cases, adaptation comes from composition rather
than further end-to-end optimization.

Core Space and GradFix (Chapters 12 and 13) address two additional questions that
arise once this compositional view is adopted. If multiple experts are available, how
can they be merged reliably without destructive interference? And if a useful update
was learned on one pretrained model, how can it be transported to another one? These
examples provide an informal map of the part before the formal treatment below, in
which task vectors, low-rank updates, and shared representation spaces make these

operations precise.

9.2 From continual adaptation to compositional

learning

Traditional continual learning focuses on preserving performance on past tasks while
acquiring new ones through incremental optimization. In contrast, compositional learn-
ing assumes that knowledge can be decomposed into reusable units that remain stable
once learned. New capabilities are obtained by selecting, combining, or transforming
these units, rather than by modifying the underlying model parameters through further
gradient-based training.

This shift is motivated by two observations. First, modern models often encode rich
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and transferable representations that generalize across tasks, domains, and modalities.
Second, parameter-efficient adaptation methods provide compact representations of
task-specific knowledge that can be manipulated independently of the backbone model.

Within this perspective, tasks are no longer treated as sequential optimization
problems, but as compositional objects whose solutions can be assembled from existing
components. This enables adaptation in settings in which task data may be unavailable,

impractical to store, or expensive to retrain on.

9.3 Representing task knowledge

A key requirement for model composition is an explicit representation of task-specific
knowledge. Several forms of representation are considered throughout this part, with
a primary focus on parameter-space representations.

One approach represents tasks through parameter deltas, such as task vectors or
low-rank adaptation modules, which capture how a pretrained model must change to
solve a given task. These representations can be added, merged, or transported across
models, enabling the reuse of learned behaviors.

Another complementary approach represents tasks implicitly through learned pro-
totypes or embeddings, which encode task-relevant information in feature space rather
than parameter space. Composition in this case operates by combining representations
to infer new concepts or conditions without retraining the model.

Finally, task knowledge may be distributed across multiple specialized models,
each trained under different conditions. Composition then consists of selecting and
combining these models or their outputs to adapt to unseen scenarios.

Across all cases, the challenge lies in ensuring that composed knowledge remains

coherent, stable, and faithful to the original tasks.

9.4 Composition under external conditions and

unseen tasks

Model composition is particularly relevant when adaptation must occur under external
conditions that were not explicitly observed during training. These conditions may
correspond to environmental factors, domain shifts, or semantic variations that alter

the model’s behavior without changing the underlying task. Examples include adapting
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a tracker to changing environmental conditions or synthesizing classifiers for unseen
semantic categories by recombining known concepts.

In such settings, composition enables conditional adaptation by activating or com-
bining task components associated with different conditions. This allows models to
generalize to unseen configurations by leveraging previously learned knowledge, rather
than requiring new training data for every possible variation.

Similarly, composition enables generalization to unseen classes or tasks by combin-
ing known components in novel ways. Instead of learning new concepts from scratch,

the model infers them through structured combinations of existing representations.

9.5 Efficient and reliable model merging

As compositional approaches increasingly rely on parameter-efficient updates, an
important challenge is how to merge multiple adaptations reliably. Naive combina-
tion strategies may lead to interference, degradation, or instability, particularly when
merging a large number of updates.

This motivates the need for structured representation spaces and principled criteria
for merging task representations without leaving the parameter-efficient regime. Such
spaces must preserve task-specific information while enabling efficient combination and
minimizing destructive interference. Reliability and accuracy of merging are essential,

especially when composition replaces retraining entirely.

9.6 Compositional learning and task representations

The works presented in this part are grounded in a view of learning in which adapta-
tion is represented explicitly in parameter space and manipulated through algebraic
operations. Rather than training a model end-to-end for each new task, knowledge is
encoded as structured modifications of a shared pretrained model and reused through
composition, interpolation, and transport.

Let f(-;0) denote a neural network with parameters § € R?, initialized from a
pretrained solution 6. Adapting the model to a task 7; produces a new parameter vector
0;, obtained either through full fine-tuning or parameter-efficient updates. Following
prior work on task arithmetic and model composition [109, 2, 177], we define the task

vector associated with 7; as
Ti £ 97; — 90. (9.1)
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The task vector 7; captures how the pretrained model must be modified to solve
task 7;. Under the assumption that adaptations remain within the same basin of the
loss landscape, task-specific solutions can be approximately recovered through linear
superposition:

0o + 7 = 0;. (9.2)

This representation enables a form of task arithmetic, in which multiple task vec-
tors can be combined through linear operations to construct new behaviors without
retraining:

Beomp = 00 + Z QiTi, (9.3)
i

with a; € R controlling the contribution of each task. Such linear combinations
have been shown to support skill composition, attribute manipulation, and domain
adaptation in large models [109, 298].

A key empirical property enabling these operations is linear mode connectivity [82,
65]. Given two solutions 6, and 6, obtained from the same initialization, the linear
interpolation

O(N) = (1 — \)fa + A0, A€ [0,1], (9.4)

often exhibits low loss throughout the entire path. Rewriting this interpolation in terms
of task vectors yields

O(N) = 0o + (1 — N1y + A7, (9.5)

which highlights interpolation as a special case of task composition. This observation
underlies conditional adaptation mechanisms, in which external factors (e.g., environ-
ment conditions or domains) modulate the contribution of different task vectors.

At the same time, linear mode connectivity should be viewed as an empirical approx-
imation rather than a universal guarantee. It is most reliable when solutions remain in a
nearby basin and admit a compatible parameterization, and it may weaken under large
domain shifts, unresolved permutation symmetries, or regimes in which the low-loss
connection is curved rather than well approximated by a single straight segment. The
chapters in this part build on this linear perspective, while also introducing additional
structure or local geometric information when linear composition alone is insufficient.

In practice, storing full task vectors 7, € R? is often infeasible. Instead, task
knowledge is commonly represented through parameter-efficient structures, such

as low-rank updates or adapters, which constrain task vectors to low-dimensional
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subspaces [106, 127]. These representations preserve the linear structure required
for task arithmetic while enabling efficient storage and manipulation. In this view,
parameter-efficient modules such as low-rank adapters are treated as structured task
vectors.

However, naively combining multiple task vectors can lead to interference when
updates overlap in parameter space. This motivates the development of structured
composition and merging strategies that account for alignment, redundancy, and
conflict between task representations [177, 2, 298]. Designing such strategies is central
to scaling composition beyond a small number of tasks.

An additional challenge arises when task vectors are learned relative to different
pretrained models. Given two initializations 6y and 0o, a task vector 7; learned from 6,
may not transfer directly to 0y due to differences in representation geometry. Trans-
porting task knowledge across models requires constructing a transformed vector 7;
such that

0o +7; and Oy + 7 (9.6)

exhibit equivalent behavior. Addressing this problem enables cross-model reuse of task
knowledge and decouples task learning from the choice of pretrained backbone.
Overall, this part adopts a unified perspective in which learning is reframed as
the construction, composition, and transport of task representations. Within this
framework, adaptation can be achieved without retraining, conditioned on external
signals, or transferred across models. The following chapters instantiate this perspective
across different domains and problem settings, ranging from condition-aware tracking

and zero-shot classification to efficient merging and cross-model task transport.



Is Multiple Object Tracking a Matter

of Specialization?

10.1 Scenario-specialized tracking with

parameter-efficient modules

Video surveillance systems rely on Multiple Object Tracking (MOT) to localize and
maintain identities over time, often under variations in viewpoint, illumination, crowd
density, and camera motion. Modern MOT methods are commonly grouped into
tracking-by-detection (TbD) [18, 275, 312, 172, 232, 207, 174] and end-to-end query-
based trackers [301, 313, 295, 79]. As discussed in Chapter 4, TbD approaches remain
strong and reliable, but their association stage is non-differentiable, making joint optim-
ization of detection and tracking difficult. Query-based trackers address this limitation
by learning detection and association within a unified transformer architecture.

Despite their appeal, end-to-end transformer trackers are costly to train and sens-

Publication. Gianluca Mancusi, Mattia Bernardi, Aniello Panariello, et al. Is Multiple Object Tracking
a Matter of Specialization?. NeurIPS, 2024 [175].

Candidate contribution. Research question, experimental design, and writing.
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Figure 10.1: Given a scene, we select the modules corresponding to its attributes, such as light-
ing and indoor/outdoor. These modules are composed and then deployed, yielding a specialized
model.

itive to changes in scenario conditions [208, 294]. In particular, models trained on a
specific mixture of scenes can overfit to spurious regularities (e.g., camera placement
or lighting), and performance may degrade when deployed in environments whose
attributes differ from those seen during training. Collecting sufficient data for each
operational setting is often impractical, making efficient adaptation necessary.

This chapter introduces Parameter-efficient Scenario-specific Tracking Architecture
(PASTA), a modular framework that adapts query-based trackers through lightweight
parameter-efficient modules [106, 202]. Instead of fine-tuning a single model on all
conditions, PASTA learns small experts associated with discrete scene attributes (e.g.,
indoor/outdoor, lighting, camera motion) and composes the corresponding experts
at deployment time to obtain a tracker specialized to the current scenario (Fig. 10.1).
Modules are trained independently, which reduces negative interference across in-
compatible conditions [271, 272, 208, 294], while composition enables reuse of learned
expertise under new attribute combinations. We evaluate PASTA on MOTSynth [72]
and on real-world benchmarks (MOT17 [57] and PersonPath22 [242]) under both in-
domain and zero-shot transfer settings. Results show that scenario-specialized modules
improve tracking performance on the source domain and provide consistent gains
under synth-to-real and real-to-real shifts, without requiring test-time optimization.

We summarize the main contributions as follows:

« We introduce PASTA, a modular framework for query-based MOT that adapts a
pretrained tracker through parameter-efficient, attribute-specific experts.

« We show that independent expert training improves robustness under scenario
variation and reduces interference relative to monolithic fine-tuning.

« We validate the approach on synthetic and real benchmarks, including zero-shot

transfer, demonstrating practical gains under domain shifts.
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10.2 Related work

Multiple Object Tracking. We refer the reader to the background provided in Part I
for a detailed discussion of Multiple Object Tracking paradigms and benchmarks. Here,
we briefly recall only the aspects most relevant to this chapter.

Modern MOT methods are commonly divided into tracking-by-detection (TbD)
approaches [18, 275, 312] and end-to-end transformer-based trackers [181, 301, 313].
While the latter unify detection and association through attention mechanisms, they
are particularly sensitive to data scarcity and domain shifts [301, 208], often overfitting
to the scenarios seen during training. PASTA operates within this second family and

specifically targets robustness under scenario variation without retraining.

Modular Deep Learning and parameter-efficient adaptation. Modular Deep
Learning (MDL) [203] aims at decomposing adaptation into lightweight, reusable
components attached to a shared backbone. This paradigm has gained traction as
model sizes increase and full fine-tuning becomes impractical. Parameter-efficient
techniques such as LoRA [106], (IA)3 [159], and scale-and-shift layers [149] enable
learning task- or domain-specific updates while freezing the base model.

A key aspect of MDL is that multiple modules can be trained independently and
later combined at inference time through routing and aggregation mechanisms. When
aggregation is performed directly in parameter space, the process can be interpreted
as model merging [290], yielding a single set of weights and preserving inference
efficiency. PASTA builds on this principle by associating modules with interpretable

scene attributes and composing them to specialize a tracker for the current scenario.

Domain adaptation and robustness in MOT. Domain adaptation for MOT has
primarily focused on tracking-by-detection pipelines. Methods such as GHOST [232]
and DARTH [231] adapt appearance models or detectors using test-time adaptation or
distillation. While effective, these approaches often require multiple passes over video
sequences or additional optimization at deployment time.

In contrast, PASTA targets end-to-end tracking-by-attention models and performs
adaptation entirely through pretrained, attribute-specific modules. Once trained, spe-
cialization is achieved by composition alone, without test-time learning. Unlike open-
vocabulary tracking approaches based on CLIP [143, 256], our method does not aim to
generalize across object categories, but rather across scenarios, focusing on robustness

to domain shifts in surveillance settings.
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10.3 Preliminaries

Query-based Multiple Object Tracking. The underlying backbone of our tracker
follows the structure of [301]. In a nutshell, such a query-based model forces each query
to recall the same instance across different frames. Specifically, we leverage an end-to-
end trainable tracker built upon the Deformable DETR [31] framework conditioned
by the image features extracted with a convolutional backbone (i.e., ResNet [95]).
Following [313], we further condition the DETR decoder with a set of detections from
an external detector network and a shared learnable query.

At time t = 0, new proposals are generated from the objects detected in the
scene. These proposals are then updated through self-attention and interact with image
features via the deformable attention layer. The final prediction output is the sum of the
initial anchors and the predicted offsets. For subsequent frames (¢t > 0), track queries
generated from the previous frame are concatenated with learnable proposal queries of
the current frame. Moreover, previous predictions are integrated with current proposals
to establish new anchors for the incoming frame. Additional architectural details can be
found in [313]. Notably, the flexibility of this architecture allows seamless integration

of modular adaptation techniques.

10.4 Method

This section presents PASTA (Fig. 10.2), a modular approach to Multiple Object Tracking
that leverages PEFT modules to enable attribute-specific specialization and reuse. This
approach allows for the dynamic configuration of an end-to-end tracker by selecting the
appropriate modules for each input scene, fully leveraging heterogeneous pretraining

while avoiding negative transfer.

Attribute-based modularity. We devise a set of learnable modules to fine-tune
each layer of our query-based tracker. Each module is related to an attribute: as
shown in Fig. 10.3, we define N = 5 attributes, namely lighting, viewpoint, occupancy,
location, and camera motion, and provide a tailored module for each discrete value these
attributes take. For instance, the location attribute has indoor and outdoor modules.
At inference time, prior knowledge about the input scene is used to determine the
appropriate value for each attribute, which in turn selects the corresponding modules

from the “inventory”, denoted as M.
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Figure 10.2: Overview of our modular architecture. A domain expert selects PEFT modules
based on sequence attributes such as lighting and camera movement. These selected modules
are then composed and applied to each model layer, adapting the backbone and encoder-decoder
architecture.

Since the base model [313] relies on heterogeneous layers — namely, convolutional
(e.g., ResNet) and attention-based blocks (e.g., Deformable DETR) — we employ two
different strategies to fine-tune the modules. Specifically, after each convolutional
layer of the ResNet backbone, we apply a strategy that learns channel-wise scale-and-
shift parameters; for each layer of Deformable DETR, instead, we employ LoRA-based
fine-tuning [106] at each linear layer. In formal terms, considering each convolutional
layer of the ResNet backbone, we deploy | M| pairs {7y, ,Bm}lﬁﬁ 1 of learnable vectors
7,3 € RY, where C is the number of output channels. For each linear layer [ of
the encoder-decoder structure underlying Deformable DETR, we devise |M| pairs
{A, B} Ljyz‘ 1 of learnable LoRA matrices.

During training, we start with the pretrained weights and integrate all the modules
while keeping the original parameters frozen. To reduce negative interference, each
module is optimized independently by sampling one attribute at a time and updating
only the corresponding module at each training iteration. By the end of the training
process, we obtain a set of specialized parameters (experts), which can be seamlessly

merged during inference to improve overall tracking performance.
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Figure 10.3: Examples of surveillance scenes and their corresponding attributes used by
PASTA.

Routing via a Domain Expert. During inference, two essential steps are required to
exploit the learned modules: routing and aggregation. With multiple modules available
from the inventory M, a routing strategy is required to determine which ones should
be active. To make this selection, we draw on what is known in the literature as expert
knowledge [281, 203] (or “Domain Expert” in Fig. 10.2). In real-world applications
such as video analytics, the expertise guiding the selection can come from a video-
surveillance operator or human analyst, who configures the appropriate modules
to reflect domain- and scene-specific settings, such as camera perspective, lighting
conditions, and other critical details. This approach allows users to optimize the
tracking model for their specific contexts without extensive retraining. Additionally,
the modular nature of the system enables easy integration of new modules to address

emerging attributes or scenarios.

Module composition. In the final step, we aggregate the selected modules (“Modules
Composition” in Fig. 10.2) and incorporate the result into the pretrained tracker to
create an expert model. Since these modules have been obtained by fine-tuning from
6o, each module 6* corresponds to a specific displacement 7* = 8* — 6 in parameter
space relative to the initial pretraining parameters 8. This displacement is known as
the task vector [109]. The final composed model f(; 8,.) is defined as:

f(;0.) where 6.=0y+ vazl XiTi,  »; A =1landT; € M. (10.1)

When \; = %, the formula is simply the average of the task vectors corresponding to
each attribute. We employ this straightforward strategy for A;, giving equal weight
to all attributes. However, for the task vector 7; associated with the ¢-th attribute, we
adopt a more refined strategy. If there are no domain shifts during inference (i.e., both

training and testing occur on the same dataset, such as MOTSynth), the task vector 7;
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is set to the displacement 7* produced by the expert module selected by the Domain
Expert. In contrast, when domain shifts are present (e.g., training on MOTSynth and
testing on MOT17), we adopt a soft strategy that considers all the modules in the
inventory associated with the relevant attribute. In doing so, we follow the insights
from [306], where the authors showed that scenarios with shifting tasks benefit from
richer representations than those derived from a single optimization episode.
Specifically, given the i-th attribute, let R(4) be the set of its modules. Each attribute

admits multiple discrete values (e.g., R(occupancy) = {“low”, “medium”, “high”}),

and different attributes may have different cardinalities (e.g., | R(occupancy)| = 3 and
| R(lighting)| = 2). Building on this, we employ soft routing to create the corresponding
task vector, assigning most of the weight, e.g. p = 0.80, to the module selected by
the Domain Expert. The remaining modules are weighted by (1 — p)/(|R(7)| — 1),
ensuring that the coefficients sum to 1. For example, for the layers fine-tuned with

LoRA, the corresponding task vector is computed as:

_ - p if m is selected,

Ti = 2 omer() AmBmAm, where A, = . eri (10.2)
Ry otherwise.

Note that when p = 1, the soft strategy becomes hard, meaning that only the module
selected by Domain Expert is utilized. By applying the formula above to all attributes,
we obtain N task vectors, which we aggregate following Eq. 10.1.

Similarly, we apply channel-wise scale and shift [149] operations to adapt each
backbone layer. Formally, given the output F' of a convolutional layer, the i-th module
applies a scale & shift operation to obtain the edited Fi, such that F, =5 OF+p5;
with ® denoting the Hadamard product. At inference time, we combine the output of

different scale & shift modules by noting that

F =Y MiOF+8;) = Sl M(u@F)+ i = (1L, M) OF+3000 1 Aifi,

(10.3)
which means that parametrizing the scale & shift layer with a simple weighted average
effectively results in averaging the outputs of the corresponding individual layers. The
formula above applies to the in-domain setting but can be easily generalized to the
soft routing scheme outlined by Eq. 10.2. Eventually, as discussed in [149], the scale &
shift layer can be absorbed into the previous projection layer, thus ensuring that the

inference process incurs no additional computational costs.
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For convolutional layers adapted via scale & shift, the weighted module composition
can be absorbed into the convolution parameters, yielding an explicit task vector in

parameter space. Let a convolution produce F' = Wy * h + by, and let the composed
module apply F' = v* © F + 3* with y* = ZmGR(i) AmYm and g* = ZmeR(i) A Bm

(hard routing is recovered when ) is one-hot). By re-parameterization, F = W*sh+b*
where W* = (v*©Wp) and b* = y*®bo+5*, which allows defining the corresponding
task-vector increments as Ty = W* — Wy and 7, = b* — bg; therefore, scale & shift
modules admit the same task-vector view used for LoORA modules and can be merged

without inference-time overhead.

10.5 Experiments

Datasets. We evaluate PASTA on a combination of synthetic and real-world pedestrian
tracking benchmarks. The MOTSynth [72] and MOT17 [57] datasets are described in
detail in Chapter 2 and are reused here under the same protocols and preprocessing
settings. Additionally, we evaluate on PersonPath22 [242], a large-scale real-world
dataset for long-term pedestrian tracking, characterized by extended temporal horizons,
severe occlusions, and crowded scenes. It consists of 236 videos, split into 138 training
and 98 test sequences. Compared to MOT17, PersonPath22 features significantly
longer trajectories and more challenging identity preservation conditions, making it

particularly suitable for evaluating cross-domain and zero-shot generalization.

Experimental setting. PASTA is evaluated in both in-domain and out-of-domain
scenarios. For the in-domain evaluation, we train and test PASTA on the MOTSynth
synthetic dataset (Sec. 10.5.1) using expert modules in a domain-specific context. As
a baseline, we train MOTRv2 [313] on MOTSynth without using modules, referring
to this model as MOTRv2-MS. For the out-of-domain evaluation, we conduct a synth-
to-real zero-shot experiment on MOT17 and PersonPath22 (Sec. 10.5.2). Starting from
training on MOTSynth, we test PASTA on these datasets without additional training,
showecasing its ability to generalize under distribution shift. Finally, we present ablation

studies in Sec. 10.6 to take a closer look at the effectiveness of our method.

Competing trackers and metrics. We report the performance of notable meth-
ods, including strong tracking-by-detection baselines such as ByteTrack [312] and
OC-Sort [30]. We also include evaluations of query-based trackers, such as Track-
Former [181] and MOTRv2 [313] (see MOTRv2-MS). To compare their performance, we
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employ five metrics, ordered from detection to association, as recommended by [231].
These metrics are DetA [170], MOTA [15], HOTA [170], IDF1 [223], and AssA [170]. For
the PersonPath22 dataset, we use their official metrics, MOTA and IDF1, supplemented
by FP (false positives), FN (false negatives), and IDSW (identity switches).

Implementation details. We initialize our models using the pretrained weights from
DanceTrack [249], as provided by the authors of [313]. We employ YOLOX [83] as
the auxiliary detector, exploiting weights from ByteTrack [312]. To provide a shared
initialization for both PASTA and MOTRv2-MS training, we train a bootstrap model
starting from the DanceTrack initialization for 28k iterations on the MOTSynth training
set. This bootstrap stage uses half of the original training sequences from MOTSynth
to align our model with the scenarios represented in the dataset. The learning rates are
set to 5 x 107 for the transformer and 1 x 1075 for the visual backbone.

In the second phase, we deploy the PEFT modules to fine-tune the bootstrap model.
By excluding half of the sequences during the bootstrap stage, we leave room for
the modules to learn complementary features. To ensure a fair comparison, we train
each module for a similar number of iterations as MOTRv2-MS, with approximately
17k iterations. Regarding the encoder-decoder model, we apply our modularization
strategy to every linear layer except those with output dimension smaller than 128.
For the LoRA hyperparameters, we use r = 16, a weight decay of 0.1, and a learning
rate of 3 x 10™%. The scale & shift layers employ a learning rate of 1 x 10~° and a
weight decay of 1 x 10, Training is performed on a single RTX 4080 GPU with a
batch size of 1 for both phases. Due to the small batch size, we accumulate gradients
over four backward steps before performing an optimizer step. Each module is trained
independently on the entire MOTSynth training set. With 12 modules, our model has

approximately 15 million trainable parameters.

Attributes. We employ five key attributes to realize our modular architecture: lighting,
camera viewpoint, people occupancy, location, and camera motion. For lighting, we
specialize modules for good and bad lighting conditions. To do so, we threshold
the brightness value V of the HSV representation at 70. The viewpoint attribute
includes modules for high, medium, and low camera angles. We manually annotate this
attribute as follows: (i) scenes where the camera is parallel to the ground at or below
pedestrian head level are labeled as “low-level”; (ii) “high-level” viewpoints include
vertical perspectives or scenes where the camera is positioned very high or far from

people; and (iii) “medium-level” includes all other camera angles. For occupancy,
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|©| HOTAT IDFIT MOTAT DetAf AssAt

SORT [18] - 46.0 55.7 50.9 49.9 42.8
ByteTrack [312] - 45.7 56.4 61.8 50.1 41.9
OCSort [30] - 46.9 56.8 59.1 48.7 45.6
TrackFormer [181] 44M 41.3 49.9 47.7 44.4 40.6
MOTRv2-MS 42M 52.4 56.6 61.9 56.4 49.0
PASTA 15M 53.0 57.6 62.0 56.2 50.4

Table 10.1: Evaluation on MOTSynth test set. |©] is the number of trainable parameters.

we design modules that reflect the crowd density within the scene: low (up to 10
people), medium (10 to 40 people), and high (more than 40 people), based on the count
of detections with a confidence score above 0.2. The location attribute differentiates
between indoor and outdoor settings. Lastly, the motion attribute comprises modules
for both moving and static cameras, enabling the model to adapt to different camera

movement scenarios.

Computational costs. PEFT modules reduce training memory by decreasing the
number of parameters updated by the optimizer (13GB for full fine-tuning versus
8.25GB for PASTA on MOTSynth), while inference incurs no measurable overhead

beyond a negligible weight composition step for stationary attributes.

On the Domain Expert. In our experiments, we rely on a human Domain Expert
to select the appropriate modules based on the attributes of the input scenes, i.e.,
we assume access to the attribute values for each sequence in the test set. This is a
reasonable assumption in real-world applications, in which such information is often
available or can be easily inferred. For instance, the camera’s mounting perspective and
whether the scene is indoors or outdoors are typically known factors in fixed-camera
scenarios. Additionally, automatic approaches can be envisioned to minimize human
intervention further. For example, lighting conditions can be inferred by analyzing
brightness levels, and a detector can count objects of interest in the scene to estimate

crowd density.

10.5.1 Performance in the in-domain setting

To assess the impact of negative interference, we conduct several experiments on
MOTSynth (see Tab. 10.1). Given the wide variety of scenarios in this synthetic dataset,

the advantages of using specialized modules become evident. Indeed, integrating
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HOTAT IDF1? MOTAT DetAt AssAt

fully-trained

SORT [138] 64.3 73.1 70.9 63.3 66.1
OC-SORT [30] 66.4 77.8 74.5 64.1 69.1
TrackFormer [181] - 74.4 71.3 - -
ByteTrack [312] 679 793 766 66.6  69.7
MOTRv2 [313] 66.8 78.9 73.2 62.5 71.4
zero-shot

TrackFormer [181] 51.0 63.9 58.7 51.8 61.2
MOTRv2-MS 62.6 73.0 67.6 60.3 65.5
PASTA (p = 1) 637 741  67.9 603  67.9
PASTA (p = 0.8) 640 749 681 604 683

Table 10.2: Zero-shot evaluation on MOT17. PASTA is evaluated in zero-shot by selecting the
best attributes on the source dataset.

our modules yields an overall improvement w.r.t. the fully fine-tuned counterpart
(MOTRv2-MS). Specifically, we observe gains on the association metrics (AssA, IDF1)
as well as on HOTA and MOTA. These enhancements suggest that our approach
reduces negative interference during training. By assigning each module a specific role
tailored to particular scenario settings, we achieve improved training stability through

a deterministic selection process guided by a domain expert.

10.5.2 Performance in the out-of-domain setting

By designing distinct modules for various input conditions, we can effectively select
the appropriate modules to handle distribution shifts, such as transitions to a new
domain. We assess the benefits of this ability using synthetic data for training and then
evaluate on new, unseen datasets without any additional retraining (zero-shot). To do
this, we start from the model trained on MOTSynth as described in Sec. 10.5.1 and
evaluate it on MOT17 (Tab. 10.2) and PersonPath22 (Tab. 10.3). While these datasets
share similarities in the attributes we employ, the source dataset is synthetic whereas
the targets are real-world, resulting in a substantial shift.

The results reported in Tabs. 10.2 and 10.3 show an improvement over the baseline
(i.e., MOTRv2-MS), with + 1.4 in HOTA and + 1.9 in IDF1 on zero-shot MOT17, and + 1.7
in MOTA and + 0.7 in IDF1 on PersonPath22. Our approach demonstrates better gener-
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MOTAT IDF1f FP|  FN| IDSW/|

fully-trained

CenterTrack [318] 59.3 46.4 24340 71550 10319
SiamMOT [241] 67.5 53.7 13217 62543 8942

FairMOT [311] 61.8 61.1 14540 80034 5095

IDFree [243] 68.6 63.1 9218 66573 6148

TrackFormer [181] 69.7 57.1 23138 47303 8633

ByteTrack [312] 75.4 66.8 17214 40902 5931

zero-shot

TrackFormer [181] 39.2 43.3 21402 126082 10023
MOTRv2-MS 48.3 53.1 28483 98007 7154

PASTA (p=1) 49.7 53.7 18211 105611 6321

PASTA (p = 0.8) 50.0 53.8 18038 105454 6037

Table 10.3: Evaluation on PersonPath22 test set. PASTA is evaluated in zero-shot by selecting
the best attributes on the source dataset.

alization capabilities, helping close the gap with fully trained methods while requiring
less computation. These results indicate that modularity enhances performance on
the source dataset and improves domain generalization, leading to a more reliable and
versatile tracking approach. Furthermore, in addition to reporting the results with the
standard module selection (considering only the modules present in the scene, p = 1),
we also experiment with the weighted aggregation of all modules (p = 0.8), as detailed
in Sec. 10.4. Interestingly, while the standard strategy already shows improvements,
the weighted aggregation strategy yields even better performance. This suggests that
richer representations, obtained by including multiple modules per attribute, are more

effective for zero-shot scenarios than a single-module approach [306].

Evaluating zero-shot real-to-real transfer. In Tab. 10.4, we present an additional
experiment to evaluate the performance of PASTA in a zero-shot setting, this time using
a real-world dataset as the source rather than a synthetic one. For comparison, we
train MOTRv2 on MOT17 and assess its performance on PersonPath22. Our approach
achieves superior results with respect to the fine-tuned MOTRv2, confirming that

modular specialization improves generalization to new real-world domains.

Source retention after adaptation. To quantify how modular fine-tuning affects
source-domain retention, a further experiment evaluates the MOTSynth performance
after adapting the tracker to a target real dataset. Starting from PASTA and MOTRv2-
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MOTAT  IDF1t FP| FN| IDSW|
fully-trained
TrackFormer [181] 69.7 57.1 23138 47303 8633
ByteTrack [312] 75.4 66.8 17 214 40902 5931
zero-shot
MOTRv2-MS 43.9 51.5 8304 119391 5342
PASTA 46.1 54.6 7895 114 620 4702

Table 10.4: Zero-shot evaluation of PASTA trained on MOT17 and tested on PersonPath22.
PASTA is evaluated in zero-shot by selecting the best attributes on the source dataset.

MOTSynth ~ HOTA? IDF1+  MOTAT  DetAt AssAT
Trained on MOTSynth (Tab. 10.1)

MOTRv2-MS 524 56.6 61.9 56.4 49.0
PASTA 53.0 57.6 62.0 56.2 50.4

Subsequently trained on MOT17

MOTRv2-MS 48.1(-4.3) 56.3(-0.3) 60.8(-1.1) 50.7 (-5.7) 46.2 (-2.8)
PASTA 49.8 (-3.2) 57.4(-0.2) 61.8(-0.2) 52.3(-3.9) 48.0(-2.4)

Table 10.5: Source-domain (MOTSynth) results before and after fine-tuning on target-domain
(MOT17). We report the difference in performance in brackets.

MS trained on MOTSynth, both models are further fine-tuned on MOT17 and then
re-evaluated on the MOTSynth test split; the results in Tab. 10.5 show that modular ad-
aptation is less prone to degrading source performance than full fine-tuning, consistent

with reduced interference across scenario-specific updates.

10.6 Ablation studies

In Tab. 10.6, we evaluate the effect of various routing and aggregation strategies in
both the in-domain setting (MOTSynth, left side of Tab. 10.6) and the zero-shot setting
(MOT17, right side of Tab. 10.6). In the in-domain scenario, the results show that
averaging the modules selected by the Domain Expert, specifically using Mean avg.
(p = 1.0), is the most effective strategy. Summation, as proposed by [307], yields worse
results, plausibly due to altered weight magnitudes when combining multiple modules
by addition. Another noteworthy approach is the weighted avg., described in Sec. 10.4,

which incorporates all modules, including those not selected.
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MOTSynth (val) HOTAt IDFIf MOTAT  MOT17 (val) HOTA? IDF1{ MOTA?T
aggregation aggregation
Sum (only selected) 0.65 0.44 -0.69 Sum (only selected) 0.58 0.41 -0.03
Weighted avg. (p = 0.8)  59.9 66.8 59.6 Weighted avg. (p=0.8) 64.0 749  68.1
Mean avg. (p = 1.0) 60.1 67.2 59.9 Mean avg. (p = 1.0) 63.7 74.1 67.9
selection selection
Opposite modules 59.2 66.5 58.7 Opposite modules 62.9 73.9 67.1
All modules 59.8 67.0 59.4 All modules 63.1 74.1 67.7
Domain Expert 60.1 67.2 59.9 Domain Expert 63.7 74.1 67.9

Table 10.6: Ablation study on different module aggregation and selection strategies. (Left)
MOTSynth validation, (Right) Zero-shot on MOT17 validation.

i, HOTA? IDF1T MOTA?

57.41 57.45 57.48 5781 No modules 58.2 64.9 55.6

56 26.87 Opposite: only lighting 58.9 66.2 57.8
545497 Opposite: only viewpoint 58.8 65.7 57.0
s248_ 5%79 5374 5388 30 Opposite: only occupancy  58.6 66.4 59.2

52 50_6}//. ’T‘ Opposite: only location 58.9 66.0 58.4
w HOTA Opposite: only camera 58.5 65.6 58.4
pase ‘“odi\ V‘g“{\iqocc“"a“?“‘o{\o‘; \ocaf\ir\\j\ewpd\(\‘. Average opposite 58.7 66.0 58.2
Correct modules 60.1 67.2 59.9

Figure 10.4: IDF1 and MOTA when

adding new attributes on MOTSynth. Table 10.7: Opposite modules selection.

While using only the selected modules is the optimal strategy in the in-domain
scenario, for the zero-shot case (MOT17), incorporating knowledge from the non-
selected modules, specifically using Weighted avg. (p = 0.8), enhances tracking

performance. This pattern is also consistent on the PersonPath22 dataset.

Module selection. Should we select only the modules representing the current
scenario, as determined by the Domain Expert approach, or would performance improve
by incorporating all available modules? In Tab. 10.6, we investigate this matter by
comparing these two approaches. To provide a more comprehensive perspective, we
also evaluate a strategy that, in sharp contrast to the Domain Expert, selects the opposite
modules (e.g., selecting the outdoor and poor lighting modules when presented with
an indoor, well-lit scene). The lowest performance is observed when using opposite
modules, indicating that using the proper modules provides valuable information about
the current scene. Interestingly, the model still performs relatively well despite using
opposite attributes, likely due to contributions from other modules whose general
knowledge of the domain sustains overall performance. This suggests that modules can

assist one another in solving tasks. Moreover, reduced negative interference — achieved
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Fine-tuning applies on HOTAT IDF11T MOTA?T DetAT AssAtT

none 52.4 56.6 61.9 56.4 49.0
all except the decoder 51.5 56.0 58.9 53.6 49.8
all except the encoder 52.4 56.9 61.2 55.7 49.7
all except the backbone 52.5 57.0 61.5 55.6 49.9
PASTA (all) 53.0 57.6 62.0 56.2 50.4

Table 10.8: Performance comparison of our approach when modules are not applied or are
applied only to specific parts of the architecture (i.e., decoder, encoder, visual backbone).

PersonPath22 MOTA?T IDF1t FP| FN| IDSW]
Sum (only selected) 0.91 0.64 - - -
Avg. (only selected) 49.6 53.6 18211 105611 6321

Weighted avg. (all) 50.0 53.8 17786 105454 6037

Table 10.9: Ablation study on different module aggregation strategies on PersonPath22 test set
in zero-shot.

by training each module separately — prevents the modules from relying on each other
and allows them to make unique contributions independently.

Furthermore, in Fig. 10.4, we illustrate how the incremental addition of special-
ized modules improves IDF1 and HOTA metrics, showing that greater specialization
gradually enhances overall performance. For a more detailed analysis, in Tab. 10.7, we
select the opposite modules instead of the correct one for each attribute. Although the
metrics are further reduced, the model still performs well due to its robust pretraining,

as indicated by the no modules baseline shown in the table.

Block-wise analysis. In our approach, attribute-related modules are applied to the
entire network. However, users may opt to edit only specific parts of the architecture,
thereby identifying which components are most critical. In Tab. 10.8, we conduct an
ablation study by excluding our modules from different components of the architecture.
The results indicate that not applying task vectors to the decoder significantly degrades
both detection and association metrics. We believe this degradation reflects the crucial
role of the decoder, which must gather information from detection, tracking, and pro-
posal queries while simultaneously integrating visual information from the encoder.
Consequently, not adapting the decoder prevents the architecture from effectively lever-
aging both queries and visual cues. The encoder also contributes substantially, though
to a lesser extent than the decoder, as it primarily refines and contextualizes visual

features from the backbone. Finally, the backbone shows the smallest contribution.
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Weighted aggregation under domain shift. An additional ablation on the Person-
Path22 test split further supports the benefit of incorporating non-selected modules
under domain shifts. As reported in Tab. 10.9, assigning p = 0.8 to the selected modules
and distributing the remaining weight across the others improves performance over
unweighted averaging, reinforcing the observation that richer attribute mixtures can

be advantageous in zero-shot transfer.

10.7 Conclusions

This chapter introduced PASTA, a modular framework that improves domain robustness
in query-based Multiple Object Tracking through attribute-specific parameter-efficient
modules. The approach trains experts independently to reduce negative interference
and composes them in parameter space to obtain a specialized tracker at inference
time. The experimental evaluation shows that modular composition improves tracking
performance in-domain and strengthens zero-shot transfer under synth-to-real and
real-to-real shifts. The resulting framework also supports practical deployment, since
scenario attributes can be selected by a domain expert or inferred automatically.
Beyond tracking, PASTA also provides a first concrete instance of a broader theme
in this part of the dissertation: acquiring new capabilities by composing lightweight
adaptations on top of a shared pretrained backbone. In PASTA, composition is guided
by scene attributes and performed in parameter space to obtain a scenario-specialized
tracker without additional optimization at deployment time. The next chapters gener-
alize this idea from scenario-conditioned specialization to more challenging forms of
knowledge reuse: MoDER composes modular prototypes to recognize novel classes,
Core Space formalizes how LoRA-style modules can be merged reliably within a shared
representation space, and GradFix studies how to transport a learned update between
different pretrained models. Together, they shift the focus from adapting a single model

sequentially to building new behavior by combining and transferring learned increments.



Modular Embedding Recomposition

for Incremental Learning

11.1  From preserving zero-shot to improving it

Pretrained Vision-Language Models (VLMs) such as CLIP [210] offer strong zero-
shot recognition and a convenient interface for open-vocabulary classification. Yet,
when CLIP is adapted incrementally, two failure modes appear simultaneously: (i)
accuracy on previously learned classes deteriorates (catastrophic forgetting) [178], and
(ii) zero-shot performance on future (unseen) tasks degrades as incremental updates
overwrite alignment inherited from pretraining [314, 297]. This second aspect is
particularly limiting in realistic deployments, where the set of future domains and
classes is unknown and retraining is costly.

Part II introduced replay in embedding space as an effective way to stabilize incre-
mental adaptation of CLIP, culminating in CGIL [77]. MoDER builds on this perspective

and asks a different question: can the knowledge accumulated across tasks be reused

Publication. Aniello Panariello, et al. Modular Embedding Recomposition for Incremental Learning.

BMVC, 2025 [195].
Candidate contribution. Idea, methodology, implementation, experiments, and writing.
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compositionally to improve recognition of classes that have never been observed yet?
MoDular Embedding Recomposition (MoDER) answers positively by turning in-
cremental learning into a problem of expert acquisition and expert composition. Instead
of maintaining a single evolving prompt (or relying on conservative hand-crafted
templates for future classes), we incrementally learn lightweight textual experts that
specialize the CLIP text encoder and store them in a foundational hub. At inference
time, the hub enables two behaviors: (i) robust classification of seen classes using their
dedicated experts, and (ii) expert forging for unseen classes by composing the most
relevant experts in parameter space, producing textual prototypes on the fly.

MoDER is evaluated on both Class-Incremental Learning and Multi-Domain Task
Incremental Learning [314, 297]. In addition to standard accuracy on seen classes (Final
Average Accuracy), we quantify generalization to future tasks using Class Incremental
Transfer [77]. Overall, MoDER complements the Part II narrative by moving from
retaining CLIP’s zero-shot capabilities to actively reusing incremental knowledge to

strengthen them. We summarize our contributions as follows:

« We introduce MoDER, a modular framework for incremental adaptation of CLIP
that stores class- or task-specialized textual experts in a foundational hub.

« We propose a training strategy (Textual Alignment) that supports replay in em-
bedding space while encouraging experts to be linearly composable in parameter
space.

« We introduce Mixture of Textual Experts (MoTE), a composition rule that forges
textual prototypes for unseen classes by merging relevant experts from the hub,

improving transfer without additional image-level training.

11.2 Related work

Prompt-based continual learning with CLIP. Prompting is a common strategy to
adapt CLIP in Class-IL while keeping the encoders frozen. L2P [270], DualPrompt [269],
and CODA-Prompt [245] maintain pools of prompts and select or compose them across
tasks. AttriCLIP [266] adapts CLIP through learnable textual prompts, while CGIL [77],
as seen in Chapter 8, performs replay directly in CLIP’s embedding space to stabilize
prompt learning. MoDER differs in its objective: rather than preserving a conservative
zero-shot interface for unseen classes, it leverages incrementally learned textual experts

and composes them to forge prototypes for unseen classes.
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Zero-shot continual learning. ZSCL [314] formalizes the problem of preserving
zero-shot performance under continual adaptation, using teacher-student constraints
to retain pretraining knowledge. MoE-Adapters [297] introduce multiple experts to
mitigate degradation across domains, but require task identity and routing at inference.
MoDER instead stores experts in a hub and uses parameter-space composition to form
class-level prototypes, supporting transfer to unseen classes without requiring a task

router at test time.

Model compositionality and task vectors. Recent work has shown that fine-
tuned models can often be combined through linear operations in parameter space,
enabling editing and composition [109, 193, 175]. MoDER adopts this view for CLIP’s
text encoder: each expert is treated as a task vector, and unseen-class prototypes are

obtained by merging a small set of relevant vectors.

11.3 Preliminaries

Setting and notation. We consider a sequence of tasks indexed by t =1,...,7.In
task ¢, the learner observes a dataset D; = {(z("), y("))}iv;

disjoint class set ); (Class-IL) or a dataset-specific label space (MTIL). We denote by
pltite] = Ui;l Y, the set of seen classes up to the current task ¢, and by Pltet1:T]

, with labels drawn from a

the set of unseen classes belonging to future tasks.

CLIP interface. We adopt CLIP [210] with a frozen visual encoder EVi* (-) and a text
encoder £t (.). Given an image x, the visual embedding is 2V = EVi* (). Given
a textual prompt p, the text embedding is 2*** = E'**(p; ), where 6 denotes the

parameters of the text encoder.

Experts as task vectors. MoDER adapts the text encoder through lightweight experts.
For an expert associated with class (or task) ¢, we denote its parameter displacement
by 7; relative to the pretrained text-encoder weights 6. The adapted text encoder is
parameterized as 6y + 7;, and the corresponding class textual embedding is obtained
by prompting the adapted encoder. In our implementation, 7; is instantiated through
parameter-efficient modules (e.g., LoRA [106]), but MoDER only requires the task-vector
view: experts are stored, retrieved, and composed as displacements 7 in parameter

space.
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Figure 11.1: Overview of MoDER. The left side depicts the generative modeling and Textual
Alignment (TA) phases. The right side represents the forging of embeddings for unseen classes.

11.4 MoDular Embedding Recomposition

The name of our method - MoDular Embedding Recomposition (MoDER) - builds
on the concept of enhancing capabilities for unseen classes by recomposing fragments
of knowledge accumulated across previous tasks. Our training framework consists
of specialized experts in the form of lightweight PEFT modules, which fine-tune the
CLIP text encoder. We denote by T7; the task vector associated with class ¢, implemen-
ted as a low-rank LoRA update. We then introduce Textual Alignment (TA, see
Sec. 11.4.1), namely a training strategy that promotes the composition of different
learnable modules.

During inference, we deploy a dual strategy to compute textual embeddings. Spe-
cifically, for classes from the seen set Y[l we use the output of the respective LoRA
experts. For the unseen set, we present an approach called Mixture of Textual Ex-
perts (MoTE, see Sec. 11.4.3) that leverages compositionality to create experts on
the fly. Specifically, given a foundational hub #, comprising all trained experts, we

merge the K experts most relevant to the target unseen class.
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11.4.1 Textual parameter-efficient specialized experts

Given all images x in the current dataset D;_, we freeze the CLIP visual encoder
and extract the relative visual embeddings 2V . These embeddings are used to learn
aligned textual prototypes — one per class in the current task — ensuring that image-
to-text cosine similarity allows for accurate classification. To do this, while existing
methods mainly rely on prompt-tuning [317, 316], we explore a different approach and
devise a distinct LoRA [106] expert module 7; for each class. The textual embedding

for the class ¢ fine-tuned through the expert is obtained as:
2 = E™(psbo+7) sti=Bid;, i€yl (11.1)

where p; = “a photo of a [CLS]” is a hand-crafted textual prompt for the i-th
class within the seen set. Hence, an expert specializes the CLIP text encoder on textual
prompts related to the same reference class. The displacement 7; can be understood as a
task vector [109], that is, the direction in parameter space along which the capabilities
of the pretrained model rapidly improve for the target class ¢. In a sense, we aim to
capture unique aspects of class ¢ with the corresponding task vector 7;.

Notably, to achieve specialization, each expert in our method is associated with its
own set of weights. While this may raise concerns in memory-constrained settings,
our formulation is flexible. It can be adapted to define task-specific experts (as shown
in Tab. 11.2), requiring only one additional set of parameters per task. Furthermore, we
can leverage highly efficient adaptation techniques, such as VeRA [127]. Results for
both LoRA- and VeRA-based expert modules are reported in Tab. 11.3.

11.4.2 Textual alignment (TA)

While training the textual experts for the newly introduced task, we must consider
two aspects: (i) the new textual prototypes should not interfere with the existing ones,
which were trained for previous classes, in order to prevent catastrophic forgetting
during prediction; (ii) the experts should be trained to be composable, such that their
linear combination yields meaningful outputs. In the following, we discuss how our
training strategy, called Textual Alignment (TA), achieves both objectives.

To avoid interference between experts and the resulting forgetting issues, we
augment the training data for the current task by including samples from the past,

akin to generative replay [77]. Namely, we train the experts not only on examples
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from the current task’s data but also on synthetic visual embeddings generated by
lightweight generative models previously trained on past tasks. Specifically, at the onset
of the current task, we train a lightweight class-conditioned diffusion model [102],
denoted by gy, (-), on the features produced by the visual encoder. Notably, due to
the low-dimensional nature of these features, the generator can be implemented as
a lightweight Multi-Layer Perceptron (MLP), with negligible computational cost. In
particular, each diffusion model g;_(-) consists of an eight-layer MLP with 256 hidden
channels per layer and SELU [124] as the activation function.

Thanks to the generators trained on previous tasks (one per task), we can com-
pensate for the absence of corresponding data in later stages and create balanced
training sets for each expert. In practice, after learning the generator for the current
task, we construct a synthetic dataset Dgyn by combining the features generated from
all the diffusion models. We then train the experts using only data from the Dsyn, as

discussed in the following.

Loss function. To train the PEFT experts, we aim to align the text embeddings
in Eq. 11.1 with the visual embeddings in the synthetic dataset Dgyn. While a standard
cross-entropy loss could be used for multi-modal alignment (as in [317, 210]), we
treat each class independently by framing the problem as multiple binary classification
problems. Specifically, we train the experts with the sigmoid loss L, similarly to [304].
Formally, given a data-point (2V*, j) of class 7, the per-sample loss becomes:

vis gtxt

s = (2", Z

ﬁo(ZVis 7j;7-i) = Z

), where Z**is from Eq. 11.1,

—si- Ly
ieYlistel log(1 + 7=, (11.2)

where 1;_;y is an indicator function that returns 1 if the candidate class i equals the
ground truth class j of the synthetic example 2V, and —1 otherwise.

We employ the sigmoid loss over cross-entropy primarily to enhance training effi-
ciency. While cross-entropy requires a joint forward/backward pass through all experts,
with the sigmoid loss, we can reformulate the problem into multiple independent binary
tasks. This allows us to split each update step into manageable batches of experts,
which can be distributed across distinct nodes in a multi-GPU or multi-node setup,
since the sigmoid objective decomposes over classes. This reduces peak GPU memory
as the number of classes grows, while preserving the same objective as the full update.
Finally, as further discussed in the experimental section, we observe that the sigmoid

loss yields a consistent beneficial effect in terms of transfer to unseen categories.
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After their training, the experts are stored in the foundational hub H, which
grows incrementally with each task to accommodate new knowledge. Such a hub
serves as a deep module library, enabling reuse and composition of expert modules for

unseen tasks.

11.4.3 Expert forging via mixture of experts

During evaluation, we compare the visual embeddings extracted from the test images
with the textual embeddings from the experts. For a class ¢ of the seen set, we follow
Eq. 11.1 and prompt the associated expert E*™<* (p;; 0 + 7).

By contrast, for a class j from the unseen set (e.g., one appearing in future tasks),
we forge a new textual prototype by leveraging the experience accumulated up to the
current task and stored in the foundational hub #H. Specifically, we first identify the K
experts in H most relevant to the unseen class j, then combine their weights to form
a new expert. We term this procedure the Mixture of Textual Experts (MoTE); it

proceeds as follows:
sMoTE _ ptxt (. MoTE MoTE _ o
Z] = E (pjaeo + Tj ) I} ’r] = ZietopK(pj)wl’jTZ. (113)

Here, for an unseen class j, p; denotes its synthesized textual prompt, while w; ;

represents an affinity score between classes ¢ and j. In addition, topk (p;) returns the

[1:te] that maximize the similarity sim(i, j). We resort

to text-to-text similarity in the original CLIP space, such that sim(i, j) = (2{**, 2{**).

K experts from the seen set Y

We normalize these scores across the K experts with a softmax, thus obtaining the
w;,; in Eq. 11.3.

Improving expert capabilities. Following Eq. 11.1, each expert is fed with the
same hand-crafted prompt during training. However, this approach is likely to result
in overfitting, with poor generalization when the input prompt varies. This would
be particularly detrimental when forging the textual embedding of an unseen class j.
Indeed, following Eq. 11.3, the corresponding prompt p; provided to each expert entails
a substantial domain shift for expert ¢, which was trained solely on p;. Therefore, we
need a tailored strategy to enhance the robustness of the experts to domain shifts and
improve their out-of-distribution capabilities, which was also shown in [205] to benefit
model compositionality.

In this respect, we combine two simple yet effective strategies. The first one is
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template augmentation: in analogy with the concept of data augmentation, we
modify the training process by randomly sampling a textual template to construct the
input prompt from the 80 templates commonly used for ImageNet zero-shot tests [210].

Secondly, inspired by [276], we enhance OOD robustness by ensembling the weights

0o + 7; of each expert with those of the original zero-shot model §:

0; = (1 — )b + afo + 75) = o + i, (11.4)

where a € [0, 1]. We refer to this step as a-smoothing and denote by ¢ -MoTE the

embedding obtained from the smoothed experts. With this, the final textual embedding

éf‘MOTE can be generated with a single forward pass with weights 6y + a'r;VIOTE ,

as
follows:

Zy_MoTE = B (p,: 6 +a'r?/[°TE). (11.5)

11.5 Experiments

MoDER is evaluated on Class-Incremental Learning (Class-IL) [258] and Multi-domain
Task Incremental Learning (MTIL) [314, 297]. Both involve a sequence of image classi-
fication tasks, assessing forgetting on the old tasks and generalization to unseen ones.
MTIL evaluates transfer capabilities across distinct domains; in Class-IL, the unseen set

comes from the same image domain observed during training (e.g., satellite imagery).

Class-Incremental Learning. We evaluate on five datasets with varying degrees
of alignment with CLIP pretraining. These are Seq. ImageNet-R [101], following [270,
245, 305]; two fine-grained datasets, Seq. Cars-196 [129] and Seq. CUB-200 [263],
which contain only a few samples per class; and two out-of-distribution datasets,
Seq. EuroSAT [98, 99] and Seq. ISIC [53].

Multi-domain Task Incremental Learning. MTIL comprises 11 consecutive tasks,
each learning on a distinct dataset: i.e., Aircraft, Caltech101, CIFAR100, DTD, EuroSAT,
Flowers, Food, MNIST, OxfordPet, StanfordCars, and SUN397. Unlike Class-IL, MTIL
relaxes the constraint of unknown task identities at test time. This adjustment simpli-
fies the challenge posed by the 1201 classes spread across diverse domains, making

evaluation more manageable.
Implementation details.

For a fair comparison, all methods use the same backbone. Specifically, in the Class-
IL and CI-Transfer setting, we follow [77] and employ OpenAI’s CLIP with ViT-L/14.
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Method IN-R Cars CUB ESAT ISIC Avg.
CLIP [210] 82.1 66.2 50.9 55.0 224 55.3
AttriCLIP [266] 85.7 74.0 54.1 59.7 24.1 61.0
MOoE Adapters [297] 88.2 75.8 61.7 55.8 21.1 60.5
ZSCL [314] 85.3 72.5 62.8 69.7 253 63.1
CGIL [77] 86.7 78.8 66.3 71.5 48.2 70.3
MOoDER (Lora) 89.7 87.0 73.2 74.0 52.8 75.3
MOoDER (vera) 89.6 86.9 72.9 74.7 51.7 75.2

Table 11.1: The Class-Incremental Transfer on the tested benchmarks.

Method Transf. A Avg. A Last A

CLIP [210] 69.4 0.0 65.3 0.0 65.3 0.0
Continual-FT 44.6 -24.8 559 -94 773 +12.0
LwF [1438] 58.9 -10.5  64.7 -0.6  74.6 +9.3
Wise-FT [276] 523 -17.1  60.7 46 717 +124
ZSCL [314] 68.1 -1.3 75.4 +10.1 83.6 +18.3
MoE Adapters [297] 68.9 -0.5  76.7 +11.4  85.0 +19.7
MoDER 69.7 +0.3 769 +11.6 858 +20.5

Table 11.2: Accuracy of various approaches in the MTIL setting (Order I).

In contrast, in the MTIL setting, we follow [314, 297] and use OpenAI’s CLIP with
ViT-B/16.

Each diffusion model is trained from scratch for 30K iterations using the AdamW
optimizer [168] with a learning rate of 1 x 10~3 and weight decay of 1 x 10~2. To create
the synthetic dataset Dgyn, for each class, we sample approximately 15K embeddings
in batches of size 512. During the TA phase, we train LoRA with Adam using a learning
rate of 1 x 10~4 for Seq. ImageNet-R, Seq. Cars-196, and Seq. CUB-200, and 1 x 1073
for Seq. EuroSAT and Seq. ISIC. The LoRA rank is fixed at 16. The experiments with
VeRA adopt the same hyperparameters, except for the learning rates: 1 x 103 for Seq.
ImageNet-R, Seq. Cars-196, and Seq. CUB-200, and 1 x 102 for Seq. EuroSAT and Seq.
ISIC.

Evaluation metrics. In the Class-IL setting, the task identities remain unknown
during inference. To assess performance on unseen classes, we use the Class Incre-

mental Transfer (CI-Transfer) metric [77], which measures accuracy on tasks not yet
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Method IN-R Cars CUB ESAT ISIC Avg.
CLIP [210] 81.9 65.0 50.5 53.3 26.6 55.5
CODA-Prompt [245] 78.9 45.2 72.2 63.7 47.4 61.5
AttriCLIP [266] 87.4 75.6 58.3 72.3 28.3 64.4
SLCA [305] 85.5 73.5 87.8 93.6 63.8 80.8
TMC [164] 63.2 39.9 63.4 65.0 48.9 56.1
Inf-LoRA [150] 84.4 58.0 80.4 79.7 56.1 71.7

MoE Adapters [297] 90.7 77.8 65.0 80.6 34.5 69.7
STAR-Prompt [182] 89.2 86.5 85.2 94.2 67.4 84.5

ZSCL [314] 89.1 77.7 62.4 79.1 34.1 68.5
CGIL [77] 89.4 89.3 83.1 96.2 73.0 86.2
MOoDER (LorA) 89.7 90.1 83.7 96.4 76.3 87.2
MOoDER (vera) 89.4 89.6 82.7 96.3 76.4 86.9

Table 11.3: The Final Avg. Accuracy on the tested benchmarks.

encountered by the model (see Tab. 11.1). Additionally, we report results on the MTIL
benchmark [314, 297] in Tab. 11.2. For this benchmark, we report the three standard
evaluation metrics: Transfer, which captures changes in zero-shot accuracy; Average,
which tracks average accuracy throughout incremental training; and Last, representing
accuracy on the final task. Finally, in Tab. 11.3, we present results in terms of Final
Average Accuracy to assess the impact of the different methods on seen classes. Results

are averaged over three runs.

11.5.1 Comparison with the state of the art

Competing Methods. We compare MoDER against several established CL methods
from recent literature. We always include a baseline showing the zero-shot performance
of CLIP. Following the previous literature, in the MTIL setting we include the Continual

FT baseline, which fine-tunes CLIP without any mechanisms for preventing forgetting.

Results. MoDER demonstrates strong and consistent performance across benchmarks.
In particular, we achieve a clear and substantial lead in terms of CI-Transfer, outper-
forming other CLIP-based methods (Tab. 11.1). Furthermore, Fig. 11.2 illustrates the
CI-Transfer progress throughout training, revealing a steeper increase in zero-shot
accuracy compared to other methods, highlighting the effectiveness of our transfer

technique.
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IN-R Cars CUB ESAT ISIC Avg.
MoDER 89.7 87.0 73.2 74.0 52.8 75.3
CE loss 80.9 71.2 66.8 65.7 50.8 67.1

No Template Aug. 89.7 87.0 72.0 73.6 49.1 74.3
a=0 88.0 86.0 72.3 55.0 34.7 67.2

Table 11.4: Ablation analysis on CI-Transfer using LoRA-based experts.

Method Trainable Params GPU (MiB)
LWF [148] 149.6 M (x7.1) 32172 (x6.7)
ZSCL [314] 149.6 M (x7.1) 26290 (x5.5)
MOoE Adapters [297] 59.8 M (x2.9) 22 358 (x4.7)
Textual Alignment 16.2 M (x0.8) 4748 (x0.99)
generator 4.7M (x0.2) 45 (x0.01)
MoDER 209 M (x1) 4793 (x1)

Table 11.5: Trainable parameters and GPU memory usage for methods in MTIL.

In the MTIL benchmark, MoDER also excels, surpassing existing approaches across
the Average and Last metrics (Tab. 11.2). Notably, it not only prevents zero-shot
degradation but improves zero-shot performance, outperforming even CLIP’s original
zero-shot accuracy, as shown by the Transfer metric. Finally, in the standard Class-
IL setting (Tab. 11.3), MoDER achieves the best average performance, albeit by a
narrower margin, consistently enhancing both zero-shot generalization to new classes

and retention on previously seen ones.

11.5.2 Ablative studies

We present in Tab. 11.4 the ablation studies on the Class-Incremental Transfer metric.

Sigmoid loss vs cross entropy loss. Besides reducing computational and memory
overhead, the sigmoid loss contributes to the performance of MoDER. This gain is
specific to the CI-Transfer metric, whereas its contribution to Final Average Accuracy is
marginal. We argue that the sigmoid loss, which models each class label independently,
provides a more suitable learning objective for experts to be composed. Since each class
is learned as an independent function, the sigmoid loss allows experts to specialize in
distinct concepts and be reused modularly in novel combinations. Similarly, Template

Augmentation improves CI-Transfer, albeit to a lesser extent than the sigmoid loss.
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Figure 11.2: For various benchmarks, the accuracy trend in Class-Incremental transfer indicates
the model’s effectiveness in transferring to unseen classes in future tasks. A higher trend reflects
greater effectiveness in adapting to unseen classes.

Preservation of OOD performance. The results indicate that a-smoothing signific-
antly contributes to the performance on unseen classes. Indeed, when no smoothing is
applied (o = 0), the model achieves inferior performance, especially on out-of-domain

datasets.

On the computational cost of MoDER. As shown in Tab. 11.5, MoDER achieves
strong performance with substantially fewer trainable parameters and lower GPU
memory usage than other baselines. This efficiency highlights its scalability and
suitability for large-scale class-incremental scenarios. All results are measured on a
single NVIDIA 3060 GPU with 12GB of memory. During inference, MoDER incurs the
same overhead as the base CLIP model. Unlike other models such as STAR-Prompt [182],
MoE-Adapters [297], and AttriCLIP [266], which require two forward passes, MoDER
requires only a single forward pass on the visual encoder, as the text embeddings can

be computed once and cached for future reuse.

11.6 Conclusions

MoDER frames incremental adaptation of CLIP as the accumulation of reusable textual
experts and shows that these experts can be composed to form prototypes for unseen
classes. By storing experts as task vectors 7 in a foundational hub and enabling
parameter-space composition at inference time, MoDER complements embedding-space
replay baselines such as CGIL [77] with a mechanism that actively improves transfer to
future tasks. This perspective anticipates the broader theme of Part III: obtaining new
capabilities through model composition and merging, rather than through repeated

sequential fine-tuning.



Accurate and Efficient Low-Rank

Model Merging in Core Space

12.1 Merging low-rank experts at scale

Model composition has become a practical alternative to repeated fine-tuning: instead
of training a single monolithic model for every new use case, practitioners increasingly
rely on collections of task-specialized experts and combine them when needed [177,
109, 285, 298]. This trend is reinforced by widespread model distribution through
public hubs [108], and by the fact that modern foundation models are expensive to
fine-tune in full, which makes parameter-efficient adaptations (e.g., low-rank modules)
the dominant format for releasing experts [105, 106, 127, 163, 308].

However, most merging methods were developed for fully fine-tuned weights [48,
81, 109, 176, 193, 264, 285, 220]. When experts are stored as low-rank updates, a na-
ive strategy is to reconstruct full update matrices and apply existing merge operators.

Unfortunately, this is often suboptimal and can be computationally wasteful: reconstruc-

Publication. Aniello Panariello, Daniel Marczak, et al. Accurate and Efficient Low-Rank Model Merging
in Core Space. NeurIPS, 2025 [197].

Candidate contribution. Idea, methodology, implementation, experiments, and writing.
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Figure 12.1: Merging in full space is fast but suboptimal (bottom center). Merging in KnOTS
space or using strong merging methods (e.g., TSV) improves performance but increases cost by
orders of magnitude (right). Core Space merging is effective and efficient (top left). Results
on Llama 3 8B.

tion increases memory traffic, while stronger merging methods that rely on repeated
singular value decompositions (SVDs) become prohibitive on large layers. KnOTS [247]
mitigates the accuracy gap by introducing an alignment space for LoRA updates, but it
does so by performing SVD on concatenated full-size matrices, effectively abandoning
the low-rank representation and scaling poorly with model size.

This chapter introduces Core Space, a merging framework that keeps LoRA experts
low-rank throughout the pipeline while providing a shared coordinate system in which
advanced merging operators become tractable. Core Space builds a common reference
basis from the collection of low-rank factors across tasks and represents each task
update with a compact core matrix. Importantly, the dimension of this representation
depends on the number of experts and their ranks (roughly 7'r), not on the base layer
size. We prove that the transformation into Core Space is lossless for each individual
task update and show that it enables both efficient merging and improved compatibility
between updates.

Across both vision and language backbones (ViT-B/32, ViT-L/14, and Llama 3 8B),
Core Space consistently improves the accuracy of existing merging strategies while
reducing merging cost by orders of magnitude compared to prior alignment-space
approaches (see Fig. 12.1). In the broader narrative of Part III, Core Space provides

the technical foundation that makes composition of many parameter-efficient experts
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practical at scale. The main contributions of this chapter are:

« We introduce Core Space Merging, a framework to merge LoRA-adapted experts in
a shared low-rank basis, avoiding expensive full-space operations while improving

accuracy. The framework is plug-and-play with existing merging operators.

« We prove that projection into Core Space is lossless for each task update and

provide an explicit complexity analysis showing the resulting efficiency gains.

« We present extensive experiments on vision and language settings demonstrating
state-of-the-art merging performance at a fraction of the computational cost of

competing approaches.

12.2 Related work

Parameter-efficient experts. Large pretrained models are commonly adapted via
lightweight modules that update only a small parameter subset [105, 145, 140]. Low-
rank updates, in particular LoRA and variants, are widely used due to their simplicity
and strong performance [106, 127, 163, 308]. In this chapter we treat each LoRA module

as an expert update and focus on how to compose many such experts efficiently.

Model merging and task arithmetic. A common view of merging constructs task
vectors as parameter differences from a shared base model and combines them via
arithmetic or more structured operators [177, 109]. Many methods improve over naive
averaging by reducing interference, e.g., by pruning, resolving sign conflicts, or using
low-rank structure extracted with SVD [285, 56, 264, 81, 176, 48]. Most of this literature
targets fully fine-tuned weights, for which computing and storing full task vectors is
feasible.

Merging LoRA-adapted models. Directly transferring full-model merging recipes
to LoRA experts is non-trivial and can degrade performance [251, 247]. KnOTS [247]
introduces an alignment space for LORA merging and substantially improves accuracy,
but relies on SVD of concatenated full updates, which scales poorly with large layers.
Core Space addresses the same alignment goal while remaining entirely in a low-rank

regime, enabling strong merging operators to be used efficiently.
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12.3 Preliminaries

We adopt the task-vector view introduced in Chapter 9: experts are represented as
parameter displacements from a shared base model and are combined through a merging
operator [177, 109].

LoRA experts. Consider a weight matrix W, € R™*" from a shared base model.
A LoRA expert for task t is represented by two low-rank factors B() € R"™*" and
A® € R™*" defining an update

AW® = BB A®, WO =W, + AW®. (12.1)

We refer to AW ® as the task vector for task .

Merging operators. Given T experts, a generic merging method constructs a merged

update
T
AI/Vmerged =M ({AW(t) }tzl)a Wmerged =Wo+ AI/Vlrmergeda (12~2)

where M can be linear (e.g., Task Arithmetic [109]) or non-linear and structure-aware
(e.g., conflict reduction or SVD-based operators) [285, 81, 176]. For LoRA experts, a
common baseline reconstructs each AW () in full space and applies M there. Core
Space will instead provide a compact, lossless representation that enables applying M

efficiently without operating on the full matrices.

12.4 The Core Space merging framework

In this section, we introduce Core Space Merging (see Fig. 12.2), a framework designed
to identify an effective and efficient subspace — referred to as the Core Space — in which
model merging for LoRA-adapted models can be performed while remaining in the low-
rank regime. Core Space is designed to be reversible - it ensures no loss of information
when projecting into Core Space and back to the original space — while being as compact
as possible. Compactness allows for the use of state-of-the-art merging methods relying
on Singular Value Decomposition (SVD) of weight matrices, which are highly costly to

perform in the original space for large models.
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Figure 12.2: Full Space Merging (left) first reconstructs the full-space matrices AW® =
B®™A®  and then performs merging in the full space to obtain AW. KnOTS Merging con-
catenates the AW ®) matrices and performs a costly SVD on this high-dimensional matrix.
Then, the V) matrices are merged and used to obtain the final AW. The proposed Core
Space Merging (right) performs SVD on a concatenation of the low-dimensional A®*) and B®
matrices to obtain reference bases (V;', U r‘Ef) Afterwards, it projects each update into the

Core Space to obtain the core matrices {M )}t:I' It then performs merging in the Core Space
and reconstructs to obtain the final AW.

12.4.1 Model merging in Core Space

Let A®) € R™™" and B® € R™*" denote the low-rank matrices for task ¢, derived
from a shared pretrained base model Wj. Each task update AW ®) = B®") A®) can be

reconstructed from the SVD of the matrices:
t T t (0T

(12.3)
AW = U(t)E(t vy U(“zﬁf viOT

where the shapes of the matrices in the decomposition are: U(t) € R™7, Zg) € R,
Vf(lt) c R»xT, U](;) € Rmxr, Z(é) € R"™%", and V(t) c R,

Motivation. Under the hypothesis that all tasks share approximately the same
common bases (Up, V) such that V¢ € {1,...,T}, Up = U( Jand Vy ~ VY, we

have:

t=1

T T T
AW =3 AW = 3" BOAO Uy (Z A TARN )R> “) Vi, (124
t=1 t=1
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where Eg) V]ét)TUX)ES) € R"™" encodes the directional transformation applied by

the low-rank update of task ¢. This suggests that, under aligned bases, the sum of
low-rank updates (i.e., Task Arithmetic [109]) can be reduced to merging operations in

a much smaller X 7 space.

Projecting into the Core Space. In practice, task-specific bases are not aligned,
making direct merging of core matrices as in Eq. 12.4 infeasible. Therefore, we aim to
find a shared basis that can represent all tasks without loss of information and that
enables merging to be performed in a reduced space compared to the full space ATV ("),
Intuitively, such a shared basis should span the subspace formed by the union of the

individual task subspaces.

Definition 1 (Reference Bases). Given a set of low-rank matrices {A(t), B® }3;1, we
define as reference bases the orthonormal matrices U%! € R™*T" and Vief € Rn*<17,
obtained by performing SVD over the horizontally stacked B®*) and vertically stacked

A(t) matrices across tasks:

A
BW .. BM| = Usyzvy]; C ol =uasa (v (25)
A

These bases span a shared latent subspace into which all task-specific updates are

projected.

Although the reference bases (U]rgef, V}xef) span all task-specific directions, each
task ¢ is originally expressed in its own local bases (U ](; ), Igt)). To express each update
in the common coordinate system for merging, we solve the following least-squares

problems:

RY = argmin |US'R-UY

2
VEEfQ—Vf)H . (12.6)
RERT rxr F

? (t) :
, @ = argmin
i QERT rxr

where V}(lt) € R™ " and Vi¢f € R™T" (and similarly for Ug) and UT). These

ref

problems are convex, and since U%! and V}° are orthonormal, setting the gradients

to zero yields the global minimizers (see Sec. 12.6.1 for the full derivation):

A ) @2
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As we will show in Sec. 12.4.2, U]g?ng) — Ug) |% = 0, which allows us to substitute

Ug) with U]r;ng), and similarly Vfgt) with fo S), in Eq. 12.3, yielding:

.
AW® = gt ROSOVITuOsOQW) vt (12.8)

task-t update in reference coordinates

By substituting the least-squares solutions from Eq. 12.7 and using the definitions of

B® and A® from Eq. 12.3, we can equivalently write:
AW = ugt (Ug' BOAOVE) vt (12.9)

This reformulation expresses each AW () in the reference basis, enabling all updates

to be compared or merged within a shared coordinate system.

Definition 2 (Core Matrix). We define the core matrix M (") as:
MO = (g BO) (A0VET) e T (12.10)

This formulation generalizes the middle expression in Eq. 12.4, where aligned task-
specific bases were implicitly assumed. In contrast, the core matrix M () is expressed in
the reference bases (U et Vjef) and thus does not rely on any alignment assumption.
It encodes the directional transformation applied by the low-rank update of task ¢,
providing a compact and lossless representation of each task update in the shared

reference space and enabling efficient merging in a reduced T'r x T'r space.

Reparametrized Model Merging in Core Space. Once task-specific updates AW (*)
have been reparameterized into their corresponding core matrices M (%) in the shared
reference bases (U]gef, V}xef), Core Space Merging enables model merging to be per-
formed entirely within a compact, aligned, low-rank subspace. Specifically, the merged

update is computed by applying a merging operator M over the set of core matrices:
Miergea = M({M®)},. 12.11
merged = ({ }t:1)> (12.11)

where M may be any merging function, ranging from simple arithmetic averaging [109]
to more advanced, non-linear or geometry-aware techniques [285, 298]. The final
update in the original model space is recovered by projecting Mergea back through
the reference bases:

AW = UgemeergedeefT. (12.12)
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Because Core Space is a lossless representation of the original updates for each
individual task (see Eq. 12.9), merging in this space preserves all relevant task informa-
tion. Furthermore, when M is linear, such as Task Arithmetic, the merge operation in

Core Space is exactly equivalent to applying the same merge in the full model space:

T re re. T T re: T re T
MHEAW Y, ) = MUUETMOVET Y, ) = U MEM DY, Vit
(12.13)

Core Space merging offers key benefits over full space merging:

. Efficiency. Core matrices M) € RT"*T" are significantly smaller than their
full-space counterparts AW ®) € R™*"_ This reduction enables high-cost merging
algorithms to run at a fraction of the time and memory footprint (see Sec. 12.4.3).

« Efficacy. As shown in Sec. 12.5.1, Core Space merging improves performance over
full-space merging when non-linear methods are used. In Sec. 12.5.2, we show that
this improvement stems from better alignment and more compact representation

of task-specific directions.

12.4.2 Lossless Core Space representation

Replacing Ug) and Vf(‘t) with Ungg) and Vet E:) to obtain Eqs. 12.8 and 12.9, which
define the final form of the core matrix, requires that the solutions to the least-squares
problems in Eq. 12.6 incur zero alignment error. That is,

|us'Ry - U

2 2
=0, Hvref Y-vl =o. 12.14
R ATQA Vil (12.14)

In this section, we show that the reference bases Ufgef and V}ff, obtained via the
SVD of the stacked matrices B(*) and A(*) (see Eq. 12.5), minimize the total alignment
error across all 7" tasks, achieving an error of exactly zero. To illustrate this, we first

analyze the alignment error for a single task ¢, focusing on U, Analogous results

hold symmetrically for V3. For clarity, we assume in the following derivations that
T-r<mandT -r < n,so that the total LoRA rank does not exceed the maximum
possible rank of the target weight matrix. In Sec. 12.6.3, we provide a more general
analysis that removes this assumption and demonstrate that the zero alignment error

result continues to hold.

Lemma. Let Ug) € R™*" and Ufgef € R™*T"" be matrices with orthonormal columns,

and let Rg) = U]rgefTUg) € RT""7 pe the optimal solution minimizing the error of the
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least-square problem. Then, the optimal alignment error is given by:

O ?

2
eu = HUngg) - §>HF =r— ‘ Uyt (12.15)

F

The proof, provided in Sec. 12.6.2, leverages the properties of Frobenius norm
and the orthonormality of U g ) and U et To formally demonstrate that our chosen

reference basis U minimizes the alignment error across all T tasks (or equivalently

T
maximize ||U g ) U%t||2 for each task t), we first formulate the following constrained

optimization problem for a single task, and then extend it to the multi-task scenario:

2
.
v U

max

-
= max tr <UTUg>Ug) U) :
F ves

where S={UeR™"" |U'U =1Ir..}

(12.16)

and tr(-) denotes the trace operator. The optimization domain is restricted to the
Stiefel manifold S (i.e., the set of matrices with orthonormal columns). The following

lemma characterizes the solution to this optimization problem:

Lemma. A solution U* to the quadratic program in Eq. 12.16 is given by a basis whose
columns include the r eigenvectors corresponding to nonzero eigenvalues ofB(t)B(t)T €
R™*™ or, equivalently, by the r left singular vectors of the matrix B"). Moreover, at the
optimum, the objective attains its maximum value r, resulting in zero alignment error in
Eq. 12.15.

This follows from standard constrained quadratic optimization on the Stiefel mani-
fold.

Extension to multiple tasks. Achieving zero reconstruction error for a single model
t does not guarantee optimality for any other model ¢’ # ¢. Therefore, we aim to
identify a reference basis U* that jointly optimizes Eq. 12.16 across all 7" models. We
formulate this global problem as:

T
Trr®r® Ty T T
max 2 tr(U ' Ug'Uy’ U) = rUneaétr(U UpUgU), (12.17)
where Up = [U ](31), U ,(32), o U ](BT)} denotes the horizontal concatenation of all

U g) matrices. The equality in Eq. 12.17 follows directly from the linearity of the trace
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Figure 12.3: Core Space merging is more efficient than the previous state-of-the-art
KnOTS. The cost is similar to full space merging, which results in much lower performance. We
visualize the number of operations performed to merge 7" rank  LoRA modules of final shape
n xn.

Space TA Iso-C TSV
Full n?Tr n3 n3T
KnOTS n37T? n3T? +n2Tr n3T? + T3r2n
Core n?Tr n?Tr + T3r3 n?Tr + T4r3

Table 12.1: O(-) time complexities. The cheapest method is highlighted in bold (T, r < n).

operator and the distributivity of matrix multiplication concerning matrix addition:
MTAIM +MTAM = MT(Ay + Ag)M.

By considerations analogous to the single-task case, a global solution U* is given by
the top T'-r left singular vectors of the matrix B, obtained by horizontally stacking each
matrix B®), ie, U* = Ust. This choice ensures zero alignment error simultaneously

across all T tasks, consistent with the procedure described in Sec. 12.4.1.

12.4.3 Computational complexity analysis

We summarize the time complexities of TA, Iso-C, and TSV merged in all three spaces
(Full, KnOTS, and our Core) in Tab. 12.1 and Fig. 12.3. Our approach exhibits a time
complexity comparable to that of Task Arithmetic in full space. Our method’s additional
terms are negligible unless the product 7" - r becomes significantly large. A key advant-
age of our method lies in its scalability compared to KnOTS, whose time complexity
is super-cubic, driven by a factor that scales cubically with the weight matrix size n.
Finally, we emphasize the minimal additional overhead incurred when combining our
method with Iso-C or TSV in the core space; it introduces a cost substantially lower

than its counterpart in full space or KnOTS space.
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12.5 Experimental results

Experimental setup. We follow the experimental setup of KnOTS and use the LoRA
checkpoints provided by the authors [247]. For the vision experiments, we use two
variants of CLIP [210] with ViT-B/32 and ViT-L/14 [64] as vision encoders fine-tuned
on a standard set of 8 tasks. We employ Llama 3 8B [92] fine-tuned on 6 NLI tasks for
the language experiments. All models are fine-tuned with LoRA [106] with rank 16
applied on all matrices (keys, queries, values, and outputs) across all attention layers.
Following [247], we report normalized accuracy as a ratio of the accuracy of the merged
model on a given task to the accuracy of the model fine-tuned on this task. We also
report absolute accuracy for the joint-task setting (additional experimental details in
Sec. 12.6.5).

Baseline merging spaces. We compare our proposed Core Space with two alternative
merging spaces. Full Space operates in space of full reconstructed weight matrices
AW® = BM A ¢ Rm*" KnOTS Space [247] operates in the space of the right
singular vectors of the concatenated reconstructed weight matrices { AW " }7_, €
R™*nT Unless otherwise stated, we adopt the same data splits, training schedules, and
evaluation protocols as KnOTS to isolate the effect of the merging space and merging

strategy.

Baseline merging methods. We evaluate each merging space using the following
merging methods. Task Arithmetic (TA) [109] performs a scaled summation of each
task matrix Wierged = Wo + E;Trzl AW,;. As this is a linear operation, the results
of merging in each space are the same (see Eq. 12.13 for Core and [247] for KnOTS).
TIES [285] trims low-magnitude parameters and averages parameters with dominating
sign, while DARE [298] preprocesses task vectors by randomly dropping a fraction
of parameters and rescaling the remaining ones. TSV [81] concatenates low-rank
approximations of task matrices and orthogonalizes them across tasks. CART [48]
calculates centered task vectors as a difference of fine-tuned weights from the average
of all fine-tuned weights and performs task arithmetic on the low-rank approximation
of these centered task vectors. Iso-C [176] flattens the spectrum of singular values for
a model merged with task arithmetic. As the spectrum flattening can be performed
on weights merged with any merging technique, we combine Iso with other merging

techniques, denoting it with +1so-c.
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Method Space SNLI MNLI SICK OQNLI RTE SCITAIL Avg(AAcc) Time [s] Rel. Time
Abs. Accurcay 92.50 90.31 91.58 9449 89.86 96.52 - - -
TA Full 93.57 95.28 87.96 68.71 100.0 96.73 90.38 (+0.00) 9 -
Full 95.17 96.19 84.18 74.18 100.0 96.78 91.08 (+0.00) 72 9
TIES KnOTS 91.82 94.19 9297 7857 100.0 97.61 92.53 (+1.45) 3000 375
Core 92.07 93.51 93.63 83.72 99.19 97.66 93.30 (+2.22) 8 1
Full 94.76 96.8 78.39 72.08 98.39 96.20 89.44 (+0.00) 108 13
DARE-TIES KnOTS 91.62 96.72 7490 84.75 99.48 99.13 91.10 (+1.66) 3180 397
Core 92.10 93.58 93.70 83.68 99.19 97.66 93.32 (+3.88) 8 1
Full 95.38 95.12 88.83 76.80 101.61 97.56 92.55 (+0.00) 3360 280
TSV KnOTS 92.53 95.83 82.77 77.01 100.0 97.08 90.87 (-1.68) 4800 400
Core 95.86 95.70 89.25 83.89 102.42 97.86 94.16 (+1.61) 12 1
Full 55.00 39.04 76.54 5590 46.77 69.25 57.08 (+0.00) 540 67
Iso-C KnOTS 85.28 52.86 89.43 5490 75.00 77.73 72.53 (+15.45) 4860 607
Core 91.54 90.10 87.87 75.85 99.19 97.42 90.33 (+33.25) 8 1

Table 12.2: Normalized accuracies of merged models on NLI tasks for Llama 3 8B.

12.5.1 Results

LLMs merging. We present Llama 3 8B results on natural language inference in
Tab. 12.2. In line with our complexity analysis, merging in Core Space is much more
efficient than merging in Full or KnOTS space, yielding up to a 600 x speedup. Moreover,
merging in Core Space improves the performance of all tested merging methods. In
particular, it elevates TSV to 94.16% average normalized accuracy, achieving state-of-

the-art results.

Per-task evaluation in vision setting. We present per-task vision results for ViT-
B/32 in Tab. 12.3. We observe that 8 out of 9 merging methods achieve their highest
average accuracy when performed in our proposed Core Space. The best combination
— TSV + Iso-C merged in Core Space — achieves state-of-the-art average normalized
accuracy of 76.3%. It significantly outperforms the previously reported SoTA of TIES
in KnOTS space, achieving 68.0% [247]. Similar conclusions hold for experiments on
ViT-L/14.

Heterogeneous ranks. While handling LoRA modules with heterogeneous ranks
might seem non-trivial, our method supports it seamlessly without modification. Even
with different ranks, the modules can be concatenated across tasks to form an aggregate
basis spanning the combined subspaces, after which projection and alignment are
applied to each local task core matrix. Since SVD makes no assumptions about input
ranks, it yields valid orthonormal bases in all cases, enabling our framework to merge

variable-rank LoRA modules naturally. We evaluate this setting by assigning rank 16
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Method Space Cars DTD ESAT GTSRB MNIST RESISC SUN397 SVHN Avg (A Acc)
Abs. accuracies 74.00 5830 99.00 92.70 99.30 88.40 64.50 96.20 -
TA Full 81.97 7372 48.97 42.24 53.12 71.50 97.46 41.25 63.78 (+0.00)
Full 82.37 7272 4991 36.62 57.16 69.38 96.92 44.56 63.70 (+0.00)
TIES KnOTS 83.75 7445 50.36 47.31 67.01 71.79 96.51 50.64 67.73 (+4.03)
Core 84.74 7646 52.19 50.41 67.36 71.21 96.45 50.18 68.63 (+4.93)
Full 82.14 7372 4935 37.78 56.63 70.14 97.35 42.12 63.65 (+0.00)
DARE-TIES KnOTS 82.01 7290 44.15 45.54 60.59 70.89 95.56 47.64 64.91 (+1.26)
Core 84.57 76.09 57.09 51.01 66.64 71.39 96.16 52.14 69.39 (+5.74)
Full 83.44 7555 50.99 45.03 59.31 73.33 96.40 49.23 66.66 (+0.00)
TSV KnOTS 81.86 7491 51.25 41.64 53.93 71.64 97.95 40.36 64.19 (-2.47)
Core 83.86 75.09 52.64 45.39 58.53 72.95 97.63 45.21 66.41 (-0.25)
Full 83.04 8193 50.39 70.17 59.14 79.11 99.26 49.11 71.52 (+0.00)
CART KnOTS 83.94 7518 52.23 54.48 64.78 74.48 95.88 55.73 69.59 (-1.93)
Core 80.83 83.94 54.99 73.28 66.25 80.95 98.69 48.57 73.44 (+1.92)
Full 78.86 74.45 60.01 39.02 66.65 70.30 98.39 48.59 67.03 (+0.00)
TIES +1so0-C KnOTS 78.46 80.38 58.81 64.97 72.10 76.89 98.33 49.78 72.47 (+5.44)
Core 8291 84.76 5241 78.79 71.56 81.43 99.48 52.14 75.44 (+8.41)
Full 78.71 7554 50.84 42.86 65.03 71.88 98.92 48.08 66.48 (+0.00)
DARE-TIES +1s0-c  KnOTS 82.93 7418 4931 46.73 66.64 71.82 96.72 50.57 67.36 (+0.88)
Core 83.27 83.12 54.55 79.04 71.83 82.08 99.36 52.37 75.70 (+9.22)
Full 79.38 80.38 57.99 65.64 64.22 79.74 98.59 46.49 71.55 (+0.00)
TSV +1s0- KnOTS 80.81 83.03 58.25 74.34 67.66 79.69 98.54 49.86 74.02 (+247)
Core 82.98 85.12 50.95 84.25 71.14 84.39 99.06 53158 76.43 (+1.88)
Full 80.33 82.11 57.31 77.38 71.17 81.57 98.72 51.91 75.06 (+0.00)
CART -1so0-C KnOTS 82.05 80.47 56.12 64.58 62.40 78.81 99.22 45.05 71.09 (:3.97)
Core 82.93 84.21 51.14 81.32 72.12 82.83 99.33 55.32 76.15 (+1.09)
Full 80.16 83.03 51.44 74.76 70.72 79.89 98.66 50.20 73.60 (+0.00)
Iso-C KnOTS 80.33 7929 57.50 67.60 65.63 79.54 99.26 46.62 71.97 (-1.63)
Core 83.35 84.30 50.13 81.97 71.07 83.46 99.17 53.90 75.92 (+2.32)

Table 12.3: Normalized accuracies of merged models on the vision tasks with ViT-B/32.

to half the tasks and rank 64 to the rest; we observe that our method still outperforms

other approaches.

Additional PEFT methods. Our method can also be applied to other PEFT methods,
such as VeRA [127]. In VeRA, AW = A,BA4A, where A € R™", B € R™*",
Ay € R™™ and Ay € R"™™!. Unlike LoRA, in VeRA the A and B matrices are
randomly chosen, frozen, and shared across the network, while only the two scaling
vectors A are learned for each layer. To adapt VeRA to our Core Space merging, we
absorb the scaling vectors into the matrices, i.e., B = Ay B and A= A4A, and then
treat A and B as the LoRA A and B matrices. We also note that the same construction
extends to VeRA by absorbing the learned scaling vectors into the effective low-rank

factors before stacking, projection, and reconstruction.

Joint-task evaluation in vision setting. We also evaluate vision models in the
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Space TA TIES DARE-TIES TSV CART 1IES DARETIES TSV CART ., o
Full 435 436 440 454 448 435 443 483 448 521
KnOTS 435 468 452 446 447 405 448 514 526 529
Core 435 474 476 445 496 541 540 557 556 55.9

Table 12.4: Joint-task setting absolute accuracy on the vision tasks with ViT-B/32.
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Figure 12.4: Most components in full space

are irrelevant when doing Task-Arithmetic (TA).

Removing any components from the core space
results in a performance drop, showing that it
is an information-dense space. We report the

Figure 12.5: Subspace Alignment Ratio
(SAR) [176]. Each bar shows the average SAR
between LoRA task matrices, Full, and Core
Space. In Core Space, task matrices show higher
SAR. The performance gains suggest that better

results on vision tasks with ViT-B/32. alignment facilitates effective merging.

challenging joint-task setting introduced in [247], in which the task ID is unknown
during inference. Instead of a per-task evaluation, this protocol evaluates the merged
model on the union of all classes, requiring it to distinguish between classes from all
tasks. We present the results in Tab. 12.4. Core Space facilitates merging with almost

all methods, achieving state-of-the-art results when combined with Iso-C.

12.5.2 Analysis

Truncation. We compare the utilization of Full Space and Core Space for models
merged with TA. First, we compute the SVD of the merged matrices: AWpergeq for Full
Space and Myergeq for Core Space. Then, we truncate a fraction p of the least significant
values, ie., 0; = 0fori > (1 — p) *x dim(X), and observe the drop in accuracy of the
merged model after truncation. As shown in Fig. 12.4, in Full Space we can truncate
up to p = 0.8 of the values without performance loss, while in Core Space truncating

any component results in a performance drop. This shows that Core Space is dense,
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Reference Basis U! Shape Avg. Acc. Avg. ey

1)  UY (first task) mxr 60.4 13.4
(2) Random orthonormal mx Tr 61.6 13.3
(3) Concatenation (Eq. 12.5) m x T'r 68.6 0.0

Table 12.5: Ablations on the choice of reference basis. Our basis (3) achieves higher results than
the single-task basis (1) and the random orthonormal basis of the same shape (2). We proceed
with V3¢f analogously to U%*. We report the TIES-Core results on vision tasks with ViT-B/32.

whereas Full Space contains many unused or redundant components. We hypothesize
that the compactness of Core Space facilitates model merging because it extracts only
the relevant components. This behavior indicates that information in Core Space is
more uniformly distributed across components, making it inherently sensitive to rank

reduction.

Core Space improves subspace alignment. In this section, we evaluate the Subspace
Alignment Ratio (SAR) [176] between each pair of LoRA updates fine-tuned on different
tasks. SAR measures how much of the subspace of one task is contained in another
and correlates with post-merge performance. We compute SAR in Full Space and Core
Space. Fig. 12.5 shows that Core Space yields consistently higher alignment. We argue
that this result arises because Core Space enforces a shared basis across tasks, which

filters out task-specific noise and promotes alignment.

Choice of the reference basis. To evaluate the choice of reference bases, we assess
performance under different alternatives and compute the alignment error ey defined
in Eq. 12.15 (averaged over all layers and tasks). We present the results in Tab. 12.5.
In row (1), we evaluate using the basis of the first task as a reference basis. In row (2),
we set the reference basis to a random orthonormal basis of the same dimensionality.
These two bases perform much less than our reference basis in row (3). Moreover,
we confirm that the optimal reference basis from row (3) achieves zero alignment
error. Additionally, we verified experimentally that even in the extreme case where
T -r > min(m,n) (eg, Tr = 2048 > 768 for merging 8 ViT-B/32 LoRA models),
the reconstruction error defined in Eq. 12.15 remains exactly zero, consistent with the

generalized theoretical result in Sec. 12.6.3.
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12.6 Proofs and additional details

12.6.1 Least-squares alignment in reference bases

We recall the least-squares problems from Eq. 12.6:

Rg) = argmin fofQ (t)H . (12.18)

RERTTX T

2
UStR — Ug) H , QS) = argmin
F QERTrxr

Since Uref and Vref have orthonormal columns, the objectives are convex and their

global minimizers are obtained by setting gradients to zero:
R(t) UrefTUg), Q(t) VrefTv(t) (12_19)

Substituting Eq. 12.19 into Eq. 12.8 yields the equivalent reparameterization in Eq. 12.9,

which motivates the definition of the core matrices in Eq. 12.10.

12.6.2 Quantifying alignment error and proving exact

reconstruction

Let Uy () € R™*" and Up ref & RmMXdU he matrices with orthonormal columns, where
dy denotes the intrinsic rank of the stacked matrix in Eq. 12.5. With the least-squares

solution Rg) =U §fTU g ), the residual is

2 T 2
v = |vs'RY -uP| = - HU{? Ut (12.20)
F
By construction, U%? spans the column space of the stacked matrix [B ... B(T)] in

Eq.125. Therefore for every task ¢, the columns of U *) Jie in span(U’st), which implies

Ug o Ukf|| = r and hence ey = 0. The same argument applies symmetrically

F
to Vi, yielding zero alignment error for both factors and proving that Core Space

projection and reconstruction are lossless for all tasks.
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12.6.3 Overcomplete case: when T'r > mor1Tr >n

The lossless reconstruction result holds even when T'r > m or T'r > n. In this case,
the stacked matrices in Eq. 12.5 have intrinsic ranks
-
dy = rank([B(l) B(T)D <m, dy =rank([AD;.. . AD] ) <n,
and the SVD produces truncated orthonormal bases Ukt € R™* 0 and Vet € Rn*dv
Repeating the least-squares derivation with these truncated bases yields the same closed-
ref

form solutions as Eq. 12.19 and the same error formula as Eq. 12.20. Since Uy" and

Vief still span the union of task subspaces, the alignment errors remain zero.

12.6.4 Rank preservation of merged updates

When merging 7" LoRA updates of rank r, Core Space operates in a Tr-dimensional
representation and reconstructs updates with effective rank at most T'r. This preserves
the intended low-rank structure across merging methods that operate on core matrices.
In contrast, certain full-space preprocessing steps (e.g., trimming in TIES applied after
reconstructing B A) can destroy low-rank structure and lead to much higher effective

ranks, increasing interference.

12.6.5 Experimental environment and hyperparameter

selection

The language experiments with Llama 3 8B were performed on a single 48G NVIDIA
L40S. The vision experiments were executed on a single 16G NVIDIA RTX 4080. We
build directly on the KnOTS codebase and use the LoRA checkpoints released by the
authors.

We tune method-specific hyperparameters using a validation holdout strategy. For
Task Arithmetic, the scaling factor « is searched starting at 0.1 with increments of 0.1.
For TIES and DARE-TIES, top-K is searched starting at 10 with increments of 10. For
DARE-TIES, the pruning factor p is searched starting at 0.1 with increments of 0.1.
For CART, the pruning rank is searched over {0.04,0.08,0.16, 0.32}, following the
original methodology.
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12.7 Conclusions

This chapter introduced Core Space, a lossless and compact representation that enables
accurate and efficient merging of LoRA experts. By projecting low-rank updates into
shared reference bases, Core Space improves subspace alignment and makes strong
merging operators practical on large models, delivering consistent gains across vision
and language backbones while drastically reducing merging cost. In the broader
dissertation narrative, Core Space provides the computational substrate for model
composition: it turns collections of parameter-efficient experts into modular building
blocks that can be merged reliably, supporting the transition from sequential adaptation
to compositional reuse.

A limitation of Core Space is that it still operates in a single shared linear coordin-
ate system. When experts are related only through curved low-loss paths or more
complex symmetry transformations, a fixed reference basis may not fully capture their
compatibility, even though each individual update is represented losslessly. Extending
Core Space toward piecewise-linear, hierarchical, or kernelized alignment spaces is

therefore a natural direction for future work.



Gradient-Sign Masking for Task

Vector Transport Across Pre-Trained
Models

13.1 Transporting task vectors across pre-trained

models

Recent practice in deep learning increasingly relies on fine-tuning large pretrained
models rather than training from scratch. This paradigm has proven effective across
domains such as vision and language, where models like BERT [61], CLIP [210], and
instruction-tuned successors [160, 192] serve as reusable foundations. As pretraining
pipelines evolve and new checkpoints are released, however, practitioners are often
forced to repeat fine-tuning on the same downstream tasks, even when the changes

between pretrained models are incremental. This redundancy motivates the question

Publication. Filippo Rinaldi, Aniello Panariello, et al. Gradient-Sign Masking for Task Vector Transport
Across Pre-Trained Models. ICLR, 2026 [221].

Candidate contribution. Methodology, experimental design, and writing.
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of whether adaptation knowledge can be reused or transferred across pretraining runs.

Several recent lines of work suggest that such reuse is possible. Task arithmetic
interprets fine-tuning updates as task vectors in parameter space and shows that they
can be added, subtracted, or merged to induce new behaviors [109, 193, 285, 176]. In
parallel, the literature on linear mode connectivity demonstrates that independently
fine-tuned solutions are often connected by low-loss paths, revealing strong geometric
structure in parameter space [82, 76]. More recently, model rebasin methods explicitly
align independently trained models to enable parameter or task-vector transfer across
pretraining runs [2, 220, 222].

Despite these advances, directly transporting a task vector from one pretrained
model to another remains challenging. Even after architectural alignment, transferred
updates may contain components that are misaligned with the loss geometry of the
target model, leading to degraded or even harmful performance. This gap highlights a
central limitation: while task vectors encode valuable adaptation information, not all of
their directions are transferable across pretrained models. Identifying which components
should be preserved and which should be discarded is therefore crucial for reliable
transfer.

In this chapter, we introduce GradFix, a simple and principled framework for
task-vector transport based on gradient-sign masking. Our key insight is that the sign
of the gradient at the target model provides a robust proxy for locally beneficial descent
directions. By retaining only those components of a source task vector whose signs
agree with the target gradient, GradFix filters out harmful directions while preserving
transferable structure. We provide a first-order theoretical guarantee that the resulting
update reduces the target loss, and show empirically that this strategy enables effective
knowledge transfer even in the low-data regime, in which only a handful of labeled
samples are available. This approach is particularly appealing in settings where direct
fine-tuning of the target model is expensive or when data is scarce, as it leverages the
geometric information encoded in the target model’s gradients to guide safe transfer
of adaptation knowledge.

Within the broader narrative of Part III, GradFix complements model merging by
addressing a different axis of reuse: instead of composing multiple experts trained from
the same base model, it enables transport of task-specific knowledge across distinct
pretraining runs, further expanding the space of reusable adaptations.

The main contributions of this chapter are:

« We establish a theoretical connection between the oracle task vector, the ideal fine-
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tuning update on the target model, and quantities we can actually compute, namely
the source task vector and the gradient at the zero-shot target model. We show
that the sign of the zero-shot gradient provides a reliable proxy for the descent
directions encoded in the target model.

« Building on this insight, we propose GradFix, a simple mechanism that filters the
source task vector using the target model’s local loss geometry. We formally prove
that, to first order, the transported update reduces the target loss.

« We empirically show that our method enables effective transport of fine-tuning
knowledge across pretrained models in both vision and text domains, even in the
low-data regime where gradients must be estimated from only a handful of samples.
We further validate that GradFix improves model-merging performance in both
multi-task and multi-source settings, showing that the transported updates remain

useful beyond single-task transfer.

13.2 Related work

Task vectors and model merging. Task arithmetic interprets fine-tuning updates
as vectors in parameter space that can be combined to induce new capabilities [109].
Subsequent work improves robustness by resolving sign conflicts, pruning harmful
components, or exploiting low-rank structure [285, 205, 195]. These methods typically
assume a shared pretrained initialization and focus on composing multiple task updates

within the same parameter space.

Model rebasin and cross-pretrain transfer. Rebasin methods aim to align inde-
pendently trained models into a shared basin so that parameters or task vectors become
comparable [2]. For transformers, alignment can be achieved via permutation matching
or spectral techniques [110, 220, 187]. While effective, these approaches require explicit

parameter alignment and often incur substantial computational overhead.

Gradient-based signals. A complementary body of work highlights the robustness
of gradient sign information. SignSGD and related methods show that gradient signs
alone can support convergence in noisy or distributed settings [16, 4]. More recent
approaches exploit gradient-based masking or statistics for efficient adaptation and
robustness [113, 142, 200]. GradFix builds on these insights, using gradient signs not

for optimization itself, but as a geometric filter to enable safe task-vector transport.
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13.3 Preliminaries

Let 04 and 0 denote the parameters of the same architecture, pretrained on different
datasets (or with different hyperparameters). The fine-tuned 64 on a downstream task
is denoted by Gf.

Task vectors. We follow the definition of task vectors introduced earlier in the
dissertation (Chapter 9) and denote by 74 the task-specific parameter update obtained
from fine-tuning 95{.

Cross-pretrain setting. In this chapter, the shared-initialization assumption does

not hold. We consider a source task vector
Ta =04 —04

and aim to apply it to a different pretrained model 0p. For reference, if the same
downstream task were used to fine-tune model B, the corresponding target task vector
would be T = 9{; — 0. We use 7p only as an oracle object to describe ideal
transfer directions, and do not assume it is available in practice. Since §4 and g lie
in different basins, directly adding 74 to 8 can introduce directions that increase
the target loss. Rather than explicitly aligning parameterizations, we seek to identify
which components of 74 are compatible with the loss geometry of 65, motivating the

gradient-based filtering strategy introduced next.

13.4 Method

GradFix is a framework for transferring task vectors across different pretrained models
by filtering them with gradient information from the target model. As a conceptual
starting point, we consider an oracle ideal setting where the target task vector, obtained
from full fine-tuning, defines the ideal transferable directions (Sec. 13.4.1). We then
approximate the oracle with a single gradient step on the target model, using gradient
signs to capture an approximate direction of the full fine-tuning trajectory. This yields
a gradient-sign mask that selectively filters the source task vector into a compatible
update (Sec. 13.4.2). Finally, we extend the approach to the limited-data regime, where
gradients are estimated from only a handful of labeled samples (Sec. 13.4.3).
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Figure 13.1: Ilustration of our masking procedure. The gradient mask m suppresses harmful
directions in the task vector 74 while preserving those aligned with the target model.

13.4.1 GradFix (gradient-sign masking)

We begin by considering an ideal scenario where the true fine-tuned target task vector
Tp of model B and the whole target dataset D are available. Such a vector represents
the optimal parameter change to adapt B on the target dataset D. In this ideal setting,
it is possible to construct a mask that perfectly retains only the components of a
candidate update (e.g., 74) that are aligned with 75, ensuring that every retained
coordinate contributes to decreasing the loss. In other words, 7p (or its sign structure)
defines the “gold standard” for locally beneficial directions. Formally, we define as
m* € {0, 1}d the mask induced by 75, where d is the total number of model parameters

and i € {1,...,d} indexes each coordinate:
m; = 1{sign(74 ;) = sign(rp)}. (13.1)

As shown in Fig. 13.1, applying this mask to 74 produces the oracle-masked update 6*,

which preserves only the components consistent with 75:
0" =m* O 714, (13.2)

where © denotes element-wise multiplication. This vector 0* represents a reliable
transfer of 74 onto 6p, since it filters out all components of 74 that are misaligned
with the true adaptation directions of B. In practice, however, 75 (and thus 6*) is
unavailable because it requires access to the fine-tuned target model 6%, which defeats
the purpose of transporting the solution from A to B. To approximate this ideal mask,

we use the gradient of the zero-shot target model as a surrogate for 7, since it captures
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locally beneficial directions:
g = v0£(03)3 ﬁ(e) = E(a:,y)ND[g(fG(x)7y)L (13-3)

where / is the training objective (e.g., cross-entropy) and (z, y) is a labeled example
from D. Based on this gradient, we define the gradient-sign mask m, which retains
only the components of 74 whose sign matches that of the corresponding anti-gradient

coordinate:

m; := 1{sign(74,) = sign(—g:)}. (13.4)

Intuitively, —g acts as a signal for local alignment with the loss geometry of B. Notably,
in the idealized setting where B is fine-tuned using full-batch gradient descent for a
single epoch, the resulting task vector 7p is proportional to —g, so the gradient-sign
mask coincides with the oracle. This observation justifies using the gradient-sign
mask as an approximation of the ideal update, even when only a few labeled examples
are available. The mask retains only components of 74 whose sign matches the anti-
gradient of £(0p), pruning coordinates that would increase the loss for target model
B. In this way, the gradient-sign mask serves as a practical surrogate for the trajectory-

informed directions encoded in the unavailable 7.

13.4.2 Transporting the update

Given the gradient-sign mask m from Eq. 13.4, we define the updated target parameters

by directly applying the masked task vector with a scaling factor o > 0:
guans — gp 4+ 64, 64 = a(m o Ta). (13.5)

We explicitly use the convention g = Vo L(0p) (ascent direction), so useful transport
directions should align with —g. It is important to note that 74 points in a descent
direction for model A, whereas the gradient g of the target model points in the ascent
direction of its loss. By selecting the coordinates aligned with —g and then adding 6,
each retained component moves along a descent-aligned direction for B. In contrast,
0* is oracle-aligned with the target task direction since its mask is constructed from
TB.

This construction induces a coordinate-wise filtering effect: we do not alter the

direction of retained entries, but only suppress coordinates that are sign-incompatible
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with the target anti-gradient. As a result, the transported update preserves task inform-
ation from 74 while reducing the risk of injecting locally harmful directions into 3.

We now formalize this intuition with a first-order loss analysis.

Descent guarantee. To understand why this gradient masking provides effective
transfer, we analyze its effect on the loss of the target model B. Consider the transported
update from Eq. 13.5. By expanding the target loss £ around g via a first-order Taylor

approximation, we obtain:

L(Op +0Y) ~ L(0p)+g'6", where g=V,yL(0p). (13.6)

The sign of the inner product g ' § determines whether the update increases or
decreases the loss to first order. By construction, the gradient-sign mask m retains
only components of 74 that are aligned with —g. Concretely, for each coordinate 7, we
have:
—lgilltal, if sign(ra,) = sign(—g;)
gi - (MiTa:) = ’ , (13.7)
0, otherwise,
which is always nonpositive. Coordinates with g; = 0 or 74 ; = 0 are naturally covered
by this expression and contribute zero. Therefore, the overall inner product satisfies
the following:

g ot = —aZmAgi\ |T4:] < 0. (13.8)

Thus, for sufficiently small o, the update 54 is guaranteed to be a descent direction for
L. Practically, the mask removes all sign-mismatched components of 74, so that every
retained entry contributes to reducing the loss. Without masking, 74 could contain
harmful directions that increase the loss for B; with masking, the transported update

is locally aligned with the descent geometry of the target model.

13.4.3 Limited data regime

In Sec. 13.4.1, we have assumed access to the full target dataset D to compute the
gradient g at the zero-shot target model 6. In practice, one of the main motivations
for task vector transport is the few-shot or limited data regime. If we had access to the
entire dataset, we could directly fine-tune 65 to obtain o7 ' making task vector transfer
unnecessary in that setting.

When only a small number of samples is available, we estimate the anti-gradient
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signs using a subset of labeled examples. Let D, C D denote a small subset of N
samples. For each parameter coordinate i, we compute the sign of the anti-gradient via

majority voting across these samples:

omsign (<30, sen(Vat Uy o)) (139)

Lemma (Concentration of Majority Vote Sign Estimator). Let the probability that a

single-sample gradient sign matches the true gradient sign at coordinate i be

pi = Prlsign(Vel(fo,, (x), y)) = sign(g:)].

Then, under mild independence assumptions and for p; > 1/2, the majority-vote estimator
satisfies:
Pr[s; = sign(—gi)] > 1 — exp (2N (pi — 1/2)°). (13.10)

which shows that the estimated sign concentrates around the true anti-gradient direction

as the number of samples N grows.

The proof of this lemma uses Hoeffding’s inequality [104]. In practice, even a
few samples provide a robust estimate of the true descent direction. Each gradient
acts as a vote for the correct sign, and majority voting filters out noisy or conflicting
directions. This implies that, with high probability, the masked task vector 64 points
in a descent direction, preserving the first-order loss reduction behavior of the full-
data update. As shown in Sec. 13.5.3, this approach is robust to small sample sizes,
making it particularly attractive when direct fine-tuning of 6 is expensive or prone to
overfitting. Compared to mean-based aggregation, majority voting is less sensitive to
outlier magnitudes because it depends only on sign frequency and provides a more
stable transfer (Sec. 13.5.4).

13.5 Experimental results

Implementation details. For the vision settings, we consider CLIP ViT-B/16 and
ViT-L/14 Vision Transformers [210], implemented in Open-CLIP [45]. The original
pretrained weights are denoted 64 and the target model weights 5. For ViT-B/16,
0 4 was pretrained on Datacomp XL (s13b, b90k) and 63 on LAION-2B (s34b, b88k).
For ViT-L/14, 6 4 was pretrained on Datacomp XL (s13b, b90k) and #5 on LAION-
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2B (s32b, b82k). For the language settings, we investigated different Text-To-Text
Transfer Transformer (T5) [211] models in the base configuration. As 64, we used
T5v1.1, pretrained on the C4 [211] dataset without any supervised training. For 6,
we used FLAN-T5 [49], pretrained and instruction-tuned on several datasets, including
GSMSK [52], AQUA-RAT [157], and LAMBADA [199]. Task vectors were obtained
following the fine-tuning protocol of [109]: 2000 iterations, batch size 128, learning
rate 1 x 1075, cosine annealing with 200 warm-up steps, AdamW optimizer [168],

weight decay 0.1. The text encoder backbone was kept frozen following [45].

Baselines. We evaluate our method against several baselines. As a lower bound, we
consider the zero-shot target model (05 zero-shot), i.e., the base model without any
fine-tuning. As an upper bound, we report 0 + 0*, obtained by adding the source
task vector 74 masked with the signs of the true task vector 75 to the target model.
We also include the performance of the fully fine-tuned target model (05 fine-tune)
and the naive task arithmetic transport (05 + 74). In addition, we compare against
TransFusion [220], which transports task vectors across transformer-based models via
permutation alignment. Finally, we report the accuracy of a target model fine-tuned
with the same number of randomly sampled examples per class | Ds| used by our

approach.

Supervision Budget D,. In all experiments, the subset D; is drawn from the full
downstream fine-tuning dataset D and constitutes only a fraction of its size. Throughout
the tables,

D¢| indicates the number of examples per class used to estimate gradient
signs for the target model 6. The subset D, always represents a very small fraction
of the full dataset, often well below 1% of the available supervision. We also evaluated
different strategies for constructing D, (random, herding, k-medoids, coreset). While
structured selection yields small gains in the extreme few-shot regime, random selection

remains a strong baseline and approaches structured methods as | D;| increases.

13.5.1 Transport experiments

Transport in the Vision Setting. Tab. 13.1 summarizes the results of task vector
transport across CLIP ViT-B/16 and ViT-L/14 architectures, averaged over multiple
random seeds that determine the composition of the sampled D, (standard deviations
are reported across seeds). Our GradFix, denoted by 5 + 6, yields a consistent
improvement over naive task vector addition (0 +74) even when using a single sample

per class to approximate the true gradient signs. Notably, naive addition performs



Chapter 13. Gradient-Sign Masking for Task Vector Transport

EUROSAT SVHN GTSRB RESISC45 DTD
Model D¢l B/16 L/14 B/16 L/14 B/16 L/14 B/16 L/14 B/16 L/14
Op zero-shot - 4941 62.80 50.58 37.28 48.29 56.12 67.98 73.12 5596 63.35
Op fine-tune -  98.70 98.95 97.45 97.80 98.65 99.16 95.66 97.06 83.19 83.56
Op +Ta - 4958 62.77 50.84 39.09 49.31 56.03 67.87 7349 56.27 63.56
0p + 0" - 95.06 96.75 92.04 92.60 82.92 88.65 87.06 90.30 71.44 72.66
TransFusion - 5012 63.21 53.26 37.38 50.24 56.78 67.99 7336 56.70 64.10
op" 1 5661 64.65 6132 6251 56.08 63.97 69.25 7454 56.21 63.76
Op + 64 1 6194 69.67 71.07 70.15 60.88 66.82 70.05 76.45 5832 65.50
oX" 2 5949 7076 62.01 4523 61.70 69.91 71.20 76.62 57.00 64.97
0p + 64 2 65.07 7410 70.19 5431 6433 7155 7142 76.97 5851 66.10
ox" 5 6199 69.75 67.03 67.11 63.08 7325 73.01 7541 59.65 66.72
Op + 64 5 66.05 7559 73.59 7441 66.61 73.14 7157 76.82 60.02 66.95

Table 13.1: Cross-dataset performance comparison between ViT-B/16 and ViT-L/14 models.

nearly at the level of zero-shot initialization and fails to transfer meaningful task
knowledge. This confirms that GradFix effectively suppresses misaligned components
of 74, preventing negative transfer due to pretraining mismatch.

To further evaluate our approach, we compare it against few-shot fine-tuning of
0p, denoted as 07 ', using the same limited target samples. A brief computational
cost comparison is reported below. GradFix achieves better performance, on both
ViT-B/16 and ViT-L/14, while exhibiting smaller variance across seeds with respect
to few-shot fine-tuning. Moreover, as the D; size increases, our method continues to
provide stable gains, whereas 67 * suffers from fluctuations and instability due to the
composition of the supervision dataset. These results demonstrate that our approach
ensures consistent and reliable task vector transport, remaining stable across different
subsets D;. Importantly, this robustness is achieved with a single forward-backward
pass to obtain the mask m, highlighting the efficiency and simplicity of the proposed
method.

Computational cost. GradFix requires a single forward-backward pass on the target
model to estimate gradient signs, followed by a lightweight masked update. Given
the number of parameters P, this results in approximately 8 P FLOPs, compared to
16.P FLOPs for a single fine-tuning step and several orders of magnitude more for full

fine-tuning, making GradFix highly efficient in low-data settings.

Transport in the Language Setting. Tab. 13.2 reports results on task vector transport
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Model |D¢| SNLI MNLI RTE ONLI SCITAIL AVG
0p zero-shot - 34.24 35.21 47.20 50.54 50.38 43.51
0p fine-tune - 88.20 86.30 84.40 92.79 95.32 89.40
O +Ta - 31.61 30.75 47.36 50.52 50.46 42.12
Op + 6" - 58.69 69.97 72.93 65.32 62.38 65.86
QOBpt 50 35.09 26.05 47.29 51.45 51.78 42.33
Op + 64 50 68.06 49.68 54.25 60.50 59.89 58.48

Table 13.2: Cross-dataset performance of T5 models on different NLP tasks

across T5 models evaluated on closed-vocabulary text classification benchmarks. While
direct addition of 74 to 0 fails to transfer knowledge effectively, our method closes the
gap toward full fine-tuning, confirming its ability to identify and retain task-relevant
directions. Notably, the relative improvement over naive transfer is even larger than
in the vision setting, underscoring the robustness of our approach in domains where
task transfer is especially challenging. This demonstrates that the benefits of GradFix
are not confined to vision, and that a single forward-backward pass suffices to enable

reliable and efficient task vector transport also in the language domain.

13.5.2 Task vector transport for model merging

We evaluate GradFix in combination with model-merging methods, specifically Task
Arithmetic [109] and TIES-Merging [285]. We consider two settings: multi-task (one
source model, multiple tasks) and multi-source (multiple source models, one task).

Multi-task experiments. For this setting, all task vectors are extracted from the
same source pretrained model § 4 (same pretraining, different downstream tasks) and
transported to a fixed target pretrained model 6. For task vectors from distinct tasks,
we compare two pipelines. Mask—-then—Merge: transport each task vector with
GradFix and then merge. Merge-then—Mask: first merge task vectors into Tiergeds
then transport the merged vector using a consensus mask computed by estimating
per-parameter anti-gradient signs on g for each task and selecting the most frequent
sign at each coordinate. We report results for this setting in Tab. 13.3. Here, 05 4+ 74 ;
and 0p + 6f denote single-task references evaluated on task j, respectively using
naive addition and GradFix. Direct Task Arithmetic and TIES merging without GradFix
perform near zero-shot, indicating strong cross-model misalignment, while Merge—

then—-Mask gives the best results. Masking each vector first can discard coordinates
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Pipeline EUROSAT SVHN GTSRB RESISC45 DTD AVG
0p zero-shot 49.41 50.58 48.29 67.98 55.96 54.44
Multi-task  ({74,;}7_, —0p)

O +Ta; 49.58 50.84 49.31 67.87 56.27 54.77
O + 634 65.07 70.19 64.33 71.42 58.51  65.90

Task Arithmetic
Baseline 49.31 50.99 48.73 68.05 56.54 54.73
Mask-then-Merge 55.90 71.56 59.65 71.40 57.66 63.23
Merge-then-Mask 65.37 72.10 59.55 71.16 57.07 65.05
TIES-Merging
Baseline 49.15 50.75 48.95 67.97 56.54 54.67
Mask-then-Merge 50.41 64.28 54.05 69.51 57.13 59.08
Merge-then-Mask 65.62 72.42 62.73 71.57 57.77  66.02
Multi-source ({74, }li(:l —0p)
Task Arithmetic
Baseline 36.94 35.09 30.77 50.54 44.73 39.61
Merge-then-Mask 12.52 15.94 4.20 3.97 2.93 7.91
Mask-then-Merge 65.96 72.97 65.80 71.30 61.01 6741
TIES-Merging
Baseline 12.69 10.39 2.85 5.81 16.33 9.61
Merge-then-Mask 14.46 15.94 3.09 3.35 2.66 7.90
Mask-then-Merge 65.17 72.58 65.36 71.40 61.12  67.13

Table 13.3: Merging experiments on ViT-B/16 in multi-task and multi-source settings.

that would complement each other after merging; merging first preserves them and
lets GradFix align one coherent update with the target loss geometry.

Multi-source experiments. In the multi-source setting, we use K = 5 source models
{04, }le that are pretrained on different data distributions and then fine-tuned on
the same downstream task. We transport all resulting source task vectors to a single
fixed target model 65, whose pretraining remains unchanged during transport. Here,
Merge—-then—-Mask is not expected to help: because all vectors correspond to the same
task, the gradient-sign mask on 6 is shared across sources, so consensus masking after
merging is effectively equivalent to masking each source separately. We therefore use
Mask-then-Merge: transport each source vector first, then merge the transported
vectors. Tab. 13.3 shows that this recovers performance from the collapse of direct
merging and also improves over single-source transport, suggesting that combining

multiple transported updates provides a more robust descent direction.
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Model Mask Strategy EUROSAT RESISC45 GTSRB SVHN DTD AVG
0p zero-shot - 49.41 67.98 48.29  50.58 55.96 54.45
05 fine-tune - 98.70 95.66 98.65 97.45 83.19 94.73
sign agreement 95.06 87.06 82.92  92.04 71.44 85.71

Op + 0* sign forcing 97.95 93.51 95.94  96.60 80.59 92.92
magnitude-scaled 49.92 67.94 51.63  50.78 56.01 55.25

sign agreement (ours) 61.94 70.05 60.89  71.07 5832 64.45

Op + 04 sign forcing 61.32 70.10 60.91  70.52 58.05 64.18
magnitude-scaled 49.51 68.06 49.20  50.71 56.03 54.70

Op + 04 random 49.49 67.97 48.41  50.54 56.06 54.50

Table 13.4: Performance of 6 with oracle or estimated gradient signs under different mask
strategies: sign agreement retains matching signs, sign forcing aligns all signs, magnitude-
scaled uses the product of task and gradient magnitudes, and random assigns signs uniformly.
Results averaged over seeds with |D5| = 1 on CLIP ViT-B/16. The table includes 85 zero-shot
and 0p fine-tune as lower and upper reference bounds.

13.5.3 Masking strategies

To analyze the effect of different mask construction strategies on the transport of the
task vector 74, we compare our primary masking method (sign agreement) with three
alternatives: sign forcing, magnitude-scaled, and random masks. Tab. 13.4 reports
results using 1 sample per class on ViT-B/16, averaged across multiple random seeds.

For both 64 (Eq. 13.5) and 6* (Eq. 13.2), the mask m determines which directions
of 74 are retained. Here, ¢ indexes parameter coordinates. In sign agreement, m
retains only the coordinates whose signs match those of the reference as in Eq. 13.4. In
sign forcing, all signs of 74 are aligned with the signs of the anti-gradient estimator

8, obtaining:
sf . A sf sf _ a
m;’ =sign(Ta,) - 8, 0; =a(m;’ Ta,) = a|Ta,l 5. (13.11)

This flips entries that disagree with the reference and applies a forced-sign update.
When the oracle 75 is used as the reference, sign forcing generally outperforms sign
agreement, as fully leveraging the true task direction maximizes transfer. In contrast,
using few-shot anti-gradient-based estimates from 65, sign agreement performs slightly
better than sign forcing. This is consistent with the fact that the anti-gradient estimate
is noisy; forcing all directions can propagate errors, while keeping only agreeing entries
provides a more reliable mask. We also evaluated a magnitude-scaled strategy to

determine whether leveraging magnitude information offers additional benefits. This
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strategy computes the mask based on the magnitude of both the source task vector
and the target reference vector p (where p = 75 for the oracle and p = —g for the

estimate):

mi"* = max(0, tanh(7a,; - pi)), 6" = o (mi**7a,). (13.12)

i
This approach assigns a mask value near 1.0 only when components match in sign and
possess significant magnitude, while suppressing mismatches. However, as shown in
Tab. 13.4, this magnitude-aware strategy consistently underperforms sign agreement.
Crucially, this failure persists even in the oracle setting (§*), which suggests that while
directions are transferable across different pretraining runs, parameter magnitudes
are highly specific to the local loss geometry of each basin. Consequently, enforcing
magnitude consistency acts as an overly aggressive filter, discarding valid updates
where the models agree on direction but differ on scale. In the limited-data regime
(6?), this issue is further exacerbated by the noise inherent in estimating gradient
magnitudes from small datasets D;, confirming that the sign structure serves as the
most robust proxy for alignment.

Finally, we evaluate random mask, where signs are sampled uniformly from
U{—-1,+1}. Like magnitude-scaled masking, this approach performs close to the
zero-shot baseline. This highlights that although sign-based masking outperforms
magnitude-based filtering, the gain is not due to masking alone: random sign choices
offer no useful signal. Thus, effective transfer relies strictly on the precise geometric
alignment provided by the target anti-gradients, rather than just the sparsity of the
update.

13.5.4 Sensitivity to the scaling coefficient

We investigate the sensitivity of masked transport to the scaling factor o € (0, 1],
providing a proxy for how compatible and robust the transported task vector is with
the target backbone. In addition to our proposed majority voting strategy, we consider
a baseline where the estimated sign is taken as the sign of the averaged anti-gradient
(mean). Results are reported in Fig. 13.2.

In the main experiments, we select « by a coarse sweep on the validation split of
each dataset-backbone pair. The trends in Fig. 13.2 show that this calibration does not
need to be precise: with majority voting, performance remains strong over a broad

range of values. Indeed, across datasets, majority voting consistently outperforms the
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Figure 13.2: Accuracy at different « values for mean and majority voting sign selections.

mean strategy for all values of o, providing a more reliable approximation of the true
gradient sign. Notably, majority voting yields smooth performance curves without
sudden drops, and maintains higher accuracy over a broader range of c. This difference
arises from the aggregation mechanism; averaging gradients before thresholding is
highly sensitive to variance and outliers, so even a small subset of misaligned samples
can flip the estimated sign and destabilize updates as o grows. Majority voting, instead,
depends only on the relative frequency of signs, which concentrates rapidly around
the true direction with increasing samples (as predicted by the concentration behavior
of majority voting). As a result, it is inherently more stable and preserves transfer
accuracy even in few-shot or noisy regimes.

From a practical perspective, this robustness means that masked transport with
majority voting does not require fine-grained tuning of « to achieve good performance.
The method remains effective across a wide range of scaling choices, which is particu-
larly valuable when adapting to new datasets where validation data or tuning budgets

are limited.

13.5.5 Subset data selection

Beyond random sampling, we analyzed whether structured strategies for constructing
D, improve anti-gradient-sign estimation. We compared random selection with feature-
based alternatives from CLIP embeddings: herding, k-medoids, and a coreset-style
medoid-proximity greedy selection. Across datasets, structured selectors yield small
gains at very low budgets, while random sampling remains competitive and approaches
their performance as the number of examples per class increases. Because random
sampling adds no embedding/distance-computation overhead and does not require full

target-data access, it is often preferable in constrained settings.
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13.6 Conclusions

This chapter showed that the sign structure of gradients provides a powerful and
robust signal for transporting task-specific knowledge across pretrained models. By
masking a source task vector using gradient signs from the target model, GradFix
filters out misaligned directions and guarantees a first-order decrease in the target loss.
Empirically, this enables effective task transfer in both vision and language settings,
even in low-data regimes where full fine-tuning is impractical.

Unlike methods that rely on a single global linear coordinate system, GradFix uses a
local first-order approximation around the target model and retains only the coordinates
of 74 that remain descent-aligned for 6 5. This makes it more tolerant when global linear
mode connectivity is weak, but it does not remove the limitation entirely: if successful
transfer requires a strongly non-linear path between pretraining runs, a single masked
update may recover only part of the reusable structure. Extending GradFix to iterative
relinearization or curvature-aware transport is a promising direction for future work.

In the context of this dissertation, GradFix complements model merging and compos-
itional adaptation by addressing a distinct but related problem: how to reuse fine-tuning
knowledge across evolving pretraining pipelines. Together with the methods presented
earlier in Part III, it contributes to a broader view of learning systems as modular,

transferable, and reusable across time, tasks, and models.
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through model composition

This part explored model composition as an alternative paradigm for adaptation in
evolving systems, shifting the focus from sequential optimization to the structured
reuse of learned knowledge. Instead of updating model parameters through further
training, adaptation was achieved by explicitly representing task-specific information
and combining it through algebraic operations in parameter space. This perspective
becomes especially relevant when target data are scarce, replay is impractical, or
adaptation must happen after deployment, since new behaviors can be assembled from
previously learned components rather than learned again from scratch.

Across different problem settings, composition enabled flexible forms of transfer.
PASTA showed how condition-specific modules can be composed to adapt tracking
models to external factors without retraining, reducing negative interference across
incompatible scenarios while preserving efficient deployment. MoDER extended this
idea to continual learning with vision-language models, showing that textual experts
accumulated over time can be recombined to synthesize prototypes for unseen classes,
thus turning incremental experience into zero-shot generalization capability.

Core Space and GradFix addressed two complementary challenges that emerge

when composition is scaled up. Core Space introduced a lossless and compact repres-
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entation that improves alignment and stability when combining multiple parameter-
efficient updates, making strong merging operators practical even for large pretrained
models. GradFix tackled the problem of task transport, enabling task vectors learned
on one pretrained model to be transferred across architectures by retaining only the
update directions that remain locally descent-aligned for the target model.

Together, these contributions establish model composition as a principled mechan-
ism for knowledge reuse across tasks, conditions, and models. More broadly, they show
that adaptation in modern learning systems need not rely exclusively on sequential
retraining: once knowledge is encoded in modular updates, prototypes, or low-rank
experts, it can be selected, merged, and transported as an object in its own right. In this
sense, the final part of the dissertation completes the progression from learning through
temporal structure, to learning across tasks, to learning directly through reusable model

components.
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This dissertation investigated how modern deep models can acquire, retain, and
reuse knowledge across time, tasks, and model instances under realistic constraints
on data, computation, and retraining. Starting from limitations of static learning
paradigms in evolving settings, the work progressively developed a unified view in
which adaptation is represented explicitly, manipulated algebraically, and transferred
compositionally, rather than being repeatedly re-learned through end-to-end optimiza-

tion.

From sequential adaptation to reusable knowledge

In the first part, the dissertation investigated learning from non-stationary visual data,
where evolution arises from temporal structure in the input. Rather than focusing
on task boundaries or parameter retention, the contributions showed how temporal
coherence can act as an implicit supervisory signal. Across anomaly detection, multi-
object tracking, and per-object distance estimation, temporal consistency, probabilistic
modeling, and object-centric representations enabled robust learning under weak, noisy,
or incomplete supervision. In this setting, adaptation is driven by structure in the data
stream itself, without requiring explicit task identifiers or replay mechanisms.

The second part shifted the notion of evolution from data streams to sequences
of tasks. Here, the problem is no longer to exploit temporal regularities in the input,
but to prevent catastrophic forgetting while acquiring new knowledge over time. The
proposed methods addressed this challenge through replay-based and generative mech-
anisms that reshape the learning signal rather than constraining parameter updates.
Importantly, these works emphasized representation reuse and efficiency, showing that
continual learning systems can preserve prior capabilities while supporting incremental
adaptation, even in large pretrained models.

Together, these parts highlight a key insight that motivates the final stage of the
dissertation: knowledge learned over time, whether from temporal structure or task
sequences, need not be repeatedly re-optimized. Instead, much of it can be retained in
structured representations that are stable, reusable, and amenable to recombination.
This observation sets the stage for the third part, where evolution is no longer confined
to data or task streams, but occurs directly in model space through composition and

merging.
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Composition as a unifying principle

The third part of the dissertation unified these observations under the paradigm of
model composition. Rather than viewing learning as a sequence of irreversible para-
meter updates, this part reframed adaptation as the construction, manipulation, and
transport of task representations.

Across tracking, classification, and language understanding, task knowledge was
consistently represented as structured updates relative to a pretrained model, denoted
as task vectors 7. Whether instantiated as low-rank adaptation modules, class-specific
experts, or full fine-tuning deltas, these representations shared two crucial properties:
they were compact and they admitted algebraic operations.

This perspective enabled several complementary advances. First, task representa-
tions could be composed to synthesize new behaviors without retraining, as shown in
condition-aware tracking and zero-shot class composition. Second, multiple adaptations
could be merged efficiently and reliably by operating in structured low-dimensional
spaces, leading to accurate and scalable low-rank model merging. Third, task knowledge
could be transported across different pretrained models by filtering task vectors through
the local loss geometry of the target model, enabling reuse even when pretraining
distributions differ.

Together, these results demonstrate that task vectors are not merely optimization
artifacts, but meaningful objects that encode transferable structure. When handled
carefully, they enable adaptation without data access, without replay, and without

repeated fine-tuning.

Key insights and implications

Several core insights emerge from this work.

First, adaptation structure matters more than adaptation procedure. Many failures
of naive merging or transfer arise not because task knowledge is absent, but because
it is represented or combined in incompatible ways. Explicit representations, aligned
bases, and geometry-aware filtering are sufficient to recover much of this lost potential.

Second, parameter-efficient updates are not a limitation but an enabler. Low-rank
and sparse representations do not merely reduce cost. They expose the linear structure
necessary for composition, interpolation, and transport, making them central to scalable

lifelong learning systems.



Conclusion

Third, knowledge reuse can replace retraining in many settings. Across the presen-
ted chapters, competitive or superior performance was achieved with minimal or no
additional optimization, suggesting a path toward models that adapt by reasoning over

prior solutions rather than relearning them.

Limitations and future directions

Despite these advances, several challenges remain. Composition is not universally
safe, and interference can still arise when task representations are poorly aligned
or when assumptions about shared basins break down. Extending these methods to
highly heterogeneous architectures, multimodal settings with asymmetric encoders, or
reinforcement learning remains an open direction.

More broadly, this dissertation points toward a shift in how learning systems
are designed. Rather than monolithic models that are repeatedly overwritten, future
systems may resemble libraries of reusable components, where learning consists of

producing, storing, and recombining task representations over time.

Final remarks

In summary, this dissertation proposed a coherent framework for learning across time,
tasks, and models by treating adaptation as a compositional object. By grounding
continual learning, zero-shot transfer, model merging, and cross-model transport in
a shared representation space, it demonstrated that many forms of adaptation can
be achieved without retraining, provided knowledge is represented explicitly and
manipulated correctly. This perspective opens the door to more efficient, modular, and
sustainable learning systems, capable of evolving alongside data, tasks, and models

without forgetting what they already know.
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