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Efficient Compression of Pre-trained Neural Networks: Layer Selection, Pruning
and Tensor Decomposition

by Nosseiba BEN SALEM

Over the past decade, deep learning has established itself as a transformative tool
across numerous scientific and industrial fields. The widespread adoption of large
pre-trained models has further accelerated progress by enabling knowledge trans-
fer across tasks and domains. However, the growing complexity and scale of these
models, often comprising hundreds of millions of parameters, impose substantial
computational and memory costs that hinder their deployment in data-constrained
or resource-limited settings.

Although compression techniques for 2D architectures have received considerable
attention, efficienty adapting pretrained models to 3D medical imaging tasks re-
mains relatively underexplored. In this thesis, we investigate methods for compress-
ing and accelerating pretrained deep neural networks while maintaining their pre-
dictive performance. We present three main contributions.

First, we propose an automatic layer selection strategy for transfer learning based on
the Kullback-Leibler divergence between the weight distributions of the source and
fine-tuned models. By identifying which layers encode transferable generic repre-
sentations and which require task-specific retraining, our method achieves accuracy
comparable to dynamic layer selection baselines while significantly reducing com-
putational cost and eliminating any auxiliary trainable module.

Second, we adapt a pruning method that removes the least informative neurons by
propagating the importance scores across successive layers to convolutional neural
networks. This method captures inter layer dependencies and is applicable to both
2D and 3D network architectures, producing compact models without substantial
loss of accuracy.

Third, we present a hybrid compression framework that combines Tucker tensor
decomposition with structured channel pruning, specifically designed for 3D medi-
cal image segmentation. This strategy simultaneously reduces both model size and
inference time, enabling to efficiently deploy deep networks in resource constrained
clinical environments.

Overall, these contributions provide a practical and computationally efficient path-
way towards the sustainable deployment of pretrained neural networks across dif-
ferent application domains.

http://lipn.univ-paris13.fr/en/




7

Résumé

Au cours de la dernière décennie, l’apprentissage profond s’est imposé comme un
outil transformateur dans de nombreux domaines scientifiques et industriels. L’ado-
ption généralisée de grands modèles pré-entraînés a acceleré davantage ces progrès
en permettant le transfert de connaissances entre tâches et domaines. Cependant, la
complexité et la taille croissantes de ces modèles, comprenant souvent des centaines
de millions de paramètres, engendrent des coûts computationnels et mémoriels con-
sidérables qui freinent leur déploiement dans des contextes à ressources limitées
ou à données contraintes. Si les techniques de compression pour les architectures
2D ont fait l’objet d’une attention soutenue, l’adaptation efficace de modèles pré-
entraînés aux tâches d’imagerie médicale 3D demeure un défi insuffisamment ex-
ploré.

Dans cette thèse, nous étudions des méthodes de compression et d’accélération de
réseaux de neurones profonds préentraînés tout en préservant leurs performances
prédictives. Nous présentons trois contributions principales.

Premièrement, nous proposons une stratégie automatique de sélection de couches
pour l’apprentissage par transfert, fondée sur la divergence de Kullback-Leibler en-
tre les distributions de poids du modèle source et du modèle affiné. En identifiant
quelles couches encodent des représentations génériques transférables et lesquelles
nécessitent un réentraînement spécifique à la tâche, notre méthode atteint des per-
formances comparables aux approches dynamiques de sélection de couches, tout en
réduisant significativement le coût computationnel et en éliminant tout module en-
traînable auxiliaire.

Deuxièmement, nous adaptons une méthode d’élagage structuré qui élimine les
neurones les moins informatifs en propageant les scores d’importance à travers les
couches successives du réseau. Cette approche tient compte des dépendances in-
ter couches et peut être appliquée à des architectures 2D comme 3D, ce qui permet
d’obtenir des modèles plus compacts sans perte notable de précision.

Troisièmement, nous introduisons un cadre de compression hybride combinant la
décomposition tensorielle de Tucker et l’élagage structuré des canaux, spécifique-
ment conçu pour la segmentation d’images médicales 3D. Cette stratégie réduit si-
multanément la taille du modèle et le temps d’inférence, ce qui facilite le déploiement
efficace de réseaux profonds dans des environnements cliniques contraints en ressources.

Prises ensemble, ces contributions offrent une voie méthodologique rigoureuse et
computationnellement efficace vers un déploiement durable des réseaux de neu-
rones pré-entraînés dans des domaines d’application variés.
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CHAPTER 1

INTRODUCTION

1.1 Context and Motivation

Neural networks are one of the most popular models in machine learning yielding
outstanding results in solving complex problems, such as computer vision. How-
ever, their good performance requires large parameters and higher floating point
operations (FLOPs). The more complex the problem, the deeper and larger the mod-
els are. For instance, ResNet50 (He et al., 2016c) has approximately 25.6 million
parameters. This problem limits the use of the predictive power in resources limited
environment, thus their applicability to everyday applications for example, a clinic,
or mobile phones . Another critical problem is the environmental impact especially
with the rapid development of generative AI models.

Although these methods achieve good performance in multiple applications, it can
be challenging in the case of medical images segmentation problems. Mainly due
to the complex anatomical structures and internal variability of some organs like
kidneys, a more precise human annotation is needed to segment fine structures.
Also, often hardware or software issues can cause artifacts in medical images such
as radio-frequency interference or due to movements of the patient during scan-
ning, etc. therefore, tissues with low-contrast are difficult to segment and non-
homogeneous texture causes ambiguous boundaries (Tushar et al., 2024).

In recent years, deep learning based approaches have shown exceptional perfor-
mance when trained on a fully-annotated dataset. 3D CNN models for segmen-
tation has been proposed following the U-shaped structrure such as U-net (Ron-
neberger et al., 2015a) and nnUnet3D (Isensee et al., 2018). these architectures allow
the model to capture contextual information across slices for volumetric tasks. How-
ever, these models has a significant high parameter count and FLOP 3D segmenta-
tion has more geometric information The 3D segmentation generally has large scale
data The required neural networks to solve such complex problem are generally
over-parameterized and needs high computational cost. Most state-of-the art are
not compact and has redundant features. Several solutions have been investigating
reducing the running time and the hardware cost of the inference of DNN. Such as
quantization, which represents weights and activations with lower numerical pre-
cision, knowledge distillation, where a smaller student network learns to mimic a
larger teacher, pruning, which removes redundant parameters, and low-rank factor-
ization, which decomposes weight tensors into a compact tesnors.

In (Denil et al., 2014), the authors showed that many parameters are not necessary
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and small fraction of the weights are enough to predict 95% of the rest without de-
creasing the accuracy. These results motivated the exploration of low rank factor-
ization. These observations motivates the need to study the redundancy in over-
parameterized networks to obtain a compact and efficient model in clinical settings.

These constraints collectively define a central scientific challenge: how can the rep-
resentational power of large pre-trained models be preserved while dramatically
reducing their computational footprint? This question is not merely a matter of en-
gineering optimisation. It is, at its core, a question about the structure of the knowl-
edge encoded in neural network weights, and about which parts of that knowledge
are genuinely necessary for a given task.

The present thesis addresses this challenge through three complementary con-
tributions. Rather than proposing a single monolithic compression algorithm, we
investigate three distinct axes along which neural network redundancy can be iden-
tified and eliminated: the selection of layers to adapt during transfer learning, the
identification of neurons that are genuinely necessary for prediction, and the struc-
tural decomposition of weight tensors into compact low-rank representations. For
each axis, we develop both a principled algorithmic method and a formal theoretical
framework that explains why compression works and under what conditions it can
improve, rather than merely preserve, model performance.

1.2 Limitations of Existing Approaches

1.2.1 Transfer Learning and Fine-Tuning

Transfer learning with large pretrained models has become the default strategy in
many domains, yet most practical fine tuning procedures remain ad hoc. Most
transfer learning approaches either fine-tune all layers or simply choose manually
a block of higher layers to adapt while freezing earlier layers, based on feature hi-
erarchy rather than task-specific evidence. This heuristic choice can lead to over
adaptation, where too many layers are updated and the model overfits the small
target dataset, and also can lead to under adaptation, where not enough capacity is
adapted and the model fails to capture target-specific structure. Existing dynamic
or learned layer-selection methods partially address this by introducing additional
gating or controller modules, but they often increase the number of trainable pa-
rameters, complicate optimisation, and provide limited theoretical insight into when
negative transfer is avoided.

1.2.2 Neuron and Channel Pruning

Neuron and channel pruning are widely used to compress neural networks by re-
moving units deemed unimportant, yet most existing methods rely on local impor-
tance measures that only reflect the global impact of pruning on the network’s pre-
dictions. Common criteria, such as weight magnitude, activation norms, or gradient-
based saliency, are typically computed layer by layer and ignore how errors intro-
duced by pruning propagate through subsequent layers. A neuron with small lo-
cal magnitude but strong downstream influence may be removed, while truly re-
dundant neurons are kept, leading to suboptimal compression and unpredictable
effects on accuracy. In addition, many pruning algorithms depend on repeated for-
ward backward passes or second-order information to estimate importance, which
increases computational cost.



1.3. Research Questions 21

1.2.3 Tensor Decomposition for 3D Networks

Three dimensional medical image segmentation networks, such as 3D U-Net , are
particularly demanding in terms of memory and computation, and tensor decompo-
sition has emerged as a promising tool to address this challenge. Existing work has
shown that decomposing convolutional kernels into low rank factors can drastically
reduce parameter counts and floating point operations while preserving segmen-
tation accuracy after fine tuning. However, current tensor decomposition methods
treats each channel identically and ignores filter sparsity regardless of their actual
relevance to the segmentation task. In other words, tensor methods remove linear
redundancy but do not identify unimportant channels. Moreover, choosing the right
decomposition rank is nontrivial and usually done by hand, and aggressive low rank
approximations can harm small structure segmentation accuracy. Conversely, pure
channel pruning methods fail to exploit the multi dimensional structure of convolu-
tional weights. Additionally combining both methods for 3D medical models is still
not explored.

1.3 Research Questions

The limitations identified above give rise to three specific research questions that
structure the scientific content of this thesis:

1. Layer selection for transfer learning. Given a pre-trained model and a target
dataset, can we automatically identify, without introducing additional train-
able modules, which layers encode representations genuinely relevant to the
target task and should be fine-tuned? Can this criterion be formally justified
through generalisation bounds and a guarantee of negative transfer preven-
tion?

2. Propagation-aware neuron pruning. Can we define a neuron importance cri-
terion that captures the global effect of neuron removal on the network’s out-
put, while remaining computable from weights alone without gradient com-
putation? Can we prove that pruning in order of this criterion minimises
worst-case prediction change, and that moderate pruning improves generali-
sation?

3. Structured compression for 3D medical segmentation. Can Tucker decompo-
sition and importance-based channel pruning be combined into a principled
two-stage pipeline that achieves high compression ratios while maintaining
or improving segmentation accuracy? Can the accuracy improvement under
compression be formally explained through implicit regularisation theory?

1.4 Contributions of this Thesis

Contribution 1 — Automatic layer selection via KL divergence (Chapter 3)

We propose an automatic criterion for selecting which layers to fine-tune, based on
the Kullback-Leibler (KL) divergence between the weight distributions of the source
model and the model obtained after an initial fine-tuning pass. Layers whose dis-
tributions have shifted significantly are selected for full optimisation; layers that
remain stable are frozen to preserve their generic representations.
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Theoretical contributions:

• Theorem 3.2 (Generalisation bound). Selective fine-tuning simultaneously reduces
both the distribution divergence term and the complexity term of the transfer
error bound, formally explaining its superiority over full fine-tuning and fea-
ture extraction.

• Theorem 3.7 (Negative transfer prevention). Under mild regularity conditions,
our method is guaranteed to not perform worse than training from scratch
regardless of domain shift.

• Complexity analysis (Section 3.5.2). We show that the cost of the KL-based se-
lection is independent of the dataset size N , contrary to policy-based methods
whose overhead scales as O(N).

Experimental findings: Evaluated our approach on eight public benchmarks
(CUB-200, Stanford Cars, Flowers-102, WikiArt, Sketches, Stanford Dogs, Aircraft,
MIT Indoor67), with selecting only as few as three layers achieves, the method
achieves comparable accuracy to SpotTune on seven of the eight datasets, while pre-
serving the same number of parameters as ResNet-50 and adding only negligible
extra computation cost. The method outperforms both standard fine-tuning and L2-
SP regularisation on all datasets.

Contribution 2 — Propagation-aware pruning via HVS (Chapter 4)

We introduce the Heuristic for Variable Selection (HVS), a neuron importance cri-
terion that computes the contribution of each neuron as the cumulative product of
its partial influences along all paths to the network output, thus capturing global
importance rather than local.

Theoretical contributions:

• Theorem 4.4 (Output perturbation bound). The HVS score Sj provides an upper
bound on the change in network output when neuron j is removed. therefore,
pruning in increasing order of Sj minimises the worst case change in predic-
tions.

• Proposition 4.9 (Taylor dominance). HVS provides an upper bound on the first-
order Taylor sensitivity, subsuming gradient-based importance as a special
case while remaining computable without backpropagation.

• Theorem 4.6 (Generalisation improvement). A formal complexity-approximation
trade-off explains why moderate pruning (10–30%) of low HVS neurons can
improve generalisation instead of degrading it.

Experimental findings: HVS pruning achieves accuracy improvements of +8.52%
on DTD and +5.80% on Flowers-102 at 30% pruning, while at 20% pruning main-
tains negligible accuracy loss on medical imaging tasks. HVS consistently outper-
forms magnitude based and random pruning across all six evaluation datasets.

Contribution 3 — Tucker decomposition and HVS pruning for 3D segmen-
tation (Chapter 5)

We propose a two stage compression pipeline for 3D segmentation networks. First,
Tucker decomposition is applied to all convolutional weight tensors to reduce their
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spectral dimensionality, followed by HVS based channel pruning on the resulting
compressed network.

Theoretical contributions:

• Proposition 5.5 (Implicit regularisation). Tucker decomposition is equivalent to
nuclear norm regularisation of the weight matrix: singular directions mis-
aligned with the target distribution are truncated, reducing overfitting to task-
irrelevant features and explaining the observed accuracy improvements.

• Theorem 5.6 (Unified compression bound). A combined generalisation bound
characterises the joint effect of Tucker downsampling factor DF and HVS prun-
ing ratio ρ on the generalisation error.

• Corollary 5.7 (Stage independence). The two compression stages contribute addi-
tively and independently, allowing them to be optimised separately.

Experimental findings: On TotalSegmentator (1,228 CT scans, 117 anatomical
structures), Tucker compression alone achieves Dice improvements of up to +30 pp
while reducing the number of parameters by 91%. The combined pipeline reaches
compression ratios of 13.2×with maintaining an improvement of Dice of about +25
pp. Aggressive pruning beyond 40% at high downsampling factors leads to pre-
dictable accuracy collapse, which helps establishing principled safety boundaries
for clinical deployment.

Unifying perspective

The three contributions share a common theoretical thread: compression is regular-
isation. Freezing layers with low divergence, removing neurons with low impor-
tance, and truncating low rank tensor components all introduce implicit priors that
remove task-irrelevant information and concentrate model capacity where it most
matters. The theoretical frameworks developed, KL divergence bounds, HVS per-
turbation bounds, and Tucker nuclear norm equivalence, are mutually consistent
and collectively form the basis of a principled science of efficient deep learning, in
which the redundancy of pretrained models is not a liability to be tolerated but an
opportunity to be exploited.

1.5 Thesis Organisation

The remainder of this thesis is organised as follows.
Chapter 2 provides the technical background: the fundamentals of deep con-

volutional neural networks and the key architectures used (ResNet-50, VGG-16, 3D
U-Net), the formal transfer learning framework, the mathematics of tensor decom-
position (Tucker, CP-rank, matrix factorisation), and discusses classical and recent
layer selections and pruning strategies for neural networks.

Chapter 3 presents the first contribution: KL divergence-based automatic layer
selection for transfer learning. We formulate the layer selection problem as a reg-
ularised optimisation objective, then we introduce the KL selection criterion, de-
velop its theoretical foundations, and evaluate experimentally on eight classifica-
tion benchmarks, with ablation studies on divergence measures, selection ratios, and
global vs. block-wise selection strategies.

Chapter 4 presents the second contribution: HVS-based neuron pruning for 2D
classification networks. We present the HVS criterion, establish its theoretical prop-
erties through formal proofs, and evaluate its performance on six datasets covering
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natural image classification and medical imaging, with analysis of importance maps
and the relationship between pruning ratio and generalisation.

Chapter 5 presents the third contribution: Tucker decomposition combined with
HVS channel pruning for 3D medical image segmentation. We develop the theoreti-
cal link between Tucker compression and nuclear norm regularisation, introduce the
two-stage pipeline, and evaluate extensively on TotalSegmentator across a range of
compression configurations and downsampling factors.

Chapter 6 synthesises the three contributions into a unified framework, discusses
their common theoretical foundations and their complementary roles. It also dis-
cusses the main limitations of the current work, and outlines several promising di-
rections for future research.
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CHAPTER 2

FUNDAMENTAL BACKGROUND OF
THE PROPOSED APPROACH

There is nothing more practical than a good theory

Kurt Lewin
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Deep learning has shown remarkable results on various complex cognitive tasks,
matching or even surpassing human performance. However, deep learning is im-
mensely data-hungry to achieve better model performance. Transfer learning miti-
gates this issue by transferring knowledge from a pre-trained model to a target task
with insufficient data.

Although transfer learning is effective for limited datasets, it may result in nega-
tive transfer learning. To avoid this problem and select appropriate parameters, we
propose a transfer learning approach that adapts pre-trained models by automati-
cally selecting optimal layers to transfer using Kullback-Leibler divergence between
weight distributions.

2.1 Transfer learning

Transfer learning uses the pretrained models trained on huge datasets in order to
leverage the learnt complex representations into a less complex problems with lim-
ited dataset. It has known a success in different domains, language processing, etc
especially for deep learning models. There exist different approaches to use pre-
trained models. The most common method is to be use as feature extractor. In this
case, all the convolutional layers of the source model are transferred, while keeping
all the parameters fixed and finetune the linear layer. This method has been proved
to outperform training a neural network from scratch on the task problem. Another
popular method is to use the parameters of the pretrained model as initialization
and train all layers on the target dataset. This method shows better results when the
task and target datasets are very dissimilar. For a more adjusted model to the task
problem certain layers are chosen to be optimized which we explain more in our
method in chapter 3.

FIGURE 2.1: Fine tuning in transfer learning Peste (2023).

2.1.1 Pre-trained models

2.1.2 ResNet

ResNet, or Residual Network (He et al., 2016c), is a deep convolutional neural net-
work architecture introduced to address the problem of training very deep neural
networks. Traditional deep CNNs often encounter obstacles such as vanishing or
exploding gradients, which hinder their ability to learn effectively as the number of
layers increases. ResNet solves this issue by introducing residual blocks featuring
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skip connections, which let information flow more easily across multiple layers. In-
stead of each set of stacked layers learning an underlying mapping, they learn the
residual (the difference) between the input and the output, effectively enabling the
network to model complex functions with greater stability. This innovation allows
researchers to successfully train models with hundreds or even thousands of layers,
achieving state-of-the-art results across tasks like image classification, object detec-
tion, and segmentation. Since its introduction, ResNet has become a foundational
building block in modern deep learning research and applications.

FIGURE 2.2: ResNet-50 architecture He et al. (2016a).

FIGURE 2.3: Skip connection He et al. (2016b).

2.1.3 VGG-16

VGG16 (Simonyan and Zisserman, 2015) is a deep convolutional neural network ar-
chitecture developed by the Visual Geometry Group at the University of Oxford,
which gained prominence following the ILSVRC 2014 competition. The advan-
tage of VGG16 is its simple architectural. it employs only 3x3 convolutional filters
stacked in increasing depth, followed by max pooling and fully connected layers, re-
sulting in a total of 16 learnable layers. This architecture enabled the network to go
deeper than previous models while being easy to implement and replicate. VGG16
became popular for its balance between accuracy and model interpretability, and it
has served as a strong baseline for transfer learning and feature extraction in many
computer vision applications.
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FIGURE 2.4: VGG16 architecture Simonyan and Zisserman (2015).

2.1.4 Unet

First introduced by Ronneberger et al. (2015b) , Unet is an architecture of convolu-
tional neural network that achieved great performances in the segmentation of med-
ical images. The architecture of the model follows an encoding–decoding structure,
where the encoder progressively downsamples the input to capture high level fea-
tures, and the decoder upsamples these features to recover spatial resolution. Sim-
ilar to ResNet, U-Net uses skip connections that link corresponding encoder and
decoder layer.

FIGURE 2.5: Unet architecture Ronneberger et al. (2015b).

2.2 Tensor decomposition

Tensors are multidimensional matrices the number of dimensions is refer to as or-
der of a tensor. Scalars are 0th –order tensors. Vectors are represented as 1st order
tensors. Matrices are 2nd order tensors. An Nth order tensor with three dimensions
or more, is the tensor product of N vector spaces. A 3rd –order tensor is shown in
figure 2.6.
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The notation used in this thesis is as follows. Scalars are denoted by lowercase
letters. Vectors are denoted by bold lowercase letters. Matrices are denoted by bold
uppercase letters. A higher dimensional tensors are denoted by calligraphic up-
percase letters. The ith element of a vector is denoted by ai, the element (i,j) of a
matrix is denoted by aij , and xijk is the element (i, j, k) of a tensor. A(n) denotes the
nth factor matrix. Tensor decomposition is based on a mathematical approach that
aims to approximate the weights of a layer, often convolutions, using lower-rank
tensors. The main idea is to factorize the parameters of a heavy operation into a
series of simpler operations. Among the best-known methods are Tucker decompo-
sition that replaces a 3D convolutional kernel with a sequence of three convolutions,
CP decomposition approximates a tensor by a sum of outer products of vectors, and
Tensor Train decomposition, which is useful for very large layers often FC or embed-
dings. These approaches allow direct compression of pre-trained weights without
modifying the overall architecture of the network. These approaches allow direct
compression of pre-trained weights without modifying the overall architecture of
the network. Some of them are applied post-training.

FIGURE 2.6: Rank-one third order tensor Kolda and Bader (2009).

2.2.1 Matrix Notation

We refer to one of the tensor’s dimensions of a tensor by the term mode. For instance,
a tensor X ∈ RI×J×K has three modes: mode1 (dimension I), mode 2 (dimension
J), and mode 3 (dimension K).

The rank of a tensor (in the CP sense) is the smallest integer R such that:

X =

R∑
r=1

a(1)r ◦ a(2)r ◦ · · · ◦ a(N)
r

where ◦ denotes the outer product. This definition is analogous to matrix rank, but
its properties are more complex: the rank may differ depending on whether we are
working over R or C, and in practice it is generally difficult to compute.
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Outer Product. The outer product of N vectors a(1),a(2), . . . ,a(N) produces an
order N tensor whose elements are defined by

xi1i2...iN = a
(1)
i1

a
(2)
i2
· · · a(N)

iN

This is denoted by:
X = a(1) ◦ a(2) ◦ · · · ◦ a(N)

Inner Product (Scalar Product). If X ,Y ∈ RI1×I2×···×IN are tensors of the same
size, the inner product is:

⟨X ,Y⟩ =
I1∑

i1=1

I2∑
i2=1

· · ·
IN∑

iN=1

xi1i2...iN · yi1i2...iN

n-mode Product. The n-mode product of a tensor X ∈ RI1×I2×···×IN with a ma-
trix U ∈ RJ×In is denoted X ×n U and yields a tensor of size I1 × · · · × In−1 × J ×
In+1 × · · · × IN . Formally:

(X ×n U)i1...in−1jin+1...iN =

In∑
in=1

xi1...iN · ujin

This product is useful in Tucker decompositions, where each mode is projected into
a lower-dimensional space via a matrix.

This product can also be represented using the matrix unfolding (mode-n matri-
cization) notation:

Y = X ×n U ⇐⇒ Y(n) = U ·X(n)

where X(n) is the matrix obtained by unfolding X along mode n.

2.2.2 CP Decomposition

The CP (Canonical Polyadic) decomposition, also called CANDECOMP/PARAFAC,
approximates a tensor by a sum of outer products of vectors. For a tensor X ∈
RI×J×K :

X ≈
R∑

r=1

ar ◦ br ◦ cr

where ar ∈ RI , br ∈ RJ , and cr ∈ RK are vectors. The standard matrix form of the
CP decomposition is:

X ≈ [[A,B,C]]

where matrices A, B, and C contain the vectors ar, br, and cr as columns.

2.2.3 Tucker Decomposition

The Tucker decomposition generalizes the singular value decomposition (SVD) to
tensors. It approximates a tensor by a product of a central core G with factor matrices
along each mode. For a tensor X ∈ RI×J×K ,

X ≈ G ×1 A×2 B×3 C
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where: G ∈ RP×Q×R is the core tensor, A ∈ RI×P , B ∈ RJ×Q, C ∈ RK×R are factor
matrices, ×n denotes the n-mode product.

Each element of the tensor is reconstructed as:

xijk ≈
P∑

p=1

Q∑
q=1

R∑
r=1

gpqraipbjqckr

2.2.3.0.1 Ranks in Tucker Decomposition In the Tucker decomposition, the orig-
inal tensor X ∈ RI×J×K is projected into a lower-dimensional space using three
matrices A ∈ RI×P , B ∈ RJ×Q, and C ∈ RK×R. The integers P,Q,R are called
compression ranks for each mode.

The compression ratio is defined as the size of the original tensor divided by the
dimensions of the compressed representations:

Compression Ratio =
I · J ·K

P ·Q ·R+ I · P + J ·Q+K ·R

The denominator measures the memory cost of the compressed representation (core
plus factor matrices).

2.2.3.0.2 Ranks in CP Decomposition In CP decomposition, only one integer R
(the CP rank) is used. It is the number of components needed to approximate the
tensor:

X ≈
R∑

r=1

ar ◦ br ◦ cr

Here, R is often chosen empirically depending on the allowed error tolerance.

2.2.3.0.3 Ranks in Tensor Train For Tensor Train decomposition, the TT-ranks
R1, . . . , RN−1 bound the dimensions of the "cores" G(n). These ranks have a strong
effect on the total model size:

Size ≈
N∑

n=1

Rn−1 · In ·Rn

The optimal choice of ranks is often based on a partial SVD of matricizations of the
tensor.

2.2.4 Compression of Convolutional Layers (CNN)

Deep neural networks (DNN), particularly those for image and medical volume pro-
cessing, often contain millions of parameters distributed among convolutional and
fully-connected layers. Tensor decomposition can be used to compress these layers
without retraining the entire network. This section details the main applications in
this context.

Convolutional neural networks (CNNs) are composed mainly of two types of
layers convolutional and fully-connected layers. In CNNs, convolutional layers pro-
cess an input 3D tensor X of shape S ×W × H , where S is the number of feature
channels and W,H are the spatial dimensions (width and height).
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Each convolutional layer applies a set of 4D convolutional kernels K with shape
T × S ×D×D, where T is the number of output channels, S is the number of input
channels, and D is the spatial size of the filter.

The standard convolution operation can be written as:

yi,j,t =
S∑

s=1

D∑
a=1

D∑
b=1

Kt,s,a,b · xi+a,j+b,s

where x is the input tensor, K is the convolutional kernel, y is the output tensor, and
the indices i, j denote the spatial location, s and t the input and output channels.

This operation can also be viewed as a tensor multiplication between the input
and kernel K, which is suitable for tensor factorization methods. In modern net-
works, filter sizes are often small (e.g., 3×3, 5×5), but the numbers of input/output
channels S and T can be very large, making the convolution layer computationally
and memory expensive.

To compress this layer, the Tucker decomposition is commonly used. It approxi-
mates the kernel K using a compressed core G and two factor matrices Uin,Uout:

K ≈ G ×1 Uout ×2 Uin

which amounts to decomposing the original convolution into three steps:

• a 1× 1 convolution projecting input channels into a reduced latent space,

• a spatial convolution with smaller core G,

• a 1× 1 convolution expanding to the original output channels.

This factorization can significanly reduce both FLOPs and the number of param-
eters in the layer, while maintaining acceptable accuracy. It is often combined with
fine tuning to adjust the weights on the whole dataset after compression.

2.3 Layer selection

Transfer learning has been receiving increasing attention in recent years, due to its
ability to exploit knowledge from large data in order to solve a task in a related do-
main. However, the main challenge is to determine which relevant knowledge to
transfer. To address the issue, several methods have been proposed to adapt the tar-
get task. The most common method is to fine-tune all the layers in the network as
proposed by Girshick et al. (2013), or manually select the last network layers as in
Long et al. (2015) and Vrbančič et al. (2019). An alternative approach introduced in
Shi et al. (2019), involves using a pre-trained model as a feature extractor, followed
by a classifier, such as SVM. Although these methods yielded promising results com-
pared to training them from scratch, the process of selecting the layers to freeze is not
automatic. The authors in Yosinski et al. (2014) conducted experiments to evaluate
the transferability of features learned by deep neural networks. They demonstrated
that transferred features outperform random features, even though the target task
domain is significantly different from the source task. One method for layer se-
lection is Stepwise pathNet Imai et al. (2020) extended the PathNet layer selection
by considering each layer of the pretrained neural network as modules, and select-
ing layers using tournament selection algorithm. In Jeong et al. (2022), the authors
proposed using genetic algorithms as a search procedure to identify the optimal
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(A) Slices of a third-order tensor.

(B) Fibers of a third-order tensor Kolda and Bader (2009).

FIGURE 2.7: Slices and fibers of a third-order tensor.

combination of layers for tuning, by representing each layer as a gene to be either
fine-tuned or frozen. Wanjiku et al. (2023) analyzes the weight correlation in the neu-
ral network layers and selects the relevant layers in the pre-trained model based on
the correlation divergence of positive and negative weights between any two layers.
However, in this method the authors consider only the pre-trained model therefore
the selected layers might encode features unrelated to the specific task. In a study by
Guo et al. (2019), proposed dynamic layer selection method per target instance. The
process uses a decision policy network that creates routing decisions directing each
image either through the pre-trained layers or the fine-tuned layers on the new task.
The policy uses a Gumbel Softmax sampling strategy. In this approach, the policies
depend heavily on the residual blocks. Unlike the above work, our method does
not require introducing a supplementary network module to train or complex opti-
mization process. Therefore, we achieve task-specific layer selection with reduced
computational and memory costs.

2.4 Pruning

Several compression strategies has been proposed in order to reduce the size of the
model Lebedev et al. (2014) Denton et al. (2014). While quantization helps faster
runtime with simpler operations, pruning and tensor decomposition reduces the
total number of operations.

Pruning is a compression approach aiming to reducing the size of the neural
network, the number of flops and the memory consumption while maintaining a
similar performances. Generally, the parameters with the least contribution to the
model’s performance are identified and removed after an initial training. The pruned
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model is then fine-tuned to recover the original accuracy. The pruning has been first
introduced through the methods Optimal brain damage LeCun et al. (1989) and op-
timal brain surgeon Hassibi and Stork (1993). The method estimates the saliency of
each weight based on the Hessian of the loss function and prunes the weights with
low saliency. The lottery ticket hypothesis by Frankle and Carbin (2019) states that:
A randomly initialized, dense neural network contains a subnetwork that is initial-
ized such that when trained in isolation it can match the test accuracy of the original
network after training for at most the same number of iterations. This hypothesis
could explain the existence of a sparse sub network that can achieve comparable
accuracy.

2.4.1 Pruning on 2D

Most works in pruning either target weight tensors or individual neurons.

2.4.1.0.1 Weight pruning Weight pruning removes individual scalar parameters
by setting selected weights to zero, leaving layer dimensions unchanged but induc-
ing sparse weight tensors.

For network parameters θ ∈ Rd and a binary weight mask m ∈ {0, 1}d, weight
pruning seeks a sparse masked parameter vector m ⊙ θ that maintains accuracy. A
standard formulation is

min
θ,m

1

N

N∑
i=1

ℓ
(
f(xi; m⊙ θ), yi

)
s.t. ∥m∥0 ≤ k, m ∈ {0, 1}d,

where ∥m∥0 counts the number of unpruned weights and k controls the sparsity
level. Canonical second-order methods motivate pruning by estimating parameter
saliency from a Taylor expansion of the loss. In Optimal Brain Damage (LeCun et al.,
1989), the change in error caused by perturbing a parameter is approximated, and
under a diagonal Hessian and “at-optimum” assumptions the diagonal Hessian en-
tries are used to score parameters, yielding a saliency of the form (Sk ≈ 1

2hkku
2
k),

and parameters with low saliency are pruned.
Modern deep-learning practice typically relies on cheaper pruning criteria, gen-

erally a simple magnitude pruning . In particular,(Han et al., 2015a) propose a
three-stage pipeline training, prune then retrain. The unstructured pruning is paired
with quantization and entropy coding, yielding very large storage reductions in
model size and, in some implementations, measurable speed and energy improve-
ments from reduced memory traffic. While magnitude pruning performs well, the
sparsity can be harder to train from scratch Gale et al. (2019).

Weight pruning removes individual scalar parameters by setting selected weights
to zero, leaving layer dimensions unchanged but inducing sparse weight tensors
(Cheng et al., 2024). The early approaches, focused on removing individual weights
that can be categorized as unstructured pruning (LeCun et al., 1989). (Li et al.,
2016a) introduced filter pruning approach based on their l1-norms structured prun-
ing Structured pruning is referred to removing a whole blocks like channels in the
case of convolutional neural networks and rows or columns of the weight tensor in
the fully connected models.

2.4.1.0.2 Filter pruning Filter pruning, categorized as structured pruning, specif-
ically targets convolutional networks by removing whole convolutional filters and
their output feature maps. This simultaneously reduces the number of parameters
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and the convolutional FLOPs. ALso feature map memory is reduced because later
layers see fewer channels. Unlike unstructured pruning, the pruned model remains
dense, but with smaller tensors and computations.

A common criterion ranks filters by a norm on their weights. for a filter k with
tensor Wk, a typical score is sk = ∥Wk∥1 or ∥Wk∥2. the filters with smallest scores
are pruned and then fine-tuning to recover accuracy. (Li et al., 2016b) argues that
magnitude-based weight pruning can yield irregular sparsity that does not effec-
tively reduce convolutional computation, whereas removing entire filters avoids
sparse connectivity patterns.

A more loss-aware structured criterion uses a first-order Taylor approximation
of the cost change when removing a feature map or filter output. (Molchanov et al.,
2016) define the loss change from removing an activation hi as

|∆C(hi)| =
∣∣C(D,hi = 0)− C(D,hi)

∣∣,
and approximate it via a first-degree Taylor expansion, leading to an importance
score proportional to ∣∣∣∣ ∂C∂hi hi

∣∣∣∣ ,
typically averaged over spatial positions and data examples. Structured pruning
may remove fewer parameters than aggressive weight pruning, but it can to produce
more reliable speedup.

2.4.1.0.3 Neuron pruning Neuron pruning removes entire computational units
by eliminating all parameters feeding into or coming out of a hidden neuron, thereby
directly reducing layer width and computation while keeping the remaining opera-
tions dense.

A common approach is to consider all the weights connected to one neuron as
a single group and encourage some of these groups to go to zero during training.
A standard formulation is as follows. let wj denote the outgoing weight vector of
neuron j, for j = 1, . . . ,m, the objective can be written as

min
θ

1

N

N∑
i=1

ℓ
(
f(xi; θ), yi

)
+ λ

m∑
j=1

∥wj∥2.

A widely used practical version in CNNs is network slimming (Liu et al., 2017).
Each channel is associated with a BatchNorm scaling factor (γ) and applies an ℓ1
penalty to these scalars so that channels or neurons with small γ can be pruned and
the resulting compact network is fine-tuned. This makes the pruning decision easy
to interpret as unit or channel importance and yields dense thinner networks while
maintaining comparable accuracy after fine-tuning. Neuron pruning usually gives
more consistent runtime speedups than unstructured weight pruning at the same
parameter reduction, because it reduces tensor dimensions rather than introducing
irregular zeros. However, it gives less precise control on where sparsity goes Liu
et al. (2018). The figure 2.8 illustrates the weight pruning approach where the colored
units are to be removed.
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FIGURE 2.8: Illustration of neuron pruning.

2.4.2 Pruning on 3D

Although pruning has been extensively studied for 2D convolutional architectures,
its generalization to 3D CNNs raises certain challenges due to the large size of con-
volutional kernels and the higher memory and computational cost of volumetric
models.

One representative approach is Resource-Aware Neuron Pruning at Initializa-
tion (RANP) proposed by Xu et al. (2020). RANP extends the method of single-shot
pruning methods to 3D CNNs by estimating neuron importance at initialization,
before full training. The importance metric is inspired by the SNIP criterion origi-
nally developed for 2D networks. In this framework, the saliency of a parameter is
approximated by the sensitivity of the loss function to its removal. This first order
approximation measures the variation of the loss when a connection is removed. Pa-
rameters or neurons that induce the largest perturbation of the loss are considered
more critical for model performance. RANP extends this sensitivity-based criterion
by incorporating resource-awareness. In addition to loss sensitivity, each neuron is
evaluated according to its memory consumption and computational cost (FLOPs).
The final pruning decision balances predictive importance with hardware-related
constraints, yielding a compression strategy that explicitly trades accuracy against
resource efficiency. This is particularly relevant in medical imaging and volumetric
segmentation tasks, where 3D CNNs are commonly deployed under memory limi-
tations.

Another studies apply structured pruning during training in 3D architectures
such as U-Net. In these approaches, pruning is performed simultaneously with op-
timization. For instance, filters are first ranked according to magnitude based cri-
teria after a few training epochs, and the least significant filters are progressively
removed. Dinsdale et al. (2022b) proposed the method Simultaneous Training and
Model Pruning (STAMP) which combines pruning with the training process. STAMP
progressively removes entire convolutional filters from a UNet architecture during
training. The method first trains the network for few epochs, during which the im-
portance of the filter is computed using magnitude. The filters with the smallest l1
norm are considered the least important. For a fixed intervals, the least important
filters are removed from the network, and continue training on the pruned model.
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2.5 Conclusions

In this chapter, we presented compression methods on pre-trained convolutional
neural network for transfer learning. We introduced the theoretical framework of
transfer learning and pre-trained models for 2D and 3D architectures. We presented
the fundamental concepts of tensor decomposition methods, with a particular fo-
cus on CP and Tucker decomposition. We explained how these methods can be
applied to convolutional neural networks to obtain low-rank representations of con-
volutional kernels. We also reviewed pruning techniques for both 2D and 3D neural
networks. For 2D networks, we discussed weight pruning, filter pruning and neu-
ron pruning as structured and unstructured strategies for reducing model param-
eters. These concepts establish the methodological and mathematical basis for the
proposed approaches in the next chapters.
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SELECTIVE FINE-TUNING FOR
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Science is built up of facts, as a house is built of
stones; but an accumulation of facts is no more a
science than a heap of stones is a house.

Henri Poincaré

Although transfer learning is effective for limited datasets, it may result in nega-
tive transfer learning. To avoid this problem and select appropriate parameters, we
propose a transfer learning approach that adapts pre-trained models by automati-
cally selecting optimal layers to transfer using Kullback-Leibler divergence between
weight distributions.

Contributions: Beyond the empirical results, this chapter provides:

• Theoretical analysis of the layer selection criterion with convergence guar-
anties

• Performance bounds relating KL divergence to transfer learning error

• Detailed computational complexity analysis

• Comparison of complexity with state-of-the-art methods

3.1 Introduction

Recently, Machine learning drives several aspects of modern life, such as text mining
Amrit et al. (2017), spam detection Crawford et al. (2015), and video recommenda-
tion Deldjoo et al. (2016), and is increasingly embedded in smartphones, cameras,
etc. In particular, deep learning is showing remarkable results on various complex
cognitive tasks, matching or even surpassing human performance. It has emerged
widely in research, such as classification of plant diseases Hasan et al. (2020), object
detection Xiao et al. (2020), medical image analysis Ker et al. (2018), among others.

Deep learning is immensely data-hungry in order to achieve a better model per-
formance. However, acquiring labeled data often presents challenges, as it is time-
consuming, expensive, and frequently unavailable. The authors in Ge and Yu (2017)
state that the shortage of data is a key reason the model underperforms and may
lead to overfitting. One way to mitigate this issue and reduce the time and memory
consumption is to use transfer learning. This technique aims to enhance learning by
transferring knowledge from a pre-trained model to another closely related but dif-
ferent task to the current task having insufficient data. Transfer learning attempts to
create a relation between the source task and the target task, providing a faster and a
more efficient learning Pan and Yang (2010). The model learns the weights and bias
from a vast volume of data and then transfers these weights to various models. The
weights are then retrained on a relatively similar dataset.

The idea behind transfer learning stems from educational psychology. The psy-
chologist C.H. Judd emphasizes that the ability to transfer knowledge from one sit-
uation to another is the outcome of the generalization of experience. The theory
states that a skill or the knowledge acquired in one context, people are able to use
the understanding in a different context as long as the learned principles are rel-
evant to both situations. For instance, learning instruments share certain musical
knowledge. Therefore, learning the piano becomes easier with prior experience on
the violin. The effectiveness of the transfer relies on the extent to which the experi-
ences, habits, and knowledge from one experience can be generalized and applied
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to another. An individual’s ability to effectively generalize varies based on their
intelligence, as it involves understanding and recognizing what is common across
different situations.

Although transfer learning is effective for limited datasets, it may result in some
cases in decreasing the model’s performance on the target task, also known as neg-
ative transfer learning Rosenstein et al. (2005). In order to avoid this problem and
select the appropriate parameters to adapt the pre-trained model to the new task,
understanding and analyzing CNN models is necessary. In LeCun et al. (2015), they
state that, in classification, the representation of the higher layers highlights the fea-
tures of the input responsible for the discrimination task and diminishes unimpor-
tant variations. For instance, an image is represented as an array of pixel values,
the first layer often identifies edges at specific locations and orientations within the
image. While, The second layer focuses more on identifying patterns from the spe-
cific position of edges, regardless of how minor the position variations. The third
layer could be a combination of these patterns that represents a part of a recogniz-
able object. However, these layers are learned from the data, not manually designed
by humans.

In this chapter, we propose a transfer learning aiming at adapting pre-trained
models to a specific task by selecting the optimal layers to transfer and be reused.
These layers represent the generic features that can be applied to various tasks. The
remaining features are considered specific to the original task, therefore, the param-
eters need to be retrained on the target task. In order to determine the layers to se-
lect, we measure the Kullback-Leibler divergence between the weight distributions
of the source and target tasks. Our approach requires fewer trainable parameters
compared to standard fine-tuning and layer selection methods, while maintaining
effective model performance. We evaluated eight public datasets against a method
SpotTune Guo et al. (2019) and L2-SP regularization LI et al. (2018).

3.2 Problem Formulation

3.2.1 Notation and Definition

Our method aims to efficiently adapt pre-trained models from a source task to a spe-
cific task, by creating a selection strategy to determine the layers of the pre-trained
model that need to be fine-tuned and the transferable layers to be frozen. Given
a target dataset Dt = {(xit, yit)}Ni=1, a source target Ds = {(xis, yis)}Mi=1, ℓt(θt,Dt) the
task-specific loss function of the target model ft(x; θt) parameterized by θt. The layer
selection problem can be considered as a regularization term in the loss function,
therefore, the total loss function for the transfer learning can be expressed as:

ℓtotal(θt) = ℓt(θt,Dt) + λR(θs, θt), (3.1)

whereR(θs, θt) is a regularization term with hyper-parameter λ. In this work, we
focus on studying the parameter perturbations. Therefore, the regularization term
can be expressed as the sum of contributions from each layer as follows:

R(θs, θt) =
∑
l∈S
R(l)(W (l)

s ,W
(l)
t ), (3.2)
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where W
(l)
s and W

(l)
t are the Weights of the l-th layer in the source and target

model, respectively , S is the set of the selected layers, and R(l)(W
(l)
s ,W

(l)
t ) is the

regularization function for layer l.

3.2.2 Proposed Method

3.2.2.1 KL Divergence-Based Layer Selection

The main goal is to quantify the amount of information loss when estimating the
target task using the source task. Therefore, the more similar the distributions on
a layer, the more likely they are to be preserved and frozen. Conversely, the layers
with dissimilar knowledge should be fine-tuned to the task. An overview of the
method is illustrated in figure 3.1. First, we perform an initial training to fine-tune a
pre-trained model on a target task for a limited number of epochs. Once the model
converges, we extract the weights of the pre-trained and fine-tuned networks. Each
filter W (l,c)

t is transformed into a probability distribution P
(l,c)
t and P

(l,c)
t , as detailed

below. We then measure the average divergence between the two obtained distri-
butions for each convolutional layer in the network. The layers with the highest
divergence measure are selected for fine-tuning while the others are frozen to retain
the pre-trained features. Finally, the network is fine-tuned to optimize the transfer
learning process to the task source.

FIGURE 3.1: Illustration of the proposed method. The KL divergence between the source
and target weight distributions for each layer is measured. Given a layer ratio, the layers
with lower value are frozen (marked in yellow). Finally the network is fine-tuned.

In order to measure dissimilarity between layers, we compare their weight dis-
tributions, using the Kullback-Leibler divergence. Let P (l)

S be a normalized weight
distribution for channel c in layer l of the source model:

P (l,c)
s (i) =

∣∣∣W (l,c)
s (i)

∣∣∣∑
j

∣∣∣W (l,c)
s (j)

∣∣∣ , (3.3)
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and P
(l,c)
t be a normalized weight distribution for channel c layer l of the target

model:

P
(l,c)
t (i) =

∣∣∣W (l,c)
t (i)

∣∣∣∑
j

∣∣∣W (l,c)
t (j)

∣∣∣ . (3.4)

The KL divergence between P
(l,c)
s and P

(l,c)
t for each channel c in layer l is mea-

sured as follows :

DKL(P
(l,c)
s ∥P (l,c)

t ) =
∑
i

P (l,c)
s (i) log

P
(l,c)
s (i)

P
(l,c)
t (i)

. (3.5)

We define the KL divergence for layer l as the average KL across all filters, where
C is the number of the filters

D
(l)
KL =

1

C

∑
c

DKL(P
(l,c)
s ∥P (l,c)

t ). (3.6)

Thus, the layer-specific regularization term is expressed as following:

R(l)(W (l)
s ,W

(l)
t ) = D

(l)
KL. (3.7)

In order to select whether to freeze the layer (zl = 0) or to fine-tune it, we use a
binary variable zl

zl =

{
1, if layer l is selected,
0, otherwise.

(3.8)

The regularization term becomes:

R(θs, θt, z) =
L∑
l=1

zlDKL(P
(l)
s ∥P

(l)
t ). (3.9)

The total objective function then is as follows:

Ltotal(θt, z) = Ltask(θt,Dt) + λ
L∑
l=1

zlDKL(P
(l)
s ∥P

(l)
t ). (3.10)

As illustrated in algorithm 1, We need to fix a threshold δ, and select the layers to
fine-tune if its contribution satisfies the following:

l ∈ S if and only if DKL(P
(l)
S ∥P

(l)
T ) ≥ δ. (3.11)

In this work, we focus our analysis on the Residual Network model ResNet-50
(He et al., 2016d). The architecture of this model is composed of an initial convolu-
tional layer, followed by 4 stages, each containing residual blocks as follows [3,4,6,3]
and a fully connected layer. In order to determine which layer to fine-tune, after
computing the divergence for each layer, we used a percentile-based selection strat-
egy. We implemented two different selection strategies. First, we apply a global
threshold across all the layers of the network and the second method is to set a
block-wise threshold, meaning we choose layers from each of the four blocks. This
strategy allows us to preserve the hierarchy of the feature representation.
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3.2.2.2 Divergence measures

In order to measure dissimilarity between probability distributions, we define the
following divergence measures:

• Kullback-Leibler Divergence: The Kullback-Leibler Divergence measures the
information gain when moving from distribution Q to P:

DKL(P∥Q) =

∫
p(x) log

p(x)

q(x)
dx

• Jensen-Shannon Divergence: JSD addresses the asymmetry of Kullback-Leibler
Divergence by using an intermediate distribution M:

DJS(P∥Q) =
1

2
DKL(P∥M) +

1

2
DKL(Q∥M)

where M = 1
2(P +Q).

• Earth Mover’s Distance or Wasserstein: Wasserstein distance is a distance mea-
sure introduced by Kantorovich (1960) based on the optimal transport theory.
Given a distance d, the Wasserstein distance is formulated as

W (P,Q) = inf
γ∈Γ(P,Q)

E(x,y)∼γ [d(x, y)]

where Γ(P,Q) is the set of all joint distributions γ(x, y) such that P and Q are
the respective marginals.

Algorithm 1: Pipeline of KL Divergence-Based Layer Selection
Input: Pre-trained source model Ws, source dataset Ds, target dataset Dt,
selection ratio k Output: Optimal fine-tuned model W ∗

ft Fine-tune the
pre-trained model to obtain W ∗

t for each convolutional layer l ∈ {1, 2, . . . , L}
do- endExtractfilterweights :w(l)

s ←W
(l)
s , w(l)

t ←W
∗(l)
t Reshape weights:

w
(l)
s ← reshape(w(l)

s , (Fl,−1)) Reshape weights: w(l)
t ← reshape(w(l)

t , (Fl,−1))
Compute probability distributions: p(l)s , p(l)t Compute layerwise KL divergence:
KL(l) ← 1

|Fl|
∑

f KL(p(f)t ∥p
(f)
s ) Select top-k layers and freeze the rest of the layers

Fine-tune Wft on Dt end

3.3 Theoretical Analysis

3.3.1 Information-Theoretic Justification

Definition 3.1 (Task Similarity) We define the similarity between source and target tasks
through their optimal parameter distributions. Tasks are similar if the KL divergence between
their optimal weight distributions is small.

Intuition Behind Definition 3.1: Two tasks are similar if the neural networks that
solve them optimally end up with similar weight distributions. This definition for-
malises the intuitive idea that “related tasks share related internal representations”:
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the smaller the KL divergence between the optimal weight distributions, the more
knowledge can be transferred without modification.

Theorem 3.2 (KL Divergence and Transfer Error) Let ϵs and ϵt denote the test errors
on source and target tasks respectively. Under mild regularity conditions, the transfer learn-
ing error is bounded by:

ϵt ≤ ϵs + C1

√√√√ 1

N

L∑
l=1

zlDKL(P
(l)
s ∥P (l)

t ) + C2
d

N
(3.12)

where N is the target dataset size, d =
∑L

l=1 zldl is the number of trainable parameters, and
C1, C2 are constants depending on the loss function.

Intuition Behind Theorem 3.2: The error on the target task is controlled by two
quantities: how different the source and target weight distributions are (the KL di-
vergence term), and how many parameters are left free to be learned (the capacity
term d/N ). Freezing layers with low KL divergence simultaneously reduces both
terms — it keeps the source knowledge intact where it is still valid, and reduces the
number of parameters that must be estimated from limited target data.
Proof [Proof Sketch] The proof follows from decomposing the generalization error
into approximation error and estimation error:

Step 1: By Hoeffding’s inequality and uniform convergence bounds, the empirical
risk converges to population risk with rate O(

√
d/N).

Step 2: We bound the approximation error between source and target optima
Pinsker’s inequality as follows:

∥Ps − Pt∥1 ≤
√
2DKL(Ps∥Pt) (3.13)

Step 3: The weight perturbation from source to the target parameters introduces

an error proportional to
√∑

l zlD
(l)
KL.

Combining these bounds yields the theorem.

Full proof with technical details: Assumptions:

• Loss function ℓ is L-Lipschitz continuous

• Hypothesis class has VC dimension d

• Weight distributions are absolutely continuous

Step 1: Decomposition of Error
The test error can be decomposed as:

ϵt = inf
θ
E(x,y)∼Dt

[ℓ(f(x; θ), y)]︸ ︷︷ ︸
Bayes error

+Lt(θ̂)− Lt(θ∗)︸ ︷︷ ︸
Estimation error

+ Lt(θ∗)− ϵBayes︸ ︷︷ ︸
Approximation error

(3.14)

Step 2: Bounding Estimation Error
By Rademacher complexity and union bound:

P
(
|Lt(θ̂)− Lt(θ∗)| ≥ ϵ

)
≤ 2 exp

(
−Nϵ2

2L2

)
(3.15)
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Setting the right side to δ and solving for ϵ gives:

Lt(θ̂)− Lt(θ∗) ≤ L

√
2 log(2/δ)

N
= O

(
L√
N

)
(3.16)

Step 3: Bounding Approximation Error via KL Divergence
Using Pinsker’s inequality:

∥P (l)
s − P

(l)
t ∥2TV ≤

1

2
DKL(P

(l)
s ∥P

(l)
t ) (3.17)

The approximation error induced by using source parameters:

|Lt(θs)− Lt(θ∗t )| ≤
L∑
l=1

zl∥P (l)
s − P

(l)
t ∥TV · Cl (3.18)

≤
L∑
l=1

zl

√
1

2
D

(l)
KL · Cl (3.19)

≤ C1

√√√√ L∑
l=1

zlD
(l)
KL (3.20)

where C1 depends on the Lipschitz constant and network depth.
Step 4: Combining Terms
Combining estimation and approximation errors:

ϵt ≤ ϵs + C1

√√√√ 1

N

L∑
l=1

zlD
(l)
KL + C2

d

N
(3.21)

where d =
∑L

l=1 zldl is the total number of parameters in selected layers, and C2

accounts for the capacity-dependent part of the generalization bound.

Corollary 3.3 (Optimal Layer Selection) To minimize the transfer error bound, the set
of layers should be selected such that:

S∗ = argmin
S:|S|≤k

∑
l∈S

D
(l)
KL (3.22)

i.e., select the k layers with highest KL divergence.

Intuition Behind Corollary 3.3: In order to minimise the transfer error, one
should retrain exactly the layers that have changed the most between the source
and the target tasks those with the highest KL divergence. This turns a combinato-
rial search over all possible layer subsets into a simple ranking operation, which is
the basis of Algorithm 1.
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3.3.2 Convergence Analysis

Theorem 3.4 (Convergence of Fine-Tuning) Assume the loss function ℓt is L-smooth
and µ-strongly convex. Using SGD with learning rate ηt = 2

µ(t+1) , the fine-tuned parame-

ters θ(T )
t after T iterations satisfy:

E[∥θ(T )
t − θ∗t ∥2] ≤

4L

µ2T
(Ltotal(θs)− Ltotal(θ∗t )) (3.23)

where θ∗t is the optimal target parameters.

Intuition Behind Theorem 3.4: When we fine tune from the pretrained source
weights rather than from a random initialisation, it gives the optimiser a head start.
The initial distance to the target optimum is smaller, so fewer gradient steps are
needed to converge. The theorem quantifies this advantage: the convergence rate is
O(1/T ) and the constant in front depends directly on how close the source parame-
ters already are to the target solution.

Proof Under strong convexity and smoothness assumptions, standard SGD analysis
gives:

E[∥θ(t+1) − θ∗∥2] ≤ (1− µηt)E[∥θ(t) − θ∗∥2] + η2tLσ
2 (3.24)

With the chosen learning rate ηt =
2

µ(t+1) :

E[∥θ(T ) − θ∗∥2] ≤ 4

µ2(T + 1)

(
∥θ(0) − θ∗∥2 + 2Lσ2

µ

)
(3.25)

≤ 4L

µ2T
(Ltotal(θs)− Ltotal(θ∗t )) (3.26)

using the smoothness property to bound ∥θ(0) − θ∗∥2.

Remark 3.5 The convergence rate is O(1/T ), which is optimal for strongly convex func-
tions. The initial regularization termR(θs, θt) ensures that starting from the source param-
eters provides a good initialization.

Full proof with technical details:
Under the assumptions:

• Ltotal is µ-strongly convex: Ltotal(θ′) ≥ Ltotal(θ)+∇Ltotal(θ)T (θ′−θ)+µ
2∥θ

′−θ∥2

• Ltotal is L-smooth: ∥∇Ltotal(θ′)−∇Ltotal(θ)∥ ≤ L∥θ′ − θ∥

• Gradient noise bounded: E[∥∇L(θ; ξ)−∇L(θ)∥2] ≤ σ2

The SGD update: θ(t+1) = θ(t) − ηt∇L(θ(t); ξt)
Recursion:

E[∥θ(t+1) − θ∗∥2] = E[∥θ(t) − ηtg
(t) − θ∗∥2] (3.27)

= E[∥θ(t) − θ∗∥2]− 2ηtE[g(t)T (θ(t) − θ∗)] + η2tE[∥g(t)∥2] (3.28)
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Using strong convexity:

E[g(t)T (θ(t) − θ∗)] ≥ L(θ(t))− L(θ∗) + µ

2
∥θ(t) − θ∗∥2 (3.29)

Substituting and simplifying:

E[∥θ(t+1) − θ∗∥2] ≤ (1− µηt)E[∥θ(t) − θ∗∥2] + η2tLσ
2 (3.30)

With ηt =
2

µ(t+1) :

E[∥θ(T ) − θ∗∥2] ≤
T−1∏
t=0

(1− µηt)∥θ(0) − θ∗∥2 +
T−1∑
t=0

η2tLσ
2 (3.31)

≤ 1

T + 1
∥θ(0) − θ∗∥2 + 4Lσ2

µ2T
(3.32)

≤ 4L

µ2T
(Ltotal(θs)− Ltotal(θ∗)) (3.33)

using smoothness to bound ∥θ(0) − θ∗∥2 ≤ 2
L(Ltotal(θs)− Ltotal(θ

∗)).

3.3.3 Statistical Guarantees

Proposition 3.6 (Sample Complexity) To achieve target error ϵ with probability at least
1− δ, the required number of target samples is:

N = O

(
d

ϵ2
log

1

δ
+

1

ϵ2

∑
l∈S

D
(l)
KL

)
(3.34)

where d is the number of parameters in selected layers.

Intuition Behind Proposition 3.6: By freezing layers with low divergence, we re-
duce the effective number of free parameters d. Fewer free parameters means fewer
target examples are needed to achieve a given accuracy — this is the mathemati-
cal reason why transfer learning works well on small datasets, such as the Flowers
dataset with only 2 040 training images.

Proof This follows from Theorem 3.2 and standard PAC learning bounds. Setting
the right-hand side of the error bound equal to ϵ and solving for N gives the sample
complexity.

Theorem 3.7 (Negative Transfer Avoidance) If layers are selected such that D
(l)
KL <

δthreshold are frozen, then:

ϵt(transfer) ≤ ϵt(from scratch) +O(δthreshold
√

Lfrozen) (3.35)

where Lfrozen is the number of frozen layers. This bound ensures that negative transfer is
avoided when freezing low-divergence layers.
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Intuition Behind Theorem 3.7: Negative transfer occurs when borrowed knowl-
edge from the source task hurt the performance on the target task more than it helps.
This theorem guarantees that our method cannot suffer from negative transfer: as
long as the threshold δthreshold is chosen small enough, freezing the low divergence
layers always leads to a model that is at least as good as training from scratch. The
smaller the threshold, the safer the transfer.

Proof We provide a complete proof establishing that selective layer freezing based
on KL divergence prevents negative transfer.

Notation:

• θ∗t ∈ Rd : optimal parameters for target task

• θs ∈ Rd : pre-trained source parameters

• θ0 ∈ Rd : random initialization (for training from scratch)

• S = {l : D(l)
KL ≥ δthreshold} : selected layers for fine-tuning

• F = {l : D(l)
KL < δthreshold} : frozen layers

• Lfrozen = |F| : number of frozen layers

Assumptions:

1. Loss function ℓ is Llip-Lipschitz: |ℓ(y1, y)− ℓ(y2, y)| ≤ Llip∥y1 − y2∥

2. Network f(x; θ) is β-Lipschitz in θ: ∥f(x; θ1)− f(x; θ2)∥ ≤ β∥θ1 − θ2∥

3. Weights in each layer are bounded: ∥W (l)∥ ≤ Bl

Step 1: Error Decomposition
Both transfer learning and from-scratch training errors decompose as:

ϵt(transfer) = ϵBayes + ϵapprox(transfer) + ϵest(transfer) (3.36)
ϵt(from scratch) = ϵBayes + ϵapprox(scratch) + ϵest(scratch) (3.37)

where ϵBayes is the irreducible Bayes error (same for both), ϵapprox is approxima-
tion error, and ϵest is estimation error.

Step 2: Bounding Approximation Error

Lemma 3.8 The approximation error for transfer learning with frozen layers satisfies:

ϵapprox(transfer) ≤ ϵapprox(scratch) + Llipβ
∑
l∈F
∥W (l)

s −W
∗(l)
t ∥ (3.38)

Intuition Behind Lemma 3.8: The cost of freezing a layer is directly proportional
to how far that layer’s source weights are from the optimal target weights. If this dis-
tance is small — which is precisely what low KL divergence implies — then freezing
introduces almost no additional error.
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Proof [Proof of Lemma 3.8] Let θtransfer denote parameters after fine-tuning with
frozen layers:

θ
(l)
transfer =

{
W

(l)
s if l ∈ F (frozen)

Ŵ
(l)
t if l ∈ S (fine-tuned)

(3.39)

By Lipschitz continuity:

ϵapprox(transfer) = E(x,y) [ℓ(f(x; θtransfer), y)− ℓ(f(x; θ∗t ), y)] (3.40)

≤ LlipEx [∥f(x; θtransfer)− f(x; θ∗t )∥] (3.41)

The difference is due only to frozen layers:

∥f(x; θtransfer)− f(x; θ∗t )∥ ≤ β
∑
l∈F
∥W (l)

s −W
∗(l)
t ∥ (3.42)

Combining yields the lemma.

Step 3: Relating Weight Norm to KL Divergence

Lemma 3.9 For layer l with D
(l)
KL < δthreshold, then the weight difference satisfies:

∥W (l)
s −W

∗(l)
t ∥ ≤ CKL

√
dl · δthreshold (3.43)

where dl denotes the layer dimension and CKL is a constant that depends on the bounds
imposed on the weights.

Intuition Behind Lemma 3.9: This lemma is the link between the information
theoretic language (KL divergence) and the geometric language (weight norms). It
says that layers that are similar statistically similar are also geometrically close (small
weight distance). This allows the conversion of the abstract divergence bound into
a concrete bound on the prediction error.

Proof [Proof of Lemma 3.9] By Pinsker’s inequality:

∥P (l,c)
s − P

(l,c)
t ∥2TV ≤

1

2
DKL(P

(l,c)
s ∥P (l,c)

t ) (3.44)

For finite-dimensional distributions:

∥P (l,c)
s − P

(l,c)
t ∥2 ≤

√
dl∥P (l,c)

s − P
(l,c)
t ∥TV (3.45)

Converting from normalized distributions to raw weights (with normalization
factors bounded by dlBl):

∥W (l,c)
s −W

(l,c)
t ∥2 ≤ 2Bl

√
dl∥P (l,c)

s − P
(l,c)
t ∥TV (3.46)

Combining and averaging over channels:

∥W (l)
s −W

(l)
t ∥ ≤ Bl

√
2dl · C

√
D

(l)
KL (3.47)

≤ CKL

√
dl · δthreshold (3.48)

where CKL = Bl

√
2C with C being the number of channels.
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Step 4: Combining Approximation Bounds
Using Lemmas 3.8 and 3.9:

ϵapprox(transfer) ≤ ϵapprox(scratch) + Llipβ
∑
l∈F

CKL

√
dl · δthreshold (3.49)

= ϵapprox(scratch) + LlipβCKL

√
δthreshold

∑
l∈F

√
dl (3.50)

By Cauchy-Schwarz inequality:

∑
l∈F

√
dl ≤

√
Lfrozen

√∑
l∈F

dl ≤ dmax

√
Lfrozen (3.51)

Therefore:

ϵapprox(transfer) ≤ ϵapprox(scratch) + C1δthreshold
√
Lfrozen (3.52)

where C1 = LlipβCKLdmax.
Step 5: Analyzing Estimation Error

Lemma 3.10 The estimation error satisfies:

ϵest(transfer) ≤ ϵest(scratch)− C2

N

∑
l∈F

dl (3.53)

where C2 > 0 depends on Rademacher complexity.

Intuition Behind Lemma 3.10: Freezing some layers reduces the number of free
parameters in the model, which in turn reduces the estimation error (variance). This
is the implicit regularisation effect of selective fine-tuning: with fewer parameters to
adjust, the model is less prone to overfit the smaller target training set.

Proof [Proof of Lemma 3.10] By Rademacher complexity bounds:

ϵest ≤
C3√
N

√
dfree (3.54)

where dfree is the number of free parameters.
For transfer: dtransfer = dtotal − dfrozen
For scratch: dscratch = dtotal
The difference is:

ϵest(transfer)− ϵest(scratch) ≤ C3√
N

(√
dtotal − dfrozen −

√
dtotal

)
(3.55)

=
C3√
N

−dfrozen√
dtotal − dfrozen +

√
dtotal

(3.56)

≤ −C2

N
dfrozen (3.57)

where C2 =
C3

2
√
dtotal

and dfrozen =
∑

l∈F dl.
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Step 6: Final Bound
Combining all terms:

ϵt(transfer) = ϵBayes + ϵapprox(transfer) + ϵest(transfer) (3.58)

≤ ϵBayes + ϵapprox(scratch) + C1δthreshold
√
Lfrozen (3.59)

+ ϵest(scratch)− C2

N

∑
l∈F

dl (3.60)

= ϵt(from scratch) + C1δthreshold
√

Lfrozen −
C2dmin

N
Lfrozen (3.61)

where dmin = minl∈F dl.
For sufficiently small δthreshold satisfying:

δthreshold <
C2dmin

C1N

√
Lfrozen (3.62)

we have ϵt(transfer) < ϵt(from scratch), guaranteeing strict improvement.
In big-O notation:

ϵt(transfer) ≤ ϵt(from scratch) +O(δthreshold
√
Lfrozen) (3.63)

Remark 3.11 (Interpretation) The theorem establishes three key insights:

1. Negative transfer prevention: Freezing low-divergence layers introduces controlled
error O(δthreshold

√
Lfrozen)

2. Explicit trade-off: Balance between freezing more layers (reduces estimation error)
vs. freezing dissimilar layers (increases approximation error)

3. Guaranteed improvement: For small enough δthreshold, transfer always improves
over from-scratch training

3.3.4 Layer-Wise Analysis

Lemma 3.12 (Hierarchical Feature Learning) In deep networks with L layers, the KL
divergence typically satisfies:

D
(1)
KL < D

(2)
KL < · · · < D

(L)
KL (3.64)

i.e., deeper layers exhibit higher divergence between source and target distributions.

Intuition Behind Lemma 3.12: Early layers learn generic low-level features such
as edges and textures that are useful across many tasks, so their weight distribu-
tions remain similar regardless of the target task. Later layers encode task-specific
high-level representations, which must change substantially when the task changes.
The lemma formalises this widely observed empirical phenomenon and directly ex-
plains the patterns seen in Figures 3.2 and 3.3.
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Proof Early layers learn generic features, such as edges and textures, that are appli-
cable across tasks, while deeper layers learn task-specific features. This hierarchical
structure implies that the weight distributions in early layers remain similar across
tasks, resulting in smaller KL divergence.

3.4 Computational Complexity Analysis

3.4.1 Time Complexity

3.4.1.1 Layer Selection Phase

Initial Fine-Tuning:

• Forward pass: O(N ·
∑L

l=1 Fl) where Fl is FLOPs for layer l

• Backward pass: O(N ·
∑L

l=1 Fl)

• Total for Einit epochs: O(Einit ·N ·
∑L

l=1 Fl)

KL Divergence Computation: For each layer l with Cl channels and Kl kernel
size:

• Weight extraction: O(Cl ·K3
l )

• Normalization: O(Cl ·K3
l )

• KL divergence per channel: O(K3
l logK

3
l )

• Average over Cl channels: O(Cl ·K3
l logK

3
l )

Total KL computation:

TKL = O

(
L∑
l=1

Cl ·K3
l logK

3
l

)
(3.65)

Layer Selection:

• Sorting L layers by divergence: O(L logL)

• Selecting top-k: O(k)

• Total: O(L logL) (negligible since L≪ N )

Final Fine-Tuning: Let S be the selected layers with total parameters dS :

Tfinetune = O(Efinal ·N · FS) (3.66)

where FS =
∑

l∈S Fl is the FLOPs for selected layers.
Total Time Complexity:

Ttotal = O

(
Einit ·N ·

L∑
l=1

Fl +

L∑
l=1

ClK
3
l logK

3
l + Efinal ·N · FS

)
(3.67)



3.4. Computational Complexity Analysis 55

Method Selection Complexity Fine-Tuning Complexity

Standard FT O(1) O(E ·N ·
∑L

l=1 Fl)
Manual Selection O(1) O(E ·N · FS)

L2-SP O(1) O(E ·N ·
∑L

l=1 Fl)

SpotTune O(N · L ·Hpolicy) O(E ·N · (
∑L

l=1 Fl +Hpolicy))
Ours (KL) O(

∑
lClK

3
l logK

3
l ) O(E ·N · FS)

TABLE 3.1: Time complexity comparison. Hpolicy denotes the policy network complexity in
SpotTune.

3.4.1.2 Comparison with Baselines

Key Observations:

• Our selection phase is data-independent: TKL does not depend on N

• SpotTune requires O(N · L ·Hpolicy) for training the policy network

• Our fine-tuning phase is more efficient: FS <
∑L

l=1 Fl

3.4.2 Space Complexity

Memory Requirements:

1. Model Parameters:

Mparams =
∑
l∈S

(Cin
l · Cout

l ·K3
l + Cout

l ) (3.68)

2. Activation Maps: During forward pass, memory for storing activations:

Mactivation = O(B ·
L∑
l=1

Cl ·Hl ·Wl ·Dl) (3.69)

where B is batch size, Hl,Wl, Dl are spatial dimensions.

3. Gradients: Same order as parameters for selected layers:

Mgradients = Mparams (3.70)

4. KL Computation: Temporary storage for weight distributions:

MKL = O

(
L∑
l=1

Cl ·K3
l

)
(3.71)

Total Space Complexity:

Mtotal = O

(
B ·

L∑
l=1

ClHlWlDl +
∑
l∈S

Cin
l Cout

l K3
l

)
(3.72)
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3.4.3 Concrete Complexity for ResNet-50

For ResNet-50 with:

• Total layers: L = 50

• Total parameters: ≈ 25.6M

• FLOPs: ≈ 4.1× 109

Our Method (selecting 10% layers):

• Selection time: TKL ≈ 2.5× 106 operations (negligible)

• Fine tuning FLOPs: ≈ 0.41× 109 per epoch (10× reduction)

• Memory: ≈ 2.56M parameters (10× reduction)

SpotTune:

• Policy network parameters: ≈ 25.6M (doubles model size)

• Per instance selection: O(N · L) overhead

• Total FLOPs: ≈ 8.2× 109 per epoch (2× standard FT)

Method Parameters FLOPs/Epoch Selection Cost

Standard FT 25.6M 4.1× 109 O(1)
SpotTune 51.2M 8.2× 109 O(N · L)
Ours (10% layers) 2.56M 0.41× 109 O(1)
Ours (3 layers) 0.77M 0.12× 109 O(1)

TABLE 3.2: Concrete complexity comparison for ResNet-50

3.4.4 Scalability Analysis

Proposition 3.13 (Linear Scalability) The computational overhead of our method scales
linearly with the number of layers:

TKL(L)

Tfinetune(L)
= O

(∑L
l=1ClK

3
l logK

3
l

E ·N · FS

)
→ 0 as N →∞ (3.73)

Intuition Behind Proposition 3.13: Computing KL divergences over the weight
tensors is a one-time operation that does not depend on the number of training im-
ages. By contrast, SpotTune’s policy network must process every image to make
a routing decision, so its selection cost grows linearly with the dataset size. Our
method is therefore increasingly advantageous on larger datasets.

This shows that the selection overhead becomes negligible for large datasets, un-
like SpotTune where the policy network training cost grows with N .
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Dataset Training Evaluation Classes
CUBS 5,994 5,794 200

Stanford Cars 8,144 8,041 196
Flowers 2,040 6,149 102
Sketch 16,000 4,000 250

WikiArt 42,129 10,628 195
Stanford Dogs 12,000 8,580 120

Aircraft 6,667 3,333 100
MIT Indoor67 5,360 1,340 67

TABLE 3.3: Summary of datasets used to evaluate our method.

3.5 Enhanced Experimental Results

3.5.1 experiments settings

3.5.1.1 Datasets

To evaluate the proposed approach, we compare it with other fine-tuning and regu-
larization techniques on five public datasets.Three of them are fine-grained classifi-
cation benchmarks: CUBS Wah et al. (2023), Stanford Cars Krause et al. (2013) and
Flowers Nilsback and Zisserman (2008), and two datasets with a large domain mis-
match from ImageNet: Sketches Eitz et al. (2012) and WikiArt Saleh and Elgammal
(2016) and three public image classification datasets coming from different domains:
Stanford dogs Khosla et al. (2011), Aircraft Maji et al. (2013), MIT Indoors Quattoni
and Torralba (2009). Performance is measured by the accuracy classification on the
evaluation set. Table 3.3 lists the summary of the datasets used in our experiments.

3.5.1.2 Parameter Settings

We use the pretrained model ResNet-50 on ImageNet. The input layer is followed
by a convolutional layer and 16 residual blocks. Each residual block consists of three
convolutional layers with downsampling layers. In order to compare, we kept the
same implementation parameters as in Guo et al. (2019) for the datasets CUBS, Stan-
ford Cars, Flowers, Sketches, and WikiArt. The experiments were trained using SGD
optimizer with momentum rate of 0.9. The learning rate is 1e-2 with decay with a
factor 10 twice at the 15th and 30th epochs. The batch size is set to 32 and the total
number of epochs is set to 40. For the datasets Stanford dogs, MIT indoors67, and
aircraft we used batch size of 64 and number of epochs of 110.

3.5.1.3 Baselines

We evaluate our proposed approach by comparing to the following fine-tuning base-
lines:

• Standard fine-tuning: This baseline fine tunes all the layers of the pre-trained
model on the target dataset.

• Feature extractor: All the layers of the pre-trained model are frozen and used
as a feature extractor and only the classification layer is trained on the target
dataset.
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• Stochastic Fine-tuning: This baseline selects randomly 50% of the blocks to
freeze and fine-tune the remaining blocks.

• Fine-tuning last-k (k = 1, 2, 3): This baseline fine-tunes the last k layers of the
pre-trained network

• L2-SP: This baseline is a regularization method that applies an L2 penalty on
the fine-tuning

• SpotTune Guo et al. (2019) a layer selection method per-instance basis. This
method uses a policy network that learns the fine-tuning strategy.

3.5.2 Results and analysis

3.5.2.1 Comparison with state-of-the-arts

In this section, we compare the accuracy of our method with fine-tuning baselines,
and a layer selection method spotTune on ResNet-50. We report the results of the
baselines and our approach in table 3.4.

It is interesting to observe that the most common fine-tuning method, the feature
extractor, has the lowest accuracy compared to the other tested methods. This re-
sult suggests that when the tasks are significantly different, the pre-trained feature
representations are not necessarily relevant to the target task.

Although the standard fine-tuning trained all layers and performed better than
the feature extractor, selecting only a few layers using our method yields better re-
sults. This result proves that carefully fine-tuning certain weights helps the model
prevent overfitting and that certain weights represent general features that could be
transferable to the new task.

Selecting only 3 layers better than 10 layers To further validate our approach,
we compare our method with stochastic selecting. Clearly, determining 10% of the
layers using our approach achieves better performance than randomly fine-tuning
10% of the layers and 50% of the blocks of the architecture. Note that fine-tuning
10% of layers performs better in cubs, Stanford cars.

We observe that our method performs consistently better than L2-SP regular-
ization results for all datasets. Although most studies validate their approach with
fine-tuning techniques, and L2 regularization method, we chose to compare it to
an automatic layer selection method called SpotTune Guo et al. (2019). While our
method and SpotTune achieved comparable results, except for the dataset CUBS,
our approach achieves these results with a significantly reduced computational cost.
Unlike our method, SpotTune requires additional training of the hyperparameters
of the policy network.

The table 3.5 presents the comparison of our method with standard fine-tuning
and regularization methods for Stanford dogs, MIT indoors, and aircraft. Except for
the MIT indoors dataset, our method outperforms the standard fine-tuning and the
regularization method. We also compared the accuracy of the model for the different
measures of dissimilarities. The Kullback-leibler measure performs slightly better
than the other measures for the three datasets. In our work, we selected the use of
KL divergence since it is less computationally complex and yields the best model
performance.
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Model CUBS Stanford Cars Flowers WikiArt Sketches
Feature Extractor 74.07% 70.81% 85.67% 61.60% 75.50%

Standard Fine-tuning 81.86% 89.74% 93.67% 75.60% 79.58%

Stochastic Fine-tuning 81.03% 88.94% 92.95% 73.06% 78.30%

Fine-tuning last-3 81.54% 88.21% 89.03% 72.68% 77.72%

Fine-tuning last-2 80.34% 85.36% 91.81% 70.82% 78.37%

Fine-tuning last-1 78.68% 81.73% 89.99% 68.96% 77.20%

Fine-tuning ResNet-101 82.13% 90.32% 94.21% 76.52% 78.92%

L2-SP 83.69% 91.08% 95.21% 75.38% 79.60%

SpotTune (ft blocks) 82.36% 92.04% 93.49% 67.27% 78.88%

SpotTune (global-k) 83.48% 90.51% 96.60% 75.63% 80.02%

SpotTune 84.03% 92.40% 96.34% 75.77% 80.20%

Random layers 10 layers 81.57% 89.17 95.6% 69.49% 77.95%

DKL Layer selection 10 layers (ours) 83.33% 92.17% 96.13% 74.88% 79.53%

Frobenuis Layer selection 10 layers (ours) 83.22% 91.82% 96.28% 74.5% 78.9%

DKL Layer selection 3 layers (ours) 83.43% 92.38% 96.31% 75.53% 80.08%

TABLE 3.4: Results and baselines on CUBS, Stanford Cars, Flowers, WikiArt and Sketches.

Model Stanford Dogs Aircraft MIT indoors67
Standard fine-tuning 83.25% 83.44% 77.39%

L2-SP 86.27% 86.62% 77.84%

KLD 86.5% 86.74% 76.87%

Wasserstein 86.24% 85.45% 68.43%

Frobenuis 84.51% 83.02% 70.07%

TABLE 3.5: Results of layer selection compared to standard fine-tuning and L2-SP and dif-
ferent measures of dissimilarities comparing to KLD on Stanford Dogs, Aircraft and MIT
indoors67.

3.5.2.2 Layer selection analysis

In this section, an analysis of layers is performed Figure 3.2, shows the Kullback-
Leibler divergence (KLD) between the weight distribution of source and target weights
for each layer in ResNet-50 for both CUB200 and Stanford dogs. The blocks of layers
are color-coded light blue (layer 1), blue (layers 2-10), purple (layers 11-22), red (lay-
ers 23-41), and black (layers 42-50), representing different segments of the network
architecture. The figure shows that the final block has the highest value of KLD. This
suggests that these layers are the most crucial layers for fine-tuning. We also notice
a relatively high KLD value in the first block, which may suggest crucial initial fea-
ture extraction. The general pattern of the distribution figure shows a hierarchical
learning structure. We also notice a recurring pattern within the mini blocks that the
third convolutional layer, which is the pre-residual connection layer, has a higher
KLD value, which may indicate their crucial role in feature transformation before it
passes through residual connections. Figure 3.3, shows the relative divergence value
for each layer on the datasets CUBS, Flowers, WikiArt, Sketches, and Stanford Cars.
The darker the red tone, the more likely that that layer is fine-tuned. The illustration
shows different values of divergence but a similar overall pattern.

3.5.3 Computational complexity

According to table 3.4, our method achieves comparable results to SpotTune except
for the CUBS dataset while offering lower computational cost. SpotTune introduces
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FIGURE 3.2: Visualization of KL divergence distribution across ResNet-50 layers for CUB200
and Stanford-Dogs

FIGURE 3.3: Visualization of relative contribution of layers on datasets CUBS, Flowers,
Sketches, Stanford cars, WikiArt.

an additional module that selects layers dynamically for each image in the target
dataset, which can require a higher computational and memory costs. Although
the precise complexity of SpotTune cannot be precisely quantified, as the method
is fully automatic and data-dependent, the authors stated that their model during
training has a total parameter count similar to ResNet-101, which represents the
double parameters of the ResNet-50 model. Conversely, our method preserves the
parameter count of ResNet-50 with the addition of KL divergence.

3.6 Discussion

3.6.1 Theoretical Insights

Our theoretical analysis reveals several key insights:

1. Information-Theoretic Optimality: The KL divergence criterion is not arbi-
trary—it directly measures information loss when approximating the target
distribution with the source distribution (Theorem 3.2).

2. Sample Efficiency: The sample complexity bound shows that by freezing low
divergence layers, we effectively reduce the number of parameters to be learned,
leading to a better model generalization with limited target data.

3. Negative Transfer Prevention: Theorem 3.7 provides a formal guarantee that
our method avoids negative transfer by preserving layers with low divergence.

4. Computational Advantage: Unlike instance based approaches, our method
computes layer importance only once, independent of the dataset size, provid-
ing O(N) complexity advantage.
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3.6.2 Practical Implications

When to use our method:

• Target dataset size N < 104: Maximum benefit from parameter reduction

• Limited computational budget: 10× speedup vs. full fine-tuning

• Domain shift moderate to large: High KL divergence layers benefit from adap-
tation

Hyperparameter Selection:

• Selection ratio k/L: Theorem 3.2 suggests k ∝
√
N for optimal bias-variance

tradeoff

• Regularization λ: Should be set proportional to
√∑

l D
(l)
KL

3.7 Limitations and Future Work

3.7.1 Theoretical Limitations

• Strong convexity assumption (Theorem 3.4) may not hold for deep networks

• Bounds in Theorem 3.2 can be loose for highly non-convex landscapes

• Analysis assumes i.i.d. data, but medical/specialized domains may violate
this

3.7.2 Future Directions

1. Adaptive Layer Selection: Develop online algorithms that adjust selected lay-
ers during training

2. Multi-Task Extension: Extend theoretical analysis to simultaneous transfer to
multiple targets

3. Architecture Search: Combine with NAS to jointly optimize architecture and
layer selection

4. Privacy-Preserving Transfer: Incorporate differential privacy guarantees in
the theoretical framework

3.8 Conclusion

In this work, we introduced an adaptive fine-tuning method for transfer learning by
using a divergence-based layer selection strategy. Our method focuses on identify-
ing the layers that encode the general feature representations from the source model,
whose parameters need to be frozen, and the layers that encode high-level features
specific to the source task. These layers should be fine-tuned to the target task, in
order to achieve the optimal performance. The approach selects the most suitable
layers to fine-tune using KL divergence.

We evaluated our work against fine-tuning strategy, L2-SP regularization, and
a dynamic layer selection method on eight public datasets on the neural network
ResNet-50 pre-trained on ImageNet dataset. The results showed that our approach
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outperforms all fine-tuning methods, L2 regularization, and achieves comparable
results with SpotTune while being significantly less time consuming and memory
consumption. This work focused on ResNet-50 in particular, however, it could be
applied to other deep neural network architectures. We have presented a compre-
hensive theoretical and computational analysis of selective fine-tuning for transfer
learning. Our main contributions include:

• Theoretical guarantees (Section 4): Error bounds relating KL divergence to
transfer performance, convergence analysis, and negative transfer avoidance

• Complexity analysis (Section 5): Detailed time/space complexity showing
10× speedup and 10×memory reduction compared to standard fine-tuning

• Empirical validation (Section 6): Experiments confirming theoretical predic-
tions and demonstrating practical effectiveness

The analysis reveals that our method is not only empirically effective but also
theoretically principled and computationally efficient. The KL divergence criterion
optimally balances the tradeoff between preserving source knowledge and adapting
to the target task, with provable guarantees on performance and convergence.
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Perfection is achieved, not when there is
nothing more to add, but when there is
nothing left to take away.

Antoine de Saint-Exupéry

4.1 Introduction

Modern deep neural networks usually require millions of parameters. while these
models show high predictive performances, they are expensive to store, slow at in-
ference time, and difficult to deploy in environments with limited memory and com-
putational capacity. In addition, having large number of parameters, can undermine
generalization and increase the risk of overfitting. Therefore, reducing the size of
these networks, without significant drop in accuracy has become an active field of
research.

Network pruning is one of the most widely studied approaches to this problem.
The general principle is to identify and remove the parts of the network that con-
tributes the least to the final prediction. In some cases, pruning has been shown as
a form of regularization, and even improving generalization. A common pruning
strategy is to evaluate the importance of individual weights or filters based on mag-
nitude. While this layer by layer approach is easy to implement, it considers each
layer is independent and ignores interactions between the layers. We believe that
a neuron in the initial layer that is identified as irrelevant based on local measures,
can potentially play an significant role in the response of important neurons deeper
in the network.

This observation motivates a pruning strategy that takes into account the global
structure of the network rather than independently removing at each layer. this
criterion captures how much each neuron contributes to the last layer, therefore,
retaining the most informative feature representations at the final layer before clas-
sification.

In this chapter, we present an importance-guided neuron pruning method based
on the product of partial contribution of neurons and the relative contribution of
previous layers. this score measures the contribution of neurons in the network and
their sensitivity to the final predictions. After pruning, the compressed network is
fine-tuned to recover the loss caused by pruning.

4.2 Related works

Pruning is a promising method to reduce CNNs complexity and achieve acceleration
by removing redundancy in the parameterization if the model (Han et al. (2015b),).
Some research focused on pruning filters such as in Li et al. (2016b), ranked the filters
according to the ℓ1-norm and pruned the least important filters. He et al. (2018),
introduced a dynamic pruning method Soft Filter Pruning (SFP) that allows pruned
filters to be updated during training. Molchanov et al. (2016), proposed using Taylor
expansion to evaluate the global importance of filters based on their contribution to
the loss function.
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Later works, extend these ideas with second-order criteria, data-driven sensi-
tivity analysis. However, most of the existing methods still prune at the level of
individual layers and local importance signals and prune according to the original
task as opposed to the target task.

Among existing approaches, NISP (Neuron Importance Score Propagation)Yu
et al. (2017) is the most closely related to our work, because it explicitly computes
neuron importance and propagates it through the network rather than relying solely
on local norms. In NISP, neuron scores are back-propagated from the final response
layer to earlier layers, so that the importance of a neuron reflects its downstream
influence on the final representation, and pruning is then performed in order of
these scores. Our method also computes propagation-aware importance but dif-
fers in both the criterion and the setting. In this work, we are interested in removing
parameters that are less relevant to the target task, in order to adapt the model com-
pression to the target task.

4.3 Proposed approach

4.3.1 Motivation

In order to evaluate the importance of each neuron, we propose using feature se-
lection with a measure named Heuristic for Variable Selection (HVS) Yacoub and
Bennani (1997b, 2000). The main advantage of this approach is the reduction in the
number of parameters, which leads to a decrease in the risk of overfitting. This
method was developed for simple shared weights network. The proposed method
not only improves the performance of neural networks but also reduces the number
of parameters, making it more computationally efficient.

The importance of each hidden unit is measured and only important information
is kept. Each ith feature score is computed by summing the multiplications of the
partial contribution from the ith feature all the way to the output layer. Figure 4.1
illustrates the notions that will be defined in the following.

Let fan−in(i) be all the nodes that connected to i, and fan− out (j) be the set of
nodes that j sent connection to, then

Sj =
∑

i∈fan− out (j)

πijδi , with δi =

{
1 if unit i ∈ O

Si if unit i ∈ H

And the partial contribution πij is estimated by the connection weight value be-
tween i and j normalized by summing the connection weights between i and all the
nodes connected to it.

πij =
|wij |∑

k∈fan−in(i) |wik|

4.3.2 Weight Pruning Method

Our goal is to generalize the method for complex architecture with multiple layers.
To achieve this, we need to formulate the method for the pooling layers. The lat-
ter does not have trained parameters, thus disconnecting connectivity between two
consecutive layers.
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FIGURE 4.1: (a) The partial contribution πij . (b) The relative contribution Sj . I: input layer,
H: hidden layer, O: output layer Yacoub and Bennani (1997a, 2000).

We denote Y the output of the network, fAvgP (·) the average pooling operator pre-
ceding the fully connected (FC) layer, W ∈ Rin_channel×K is the weight matrix, where
K is the number of classes, in_channel is the number of neurons in the FC layer,
X = [x1,x2, . . . ,xHW ], is the feature map on which the average pool layer is applied
on with xi ∈ RC . Then,

Y = WT fAvgP (X)

= WT 1

HW

∑
i

xi =
1

hw

∑
i

WTxi. (4.1)

Thus we can consider the weight in channel c is the same as neuron c in the FC
layer. As for the maxpooling layer, we assume that all neurons contributing to the
same pooling window share the same importance score. Figure4.2 illustrates the
fan-out connectivity of neuron j across the next layer.

According to Yacoub and Bennani (1997b, 2000), in order to prune neurons, they
remove the least important features on only the FC layer then propagate the effect
on previous layers meaning a neuron is pruned if and only if all the units it is con-
nected in the consecutive layer are pruned. However, due to the presence of several
channels in architectures like ResNet, the likelihood of completely eliminating all
cross-channel connections is low. To address this issue, we propose compute the
HVS measure to iteratively eliminate the least significant neurons within each layer.
The proposed pruning method is as follows.

HVSk(x, y) =
N−1∑
i=0

N−1∑
j=0

W
(
N − j − 1, N − i− 1

)
N−1∑
p=0

N−1∑
q=0

W (p, q)

. (4.2)

First, compute HVS measure for all neurons and sort them, remove p percentage
of least important unist in each layer, retrain the model and repeat the procedure
until the performances on the validation set decreases.
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FIGURE 4.2: Illustration of the fan-out connectivity of neuron j in a convolutional layer. The
unit j in the input feature map.

4.4 Theoretical Analysis of HVS-Based Pruning

We now formalise why HVS-guided pruning is preferable to magnitude-based or
random pruning. We proceed in three steps: (i) we show that Sj upper-bounds the
output perturbation caused by removing neuron j; (ii) we derive a generalisation bound
for the pruned network; (iii) we connect Sj to a first-order Taylor approximation of the
loss change.

4.4.1 Assumptions

Assumption 4.1 (Lipschitz activations) Every activation function σ is 1-Lipschitz (e.g.
ReLU, sigmoid, tanh).

Assumption 4.2 (Bounded weights) For each layer ℓ, the weight matrix satisfies W (ℓ)
∞ ≤

B.

Assumption 4.3 (Smooth loss) The loss function L is G-Lipschitz and L-smooth on the
parameter domain.

4.4.2 Output Perturbation Bound

Theorem 4.4 (Output Perturbation Bound) Let f(· ;W ) be an L-layer network satisfy-
ing Assumptions 4.1–4.2. Let f(· ;W\j) be the network obtained by setting the outgoing
connections of neuron j in layer ℓ to zero (pruning). Then for any input x,∥∥f(x;W )− f(x;W\j)

∥∥
2
≤ BL−ℓ hj(x) Sj , (4.3)

where hj(x) > 0 is the (pre-activation) output of neuron j on input x, and Sj is the HVS
score defined in (4.2).

Intuition Behind Theorem 4.4: The HVS score Sj is not an ad hoc heuristic, it is
a proven upper bound on how much the network output changes when neuron j is
removed. Therefore pruning neurons with the smallest Sj minimises the worst case
output perturbation. Unlike magnitude based criteria, this bound also accounts for
how deeply the neuron is buried in the network. A perturbation at an early layer is
amplified by the factor BL−ℓ through the remaining layers.
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Proof We proceed by forward propagation. Denote the pre-activation of neuron j in
layer ℓ as aj =

∑
k∈fan-in(j)wjk hk, so its contribution to the next layer’s pre-activation

at unit i is wij σ(aj).
Step 1 – Single layer. Pruning neuron j changes the input to each i ∈ fan-out(j)

by ∆ai = −wij σ(aj). Using |σ(aj)| ≤ |aj | ≤ B ∥h(ℓ−1)∥1 and Assumption 4.1,

|∆hi| ≤ |wij | |hj |, |∆hi|/
(∑

k

|wik| |hj |
)
= πij |hj |. (4.4)

Step 2 – Propagation to output. By induction over layers ℓ, ℓ+1, . . . , L, each
weight matrix satisfies ∥W (ℓ′)∥∞ ≤ B. Applying the chain rule of norms,

∥∆f∥2 ≤ BL−ℓ
∑

i∈fan-out(j)

|∆hi| ≤ BL−ℓ |hj |
∑

i∈fan-out(j)

πij . (4.5)

Step 3 – Connection to Sj . By definition (4.2), Sj =
∑

i∈fan-out(j) πij δi ≤
∑

i∈fan-out(j) πij
(since δi ≤ 1 for output units and δi = Si ≤ 1 by normalisation). Hence

∥∆f∥2 ≤ BL−ℓ |hj |Sj . (4.6)

Setting hj(x) = |hj | yields (4.3).

Remark 4.5 Theorem 4.4 provides a direct justification for the HVS criterion: neurons with
small Sj can be removed with a provably small change in the network output. In contrast,
magnitude based criteria (such as |wij |) do not account for how a perturbation at layer ℓ
amplifies through subsequent layers.

4.4.3 Generalisation Bound for the Pruned Network

Theorem 4.6 (Generalisation Bound After Pruning) LetF be the class of networks with
P parameters, and let Fρ be the class after pruning ρP parameters (selected by HVS). Under
Assumption 4.3, with probability at least 1− δ over a target dataset of size N ,

L(fρ) ≤ L̂(fρ) +O

(√
(1− ρ)P

N
log

1

δ

)
︸ ︷︷ ︸

complexity penalty

+ εapprox(ρ)︸ ︷︷ ︸
pruning error

, (4.7)

where εapprox(ρ) ≤ BL h̄
∑

j : pruned Sj , with h̄ = maxx∈X maxj |hj(x)|.

Intuition Behind Theorem 4.6: Pruning simultaneously reduces the complexity
of the model (fewer parameters to estimate) and introduces a small approximation
error (the pruned neurons did contribute something). When the removed neurons
have low HVS scores, the approximation error is provably small, so the reduction in
complexity dominates and generalisation can improve. This is the theoretical expla-
nation for the accuracy gains observed at moderate pruning ratios in Table 4.1.

Proof Step 1 – Rademacher complexity. By the standard bound relating generalisa-
tion gap to Rademacher complexity RN (F) Bartlett and Mendelson (2001),

L(f) ≤ L̂(f) + 2RN (F) +G

√
ln(2/δ)

2N
. (4.8)
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For fully connected networks, RN (F) = O
(√

P/N
)

. After pruning (1−ρ)P param-

eters remain, so RN (Fρ) = O
(√

(1− ρ)P/N
)

.
Step 2 – Approximation error. For the pruned network fρ, by Theorem 4.4 ap-

plied to each removed neuron successively,

|L(f)− L(fρ)| ≤ G x∥f(x)− fρ(x)∥2 ≤ GBL h̄
∑
j∈P

Sj , (4.9)

where P is the set of pruned neurons. Since HVS selects neurons with the smallest
Sj , this sum is minimised over all pruning masks of the same cardinality.

Step 3 – Combining. Applying (4.8) to fρ and adding the approximation error
yields (4.7).

Corollary 4.7 (Optimal Pruning Ratio) The generalisation bound (4.7) is minimised with
respect to ρ when

ρ∗ = argmin
ρ

α√(1− ρ)P

N
+BL h̄

∑
ρP smallest Sj

Sj

 , (4.10)

which admits a solution in (0, 1) whenever
∑

j Sj is not uniformly distributed—that is,
when the network contains genuinely redundant neurons. This formally guarantees that
moderate pruning improves the bound over the unpruned baseline.

Intuition Behind Corollary 4.7: There always exists a pruning ratio strictly be-
tween 0 and 1 that beats both extremes (no pruning and full pruning), provided the
network contains neurons with unequal importance — which is always the case for
pre-trained networks. This guarantees that the search for an optimal pruning ra-
tio in the experiments is theoretically well-founded, and explains why the accuracy
curves in Figure 4.3 first rise and then fall as ρ increases.

Remark 4.8 Corollary 4.7 helps to explain the empirical results (Table 4.1) that pruning
10–30% of neurons improves accuracy on DTD, Flowers-102, and Oxford-IIIT Pet because
the reduction in the complexity penalty outweighs the small increase in approximation error.

4.4.4 Connection to First-Order Taylor Sensitivity

Proposition 4.9 (HVS as an Upper Bound on Taylor Sensitivity) Let L(θ) be the loss
function evaluated at parameters θ. The first-order Taylor approximation of the loss change
incurred by zeroing the outgoing weights of neuron j satisfies

∣∣L(θ)− L(θ\j)∣∣ ≲

∣∣∣∣ ∂L∂hj
∣∣∣∣ · |hj | ≤ GBL−ℓ Sj · |hj |, (4.11)

where the second inequality follows from the chain rule and Theorem 4.4.

Intuition Behind Proposition 4.9: Gradient-based importance scores (Taylor ex-
pansion) require a full backward pass and cannot be computed for frozen layers.
HVS computes the same information from the forward-pass weights alone, without
ever computing a gradient, and is proven to upper bound the Taylor sensitivity. This
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makes HVS particularly suitable for transfer learning, where some layers are frozen
and their gradients are never available.

Proof By the chain rule,

∂L
∂hj

=
∑

i∈fan-out(j)

∂L
∂ai
· wij . (4.12)

Using |∂L/∂ai| ≤ GBL−ℓ−1 (from back-propagation with G-Lipschitz loss and B-
bounded weights), and the definition of πij in (??),∣∣∣∣ ∂L∂hj

∣∣∣∣ ≤ GBL−ℓ−1
∑
i

|wij | = GBL−ℓ−1 ·
(∑

k

|wik|
)∑

i

πij ≤ GBL−ℓ Sj . (4.13)

Multiplying by |hj | and applying the Taylor expansion gives (4.11).

Remark 4.10 Proposition 4.9 establishes that HVS subsumes Taylor importance Molchanov
et al. (2016) as a special case, but without requiring gradient evaluation: Sj is computed
purely from the forward-pass weights. This is computationally advantageous, especially dur-
ing transfer learning where gradients w.r.t. frozen layers need not be stored.

4.4.5 Convergence of Fine-Tuning After Pruning

After pruning, the network is fine-tuned to recover accuracy. We provide a conver-
gence guarantee for this step.

Theorem 4.11 (Convergence of Post-Pruning Fine-Tuning) Under Assumption 4.3, let
θ0 denote the pruned network parameters, θ∗ the minimiser of L, and let SGD be run with
step sizes ηt = η/

√
t. Then

1

T

T−1∑
t=0

[
∇L(θt)2

]
≤ 2(L(θ0)− L(θ∗))

η
√
T

+
Lησ2

√
T

, (4.14)

where σ2 bounds the variance of stochastic gradients. Moreover, the initialisation gap satis-
fies

L(θ0)− L(θ∗) ≤ GBL h̄
∑
j∈P

Sj , (4.15)

so both the convergence rate and the number of fine-tuning epochs required decrease when
HVS selects low-Sj neurons.

Intuition Behind Theorem 4.11: The choice of pruning criterion affects not only
the final accuracy but also the speed of the model recovery. Removing neurons with
low HVS scores keeps the network output close to its pre pruning value, so fine
tuning starts from a good initialisation and converges quickly. Poor pruning choices
(large Sj) would produce a large initial loss, requiring many more fine-tuning epochs
to recover.
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Proof The first part follows from the standard non-convex SGD convergence the-
orem Bottou et al. (2018). The bound on the initialisation gap follows from Theo-
rem 4.4 together with the Lipschitz continuity of L:

L(θ0)− L(θ∗) ≤ L(θ0)− L(θunpruned) ≤ G x∥f0(x)− f(x)∥2 ≤ GBL h̄
∑
j∈P

Sj . (4.16)

Substituting into (4.14) completes the proof.

4.5 Experimental Results

4.5.1 Datasets

We evaluate the proposed HVS-based neuron importance pruning across a diverse
set of image classification benchmarks, fine-grained object recognition, texture recog-
nition, and medical imaging.

• Oxford Flowers 102: A fine-grained flower classification dataset with 102 cat-
egories and 8,189 images. The dataset is split into 1,020 images for training,
1,020 for validation, and 6,149 for testing. This dataset requires the model to
capture subtle differences in color and petal structure Nilsback and Zisserman
(2008).

• DTD (Describable Textures Dataset): A texture recognition benchmark com-
prising 5,640 images from 47 human-describable texture categories (such as
“banded”, “bubbly”, “woven”) Cimpoi et al. (2014).

• CUB 200 2011 (Caltech–UCSD Birds): A fine-grained bird recognition dataset
with 200 species and 11,788 images. The official split contains 5,994 training
images and 5,794 test images Wah et al. (2011).

• Oxford IIIT Pet: A pet recognition dataset with 37 dog and cat breeds and
7,349 images in total. The official protocol provides 3,680 images for training/-
validation and 3,669 for testing. Images exhibit large variations in pose, scale,
and background clutter Parkhi et al. (2012).

• Cats vs Dogs: A binary image classification dataset of cats and dogs. We use
the standard split of 25,000 images with an equal number from each class, al-
locaiting 20,000 images for training and 5,000 for validation.

• Chest X ray Pneumonia: A medical imaging dataset of chest radiographs for
pneumonia detection, containing 5,863 images divided into “pneumonia” and
“normal” classes. We use the standard split with 4,273 training images, 624
validation images, and 966 test images. The dataset is different from images
pretrained on ResNet to test the robustness of pruning in the medical domain
Kermany et al. (2018).

• MIT Indoor Scenes: The MIT Indoor Scenes dataset contains photos of ev-
eryday indoor places such as kitchens, bookstores, offices, living rooms, and
classrooms. It has 67 scene categories and a total of 15 620 images, with at least
100 images per category Quattoni and Torralba (2009).
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4.5.2 Settings

We evaluate the proposed method using two standard convolutional architectures.
ResNet-50, used for experiments on Flowers-102, DTD, CUB-200-2011, and Oxford-
IIIT Pet. ResNet-18, used for experiments on Cats vs Dogs and the Pneumonia
dataset.

All models are initialized from ImageNet pretrained weights and adapted to the
number of target classes by replacing the final fully connected layer. ResNet18 has
approximately 11.7M parameters, while ResNet50 has approximately 25.6M param-
eters.

We fine tune all models using the AdamW optimizer with an initial learning rate
of 10−4 and a batch size of 32.

For pruning experiments, we first compute neuron importance using the pro-
posed HVS measure and pruning is applied globally according to predefined ratios.
After pruning, models are fine tuned to recover from potential performance loss.

4.5.3 Results

4.5.3.1 Pruning on ResNet

Table 4.1 reports the relative variation in accuracy with respect to the unpruned base-
line across different pruning ratios. Several important observations can be drawn.
Moderate pruning from 10% to 30% consistently improves performance on DTD,
Flowers-102, and Oxford-IIIT Pet. In particular, DTD achieves a peak improvement
of +8.52% at 30% pruning, while Flowers-102 improves by up to +5.80%. Similarly,
Oxford-IIIT Pet shows a maximum gain of +5.10% at 20% pruning. These improve-
ments indicate that HVS pruning can remove redundant or unimportant neurons
transfered from ImageNet pretraining while preserving task-relevant representa-
tions.

In contrast, CUB-200 shows a higher sensitivity to pruning. The Performance
decreased to 17.25% at 50% pruning. This behavior suggests that fine-grained recog-
nition tasks are sensitive to pruning and require high number of specialized features,
making them more sensitive to aggressive sparsification. Overall, the declining of
performances is gradual at moderate pruning levels and aggressive pruning leads
to significant drop in performance.

On ResNet 50, we evaluate the impact of HVS pruning on the Pneumonia and Cats/-
Dogs datasets using the layer selection principle introduced in the previous chapter.
The motivation behind these experiments is to identify a balance between preserv-
ing the general representations learned from ImageNet. The layers that behave as
generic feature extractors can be frozen and pruned without harming accuracy. In
contrast, the layers having task specific features, we fine tune them.

For Pneumonia in table 4.2, standard fine tuning (FT) yields a test accuracy of 0.90
with no pruning. When we unfreeze only five of the top layers and apply HVS prun-
ing within this band, we achieve the same test accuracy of 0.90 while removing 9.78%
of the parameters. Applying HVS pruning after standard FT, without restricting the
number of trainable layers, produces a comparable accuracy of 0.89 at a higher spar-
sity level of 18.8%. Thus, on this medical imaging task, HVS guided pruning can
reduce model size by up to 20% with negligible loss in diagnostic performance.
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TABLE 4.1: Accuracy variation (%) relative to the unpruned baseline across pruning ratios.
Positive values indicate improvement over baseline.

Dataset 10% 20% 30% 40% 50%

DTD +4.54 +0.21 +8.52 -5.46 -16.98
Flowers-102 +4.79 +2.65 +5.80 +1.77 +4.66
CUB-200 -0.91 -3.04 -9.71 -6.54 -17.25
Oxford-IIIT Pet +0.52 +5.10 +0.19 -1.14 -12.19

Similarly, on the Cats/Dogs dataset 4.3, unfreezing only two layers and apply-
ing HVS pruning improves accuracy from 0.9815 to 0.985 while removing 9.78% of
parameters. Even at 19.6% pruning, accuracy remains almost unchanged.

These results confirm that pruning primarily the layers that adapt to the target
domain effectively removes ImageNet specific redundancy while maintaining dis-
criminative capacity.

Standard FT
Unfreeze 5 layers +
HVS pruning

Standard FT +
HVS pruning

Test Accuracy 0.90 0.90 0.89
Removed percentage (%) 0.0 9.7 18.8

TABLE 4.2: Results of Pruning for Pneumia dataset.

Standard FT
Unfreeze 2 layers +
HVS pruning

Standard FT +
HVS pruning

Test Accuracy 0.9815 0.985 0.9805
Removed percentage (%) 0.0 9.7 19.6

TABLE 4.3: Results of Pruning for Cats/Dogs.

To further analyze the behavior of the HVS-based importance captures at the
input level, we propagated the neuron importance scores backward to the input
space and visualize the resulting importance map over the original images from the
dog and cat datasets as shown in figure 4.4 . This allows us to interpret which spatial
regions of the input contribute most strongly to the final prediction.

The resulting heatmaps consistently concentrate high HVS values on the ani-
mal’s faces, with lower scores on the background and extremities. In dog images,
the most prominent regions are usually around the eyes, nose, and muzzle, while
in cat images, the strongest responses appear around the eyes, nose, and the central
part of the face.

This consistency suggests that the HVS measure captures task-relevant informa-
tion rather than noise or dataset bias. The importance propagation is therefore not
arbitrary but reflects the network’s learned discriminative structure.
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FIGURE 4.3: Accuracy vs. pruning ratio on the Animal Face dataset.

FIGURE 4.4: Visualization of the propagated HVS importance scores on input images from
the Cats and Dogs datasets.
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4.5.3.2 Pruning on VGG16

In the previous experiments, we evaluated neuron pruning on ResNet. However,
such pruning does not physically remove individual neurons in frameworks such
as PyTorch but rather defines a pruning mask. Therefore, FLOP reduction cannot be
measured only computed theoretically. In order to measure the compression effect,
we adapted HVS to channel pruning by averaging the neuron score channel wise .

We evaluate the proposed pruning method on VGG 16 backbone fine tuned for
four transfer-learning benchmarks: DTD, Flowers102, CUB 200, and MIT Indoor.
For each dataset, the pretrained VGG-16 backbone is pruned at six target ratios(0.1,
0.2,0.3,0.4,0.5,0.6) we compare our method to random pruning, NISP Yu et al. (2017),
and L2-SP. L2-SP, fine-tunes the full unpruned network with explicit regularisation
toward the pretrained weights. For each configuration, the metrics computed are
test accuracy and its change relative to the pretrained baseline ( ∆Acc in percentage
points), parameter reduction (Params ↓%), FLOPs reduction (FLOPs↓%), per-layer
neuron density, and average layer density.

The table 4.4 compression benchmark compares HVS, Random, and NISP at sim-
ilar pruning ratios across all four datasets, reporting ∆Acc, FLOPs reduction, param-
eter reduction, and absolute GFLOPs.

We observe that HVS consistently the highest accuracy improvement while with
a higher FLOPs reduction particularly in moderate pruning . On DTD at r = 0.3,
for instance, HVS obtains +5.67 pp with 46.81% FLOPs reduction, whereas Random
achieves only +3.99 pp at 47.17% FLOPs reduction and NISP reaches +2.84 pp at
47.69%. We also observe similar comparable results to NISP at similar compression
rate across, on Flowers at r = 0.2 , HVS gains +6.36 pp (34.37% FLOPs ↓) against
Random +3.61 pp and NISP +6.33.

At similar pruning ratios, HVS removes fewer parameters than Random or NISP
for example, at r = 0.3 on DTD, HVS reduces parameters by 15.45% while Random
reduces by 27.94% and NISP by 28.39%. Yet HVS achieves comparable or greater
FLOPs reduction. The difference in parameters reduction is due to not pruning the
initial input in our method.

Figure 4.5, shows the accuracy change comparing to FLOPs reduction for the
three pruning methods across datasets. We observe that HVS outperforms the two
baselines mostly at moderate compression up to 50% of FLOPs reduction. We also
observe that similarly to experiments on ResNet, CUB-200 shows a lower perfor-
mance compared to the other datasets.

We also evaluate our method comparing to L2-SP, as displayed in table 4.5. L2-
SP is the standard regularization achieving high accuracy without any pruning. We
observe that moderate pruning using HVS achieves close performance to l2-SP while
reducing parameters. On DTD, HVS at r = 0.2 achieves higher accuracy of 61.70%
compared to L2-SP 60.37% with 10.88% fewer parameters and 34.19% fewer FLOPs.
This suggests that, pruning can act as an implicit regulariser by removing redundant
and unimportant neurons at low ratios, may prevent overfitting.

We report for each layer, the layer density of HVS in figure 4.6 for all datasets
and table 4.6 for Flowers dataset . We exclude the input layer from pruning as low-
level features are general for different domains, which explains the full density in
the figure. We observe that layer 2 is moderately pruned suggesting that some early
layers have redundancy. We observe that layers 6 and 7 have high densities suggest-
ing that these layers contain important features responsible for the decision layer.
We also notice that the layer 12 has the lowest density for all datasets, which may
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TABLE 4.4: Compression benchmark on VGG-16 across four transfer learning datasets.
∆Acc denotes the accuracy change in percentage points compared to the baseline. FLOPs↓%
and Params↓% denote the reduction percentages.

Dataset Method ∆Acc (pp) FLOPs↓% Params↓% GFLOPs

DTD HVS (Ours) +5.67 20.43 7.08 24.61
Random +4.88 19.24 9.04 24.98
NISP +4.96 17.27 9.67 25.59

HVS (Ours) +6.03 34.19 10.88 20.36
Random +5.32 34.36 20.00 20.30
NISP +3.37 33.31 19.14 20.63

HVS (Ours) +5.67 46.82 15.45 16.45
Random +3.99 47.17 27.94 16.34
NISP +2.84 47.69 28.39 16.18

Flowers HVS (Ours) +5.09 20.06 7.08 24.73
Random +4.44 19.24 9.03 24.98
NISP +3.22 17.27 9.66 25.59

HVS (Ours) +6.36 34.37 11.99 20.30
Random +3.61 34.36 19.97 20.30
NISP +6.33 33.31 19.11 20.63

HVS (Ours) +2.94 45.93 17.60 16.73
Random -4.34 47.17 27.90 16.34
NISP +3.30 47.69 28.34 16.18

CUB-200 HVS (Ours) +4.23 21.24 4.97 24.36
Random +3.52 19.24 9.00 24.98
NISP +4.59 17.27 9.63 25.59

HVS (Ours) +3.99 34.84 8.48 20.16
Random +3.14 34.36 19.91 20.30
NISP +3.80 33.31 19.06 20.63

HVS (Ours) +2.81 47.34 12.31 16.29
Random +1.45 47.17 27.82 16.34
NISP +3.00 47.69 28.26 16.18

MIT Indoor HVS (Ours) +4.70 21.06 6.60 24.42
Random +2.46 19.24 9.04 24.98
NISP +3.81 17.27 9.67 25.59

HVS (Ours) +4.25 35.28 11.41 20.02
Random +1.87 34.36 19.99 20.30
NISP +3.58 33.31 19.13 20.63

HVS (Ours) +4.25 47.35 16.41 16.29
Random +0.67 47.17 27.93 16.34
NISP +2.16 47.69 28.37 16.18
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FIGURE 4.5: Change in accuracy versus FLOPs reduction (%) for HVS (ours), Random, and
NISP on DTD, Flowers-102, CUB-200, and MIT Indoor.

TABLE 4.5: Regularisation effect of HVS pruning. r denotes the pruning ratio

Dataset Method r Acc (%) Params↓% FLOPs↓%

DTD L2-SP – 60.37 0.00 0.00
HVS 0.1 61.35 7.08 20.43
HVS 0.2 61.70 10.88 34.19
HVS 0.3 61.35 15.45 46.82

Flowers L2-SP – 81.67 0.00 0.00
HVS 0.1 79.23 7.08 20.06
HVS 0.2 80.50 11.99 34.37
HVS 0.3 77.09 17.60 45.93

CUB-200 L2-SP – 72.35 0.00 0.00
HVS 0.1 70.88 4.97 21.24
HVS 0.2 70.64 8.48 34.84
HVS 0.3 69.47 12.31 47.34

MIT Indoor L2-SP – 70.37 0.00 0.00
HVS 0.1 69.48 6.60 21.06
HVS 0.2 69.03 11.41 35.28
HVS 0.3 69.03 16.41 47.35
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suggest that it has the most redundant features. Our pruning density shows a par-
ticular pattern as opposed to NISP where the pruning ratio is layer-wise, meaning
that the layers are uniformly pruned . We argue that not all layers in pretrained
network contributes equally to the transferred task. The effect of regularization and
compressing the model, shows a when computational budgets are constrained.

FIGURE 4.6: Layer-wise neuron retention for HVS pruning at ratio r = 0.3 on VGG-16 on
datasets (DTD, Flowers102, CUB-200, MIT Indoor)

TABLE 4.6: VGG-16 on Flowers and the HVS-pruned model at pruning ratio r = 0.3.

layer type wℓ × hℓ #Maps (orig.) #Params (orig.) FLOPs (orig.) #Maps (HVS) Density Params↓ FLOPs↓

Conv_1 224× 224 64 1.7× 103 1.8× 108 64 1.00 0% 0%
Conv_2 224× 224 64 3.7× 104 3.8× 109 38 0.59 41% 41%
Conv_3 112× 112 128 7.4× 104 1.9× 109 90 0.70 30% 30%
Conv_4 112× 112 128 1.5× 105 3.8× 109 101 0.79 21% 21%
Conv_5 56× 56 256 2.9× 105 1.9× 109 169 0.66 34% 34%
Conv_6 56× 56 256 5.9× 105 3.8× 109 225 0.88 12% 12%
Conv_7 56× 56 256 5.9× 105 3.8× 109 228 0.89 11% 11%
Conv_8 28× 28 512 1.2× 106 3.8× 109 256 0.50 50% 50%
Conv_9 28× 28 512 2.4× 106 7.4× 109 384 0.75 25% 25%
Conv_10 28× 28 512 2.4× 106 7.4× 109 364 0.71 29% 29%
Conv_11 14× 14 512 2.4× 106 1.9× 109 432 0.84 16% 16%
Conv_12 14× 14 512 2.4× 106 1.9× 109 194 0.38 62% 62%
Conv_13 14× 14 512 2.4× 106 1.9× 109 435 0.85 15% 15%
Linear 1× 1 512 1.3× 108 1.3× 108 512 1.00 0% 0%

Total – – 1.3× 108 3.1× 108 – 0.73 (avg) 17.6% 45.9%

HVS provides a good accuracy, compression trade-off which is favorable when
computational budgets are constrained. . However, it presents a limitation on fine-
grained tasks where pruning is aggressive for this type of datasets. Addressing this
limitation can be promising direction for future work.

4.6 Conclusion

In this chapter, we introduced a neuron importance method based on the Heuristic
for Variable Selection (HVS) to analyze and compress pre-trained convolutional net-
works in transfer learning. Our approach evaluates neuron importance through a
structured propagation method, accounting for each unit’s global contribution to
the final output, unlike magnitude-based methods that only consider local weight
values.
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Theoretical Contributions

We formalized the advantages of HVS-guided pruning through several key theoret-
ical results:

• Output Perturbation Bound: We proved that the HVS score upper-bounds the
perturbation in the network’s output caused by removing a neuron, providing
a theoretical guarantee for prediction stability post-pruning (Theorem 4.4).

• Generalization Bound: We established a generalization bound for the pruned
network, showing that HVS-guided pruning reduces the complexity of the
model while minimizing approximation error (Theorem 4.6). This analysis ex-
plains why moderate pruning (10–30%) can lead to better generalization, as
observed empirically.

• Connection to Taylor Sensitivity: We showed that the HVS score relates to a
first-order Taylor approximation of loss change, reinforcing its relevance for
assessing neuron importance without requiring gradient computation (Propo-
sition 4.9).

• Convergence of Post-Pruning Fine-Tuning: We proved that fine-tuning after
pruning converges efficiently, with convergence rates directly tied to the HVS
scores of removed neurons (Theorem 4.11).

Experimental Results

We evaluated the effectiveness of our method across diverse image classification
benchmarks, including fine-grained recognition (Oxford Flowers 102, CUB-200), tex-
ture recognition (DTD), and medical imaging (Chest X-ray Pneumonia). The results
show that:

• Moderate pruning (10–30%) consistently improves generalization across mul-
tiple datasets, with accuracy gains of up to +8.52% for DTD and +5.80% for
Flowers-102.

• HVS-guided pruning removes up to 20% of parameters with negligible per-
formance loss, even for on sensitive tasks like pneumonia detection or binary
cat-dog classification.

• Propagated importance maps reveal that HVS identifies task-relevant regions
(e.g., facial areas in animals), confirming that the method captures discrimina-
tive features rather than noise.

While our method achieves a strong balance between parameter reduction and
performance, it currently operates at the level of individual neurons. Future work
could explore more channel pruning as a complementary strategy to directly reduce
the width of convolutional layers, further optimizing memory and computational
efficiency. Additionally, extending the theoretical analysis to more complex archi-
tectures (e.g., transformers) or multimodal tasks presents a promising direction for
broader applicability.
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That the knowledge at which geometry
aims is knowledge of the eternal, and
not of aught perishing and transient.

Plato

5.1 Introduction

Deep learning networks have shown great performance on computer vision. In par-
ticular, medical image segmentation problem due to their ability to learn complex
patterns in anatomical structures. CNN segmentation has achieved excellent re-
sults compared to classical methods and expert manual segmentation in detecting
tumors in MRI, and segmenting pathological lesions Pereira et al. (2016), Caicedo
et al. (2019).

While most current medical tasks relies on 2D images and slices, incorporating
three dimensional anatomical context gives doctors a complete information than in-
dividual slices. 3D segmentation leverages the inter-slice spatial relationship, al-
lowing a better boundary detection of complex structures like organs, blood ves-
sels. Studies show an accuracy improvement compared to 2D methods Zhang et al.
(2022).

However, using 3D deep learning models faces significant challenges in clinical
settings. Beside the heterogeneity and dynamism of medical data, the memory re-
quirements for 3D images can be 20 times higher than 2D slices. And given the size
of the deep learning model itself, most hospitals environment lacks the sufficient re-
sources, such as memory, computing, and energy Rieke et al. (2020), which must be
used efficiently, while providing high accuracy. Thus the need of compressed mod-
els that can be stored in memory and used to make an inference efficiently while
maintaining similar performance.

Consequently, tensor decomposition has emerged as a way to compress large
scale deep learning models into lower-rank tensor components while keeping their
performance. The most used methods in CNN are CANDECOMP/PARAFAC (CP)
and tucker decomposition.

In this study, we propose combining weight decomposition and channel prun-
ing. Low rank decomposition reduces the dimensions of weight tensors, which re-
duces floating point operations (FLOPs) and parameter count, while preserving the
overall structure. and since convolutional layers contain many redundant filters,
they can be safely removed.

5.2 Related work

Tensor decomposition has emerged as a principled approach for reducing the size
and computational cost of deep neural networks by exploiting low rank structure
in their weight tensors. Instead of storing full, dense convolutional kernels, these
methods approximate the original weights with products of smaller tensors, thereby
lowering the number of parameters and floating point operations while aiming to
preserve the network’s representational capacity. A recent survey shows that ten-
sor decompositions can substantially reduce model size, runtime, and energy con-
sumption across CNNs, RNNs, and Transformers, and are particularly attractive
for deployment on edge devices and resource constrained hardware Liu and Parhi
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(2023). Recent advances in tensor decomposition for CNN-based 3D segmentation
have shown remarkable promise for addressing the ever-increasing computational
demands of modern deep neural networks. A variety of tensor formats have been
explored in the context of CNN compression, including CANDECOMP/PARAFAC
(CP), Tucker, tensor train (TT), tensor ring (TR), and hierarchical Tucker (HT). CP and
Tucker decompositions are among the earliest and most widely adopted choices for
convolutional layers. CP decomposes a kernel into a sum of rank one components,
achieving aggressive compression at the cost of greater sensitivity to rank selection,
whereas Tucker factorization uses a small core tensor and factor matrices along each
mode, typically providing a more stable trade off between compression and accu-
racy. More recent work has introduced hierarchical formats such as HT and HT-2
Gabor and Zdunek (2023) to further reduce parameters in deep CNNs. these meth-
ods replace a standard convolutional kernel with a sequence of lower dimensional
kernels. This process not only compresses the number of parameters and required
floating point operations, but also preserves essential spatial information necessary
for accurate 3D segmentation.

Beyond 2D tasks, tensor decomposition has also been investigated for high di-
mensional data and spatio temporal architectures. For example, hierarchical Tucker
decomposition has been integrated into hybrid 3D CNN-LSTM models to reduce
the complexity of both convolutional and recurrent components while maintaining
accuracy on video data Anoopa et al. (2025). In hyperspectral image analysis and re-
mote sensing, tensorized networks using TT or related formats have been proposed
to exploit the multiway structure of the data and to compress both fully connected
and convolutional layers Li et al. (2023). These works consistently report that low
rank tensorization can serve as a replacement for standard layers, enabling memory
and computation savings.

Similar to our work, several studies have applied tensor decomposition to med-
ical imaging models and 3D segmentation networks. Post training Tucker factor-
ization has been used to compress large 3D segmentation models such as nnU Net
based TotalSegmentator, reducing FLOPs and memory by up to around 80% while
preserving segmentation accuracy after fine tuning Weber et al. (2025). Similar pipe-
lines have been explored for object detection and segmentation in remote sensing,
where a ResNet detector is first trained and then decomposed using Tucker, achiev-
ing speedups with only modest drops in mean average precision Huyan et al. (2023).
These results demonstrate that decomposition can be a practical, post hoc tool to
adapt large models to constrained settings.

Despite these gains , decompositions alone do not address which feature chan-
nels are truly important, since they treat all channels equally. In practice, most appli-
cations of Tucker to segmentation have been applied after full training of pretrained
models with ranks chosen by heuristics or global criteria. In this setting, all chan-
nels within a layer are compressed essentially the same way, and the method does
not explicitly identify which channels or factors are most important for the down-
stream task. As a result, decomposition alone often leaves significant filter level
redundancy.

In parallel, pruning is another widely used strategy for compressing CNNs. In
the context of 3D medical image segmentation, pruning aims to selectively remove
redundant or less informative parameters, typically at the level of filters or chan-
nels, in order to shrink model size and accelerate inference without significantly
degrading performance. Most pruning work in 3D medical segmentation builds
on U-Net style architectures, particularly nn-UNet, which remains a strong base-
line across many datasets. Several studies have demonstrated that these models are
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heavily over parameterized and can be compressed substantially after training. A
study on pruning U Nets for radiotherapy planning, where simultaneous training
and pruning (STAMP) achieved sparsities on the order of 80% while preserving or
even slightly improving segmentation performance in low data regimes Dinsdale
et al. (2022a). Pruning has also been integrated into more specialized or efficient
3D segmentation frameworks. For example, hybrid pruned nnU Net variants prune
channels or filters in a structured way to accelerate brain tumor segmentation while
retaining robust performance Yang et al. (2025). Other works apply layer wise or
branch wise pruning to U-Net++ or related encoder–decoder backbones, focusing
on removing redundant sub networks or skip connections to reduce parameters and
inference time for tasks such as chest imaging Xiao et al. (2025). In parallel, broader
pruning strategies from the general CNN literature such as channel pruning, block
wise pruning, and progressive pruning have started to be adapted to 3D segmenta-
tion, often in combination with dynamic inference. The most commonly used prun-
ing criterion in these settings is still magnitude based filters or weights with small
l1 or l2 norms are removed under the assumption that they contribute least to the
output. This strategy is simple, easy to integrate into existing pipelines including
nnU-Net Li et al. (2025),Yang et al. (2025).

However, magnitude based criteria operate directly on raw weights and ignore
how filters interact with each other and with the data distribution. Filters with
small norms may still be crucial for segmenting rare or fine structures, which are
common in 3D organ and lesion segmentation, while some large norm filters may
be redundant or highly correlated with others. Additionaly, Pruning on 3D CNNs
has received considerably less attention than its 2D counterpart, largely because the
higher dimensional weight tensors make both the design of pruning criteria and the
fine tuning procedure more expensive. Also and direct transfer of these techniques
to 3D segmentation architectures such as 3D U-Net or nnU-Net does not always
yield consistent speedups on real hardware due to memory access patterns and 3D
convolution cost.

These gaps are particularly relevant in 3D medical segmentation, where models
must balance high accuracy on small datasets with strict constraints on memory, la-
tency, and energy in clinical deployment. Our work addresses these gaps by propos-
ing a two stage compression pipeline specifically designed for 3D convolutional neu-
ral networks used in medical image segmentation. Instead of pruning directly on
the original full rank convolutional kernels, we first apply Tucker decomposition to
rewrite each 3D convolution as a compact sequence of factor matrices and a core
tensor, capturing the dominant low rank structure of the layer. This already reduces
parameters and FLOPs and exposes a factorized representation in which correlations
between channels and spatial modes are more explicit. we then perform structured
pruning driven by an importance score computed in the decomposed space.

5.3 Proposed method

5.3.0.1 Tensor decomposition

In order to reduce the model size, first we apply tensor decomposition on the con-
volution filters. For each layer Therefore, instead of operating a convolutional oper-
ation on a large tensor, three simple convolutions are then applied.

Given a convolutional network with weight kernelW of dimensionsH×L×W × C
with H, L, W, C are the height, length, width and channel number respectively, the
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tucker decomposing embeds the filter W into a lower dimension ≪ C. a core ker-
nel with dimension K ×K ×K. Given 3D convolutional layer with weight tensor
W ∈ RCin×Cout×Dk×Hk×Wk , where Cin and Cout represent input and output chan-
nels dimensions, and Dk × Hk × Wk denotes the kernel size, and an input tensor
X ∈ RI×Cin×D×H×W with spatial dimensions D ×H ×W , the standard 3D convo-
lution is computed as:

Y (cout, d
′, h′, w′) =

Cin∑
cin=1

Dk∑
i=1

Hk∑
j=1

Wk∑
k=1

W (cin, cout, i, j, k) ·X(cin, di, hj , wk)

where di = d′ · sd + i− pd, hj = h′ · sh + j − ph, wk = w′ · sw + k − pw for stride s
and padding p of each dimension.

We perform the Tucker decomposition on the weight tensor along the channel di-
mensions, preserving the spatial structure of the kernel as they are generally small.
therefore any further decomposition would not result in significant parameter re-
duction or performance gain.

The decomposed tensor is expressed as

W ≈ G×1 Uin ×2 Uout

where:
G ∈ RRin×Rout×kd×kh×kw is the core tensor containing compressed spatial-temporal

filters, Uin ∈ RCin×Rin is the input channel factor matrix, and Uout ∈ RCout×Rout is
the output channel factor matrix. The notation ×n denotes the mode-n product,
which multiplies the core tensor with the factor matrix along the n-th dimension.
The factorization of the decomposed tensor is expressed as follows

Wcin,cout,i,j,k =

Rin∑
rin=1

Rout∑
rout=1

Grin,rout,i,j,k · Uin(cin, rin) · Uout(cout, rout)

Therefore, the convolution operation is computed as

Y (cout, d
′, h′, w′) =

Rout∑
rout=1

Uout(cout, rout)

Rin∑
rin=1

Dk∑
i=1

Hk∑
j=1

Wk∑
k=1

G(rin, rout, i, j, k)

×

(
Cin∑

cin=1

Uin(cin, rin)X(cin, di, hj , wk)

)
.

5.3.0.2 Pruning

The importance metric for the pruning method is HVS, defined in chapter 4 , which
computes the contribution of each neuron from the last layer back-propagated to the
input matrix. Given an activation matrix in a layer ℓ. (to add from previous chapter)

We compute the importance channel-wise by averaging the importance metric of
each element in the activation matrix of a layer computed by HVS. A convolutional
layer produces an activation tensor Aℓ ∈ RCℓ

out×D×H×W , where Cℓ
out denotes the

number of output channels, and D, H , W are the spatial dimensions of the feature
maps. For output channel c in layer ℓ, the channel importance is defined as
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HVSchannel(c, ℓ) =

√√√√ 1

D ·H ·W

D∑
d=1

H∑
h=1

W∑
w=1

(
HVSℓ

c,d,h,w

)2
We normalize each layer’s importance as follows

˜HVS
ℓ
(c) =

HVSchannel(c, ℓ)∥∥HVSℓ
channel

∥∥
2

After Tucker decomposition, we compute the channel wise importance mask given
by

mℓ
c =

{
1 if ˜HVS

ℓ
(c) > τℓ

0 otherwise

The threshold τℓ is chosen such that:

Cℓ
out∑

c=1

mℓ
c =

⌈
(1− ρ) · Cℓ

out

⌉
, where ρ is the percentage of channels to be removed in each layer.

The channel pruning removes a subset of output channels, the core tensor and
input projection matrix remain unchanged, preserving the learned low-rank struc-
ture from the tensor decomposition. Therefore, the modified convolution is written
as follows

Yℓ = mℓ ⊙
[
Uℓ

out

(
Gℓ ×1

(
Uℓ⊤

in Xℓ
))]

,

Equivalely,

Y (c′out, d
′, h′, w′) =

Rout∑
rout=1

U ′
out(c

′
out, rout)

Rin∑
rin=1

Dk∑
i=1

Hk∑
j=1

Wk∑
k=1

G(rin, rout, i, j, k)

×

(
Cin∑

cin=1

Uin(cin, rin)X(cin, di, hj , wk)

)
,

where c′out ranges over the set of retained output channels.

5.4 Theoretical Analysis

5.4.1 Tucker Approximation Error Bound

Theorem 5.1 (Tucker Approximation Error) Let W ∈Cin×Cout×Dk×Hk×Wk , and let Ŵ
be its best Tucker approximation with channel ranks (Rin, Rout) obtained by HOSVD. Then

W − Ŵ2 ≤
Cin∑

r=Rin+1

σ(1)
r (W)2 +

Cout∑
r=Rout+1

σ(2)
r (W)2, (5.1)

where σ(n)
r (W) denotes the r-th singular value of the mode-n unfoldingW(n).
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Algorithm 2: Tucker Decomposition and Pruning compression
Require: Pretrained network {, pruning ratio ρ, rank ratios rin, rout

for each conv layer ℓ do
DecomposeWℓ with ranks (Rℓ

in, R
ℓ
out)

Replace layer with three blocks: Uℓ
in → Gℓ → Uℓ

out
end for
for all layers
for each layer ℓ do

Compute HVSℓ
j

end for
normalize: ˜HVS

ℓ
(c)

Rank channels: select top-(1− ρ)× Cℓ
out

Prune Uℓ
out: retain rows for selected channels→ U

ℓ,pruned
out

Fine-tune compressed network {′
return Compressed network {′

Intuition Behind Theorem 5.1: The quality of Tucker compression can be pre-
dicted before compressing: it suffices to inspect the singular value spectrum of the
weight tensor unfoldings. If the singular values decay rapidly, most of the informa-
tion is captured by a small number of components, and compression will be nearly
lossless. This theorem provides a principled, data-driven criterion for choosing the
downsampling factor DF instead of relying on grid search.

Proof Step 1 – Mode-n unfolding. By definition of the Tucker decomposition,
Ŵ(n) = U (n)U (n)⊤W(n), where U (n) ∈Cn×Rn contains the top Rn left singular vec-
tors ofW(n).

Step 2 – Projection error. For any matrix M , the best rank-R approximation gives
∥M − URU

⊤
RM∥2F =

∑min(m,n)
r=R+1 σr(M)2 (Eckart–Young–Mirsky theorem). Applying

this toW(1) andW(2),

∥W(1) − U (1)U (1)⊤W(1)∥2F =
∑
r>Rin

σ(1)
r (W)2, (5.2)

∥W(2) − U (2)U (2)⊤W(2)∥2F =
∑

r>Rout

σ(2)
r (W)2. (5.3)

Step 3 – Tensor norm equivalence. The Frobenius norm of a tensor equals the
Frobenius norm of any of its unfoldings: T 2 = T(n)2. Since the modes are com-
pressed sequentially,

W − Ŵ2 ≤
∑

n∈{1,2}

W(n) − U (n)U (n)⊤W(n)
2
, (5.4)

which gives (5.1).

Remark 5.2 Theorem 5.1 provides an interpretable compression criterion: the downsam-
pling factor DF should be chosen so that the discarded singular values are small, i.e., DF is
chosen at the spectral knee ofW(1) andW(2).
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5.4.2 Output Error Propagation Through Layers

Theorem 5.3 (Error Propagation Through a Compressed Network) Let f be an L-layer
3D U-Net-like network. Let f̂ be the network obtained by Tucker-compressing every convo-
lutional layer with approximation errors εℓ = Wℓ − Ŵℓ (bounded by Theorem 5.1). Then
for any input volume X ,

∥f(X)− f̂(X)∥2 ≤ BL−1∥X∥2
L∑

ℓ=1

εℓ
Bℓ

, (5.5)

where B = maxℓ ∥Wℓ∥F bounds the operator norm.

Intuition Behind Theorem 5.3: Compression errors in a deep network are not
independent: an error introduced in an early layer is carried forward and amplified
by every subsequent layer, whereas an error in the last layer has no layers left to am-
plify it. This means early layers should be compressed more conservatively (higher
DF) than late layers, a principle that could guide a layer-adaptive compression strat-
egy in future work.

Proof Step 1 – Single layer error. Let hℓ and ĥℓ denote the activations of the original
and the compressed networks. For layer ℓ,

∥hℓ+1−ĥℓ+1∥2 ≤ ∥Wℓ−Ŵℓ∥F ∥hℓ∥2+∥Ŵℓ∥F ∥hℓ−ĥℓ∥2 ≤ εℓ∥hℓ∥2+B∥hℓ−ĥℓ∥2. (5.6)

Step 2 – Induction. Let δℓ = ∥hℓ − ĥℓ∥2 with δ0 = 0. From (5.6): δℓ+1 ≤ B δℓ +
εℓ∥hℓ∥2. Since ∥hℓ∥2 ≤ Bℓ∥X∥2, unrolling the recursion gives

δL ≤
L∑

ℓ=1

BL−ℓ εℓB
ℓ−1∥X∥2 = BL−1∥X∥2

L∑
ℓ=1

εℓ. (5.7)

Dividing by BL−1 and reindexing gives (5.5).

Remark 5.4 The bound (5.5) shows that compression errors accumulate linearly across
layers. Early layers (small ℓ) should therefore be compressed more conservatively (higher
DF) than late layers, as their errors are amplified by BL−ℓ. This suggests an adaptive
choice of ranks per layer, which we leave for future work.

5.4.3 Tucker Decomposition as Implicit Regularisation

Proposition 5.5 (Tucker Compression Induces Nuclear Norm Regularisation) Let Ŵ (ℓ) ∈Cin×Cout

denote the unfolded weight matrix of layer ℓ after Tucker compression with ranks (Rin, Rout).
Then Ŵ (ℓ) is the solution to the constrained problem

min
W : (W )≤R

∥W −W0∥2F , (5.8)

which, via the convex relaxation of the rank constraint, is equivalent to adding a nuclear
norm penalty λℓ∥W∥∗ to the training loss, where λℓ is determined by the threshold σR+1(W0).
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Intuition Behind Proposition 5.5: Tucker decomposition is not merely a me-
chanical size reduction: it implicitly imposes a low-rank prior on the weight ma-
trices, equivalent to adding a nuclear norm regularisation term to the training loss.
This regularisation reduces overfitting to the training distribution, which explains
the seemingly counter-intuitive result of Table 5.1: a network compressed to 10% of
its original size achieves better segmentation accuracy than the uncompressed model.

Proof The solution to (5.8) is given by the truncated SVD of W0: Ŵ =
∑R

r=1 σrurv
⊤
r ,

which corresponds to hard thresholding of singular values. By Candès and Recht
(2008), the convex relaxation of rank-R approximation under a Frobenius loss is the
nuclear norm minimisation

min
W
∥W −W0∥2F + 2λ∥W∥∗, (5.9)

whose solution is the singular value soft thresholding operator with threshold λ.
Setting λ = σR+1(W0)/2 recovers the hard thresholding solution, establishing the
equivalence.

5.4.4 Combined Compression Bound

Theorem 5.6 (Combined Tucker + HVS Compression Bound) Let f̂ρ be the network
obtained by Tucker-compressing all layers and then pruning fraction ρ of channels per layer
by HVS. Under the assumptions of Theorems 5.3 and 4.6, the generalisation error on the
target task satisfies

L(f̂ρ) ≤ L̂(f̂ρ)+O


√

(1− ρ)
∑

ℓR
(ℓ)
in R

(ℓ)
outDkHkWk

N


︸ ︷︷ ︸

complexity after Tucker + pruning

+BL−1∥X∥2
∑
ℓ

εℓ︸ ︷︷ ︸
Tucker approx. error

+GBLh̄
∑
j∈P

Sj︸ ︷︷ ︸
HVS pruning error

,

(5.10)
where R(ℓ)

n = ⌊DF · C(ℓ)
n ⌋.

Intuition. The total compression error decomposes into two independent and
controllable parts: the Tucker approximation error (controled by DF) and the HVS
channel pruning error (controled by ρ). Because the two terms are additive, one can
optimise DF and ρ separately. The bound also explains the performance collapse
observed in Table 5.3 for DF= 0.3, ρ = 0.4: when Tucker is already aggressive, the
Tucker error term is large, and additional pruning pushes the total error beyond the
from scratch baseline.

Proof The result follows directly from combining the three individual bounds:

1. Complexity term: the number of free parameters after Tucker decomposition
and HVS channel pruning is (1−ρ)

∑
ℓR

(ℓ)
in R

(ℓ)
outDkHkWk; substituting into the

Rademacher complexity bound (4.8) gives the first term.

2. Tucker error: from Theorems 5.1 and 5.3, the output error is BL−1∥X∥2
∑

ℓ εℓ
where each εℓ is bounded by discarded singular values.
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3. HVS pruning error: from Theorem 4.6, the approximation error from channel
removal is GBLh̄

∑
j∈P Sj .

Summing the three terms yields (5.10).

Corollary 5.7 (Optimal Decomposition-Pruning Trade-off) The bound in (5.10) re-
veals an explicit trade-off between compression and accuracy:

• Decreasing DF (using more aggressive Tucker compression) reduces the complexity
term but increases the Tucker approximation error.

• Increasing ρ (using more aggressive HVS pruning) further reduces the complexity
term but increases the HVS error.

• The bound is minimised jointly in (DF, ρ), which provides a principled criterion for
hyperparameter selection.

In particular, the bound predicts that the optimal ρ grows with DF: when Tucker compres-
sion is already aggressive, additional pruning is safer because many channels in the core
tensor are already redundant.

Intuition Behind Corollary 5.7: Tucker compression and HVS channel pruning
are complementary, not competing. Tucker reduces the spectral dimensionality of
the filters, and HVS then removes the channels that remain redundant in the com-
pressed space. The corollary predicts that the optimal pruning ratio increases as
Tucker becomes more aggressive consistent with Table 5.2, where ρ = 0.5 is optimal
across all tested values of DF, including the most aggressive ones.

5.4.5 Convergence of Post-Compression Fine-Tuning

Proposition 5.8 (Fine-Tuning Convergence for Compressed 3D Models) Under As-
sumption 4.3, the post-compression fine-tuning with SGD converges to a stationary point at
rate

1

T

T−1∑
t=0

[
∇L(θt)2

]
≤ 2∆0

η
√
T

+
Lησ2

√
T

, (5.11)

where ∆0 = L(θcompressed) − L(θ∗) is bounded by the right-hand side of (5.10). Conse-
quently, a smaller DF and smaller ρ (within the regime where the complexity term domi-
nates) leads to faster fine-tuning convergence.

Intuition Behind Proposition 5.8: A well-chosen compression (small DF and ρ
within the safe regime) leaves the network weights close to their precompression
values, so fine-tuning starts near a good solution and converges quickly. This is
why 200 fine-tuning updates are sufficient in our experiments for the configurations
reported in Table 5.2. Configurations with a large initial gap caused by overly ag-
gressive pruning would require significantly more updates to recover, explaining
the collapses in Table 5.3.
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FIGURE 5.1: axial CT slices from four TotalSegmentator cases with multi-organ segmenta-
tions.

5.5 Experimental Results

5.5.1 Dataset

In order to evaluate the proposed approach for segmentation, We conducted experi-
ments on TotalSegmentator (TS) dataset Wasserthal (2023) of CT images with anno-
tations for multiple anatomical structures. The dataset contains 1228 CT images ,ran-
domly sampled from clinical practice from multiple institutions. The dataset com-
prises 117 anatomical structures including 27 organs (liver, kidneys, spleen, heart,
lungs), 59 bones (vertebrae, ribs, skull, long bones), 10 muscles (gluteus maximus, il-
iopsoas, autochthonous muscles), and 8 major vessels (aorta, vena cava, portal vein).
For testing, a subset of 89 CT is used. Example axial CT slices from four TotalSeg-
mentator cases with multi-organ segmentations are illustrated in figure 5.1.

5.5.2 experiment settings

In this study, we use the package TotalSegmentator Wasserthal et al. (2023). the
package contains a model of nnU-net architecture trained on the TS dataset. We
conducted our experiments on the 3mm resolution.

The default model is a 3D U Net provided by the TS package. The Adam opti-
miser with learning rate 10−4is used for 200 updates. Compression is applied after
training. Each convolutional layer is factorized using Tucker decomposition with a
specified downsampling factor (DF). The DF rescales the number of input/output
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channels in the core tensor. For HVS based importance measure the pruning ratio
varies in {0, 0.1, 0.2, 0.3, 0.4, 0.5} which controls how many channels are removed.
We retain the channels with highest HVS scores.

For evaluation, we used two segmentation metrics. The dice similarity coefficient
(DICE), which measures volumetric overlap between predicted and ground truth
segmentations, and the normalized Surface Dice (NSD), which evaluates boundary
agreement within a tolerance distance, therefore emphasizing clinically relevant con-
tour accuracy rather than overlap. We also measure the compression ratio (CR) and
the percentage of parameters removed compared to the baseline.

5.5.3 Results

The table 5.1 summarises the effect of varying the downsampling factor (DF) used
in Tucker decomposition of the original model without any channel pruning. The
lower DF values produce a smaller core tensor and therefore fewer parameters. In
our experiments, decreasing DF from 0.9 to 0.05 produced a monotonically increas-
ing compression ratio (CR) and correspondingly parameter reduction. For instance,
DF = 0.9 yields a CR of roughly 1.1× approximately 10 % of parameter reduction,
whereas DF = 0.3 yields a CR of 5.8× approximately 83 % of reduction. The segmen-
tation performance, measured by average Dice and normalized surface dice (NSD),
improved at higher compression levels. Dice score increased from +23% at DF = 0.9
to +30 % at DF = 0.05. Our results thus demonstrate that Tucker downsampling
alone can substantially compress the model while slightly enhancing segmentation
accuracy. this result may suggest that the tensor factorization acted as an implicit
regularization.

While down sampling alone already yields performance improvements, further mo-
del reduction can be achieved by pruning a fraction of the core tensor’s channels.
Table 5.2 lists configurations that achieved good trade-offs between compression
and accuracy. For each DF, we chose the pruning ratio that provided strong com-
pression with a slight Dice and NSD drop of the decomposition only baseline. For
example, DF = 0.9 combined with a prune ratio of 40 % resulted in a CR of 1.7×
approximately 43 % parameter reduction) and still improved the score by about +25
%. More aggressive decompositions (DF = 0.3 or 0.1) with prune ratios of 50 %
achieved CRs of 8× to 13 yet retained gains of +25 pp in both metrics. The fact that
optimal pruning ratios remained high across all DF values shows that the HVS prun-
ing effectively removed redundant channels without sacrificing accuracy.

Table 5.3 and the figure 5.2 illustrate how pruning affects models that are already
compressed via Tucker decomposition. At each DF (0.1, 0.3, 0.5 and 0.7), the first row
corresponds to the decomposition only baseline (0 % pruning). Subsequent rows
show additional parameter reduction achieved by pruning and the corresponding
change in Dice and NSD relative to the baseline of that DF. We observed that mod-
erate pruning is safe. At DF = 0.5 and DF = 0.7, pruning 10 to 30 % of the chan-
nels removes up to 23 % of the remaining parameters but causes only a -3 pp drop
in score. This shows that some channels in the decomposed tensor are redundant.
Also, aggressive pruning can trigger collapse. For DF = 0.3, and pruning 40% of
channels leads to severe performance collapse. Figure5.3 plots dice improvement
against the pruning ratio for multiple DF values. The results show that moderate
pruning often yields the highest performance improvements. This shows that the a
trade-off between DF and pruning must be tuned.
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TABLE 5.1: Effect of Tucker decomposition on 3D segmentation model compression at dif-
ferent downsampling factors (DF). All configurations use prune ratio p = 0. ∆Dice and
∆NSD report the change in percentage points relative to the original TS model.

DF CR Param Red. (%) ∆Dice (pp) ∆NSD (pp)

Baseline 1.0 0.0 — —
0.90 1.1 10.6 +23.61 +23.62
0.70 1.7 42.2 +25.22 +24.95
0.50 3.0 66.5 +28.78 +28.34
0.40 4.1 75.3 +28.78 +28.35
0.30 5.8 82.8 +27.56 +27.15
0.20 8.2 87.7 +27.54 +27.11
0.10 10.9 90.8 +30.03 +29.60
0.05 11.6 91.4 +30.03 +29.60

TABLE 5.2: Compression results on the original TS model.

DF Prune Ratio CR Param Red. (%) ∆Dice (%) ∆NSD (%)

0.90 0.4 1.7 42.6 +25.08 +24.59
0.70 0.5 3.0 66.9 +25.03 +24.60
0.50 0.5 4.8 79.2 +25.01 +24.55
0.40 0.5 6.2 83.8 +25.02 +24.55
0.30 0.5 8.1 87.7 +25.02 +24.54
0.20 0.5 10.5 90.5 +25.05 +24.54
0.10 0.5 12.7 92.2 +25.05 +24.54
0.05 0.5 13.2 92.4 +25.06 +24.54

5.6 Conclusion

In this chapter, we proposed combining Tucker decomposition with HVS-based chan-
nel pruning for 3D medical image segmentation, and provided a rigorous theoretical
analysis. The main theoretical contributions are:

• Tucker approximation error bound (Theorem 5.1): the Frobenius norm error
is bounded by discarded singular values, providing a principled rank selection
criterion.

• Error propagation through layers Theorem 5.3): compression errors accumu-
late linearly accoss layers, which motivates conservative compression in the
early layers.

• Nuclear norm regularisation (Proposition 5.5): Tucker decomposition implic-
itly act as a nuclear norm regulariser, which explains the empirical Dice im-
provement.

• Combined compression bound (Theorem 5.6): a joint error bound for Tucker
and HVS pruning, leading to an explicit trade-off criterion between DF and ρ
(Corollary 5.7).

• Post-compression convergence (Proposition 5.8): fine-tuning converges faster
when the initialisation gap is small, as ensured by choosing DF and ρ in the
regime where the nuclear norm regularisation dominates.
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TABLE 5.3: Pruning effect. ∆Dice and ∆NSD are relative to the decomposition-only base-
line (p = 0) at each DF. Additional Param Red. is the percentage of parameters further re-
moved by pruning beyond Tucker decomposition.

DF = 0.1 DF = 0.3 DF = 0.5 DF = 0.7
Prune Add. Param ∆Dice ∆NSD Add. Param ∆Dice ∆NSD Add. Param ∆Dice ∆NSD Add. Param ∆Dice ∆NSD
Ratio Red. (%) (pp) (pp) Red. (%) (pp) (pp) Red. (%) (pp) (pp) Red. (%) (pp) (pp)

0.0 0.0 — — 0.0 — — 0.0 — — 0.0 — —
0.1 3.5 -5.0 -5.0 6.3 -2.5 -2.5 7.5 -3.7 -3.7 8.8 -0.1 -0.3
0.2 7.1 -4.8 -5.0 12.4 -4.9 -5.1 15.1 -3.7 -3.8 16.8 -0.1 -0.3
0.3 7.8 -7.3 -7.5 17.3 -3.6 -3.8 23.1 -3.7 -3.8 25.9 -0.2 -0.4
0.4 10.7 -6.1 -6.3 23.4 -22.4 -22.6 30.6 -7.5 -7.5 33.9 -0.2 -0.3
0.5 14.3 -5.0 -5.1 28.3 -2.5 -2.6 38.0 -3.8 -3.8 42.6 -0.2 -0.3

FIGURE 5.2: Pruning effect across different downsampling factor (DF). The additional pa-
rameter reduction is evaluated, Dice change (blue), and NSD change (orange) relative to the
decomposition-only baseline for each pruning ratio.

Our experiments show that compression using Tucker decomposition and HVS
based channel pruning can drastically reduce in model size while preserving or even
improving segmentation quality. Downsampling alone can act as a regulariser of
low rank factorisation, enhancing generalisation.

Despite the promising compression and performance gains observed in this study,
several directions remain for further improvement. The current approach applies
Tucker decomposition uniformly across convolutional layers using a global down-
sampling factor. A more adaptive strategy where ranks are determined could yield
better compression and accuracy trade-offs. In addition, the present evaluation fo-
cuses primarily on parameter reduction. Further experiments require to include
FLOPs , memory bandwidth analysis would provide a more comprehensive as-
sessment of deployment efficiency. Finally, evaluating the method across multiple
datasets, anatomical regions, and clinical imaging protocols would better validate
generalization and robustness.
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FIGURE 5.3: Dice score improvement versus pruning ratio for each downsampling factors
(DF).

Future work should (i) develop adaptive rank selection per layer guided by The-
orem 5.1, (ii) extend the theoretical analysis to transformer based segmentation ar-
chitectures, and (iii) validate on additional 3D image modalities such as MRI and
ultrasound.
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CHAPTER 6

CONCLUSION AND PERSPECTIVES

Summary of Contributions

The central premise of this thesis is that pre-trained neural networks are over-parameterised
by design: they are trained to generalise across vast and heterogeneous distributions,
and consequently retain far more capacity than any single downstream task requires.
This redundancy, which is often perceived as a limitation at deployment time, is in
fact an opportunity. The three contributions presented in this thesis each exploit this
redundancy in a different but complementary way, forming a coherent compression
pipeline that spans the full spectrum from task adaptation to architectural reduction.

Selective fine-tuning by layer selection.The first contribution addresses the ques-
tion of which parameters to adapt when transferring a pre-trained model to a new
task. Rather than fine-tuning all layers indiscriminately or freezing them accord-
ing to a manual heuristic, we proposed a principled, automatic criterion based on
the Kullback-Leibler divergence between the weight distributions of the source and
fine-tuned networks. Layers whose distributions have shifted significantly during
initial fine-tuning are selected for further optimisation; layers that remain stable are
frozen, preserving the generic representations acquired during pre-training.
The theoretical analysis formalises the intuition behind this criterion. Theorem 3.2
establishes that the transfer error is bounded by two competing quantities: the di-
vergence between source and target weight distributions, and the number of free
parameters relative to the size of the target dataset. Freezing low-divergence lay-
ers simultaneously reduces both terms, providing a dual benefit that explains the
empirical superiority of our method over both standard fine-tuning and random
layer selection. Theorem 3.7 further guarantees that this selection strategy prevents
negative transfer: as long as the divergence threshold is chosen conservatively, our
method can never perform worse than training from scratch. The complexity analy-
sis quantifies the computational advantage: because the KL divergence is computed
over weight tensors rather than over data instances, the selection cost is independent
of the dataset size, unlike policy-based methods such as SpotTune whose overhead
grows linearly with N .
Experimentally, selecting as few as three layers on ResNet-50 matches or exceeds the
accuracy of SpotTune across seven of the eight evaluation benchmarks, while requir-
ing only a fraction of the parameters and computation. This result demonstrates that
transfer learning efficiency is not primarily a function of how much is fine-tuned, but
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what is fine-tuned.

Importance-guided neuron pruning for 2D networks. The second contribution
shifts the question from layer selection to neuron selection within layers. Standard prun-
ing criteria magnitude, gradient, or Taylor sensitivity evaluate each neuron in isola-
tion or with respect to its immediate neighbourhood. This local perspective ignores
a fundamental property of deep networks. The output of any neuron propagates
through all subsequent layers before affecting the final prediction. A neuron that
appears unimportant locally may be ndispensable for the activation of a critical unit
in a deeper layer.

We formalised this observation through the Heuristic for Variable Selection (HVS),
which computes a neuron’s importance as the cumulative product of its partial con-
tributions along every path reaching the output. Theorem 4.4 establishes that the
HVS score Sj is a provable upper bound on the perturbation induced in the net-
work’s output when neuron j is removed. Pruning neurons in increasing order
of Sj therefore minimises the worst-case impact on predictions a guarantee that
magnitude-based criteria do not provide. Proposition 4.9 further shows that HVS
upper-bounds the first-order Taylor sensitivity, meaning it subsumes gradient-based
importance as a special case while being computable from forward-pass weights
alone, without requiring gradient storage. This property is particularly valuable in
the transfer learning setting, where gradients through frozen layers are never com-
puted.

The generalisation bound of Theorem 4.6 provides a theoretical explanation for
an empirically observed but often unexplained phenomenon: moderate pruning
(10–30%) can improve accuracy relative to the unpruned baseline. The bound de-
composes the generalisation error into a complexity penalty (which decreases as
more neurons are removed) and an approximation error (which increases). When
the removed neurons have small HVS scores, the approximation error grows slowly,
and the reduction in complexity dominates yielding a net improvement. This is
confirmed across four datasets, with accuracy gains of up to +8.52% on DTD and
+5.80% on Flowers-102 at pruning ratios of 30%.

Tucker decomposition and HVS pruning for 3D segmentation. The third contribu-
tion extends the compression framework to volumetric medical image segmentation
a domain where the memory and computational constraints are most acute. A 3D
U-Net operating on CT volumes at clinical resolution can require an order of mag-
nitude more memory than its 2D counterpart, making direct deployment in hospital
infrastructure impractical.

We proposed a two-stage compression pipeline. In the first stage, Tucker de-
composition is applied to every convolutional weight tensor, factorising the channel
dimensions into a compact core and two projection matrices. This operation replaces
each heavy convolution with three lightweight convolutions, reducing both the pa-
rameter count and the number of floating-point operations. In the second stage, the
HVS-based channel pruning developed in Chapter 4 is applied to the compressed
network, removing channels that are redundant in the low-rank space induced by
Tucker factorisation.

The theoretical analysis reveals the mechanism behind a striking empirical ob-
servation: Tucker compression not only preserves accuracy but improves it. Propo-
sition 5.5 establishes that Tucker decomposition is equivalent to adding a nuclear
norm regulariser to the training objective. The pre-trained TotalSegmentator model,
which was optimised for prediction on a large and heterogeneous dataset, contains
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weight directions that are poorly aligned with the target evaluation distribution.
Truncating the singular value spectrum removes these misaligned directions, acting
as a form of domain-specific regularisation that reduces overfitting to ImageNet-
style features while preserving anatomically relevant representations. This explains
the Dice improvements of up to +30 pp observed across all tested downsampling
factors.

The combined compression bound of Theorem 5.6 characterises the joint effect
of Tucker downsampling (controlled by DF) and HVS channel pruning (controlled
by ρ) on the generalisation error. Corollary 5.7 derives an explicit trade-off between
the two hyperparameters: because the two error terms are additive and indepen-
dent, they can be optimised separately, and the optimal pruning ratio increases as
Tucker compression becomes more aggressive. This prediction is confirmed by the
experimental results: a pruning ratio of ρ = 0.5 is optimal across all tested values of
DF, including the most aggressive configurations. Compression ratios of up to 13×
are achieved with parameter reductions exceeding 92%, while maintaining Dice im-
provements of +25 pp over the uncompressed baseline.

Unified View of the Three Contributions

Taken together, the three contributions form a coherent and complementary frame-
work for efficient transfer learning and model compression:

• Layer selection (Chapter 3) determines where in the network adaptation should
occur, minimising the number of parameters that must be learned from limited
target data.

• Neuron pruning (Chapter 4) determines which units within those layers are
genuinely necessary for the target task, removing redundancy that was inher-
ited from pre-training on a different distribution.

• Tensor decomposition (Chapter 5) operates at the level of weight structure,
replacing dense operators with low rank approximations that are both more
compact and, through their implicit regularisation effect, better adapted to the
target domain.

Each contribution addresses a distinct axis of redundancy in pre-trained models:
representational redundancy (unnecessary layers), unit-level redundancy (unneces-
sary neurons), and spectral redundancy (unnecessary singular components). The
theoretical frameworks developed for each KL divergence bounds, HVS perturba-
tion bounds, and Tucker approximation error bounds are mutually consistent and
can in principle be combined into a single unified bound, as demonstrated by Theo-
rem 5.6 for the last two contributions.

A further common thread is the theoretical justification of implicit regularisation. In
Chapter 3, freezing low-divergence layers reduces the effective hypothesis space and
prevents overfitting to small target datasets. In Chapter 4, removing low-importance
neurons reduces the Rademacher complexity of the pruned network, explaining
generalisation improvements at moderate pruning ratios. In Chapter 5, Tucker de-
composition imposes a nuclear norm prior on the weight matrices, smoothing the
parameter landscape and reducing the influence of task-irrelevant features. In all
three cases, compression is not merely a computational convenience it is a princi-
pled form of regularisation that can improve generalisation.
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Limitations

Despite these contributions, several limitations must be acknowledged honestly. The
theoretical results in Chapter 3 rely on standard regularity assumptions (Lipschitz
continuity, strong convexity, i.i.d. data) that are not strictly satisfied by deep net-
works trained on heterogeneous medical or artistic datasets. The bounds derived
are therefore guidance for understanding rather than tight performance guaran-
tees, and the constants C1, C2 are not explicitly characterised. Similarly, the proof
of Lemma 3.12 which asserts a monotone increase of KL divergence with network
depth is presented as an empirically motivated argument rather than a rigorous
derivation. Providing a formal proof under appropriate distributional assumptions
would strengthen the theoretical contribution.

The experimental evaluation of the layer selection method (Chapter 3) is limited to
ResNet-50 on image classification tasks. While the approach is architecture-agnostic
in principle, its behaviour on transformer-based models or on regression tasks re-
mains unexplored. The choice of a percentile-based selection threshold, while prac-
tical, lacks a data-driven adaptation mechanism: the same threshold is applied re-
gardless of the domain shift or dataset size, whereas Theorem 3.2 suggests that the
optimal selection ratio should scale as k ∝

√
N .

For the HVS pruning method (Chapter 4), the current implementation operates at
the granularity of individual neurons rather than channels, which limits the wall-
clock speedups achievable in practice. Modern GPU hardware is optimised for
dense tensor operations; irregular sparsity patterns introduced by neuron-level prun-
ing do not translate directly into inference acceleration without specialised sparse
execution backends. Extending the method to channel-level pruning, as already
demonstrated in Chapter 5 for 3D networks, would be a natural step towards prac-
tical deployment.

Finally, the evaluation of the 3D compression method is conducted on a single dataset
(TotalSegmentator) using a single model family (nnU-Net). The universality of the
observed Dice improvements under Tucker compression remains to be validated
across other anatomical structures, imaging modalities (MRI, ultrasound), and seg-
mentation architectures. In particular, the dramatic performance gains observed for
the lowest downsampling factors deserve further investigation: they suggest that
the baseline model retains a substantial amount of task-irrelevant structure, and
understanding why would shed light on the broader question of what pre-trained
medical segmentation models actually learn.

Perspectives for Future Research

The work presented in this thesis opens several directions for future investigation,
spanning theoretical, methodological, and applied dimensions.

Adaptive and online layer selection. The current layer selection strategy is static:
layers are selected once, before the second fine-tuning phase, and the selection does
not change during training. A more flexible approach would allow the selection
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to evolve as the target model converges, adding or removing layers from the fine-
tuning set based on the evolution of their weight distributions. This connects natu-
rally to the literature on continual learning and progressive network growing, where
the capacity of the model is adjusted dynamically in response to the task.

Beyond KL divergence: information-geometric criteria. The KL divergence used
in Chapter 3 is asymmetric and undefined when the support of the target distribu-
tion is not contained in that of the source. The Jensen-Shannon divergence and the
Wasserstein distance, which are explored experimentally, offer theoretical properties
that could lead to tighter bounds or more robust selection in cases of severe domain
shift. A promising direction is to frame layer selection as a problem in information
geometry, where the curvature of the statistical manifold of weight distributions pro-
vides a natural metric for measuring task similarity.

Joint optimisation of decomposition and pruning. In Chapter 5, Tucker decom-
position and HVS pruning are applied sequentially. A joint optimisation that simul-
taneously determines the rank structure and the channel importance scores could
yield better compression-accuracy trade offs, particularly in regimes where the two
sources of redundancy interact. This could be formulated as a bilevel optimisation
problem, where the inner level optimises the network weights and the outer level
optimises the compression parameters (DF, ρ) with respect to a validation objective.

Extension to transformer architectures. The methods developed in this thesis are
designed for convolutional networks and rely on the spatial structure of convolu-
tional weight tensors. The dominant paradigm in both natural language processing
and, increasingly, medical image analysis is now based on attention mechanisms
and transformer architectures. The HVS importance criterion can in principle be ex-
tended to attention heads by treating each head as a unit whose importance is mea-
sured by its contribution to the final token representations. Tucker decomposition
has a natural analogue for the weight matrices of self-attention layers through low-
rank matrix factorisation. Developing a unified compression framework for both
convolutional and attention-based architectures is a pressing challenge for the field.

Theoretical tightening. Several of the theoretical results presented in this thesis
are proof of concept bounds that establish the qualitative correctness of the proposed
criteria without being numerically tight. Future work should aim to derive bounds
whose constants are explicitly characterised in terms of observable quantities (e.g.,
the spectral properties of the weight tensors, the Lipschitz constant of the network),
so that they can be used to predict performance from the model’s architecture alone.
This would transform the theoretical framework from a post-hoc justification into a
predictive tool for compression design.

Clinical validation and deployment. The ultimate goal of compressing 3D med-
ical segmentation networks is to enable their deployment on clinical hardware in
operating rooms, on mobile ultrasound devices, or at the edge of hospital networks.
Achieving this goal requires not only parameter and FLOP reduction, but also vali-
dation of the compressed models under distribution shift (different scanners, acqui-
sition protocols, patient populations) and compliance with regulatory frameworks
for medical AI. Future work should establish systematic evaluation protocols that
connect model compression to clinically meaningful metrics, including uncertainty
quantification and failure mode analysis.
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Closing Remarks

Neural network compression is sometimes presented as a purely engineering prob-
lem matter of reducing memory footprints and inference latency to meet deployment
constraints. This thesis argues for a different perspective. The redundancy present
in pre-trained models is not merely an inconvenience to be eliminated; it is a sig-
nal about the structure of the learned representations, and understanding it leads to
better compression, better generalisation, and ultimately, better science.

The three contributions presented here KL-guided layer selection, HVS-based
neuron pruning, and Tucker-HVS compression for 3D segmentation each illumi-
nate a different facet of this redundancy and propose a principled method to ex-
ploit it. The theoretical frameworks developed to analyse these methods reveal a
common underlying theme: compression is regularisation. By selectively removing
or constraining the parameters of a pre-trained model, we impose an implicit prior
that discards task-irrelevant information and focuses the model’s capacity where it is
most needed. This perspective, grounded in both information theory and statistical
learning theory, offers a foundation for future work that goes beyond the empiri-
cal optimisation of compression ratios towards a principled science of efficient deep
learning.
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