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Deep neural network compression focuses on reducing the number of parameters and computational complexity of neural
networks, enabling their use in resource-constrained environments where smaller networks, faster response times, and lower
energy consumption are critical. In this paper, we propose a novel compression method that uses Singular Value Decomposition
(SVD) informed by data examples. Unlike existing SVD-based approaches that operate solely on network weights, our method
leverages input data to more effectively preserve essential information during compression. This data-driven approach
significantly enhances performance compared to state-of-the-art techniques. Through experiments on standard benchmark
datasets, we show that our method achieves substantial reductions in model size and computation with minimal impact on
accuracy. Furthermore, we demonstrate its applicability in compressing deep neural networks to a fraction of their original
size, achieving competitive accuracy of networks with a compression ratio of less than 3x with no fine-tuning, and at most 25
epochs of fine-tuning for higher compression ratios.

JAIR Associate Editor: Pablo Samuel Castro

JAIR Reference Format:

Abdelfattah Toulaoui, Hamza Khalfi, and Imad Hafidi. 2026. Deep Neural Network Compression via Data-Driven Low-
Rank Singular Value Decomposition. Journal of Artificial Intelligence Research 86, Article 26 (July 2026), 28 pages. DOI:
10.1613/jair.1.18694

1 Introduction

In recent years, significant advancements have been made in the field of Deep Learning, leading to state-of-the-art
achievements across various domains, including computer vision, time series prediction, and natural language
processing (Sarker 2021). These progressions are largely attributed to the availability of extensive and diverse
datasets, breakthroughs in data processing algorithms, and an enhanced understanding of the properties inherent
to Deep Neural Networks (DNNs). Equally important to these developments is the advent of efficient hardware,
which has facilitated the creation of larger models and accelerated training times (Kochura et al. 2019; Krizhevsky
et al. 2017). The training and deployment of modern DNNs, however, demand substantial computational resources,
a necessity exacerbated by the practice of over-parameterization. This practice, which has been shown to improve
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the generalization capabilities of DNNs (Ardalani et al. 2019; Du and J. Lee 2018), presents significant challenges
when adapting state-of-the-art performance to low-power devices, due to the limitations in computational power,
memory, or energy that plague real world environments. To address these challenges, the compression of DNNs
has emerged as a potential solution, gaining considerable momentum in recent years (Deng et al. 2020). This
research primarily focuses on enhancing the efficiency of deep neural networks by reducing both the number
of parameters (weights) and the number of floating point operations FLOPs of DNNs while preserving their
accuracy as much as possible.

Several studies have explored the application of low-rank tensor decomposition as a method for compressing
neural networks (Astrid and S.-I. Lee 2018). These approaches involve decomposing each weight tensor into
two or more small, which can be stored and used more efficiently. For example, a weight tensor W can be
decomposed into n smaller tensors Wy, Wi, ..., W, where the total elements is smaller than the total elements
of W, leading to reduced computational demands and faster operations. The effectiveness of this technique
stems from the observation that DNN weights often exhibit low-rank properties (Denil et al. 2013), indicating
that they contain less information than their size might suggest. When decomposing a weight tensor into two
tensors, the compression ratio achieved by this method is dependent on the decomposition rank k for each
layer, which represents the inner dimension of the resulting tensors. Choosing an appropriate rank k is crucial
to balancing compression with performance, as it determines the level of information retention within the
compressed network. Many decomposition-based methods propose the use of statistical methods to identify
the proportion of information carried by each component, such as variational Bayesian matrix factorization
(VBMF) (Kim et al. 2015). Other works have proposed the use training time estimation of the ranks on-the-fly,
such as with nuclear norm rank minimization factorization (NRMF) (Ran et al. 2021).

Modern deep neural networks achieve remarkable performance at the cost of substantial computational and
memory requirements. While network compression techniques address these limitations, they face a fundamental
trade-off: aggressive compression typically degrades model accuracy by discarding critical information. Existing
matrix decomposition methods optimize this trade-off by analyzing weight tensors in isolation, disregarding the
statistical properties of input data distributions. This neglect risks removing parameters essential for processing
real-world inputs, necessitating extensive fine-tuning to recover accuracy.

The central challenge lies in determining which components of a neural network’s parameter space contain
task-critical information. We posit that this determination must consider the interaction between network weights
and input data patterns. For example, a convolutional filter’s importance depends on both its learned features
and the frequency of corresponding visual patterns in the input distribution (Martin and Mahoney 2021; Pastur
2022; Zeiler and Fergus 2014; B. Zhou et al. 2016). Traditional weight-based decomposition methods lack this
perspective, potentially removing filters crucial for processing common input features.

Our formulation differs fundamentally from activation-oriented frameworks (Swaminathan et al. 2020; Tian
et al. 2021). While these prior works minimize feature-map reconstruction error (||[WX — WX ||f,) via a sparse
SVD on the structural weight matrix W, they treat activations strictly as a proxy for parameter sensitivity. In
contrast, we decouple the decomposition from the static weight matrix boundaries and apply SVD directly to the
activation tensor Y itself. By shifting the factorization target from the parameter space (W) to the representation
space (Y), our method directly captures low-rank latent dynamics that weight-centric approximations overlook.

We introduce a principled approach that aligns network compression with input data characteristics through
output-preserving Singular Value Decomposition (SVD). Our key insight is that decomposing layer outputs
rather than weights preserves the network’s functional behavior under actual operating conditions. Given input
examples X, we perform SVD on the induced output matrices Y/) = L) (X) for each layer L) with weights
W), then construct low-rank approximations that minimize the Frobenius norm of the error ||Y ) =Y ()|| ¢ rather
than |[W) — WW)||p, where Y1) and W) are the outputs and weights of the decomposed layer respectively.
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This method allows the layers to be compressed based on the data that flows through them, instead of their
inherent structure.
Our principal contributions are as follows:

e Data-Driven SVD Framework: A novel decomposition paradigm that processes layer outputs across
representative inputs to determine compression parameters. Unlike prior work, our method explicitly
minimizes output distortion rather than weight approximation error.

e Convolutional Architecture Extension: A structured decomposition scheme for CNNs that separates
spatial and channel-wise redundancies using data-driven SVD. We introduce nested SVD stages that
compress channel then spatial dimensions.

e Comprehensive Empirical Validation: Rigorous evaluation across vision tasks demonstrates our frame-
work’s versatility. We show consistent accuracy preservation at 4-8x compression ratios, outperforming
traditional methods on various architectures.

The remainder paper is organized as follows. Section 2 is dedicated to a brief review of related works. In
Section 3, we present our method including the objective function and the compression algorithm. Section 4
presents the various experiments that were conducted to test our method’s efficacy against other recent methods.
Finally, in Section 5, a brief conclusion and discussion of future works.

2 Related Works

Neural network compression is a research domain focused on devising methods to enhance the efficiency of
existing models, either by reducing their memory footprint, computational complexity, or both (Menghani 2023).
DNN compression is typically achieved through the efficient representation of neural network layers. These
methods can be categorized into several families based on their respective approaches to the problem.

In their seminal work on DNN compression, (LeCun et al. 1989) identified significant redundancy in network
weights. Their research indicated that weights with smaller magnitudes tend to be less critical to the network’s
performance. This insight led to the development of unstructured pruning techniques. These techniques enable
the removal of a substantial number of parameters from the network with minimal impact on performance (J. Liu
et al. 2020).

Pruning produces models that utilize sparse weight matrices, necessitating the use of specialized hardware
or software capable of efficiently loading and operating on these sparse structures to optimize network perfor-
mance (Dalton et al. 2015; Zhang et al. 2016).

In addition to unstructured pruning, other researchers have explored structured pruning as a method for
neural network compression, often using filter importance (Anwar et al. 2017; Y. He et al. 2017; H. Li et al. 2016),
regularization (Yang et al. 2019), filter similarity (G. Li et al. 2025), or other techniques (Z. Liu, J. Li, et al. 2017,
Zhao et al. 2025). While other works with methods data instead of simple magnitude statistics, using first-order
Taylor expansion applied to feature maps to estimate filter importance for instance (Molchanov et al. 2017).

Structured pruning involves the removal of entire neurons or filters from network layers, thereby enhancing
the efficiency of the model. This class of pruning offers the advantage of producing smaller yet dense neural
networks, making them more suitable for deployment on conventional consumer hardware, such as CPUs and
GPUs (Z. Liu, Sun, et al. 2019). Structured pruning, however, remains subject to many constraints imposed by the
network’s architecture which necessitates certain trade-offs.

Another family of techniques for neural network compression is quantization, which seeks lower preci-
sion representations of the weights that still uphold the model’s performance (Banner et al. 2018; B. Liu et
al. 2023). Quantization have been proposed for many different applications, such as in compressing diffusion
models (Fukushima and Kamata 2025) and large language models (Lang et al. 2024).
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Certain quantization methods represent weights as small integers of 8-bits or even 4-bits by leveraging the
statistical properties of the weights, facilitating memory efficiency on some devices and utilizing low precision
compute units in modern hardware.

Other methods transform the network into a ternary network (B. Liu et al. 2023), wherein each weight w is
represented as a ternary variable w € {-1,0, +1}. Quantization’s compression capabilities are limited by the type
of method used, and although aggressive quantization significantly compresses neural networks, it often results
in performance degradation compared to the original model.

Recent studies have investigated the effects of quantization on the loss function (Nahshan et al. 2021), finding
that aggressive post-training quantization is feasible when layers are quantized jointly rather than independently.
Other approaches have proposed training models in a quantization-aware fashion to enhance performance (Hubara
et al. 2018).

A family of methods employing neural low-rank factorization has also been proposed. These methods ex-
ploit the mathematical properties of tensor representations of layers to derive a low-rank approximation of
each layer. Various algorithms have been tested, including CP decomposition (Astrid and S.-I. Lee 2017), QR
decomposition (Schotthofer et al. 2022), TUCKER decomposition (Y. Liu and Ng 2022), and SVD (Chen et al. 2023;
Swaminathan et al. 2020; Tian et al. 2021).

One of the earliest works have leveraged Alternating Least Squares (ALS) to remove spatial redundancies
in CNNs, this worked by separating the spatial dimensions of convolutions and reducing the reconstruction
error (Jaderberg et al. 2014). Their contemporaries, on the other hand, have used SVD to directly approximate the
weight tensor by converting it to a 2-dimensional matrix (Denton et al. 2014).

Generally, these methods decompose the weights of a large layer into several smaller layers with low-rank
weights, leveraging redundancies in the weights. Numerous works have explored the use of Singular Value
Decomposition (SVD) in neural network compression, a matrix decomposition technique that operates on
two-dimensional tensors.

SVD decomposes a real or complex matrix M into the product of three matrices U, %, and V:

M =UzV",

where U and V are unitary matrices (orthogonal matrices if M is a real matrix) (Golub and Van Loan 1996), and ¥
is a rectangular diagonal matrix containing the singular values of M. V* is the conjugate transpose of V, and
when M is a real matrix V* = VT.If M is of size n X m and rank r, then U and V are of sizes n X n and m X m,
respectively, and X is of size n X m with r non-zero values. The SVD of a matrix is not unique; however, ¥ can be
chosen such that X;; > %4141, Vi € {1,2,...,min(n, m)}.

SVD is widely used in data science and numerical linear algebra (Stewart 1993) due to its efficacy in dimen-
sionality reduction, data compression, and isolation of independent components. Such uses include reducing
dimensions in NLP (Bullinaria and Levy 2012; Ismael Kadhim et al. 2017) and recommender systems (Guan et al.
2017; X. Zhou et al. 2015).

Building upon these classical foundations, recent literature has pivoted toward activation-aware compression
to maintain model performance under extreme hardware constraints. In the domains of pruning and quantization,
frameworks such as WANDA (Sun et al. 2024) and SMOOTHQUANT (Xiao et al. 2023) have demonstrated that
leveraging runtime activation statistics—rather than weights alone—is essential for preserving the nuances of
Large Language Models (LLMs).

Similarly, Knowledge Distillation (KD) has evolved to utilize intermediate activation maps to align student-
teacher representations more effectively (Heo et al. 2019). Within the specific context of low-rank approximation,
modern approaches like AsvDp (Yuan et al. 2025) have begun incorporating activation scales to weight the
importance of specific weight dimensions.

Journal of Artificial Intelligence Research, Vol. 86, Article 26. Publication date: July 2026.



Neural Network Compression with DDSVD « 265

A significant gap remains in the literature: most existing methods treat activations merely as a pre-processing
or post-hoc calibration signal to adjust the weight matrix before decomposition. There is a distinct lack of research
exploring the direct integration of the activation manifold into the matrix decomposition process itself, where
the factorization objective is reformulated to jointly optimize the latent weight structure and dynamic activation
variance within a single, unified numerical framework.

3 Proposed Method

In this section, we introduce our Data-Driven Singular Value Decomposition (DDsvD) framework for neural
network compression. Our method combines two key concepts to enable practical implementation: representative
sampling from active learning to efficiently capture critical data patterns, and incremental SVD algorithms to
process data in batched streaming fashion. We first formalize the mathematical foundation of our approach
for fully connected layers, then extend it to convolutional architectures. Throughout this section, we maintain
consistent notation and emphasize the relationship between theoretical constructs and practical implementation
considerations.

3.1 Notational Conventions

Scalars are denoted with lowercase letters (e.g., n), vectors with bold lowercase (e.g., x), matrices with uppercase
Roman letters (e.g., A), and tensors with calligraphic uppercase (e.g., ‘W). Neural network layers appear as bold
capitals (e.g., L). For any matrix A € R™*", the sub-matrix A[; k. contains rows i through j and columns k
through [, while A[.x) denotes the k-th column vector. The Frobenius norm ||Al|r will govern our spectral energy
retention analysis. M* and M” denote the conjugate transpose of matrix M, and the transpose of M respectively.
For real matrices (values in R), which is the case for a in this work unless otherwise indicated, we note M* = MT
and use them interchangeably.

For neural network weights, we express a linear layer’s weights as a matrix W € R™™ and biases b € R", with
m as the input dimension and n the output dimension. Similarly, all convolutional weights biases are written as
as tensor W € RAxXWieXenXcout and a bias b € R, with by and wy as the kernel width and height respectively,
and c¢i, and coyt are the layer’s input and output channels respectively. These notations will be used throughout
the work consistently.

3.2 Output-Preserving Decomposition

Traditional weight matrix decomposition methods approximate W € R™™ as a product W ~ W;W,, optimizing
for arbitrary inputs rather than the actual data distribution ©. Our approach extends SVD-based decomposi-
tion (Gabor and Zdunek 2023) by preserving layer outputs Y = XWT for inputs X ~ D through data-driven SVD.
For an input batch X € R¥*™, the unbiased output Y = XWT € RP*" undergoes transposed SVD:

YT =USVT, UeR™ VeRX 3 ecr™

note that we decompose Y" instead of Y which is mathematically equivalent but simplified operations.
Truncating to the top-k singular values yields compressed components:

L2=3pkak;, U=Upikp V=V

since V will not be used in the following steps, the implementation can be made more efficient by skipping
calculation of V. The semi-orthogonal property UTU = I; enables a two-layer approximation through algebraic
manipulation:

YT =USVT = U0U"Y' =00 W)X,
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This induces the parameterization Wy = UTW € RF*™ and W, = U € R™, producing the approximated layer
output:
LX)~ (XWW," +b =X(W,W,)" +b.

The approximation error ||Y — }A’||12F =", ., 07 is directly controlled by our adaptive rank selection criterion.

The approximation is exact when the discarded values of ¥ are all zeros. Crucially, V does not participate in the
decomposition phase and can be discarded, reducing memory overhead.

3.3 Adaptive Rank Selection

The truncation rank k is determined through spectral energy analysis of the singular values o; from the layer
output decomposition. For a user-specified energy retention ratio r € (0, 1), we select the smallest k satisfying:

P 2
%Z(l—r)}. (1)

n 2
j=19

k=min{p€N

This criterion ensures the compressed layer preserves at least fraction r of the original output’s spectral
energy while maximizing parameter reduction. The singular values o; are obtained directly from the SVD of
representative input batches, making the selection adaptive to the true data distribution.

3.4 Convolutional Architecture Extension

For convolutional layers with weights ‘W € R#*X"kXenXcout e first express the operation as a tensor contraction.
Let X € Rb*MnXwinXcin be an input batch. The output at position (i, j, ¢) is computed as:

hr—1 we—1c¢jp—1

Oi,j,c = Z Z Z (W[m,n,d,c] 'X[shi+m,swj+n,d]:

m=0 n=0 d=0

where sy, s,, denote stride parameters. Reformulating as matrix multiplication via input unrolling:
Oﬂat = XcolWﬂat € R(h"“fwoutb)xcout’

where X, € Rouwoud)x(hewicn) contains flattened receptive fields and Wy, € R (e wiein) Xcout jg the reshaped
weight tensor.

Applying pDDSVD to Ofjq; creates two matrices that can be reshaped into two convolutional weights: a spatial
convolution with weight ‘W, € Ri>wxenxk and a point-wise convolution with weight W, € RP>PXkXcour,

A secondary decomposition phase applies SVD to W after unfolding via the operator UNFOLD(W;) =W, €
R (hikein) X (wek) similar to the one used in other works (Chen et al. 2023). The unfolding operation is formally
defined as:

UNFOLD . thxwkxcmxk — R(hkcm)x(wkk)

2
Wi o> Wi (2)

where the element-wise mapping for 0-indexed coordinates is given by:

(M)(l-cin+n),(m-k+o) = ((Wl)l, m,n,o (3)

This particular formulation helps separate spatial kernel dimensions, making it easier for SVD to isolate spatial
redundancies. Truncating to rank k’ via (1) yields:

Wi~ USVT = wwy, (4)
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which folds back into spatial convolutions with kernels Ay X 1 and 1 X wy respectively. We note that k’ is chosen
using the same method described in 1, with a small ratio » = 0.01 to remove the noise, applied to the X of the
secondary SVD. The folding operators are formally defined as:

FOLD] . R(hkqn))(k/ N thXlXCinXk/

Wy = W] ®
(Wtonp = (W) (tcintn), ps (6)
and:
FOLD, : RF X (k) _ gixwxk/xk
W' = Wy’ 7
(W()o,m, p,o = (W{")p, (m-k+o)- ®)

This hierarchical decomposition preserves spatial structure while progressively removing redundancies, as
visualized in Figure 1.

This process yields three compressed convolutions:

e Vertical convolution W/ € Rhxx1xcinxk

. ) )
e Horizontal convolution ‘W)’ € RIXWexk'xk
e Point-wise convolution W, € RIX¥1¥kXcou

w
—_
ES
2
: Input Output
-
o hin X Win X Cin hout X Wout X Cout
hi X Wk X Cin X Cout

- A wy We
2 R
<
2
£ Input  F— Output
o
g hin X Win X Cin hout X Wout X Cout
[=]

hie X 1 X cin X k' Lxwg x k' xk 1 X1 xk X Cout

Fig. 1. Convolutional compression via nested decomposition: Original kernel (orange) separates into vertical (blue) and
horizontal (green) spatial components via unfolding operations, followed by a point-wise convolution (purple). The three-stage
factorization reduces parameters through successive SVD applications while maintaining output fidelity.

3.5 Computational Optimization Strategies

The computational complexity of direct SVD application becomes prohibitive for large neural network layers.
Our framework addresses this through two synergistic techniques: representative sampling for dimensionality
reduction and incremental SVD for batched processing. Algorithm 2 formalizes this integrated approach.
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3.5.1 Representative Sample Selection. Drawing from active learning principles (Jabrane, Hafidi, et al. 2023;
Jabrane, Tabbaa, et al. 2024; Mourad et al. 2024; Wang et al. 2015), we employ clustering-based sample selec-
tion to identify critical data patterns while discarding redundant observations. For layer outputs Y € RN*d
where N exceeds practical decomposition limits, we select n << N representative samples through K-Medoid
clustering(Kaufman and Rousseeuw 1990; Park and Jun 2009):

Algorithm 1 K-Medoids Clustering with Greedy Dispersion

Require: Dataset X, Number of clusters n
Ensure: Set of medoids M, Cluster assignments C
1: Select first medoid m; € X randomly

2: fori=2tondo
3 m; « arg maxyex (minj; d(x, m;)) > Select most distant point
4: end for
5:M<—{m1,...,mn}
6: repeat
7: for each sample x € X do
8: C(x) « arg ming,eps deos(x, m) > Assign via cosine distance
9: end for
10: Mald — M
11: for each cluster Cy. do
12: my < argminjec, 2 jec, 41, J) > Find point with minimum total distance
13: end for
14: M — {my,...,mu}
15: until M = M,;4 > Termination

This K-Medoids variant balances computational efficiency with cluster quality. For this work, we define Ny,
as the maximum value of N that can be decomposed directly without representative sampling. For practical
purposes, we set Nmay to be double the output dimension of Y (Npax = 2-d), which preserves as much information
from the matrix after SVD, with larger values not yielding any improvement in performance, while drastically
increasing the memory overhead.

3.5.2  Batched Incremental Decomposition. SVD is a memory and compute-intensive process, particularly for
larger matrices (Golub and Van Loan 1996). Our proposed method requires a sufficient number of examples to
approximate the original model’s accuracy closely. To achieve this, we propose using incremental SVD, which
operates on chunks of the input matrix along one of its dimensions to approximate its SVD. We utilize an
incremental algorithm (Zha and Simon 1999) to find an approximation with an error E:

M =USV* =USV* +E.
The SVD of a given series of n matrices A; with i = 1,2,...n can be approximated by first finding the rank d
decomposition of A;:
A =UZi VY,
and for each subsequent step k + 1, we find the QR decomposition of the matrix:

(I = UkU)Ak+1 = QR,
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and finding the rank d singular value decomposition of the matrix:

[Zok U;gkﬂ] —OS
Finally, the rank d SVD of the matrix at the step k + 1 can be approximated as:
[Ar A2 o A Ara] = U Zia Vi,
With:
U = Uk Q| U, ©)
St =2, (10)
Vews = [Vok ?] 7. (11)

In our case, each A; corresponds to the transposed output Yl.(j )T of batch i for layer j. While the standard
incremental SVD algorithm updates both Uy and Vi in each step, Vj is not a necessary component of the pipeline,
and its computation can be ignored to save on memory and time.

With incremental SVD, the approximation of the model’s layers can be done in batches. Each batch of inputs is
propagated through the network, and the output at each fully-connected or convolutional layer is captured in
order to update the approximation of SVD. As such, the decomposition process is made into an iterative one,
with the final iteration producing the SVD components required for creating the decomposed layer (W; and W5).

4 Experimental Results

To evaluate the effectiveness of our work, we evaluate DDsvD on several well-known architectures, including
ResNet (K. He et al. 2015) and VGG (Simonyan and Zisserman 2015), applied to datasets such as CIFAR (Krizhevsky
2009), and the 1000-class variant of ImageNet (Russakovsky et al. 2015). VGG is particularly noted for its intensive
memory requirements due to its large fully connected layers. Table 1 presents basic information on the datasets
used for these experiments.

For CIFAR-10 and CIFAR-100, we use smaller variants of ResNet models implemented in PyTorch (Ansel et al.
2024), trained for 200 epochs. The smaller models are chosen because they produce a mode pronounced accuracy
reduction in the resulting models, which facilitates comparisons. For ILSVRC2012, we use the pre-trained weights
provided by the TorchVision library (maintainers and contributors 2016). Table 2 presents the characteristics of
the models used in our evaluation.

Table 1. Basic information on the datasets used for the experiments.

Dataset Number of Classes Description

CIFAR-10 10 32x32 RGB images

CIFAR-100 100 32x32 RGB images

ImageNet 1000 Large-scale RGB image classification dataset

We evaluate the methods based on three criteria: accuracy, number of parameters, and FLOPs. Model training,
compression, fine-tuning, and evaluation were performed on an NVIDIA RTX 3060 with 12GB of GPU memory.
The proposed approach is compared to Tucker Decomposition (Kim et al. 2015), and RIGHT JOINT-svD and
LEFT JoiNT-svD (Chen et al. 2023). First, the target models are compressed with ppsvp, then compression ratio
(CR) of each model at different values for r is calculated. Finally, the other three methods are applied as described
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Algorithm 2 Data-Driven SVD Network Compression

Require:
Neural network with layers {L) };.": "
Input dataset {X,-}fi | (batches or individual samples)
Nmax: Maximum rows for decomposition matrix
r: Spectral energy ratio for rank selection
Ensure: Compressed network with decomposed layer structure
1: Initialize UY) « 0, £U) « 0 for all layers j
2: for each sample X; € {Xj,..., XN} do
3 for each layer LY) in topological order do
4 Forward propagate X; to get layer output Yl.<j ) e Rbixds
5 if LY) is convolutional then ) A
6 Flatten spatial dimensions: Yl.(j ) reshape(Yi(J ), (bihjw;) x d;)
7: end if _
8 if rows(Yi(J )} > Nipax then
9

Compute representative subset Yi/(j ) € RNmax*d; yia Algorithm 1

10: else

" Y0y

12: end if

13: Update UY), () via incremental SVD (Equations 9-10)
14: end for

15: end for

16: for each layer LY) do
17: Compute rank k; using energy threshold r (Equation 1)

18: Truncate Uk(j) — U(_Q, Z](cj) 3
sik;

1:kj,1:k;
19: Decompose original weights W):
20: Wl(j) — (Uk(j))TW(j) > Projection to latent space
21: if LY) is convolutional then _
22: Apply secondary decomposition to Wl(] ) (Equation 4)
23: end if .
24: Wz(J ) Uk(] ) > Reconstruction matrix
25: Replace LY) with Ll(j) - Lz(j) cascade
26: end for

in their respective papers to achieve compression ratio as close to our method as possible. The resulting models
are compared based on their accuracy before fine-tuning (Raw Acc.) and their accuracy after fine-tuning. We do
not decompose the first and the last layer, as those layers often make up a small fraction of the overall size of the
network and contain valuable information that may be lost during compression.

After the compression, we fine-tune the resulting models for a set number of epochs. For CIFAR-10 and
CIFAR-100, we fine-tune for 25 epochs with 6 epochs of warm-up (2 epochs are 0.1% of LR, 2 at 1%, and 2 at
10%). After the warm-up phase, the LR is divided by 10 at epochs 18 and 24. For larger (ImageNet) models, we
fine-tune for only 20 epochs with three epoch of warm-up, since the fine-tuning of such models is expensive from
a time and resource standpoints. We use the same settings for fine-tuning all experiments in order to conduct fair

Journal of Artificial Intelligence Research, Vol. 86, Article 26. Publication date: July 2026.



Neural Network Compression with DDSVD « 26:11

Table 2. Models used in evaluation on different datasets

Dataset Model Parameters FLOPs Accuracy (%)
ResNet18 703,886 35.78 x 10° 91.48%
ResNet34 1,338,910 74.04 x 10° 92.72%
ResNet50 1,497,519 85.40 x 10° 93.39%
VGGY BN 5,038,224 107.34 x 10° 91.77%
CIFAR-10 VGG11 BN 9,761,938 154.58 x 10° 91.77%
VGG13 BN 9,947,220 230.67 X 10° 93.55%
VGG16 BN 15,262,039  315.77 x 10° 93.85%
VGG19BN 20,576,858  400.85 x 10° 93.67%
ResNet18 2,818,289 133.25 x 10° 70.43%
CIFAR-100 ResNet34 5,350,913 285.27 x 10° 72.07%
ResNet50 6,013,329 328.17 x 10° 72.47%
ImageNet  ResNet34 21,797,672 3.68 x 10° 73.31%

comparisons with the same learning rate, number of epochs, and scheduling. Fine-tuning is done with automatic
mixed precision to bfloat16 in order to accelerate training (Micikevicius et al. 2018). We set the base learning rate
of fine-tuning to 0.01 for all experiments.

For all experiments, we set the ratio for the second decomposition step to 0.01 and use that to calculate k’ for
each layer. Although the optimal parameters for fine-tuning may vary between methods, We have not tuned the
fine-tuning hyper-parameters for each method, which is a limitation of this experimental evaluation.

4.1 Results on CIFAR-10 and CIFAR-100

By setting the r parameter to a very small value, we can decompose the network while keeping much of its
accuracy intact. Table 3 shows the results of applying ppsvp with r = 0.01. From the results we can see that
our method can compress most of the tested models with a small degradation in performance even without,
demonstrating potential for applications where training the resulting network is not possible either due to lack
of powerful hardware or the lack of data. For VGG models, which are known to be heavily over-parameterized,
the compression ratio reaches upwards of 6.37x while the accuracy reduction is only 2.6%. We also present the
recovery of the accuracy of the same models in Figure 2 when decomposed with small values of r, demonstrating
the model’s ability to keep its accuracy with and without fine-tuning.

For both datasets, we take 128 batches of 128 random images from the training set to sample for bpsvp. We
decompose both convolutional and fully connected layers other than the first and last layers of VGG models to
increase the compression ratio of DDsVD, since most of the parameters in the VGG architecture are stored in the
fully connected layers.

To demonstrate the ability of our scheme to compress CNNs with high compression ratios, we compare DDSVD
to other state-of-the-art tensor and matrix decomposition methods (Table 4 and Table 5). We note that bpsvD
achieves the best accuracy out of the tested methods in compressing classification models on CIFAR-10. Across
the board, our ppsvD achieves accuracy higher than the second best method. For example, on ResNet18, it
outperforms Tucker (Kim et al. 2015) by a margin of 4.49%. We note that while the reduction in FLOPs is not as
great as TUCKER, it is greater than both RysvD an 1ysvD.

On CIFAR-10, our method demonstrates superior performance compared to other tested methods, yielding
better results both before and after fine-tuning. On CIFAR-100, pDSVD achieves better results than the other
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Table 3. Results of decomposing various CIFAR-10 models with r = 0.01, showing their original accuracy scores before
decomposition, the number of floating point operations (FLOPs) of the decomposed models, their compression ratio (CR),
and their accuracy scores before and after fine-tuning. FT Acc. represents the accuracy of the network after fine-tuning.

Model Original Acc. CR FLOPs (x10°) Raw Acc. FT Acc.
ResNet-18 91.48% 1.99% 21.91 84.35% 90.44%
ResNet-34 92.72% 2.18% 43.13 72.52% 91.92%
ResNet-50 93.39% 1.70x 61.65 91.80% 93.18%
VGG9 BN 91.77% 2.39% 49.79 90.01% 90.73%
VGG11 BN 91.77% 3.36X 64.25 90.34% 90.93%
VGG13 BN 93.55% 3.72X 90.81 91.28% 92.73%
VGG16 BN 93.85% 4.84% 107.92 90.46% 92.88%
VGG19 BN 93.67% 6.37X 120.48 91.06% 92.78%
80
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Fig. 2. Visualization of the accuracy of various models with and without fine-tuning. The models were decomposed using

pDsVD with r = 0.01, resulting in reduced parameters with small reduction in accuracy before fine-tuning.

methods tested on both ResNet18 and ResNet34. However, it is surpassed by rjsvD and 1jsvD on ResNet50, which
has more layers and therefore benefits from the joint decomposition. On the other hand, our decomposition scheme
achieves much lower computational footprint across all experiments in this particular dataset, demonstrating an

accuracy to speed trade-off that might be beneficial in certain scenarios.

Figure 3 presents the raw accuracy and the accuracy of the fine-tuned models at different values of r ranging
from 0.01 to 0.30. Figure 4 presents the correlation between r and compression ratios for each network.
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Table 4. Comparative evaluation of bbsvp with other methods on CIFAR-10.

Model Method Raw Acc. FT Acc. Parameters (CR) FLOPs

Tucker (Kim et al. 2015)  9.94% 75.90% 62,717 (11.16X)  4.21 X 10°
rjsvD (Chen et al. 2023)  10.00%  73.01% 63,546 (11.04X)  5.44 X 10°
1ysvD (Chen et al. 2023)  11.20%  72.64% 63,546 (11.04X)  5.44 X 10°
pDSVD (Ours) 11.62%  80.39% 62,879 (11.20x)  5.04 x 10°

Tucker (Kim et al. 2015)  10.00%  74.40% 49,727 (14.10x)  3.53 x 10°
RjSvD (Chen et al. 2023)  10.00%  70.64% 51,498 (13.62x)  4.50 X 10°
LjsvD (Chen et al. 2023) 10.00%  71.42% 51,498 (13.62x)  4.50 x 10°
pDSVD (Ours) 10.27%  75.79% 49,724 (14.10x)  4.17 x 10°

Tucker (Kim et al. 2015)  9.99% 78.90% 114,289 (11.68x)  7.01 X 10°
RjsvD (Chen et al. 2023)  10.05%  74.60% 115,034 (11.60x)  11.69 X 10°
LjsvD (Chen et al. 2023) 17.87%  75.98% 115,034 (11.60x) 11.69 x 10°
ppsvD (Ours) 10.51%  84.60% 113,107 (11.81x)  9.53 x 10°

Tucker (Kim et al. 2015)  10.00%  76.97% 90,483 (14.75x)  5.84 x 10°
rjsvD (Chen et al. 2023)  10.00%  72.76% 90,794 (14.71x)  9.18 X 10°
LjsvD (Chen et al. 2023) 10.00%  72.82% 90,794 (14.71x)  9.18 X 10°
ppsvVD (Ours) 10.12%  81.23% 90,253 (14.79x)  7.89 x 10°

Tucker (Kim et al. 2015)  10.04%  84.30% 215,423 (6.89x)  17.76 X 10°
RjsvD (Chen et al. 2023)  10.12%  86.41% 214,666 (6.83x)  21.46 X 10°
LjsvD (Chen et al. 2023) 10.00%  84.82% 215,050 (6.90x)  19.21 X 10°
pDpsvD (Ours) 10.10%  87.48% 215,468 (6.89x)  18.53 X 10°

Tucker (Kim et al. 2015)  10.09%  83.79% 196,352 (7.56X)  16.43 X 10°
rjsvD (Chen et al. 2023)  10.42%  85.84% 198,954 (7.46X)  20.51 X 10°
1ysvD (Chen et al. 2023)  12.07%  80.45% 196,842 (7.54x)  17.70 X 10°
pDSVD (Ours) 10.00%  86.07% 195,975 (7.58x)  16.81 x 10°

ResNet18

ResNet34

ResNet50

The experiments show the sensitivity of bbsvD to the parameters r. At r = 0.01, the accuracy after decomposi-
tion is close to the original. At larger values of r, the accuracy drop is greater (Figure 3), and the compression
ratio is larger (Figure 4). ResNet50 shows a lower compression ratio than other networks.

4.2 Results on ImageNet

We evaluate our method on the ILSVRC2012 dataset, which is used as a benchmark for real world vision
applications. We use the pre-trained ResNet34 network provided by PyTorch(Ansel et al. 2024) as a starting point
and decompose compare the results as earlier experiments. We present our findings in table 6, with the top-1 and
top-5 accuracy scores of the models.

We note that DpDsVD tends to create models with better accuracy at the same compression ratios than other
methods. While Tucker (Kim et al. 2015) decomposition compresses the models with a lower FLOPs than ppsvD,
1JsvD and RJsvD have a much larger computational footprint than both of the other methods, making them not
optimal for deployment on low-end devices.
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Table 5. Comparative evaluation of bbsvb with other methods on CIFAR-100.

Model Method Raw Acc. FT Acc. Parameters (CR) FLOPs

Tucker (Kim et al. 2015)  0.96% 55.01% 237,763 (11.83X)  13.16 X 10°
RysvD (Chen et al. 2023) 1.00% 5530% 241,420 (11.66X)  15.93 X 10°

1jsvD (Chen et al. 2023) 1.00% 56.78% 241,420 (11.66X)  15.93 X 10°
6
ResNet1g PPsvP (Ours) 1.56%  60.04% 237,809 (11.83x) 11.87 X 10
Tucker (Kim et al. 2015)  1.00% 53.20% 192,932 (14.58X)  10.75 x 10°
RySVD (Chen et al. 2023) 1.00% 50.16% 189,100 (14.88x)  12.44 X 10°
LjsvD (Chen et al. 2023) 1.06%  50.25% 189,100 (14.88x) 12.44 X 10°
pDSVD (Ours) 0.79%  56.52% 192,860 (14.60X)  9.68 X 10°
Tucker (Kim et al. 2015)  1.00% 60.55% 436,079 (12.25x)  25.11 X 10
RysvD (Chen et al. 2023) 1.17%  60.53% 437,900 (12.20x)  39.05 X 10
LjsvD (Chen et al. 2023) 1.00% 59.78% 437,900 (12.20X)  39.05 X 10°
6
ResNetaq PPSVD (Ours) 1.00%  64.16% 436,505 (12.24x)  22.87 X 10
Tucker (Kim et al. 2015)  1.06%  55.42% 342,800 (15.53x)  19.89 X 10°
RrysvD (Chen et al. 2023) 1.00% 56.80% 342,572 (15.62X)  29.56 X 10°
LjsvD (Chen et al. 2023) 1.00% 56.72% 342,572 (15.62X)  29.56 X 10°
pDSVD (Ours) 0.80%  59.92% 343,829 (15.53X) 17.69 X 10°
Tucker (Kim et al. 2015)  2.43%  62.13% 895,139 (6.69x)  60.03 X 10°
RrysvD (Chen et al. 2023) 1.50%  67.85% 870,012 (6.88x)  73.27 x 10°
LjsvD (Chen et al. 2023) 1.31% 66.51% 872,828 (6.86X)  63.86 X 10
6
ResNetso PPSVP (Ours) 0.99% 65.94% 874,964 (6.84X)  46.74 X 10

Tucker (Kim et al. 2015)  2.32%  60.50% 781,857 (7.66xX)  51.81 X 10°
RrysvD (Chen et al. 2023) 1.01%  66.87% 793,116 (7.55X)  66.18 x 10°
1jsvD (Chen et al. 2023) 1.28% 66.11% 792,540 (7.55X)  57.92 x 10°
pDSVD (Ours) 1.00% 64.48% 790,723 (7.57x)  43.77 x 10°

Table 6. Comparative evaluation of bpsvb with other methods on ILSVRC2012. FT Acc. is the accuracy of the model after
fine-tuning.

Model Method Raw Top-1 Acc. Raw Top-5 Acc. FT Top-1Acc. FT Top-5 Acc. Parameters (CR) FLOPs
TuckeR (Kim et al. 2015) 0.17% 0.83% 63.34% 85.33% 2,793,101 (7.81x)  417.0 x 10°
RJSVD (Chen et al. 2023) 0.15% 0.70% 62.24% 84.49% 2,795,432 (7.80X)  786.9 X 10°
1JsvD (Chen et al. 2023) 0.10% 0.67% 62.61% 84.74% 2,795,432 (7.80X)  786.9 x 10°
6
ResNet34 pDsVD (Ours) 0.20% 1.02% 63.61% 85.35% 2,792,069 (7.81x)  490.7 X 10
Tucker (Kim et al. 2015) 0.14% 0.59% 53.76% 78.32% 1,609,954 (13.53X)  206.8 X 10°
RJSVD (Chen et al. 2023) 0.10% 0.51% 53.16% 77.70% 1,610,408 (13.53x) 446.1 X 10°
1jsvD (Chen et al. 2023) 0.10% 051% 54.11% 78.37% 1,610,408 (13.53%) 446.1 X 10°
DpDSVD (Ours) 0.16% 0.60% 55.00% 78.84% 1,610,486 (13.53X) 285.2 X 10°

We also compare the average decomposition time between ppsvD and TUCKER model compression. In this test,
we use 32 batches of 32 items each. The results in Table ?? show that ppsvD takes significantly more time to
process and decompose the model than TuckER. This observation owes to the complexity of iterative SVD and
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Fig. 3. Raw and fine-tuned accuracy of each model at different values of r (0.01 to 0.30)

Table 7. Average decomposition times (in seconds) for TuckEr-based decomposition and the proposed DDA method across
different architectures.

Model Tucker DDSVD
VGG11-BN 14.4290 23.1359
ResNet34 2.7987 30.8928
ResNet50 2.4383 214.3867
DeiT-Tiny 0.4593 90.3747
DeiT-Small 1.1811 516.9829
DeiT-Base 4.7076  3442.9344
ConvNeXt-Small 1.6103  1271.4475
Swin-Tiny 1.5941 533.7790

representative sampling. We also observe that the decomposition time scales with both the number of layers
and with output size, with VGG11 and ResNet34 having the smallest decomposition time, as well as DeiT-Tiny,
DeiT-Small, and DeiT-Base having different compression times despite having the same number of layers and
structure but different output sizes. While the compression time of DDsSVD is much greater than that of TUCKER,
it is still small compared to the time required for fine-tuning the models.

We compare the layers resulting from ppsvp and the ones resulting from Tucker(Kim et al. 2015) to the
original layers when in table 8. We use demonstrate their compression ratio, and similarity to the original using
32 randomly selected images from the training dataset.
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Fig. 4. Compression fractions of different ResNet models at different values of r

4.3 Statistical Tests

To assess the statistical significance of performance variations, we utilize the non-parametric Friedman test (Demsar
2006) to rank accuracy scores across all datasets, models, and compression ratios, providing a robust comparison
that accounts for cross-dataset variability without assuming normality.

The results of the Friedman test revealed a test statistic of X? = 16.54 and a corresponding p-value of 8.774x 1074,
which is less than the conventional significance threshold of a = 0.05. This p-value strongly suggests that the
null hypothesis of no significant difference between the compression methods can be rejected at the a = 0.05
significance level. Thus, the test confirms that there are statistically significant differences in performance between
the compression methods across the datasets.

To further examine the pairwise differences between methods, we employed the post-hoc Nemenyi test,
visualized through a critical difference (CD) diagram (see Figure 5). The CD diagram illustrates the comparisons
among the methods, where methods not connected by a horizontal line are significantly different from each other.
As depicted in the diagram, our proposed method demonstrates a statistically significant improvement over the
other methods tested. In contrast, the remaining methods do not exhibit significant differences in performance
when compared to one another.

By utilizing both the Friedman test and the CD diagram, we provide robust statistical evidence that the
proposed method offers superior performance in comparison to the alternatives, underlining its effectiveness
across different datasets and compression ratios.
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Table 8. Properties of compressed layers of ResNet34 compared to the original layers. Propagated similarity (P. Sim.) is the
average cosine similarity of the layer’s output to the original when the input when data is propagated naturally through the
network, while aligned similarity (A. Sim.) is the average cosine similarity when the layer is fed the same input as the original

Layer Method #Params. CR FLOPs Ratio  P.Sim.  A.Sim.
Javert.0.convi Tucker (Kim et al. 2015) 7.9k 4.65x 4.65% 0.924 0.924

yert.0- DDSVD 0.8k 46.37% 46.37% 0.932 0.932
Javert.0.conv2 Tucker (Kim et al. 2015) 5.0k 7.38X 7.38X 0.635 0.791

yert.0- DDSVD 1.9k 19.01% 19.01% 0.746 0.885
Javerid.convi Tucker (Kim et al. 2015) 3.9k 9.37% 937X 0.818 0.833

yert 1. DDSVD 0.8k 46.37% 46.37% 0.926 0.928
Javerid.conv Tucker (Kim et al. 2015) 41k 8.93x 8.93x 0.442 0.649

yert 1. DDSVD 2.9k 12.89% 12.89% 071 0.853
Javert.2.convi Tucker (Kim et al. 2015) 3.9k 9.37% 9.37x 0.641 0.677

yert.2. DDSVD 2.9k 12.89X 12.89X 0.742 0.784
laver1.2.conv2 Tucker (Kim et al. 2015) 3.3k 1113 1113 0559 0.702

yert.2. DDSVD 5.9k 6.2 6.2 0377 0.871
laver2.0.comvi Tucker (Kim et al. 2015) 9.2k 8.03X 5.42% 0519 0.657

yers.0- DDSVD 9.8k 7.52X 511X 0.721 0.904
laver2.0.comv2 Tucker (Kim et al. 2015) 17.3k 8.51 851 0.732 0.839

yers.0- DDSVD 123k 1202 1202 0.738 0.908
laver2.0.downsample g TUCKFR (Kim et al. 2015) 2.0k 406X 2.08% 0592 0.731

yers.0- ple DDSVD 1.8k 453x 343X 0.828 0.923
laver2. Leonvi Tucker (Kim et al. 2015) 13.8k 10.67 1067 0.739 0.836

yers. 1 DDSVD 9.8k 15.12X 15.12 0.836 0.908
laver2. Leonv2 Tucker (Kim et al. 2015) 13.1k 1127 1127 0.704 0.849

yers. 1. DDSVD 13.4k 11.03% 11.03x 0.758 0.898
lavers.2.comvi Tucker (Kim et al. 2015) 12.0k 12.26X 12.26X 0515 0.699

yers.2. DDSVD 21.1k 6.99% 6.99% 0.637 0.871
layer2.2.conv2 Tucker (Kim et al. 2015) 8.1k 18.2x 18.2x 0.594 0.739

yers.a DDSVD 24.8k 5.95% 5.95% 0.607 0.89
layer2.3.convl Tucker (Kim et al. 2015) 11.6k 12.69% 12.69%X 0.648 0.735

yers-3. DDSVD 123k 12.02X 12.02% 0.8 0.895
1 23 2 Tucker (Kim et al. 2015) 12.5k 11.78X 11.78X 0.478 0.71
ayers.>.conv DDSVD 26.5k 5.56X 5.56X 0.409 0.862

1.25 1.50 1.75 2.00 2.25 2.50 2.75 3.00
Lo . . . . . . o
DDSVD [1.286] [2.929] LJSVD
Tucker [2.857] [2.929] RJSVD

Fig. 5. Critical difference diagram of compression methods

4.4 Impact of Number of Batches

We investigate the correlation between the number of batches used in the approximation of Singular Value
Decomposition (SVD) and the quality of the resulting decomposition. For this analysis, we apply Data-Driven
SVD (pDsvD) on the three datasets previously employed in our experiments. The batch size is fixed at 64, with the
rank parameter set to r = 0.01, and the number of batches varying from 1 to 512. To evaluate the effect of batch
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Table 9. Properties of compressed layers of ResNet34 compared to the original layers (continued).

Layer Method #Params. CR FLOPs Ratio  P.Sim.  A.Sim.
laver3.0.comvi Tucker (Kim et al. 2015) 34.2k 8.63x 6.09% 0.681 0.828
yers.0- DDSVD 26.4k 11.16X 7.4% 0.749 0.912
laver3.0.conv2 Tucker (Kim et al. 2015) 59.1k 9.97x 9.97x 0591 0.796
yers.0- DDSVD 72.2k 8.17% 8.17x 0.608 0.907
lavers.0.downsample g TUCKER (Kim et al. 2015) 3.5k 9.26X 469X 0451 0.583
yers.0- ple DDSVD 9.6k 3.4% 2.6 0.544 0.805
lavers. Leomvi Tucker (Kim et al. 2015) 61.1k 9.65% 9.65% 0.785 0.885
yers. - DDSVD 37.4k 15.76X 15.76X 0.798 0911
layer3.1.conv2 Tucker (Kim et al. 2015) 38.0k 15.52% 15.52X 0.679 0.826
yers. 1 DDSVD 66.2k 8.9% 8.9% 0.63 0.896
layer3.2.convl Tucker (Kim et al. 2015) 44.4k 13.3X 13.3X 0.802 0.879
yers.a DDSVD 30.2k 1955 19.55% 0.784 0.906
1 3.2 2 Tucker (Kim et al. 2015) 36.4k 16.22X 16.22X 0.624 0.79
ayers.c.conv DDSVD 77.3k 7.63% 7.63% 0.606 0.885
1 33 1 Tucker (Kim et al. 2015) 38.9k 15.15X 15.15X 0.787 0.871
ayers.>.conv DDSVD 26.6k 22.15% 22.15% 0.776 0.905
lavers.3 . Tucker (Kim et al. 2015) 45.0k 13.1% 13.1% 0.607 0.816
ayers.>.conv. DDSVD 50.0k 11.8% 11.8% 0582 0.851
laver3.4.comvi Tucker (Kim et al. 2015) 37.7k 15.63% 15.63% 0.776 0.868
yers.a DDSVD 29.0k 20.35% 20.35% 0.773 0.898
laver3d.comva Tucker (Kim et al. 2015) 41.9k 14.09% 14.09% 0594 0.81
yers.a DDSVD 63.5k 9.28% 9.28% 0.565 0.876
lavers.s.comvl Tucker (Kim et al. 2015) 37.2k 15.84X 15.84X 0.718 0.854
yers.- DDSVD 47.4k 12.44X 12.44X 0.697 0.905
laver3.s.comva Tucker (Kim et al. 2015) 42.5k 13.89% 13.89% 0598 0.823
Yers.- DDSVD 53.8k 10.95x 10.95x 0.61 0.864
laverd.0.comvi Tucker (Kim et al. 2015) 120.9k 9.76X 6.91x 0521 0.846
yers.O DDSVD 106.5k 11.08x 7.36X 045 0.874
laverd.0.conv2 Tucker (Kim et al. 2015) 242.9k 9.71x 9.71x 0387 0.771
yers.O- DDSVD 396.4k 5.95% 5.95% 0345 0.882
laverd.0.downsample.o  TUCKER (Kim et al. 2015) 10.2k 12.91% 651 0327 0587
yerd.0. ple. DDSVD 58.6k 2.24% 172X 0.365 0.871
laverd .convi Tucker (Kim et al. 2015) 220.2k 10.71% 1071 0.848 0.943
yerd. 1. DDSVD 53.1k 44.45% 44.45% 0.846 0.913
laverd .conv2 Tucker (Kim et al. 2015) 234.4k 10.06X 10.06X 0439 0.803
yerd. 1. DDSVD 404.4k 5.83% 5.83% 0327 0.899
laverd.2.convi Tucker (Kim et al. 2015) 245.1k 9.63x 9.63% 0.896 0.958
yerd.2. DDSVD 53.1k 44.45% 44.45% 0.906 0.942
laverd.2.conv2 Tucker (Kim et al. 2015) 538.6k 438% 438% 0.168 0.897
yerd.2. DDSVD 444.1k 531X 531X 0.155 0.904

variation, we measure both the raw accuracy and the compression ratio (CR) for each combination of dataset and
model. The results are visualized in Figures 6, 7, and 8, where accuracy and CR are plotted as functions of the
number of batches.

The results reveal a clear and consistent correlation between the number of batches and both accuracy and
compression ratio. Specifically, we observe that as the number of batches increases, the compression ratio
decreases, indicating a more compact representation of the model. Simultaneously, model accuracy improves with
the increasing number of batches. This behavior suggests that larger batch sizes lead to better approximations,
enhancing model performance at the cost of reduced compression efficiency.

For the specific case of the CIFAR-10 dataset using the VGG13 BN model, the optimal balance between accuracy
and compression ratio appears to occur when the number of batches is between 32 and 64. In this range, the
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model achieves near-maximum accuracy while maintaining a favorable compression ratio. Beyond 64 batches,
the accuracy begins to plateau, while the compression ratio continues to decrease, reflecting diminishing returns
in accuracy improvement relative to the cost in parameter overhead.

Table 10 presents the detailed performance metrics for VGG13 BN on CIFAR-10 as the number of batches
increases. As shown, with 1 batch, the model achieves a top-1 accuracy of 89.58% with a compression ratio
(CR) of 5.03x. As the number of batches increases to 32, accuracy improves to 91.45% with a reduced CR of
3.90x. Notably, beyond 64 batches, further improvements in accuracy become marginal, with the maximum top-1
accuracy of 91.61% observed at 256 batches, while the compression ratio drops to 3.77X. At 512 batches, however,
a slight degradation in accuracy is observed, dropping to 91.00%, suggesting that excessively large batch sizes
may introduce noise or instability in the decomposition process.

These findings underscore the trade-off between model size and accuracy, where increasing the number of
batches enhances the quality of the decomposition at the expense of compression efficiency. The observed optimal
range of 32 to 64 batches provides a practical guideline for balancing these two competing factors in the context
of DDsVD.

Table 10. Accuracy and compression ratio for VGG13 BN on CIFAR-10 with varying numbers of batches.

Batches Number of Parameters CR  Accuracy

1 1,978,049 5.03% 89.58%
2 2,250,152 4.42X 90.45%
4 2,400,827 4.14X 90.84%
8 2,485,707 4.00X 91.15%
16 2,525,302 3.94% 91.26%
32 2,551,507 3.90x 91.45%
64 2,562,251 3.88% 91.57%
128 2,575,729 3.86X 91.51%
256 2,639,963 3.77X 91.61%
512 2,737,243 3.63X 91.00%

4.5 Impact of the Batch Size

In a further investigation of the impact of batch size on model performance, we fix the number of batches at 4
while varying the batch size from 1 to 512. This analysis focuses on the ResNet34 model trained on the CIFAR-100
dataset. Similar to the previous analysis, we assess the correlation between CR and top-1 accuracy, seeking to
understand the trade-offs between these two metrics as batch size increases. Figures 9, 10, and 11 shows the
complete results of this experiment.

Taking ResNet34 on CIFAR-100 as an example, table 11 presents the results of this experiment. Initially, with a
batch size of 1, the model exhibits a very low top-1 accuracy of 2.65%, along with a relatively high compression
factor of 5.75X. This result indicates that with a small batch size, the model’s performance is severely constrained,
likely due to the limitations in the ability of the SVD approximation to capture the key structures of the data. As
the batch size increases to 8, we observe a significant boost in performance, with the top-1 accuracy rising to
58.32% and the compression factor reducing to 2.65x. This dramatic improvement suggests that larger batch sizes
allow for a more precise decomposition, which in turn improves the model’s ability to generalize.

Beyond a batch size of 16, the gains in accuracy begin to plateau, with the maximum top-1 accuracy of 64.13%
observed at a batch size of 64. However, further increases in batch size beyond 64 yield diminishing returns. For

Journal of Artificial Intelligence Research, Vol. 86, Article 26. Publication date: July 2026.



Toulaoui, Khalfi & Hafidi

26:20 -
CIFAR-10 ResNet18 CIFAR-10 ResNet34
3.0 T e a—— e CE] |
PO e 235 AN 78
P> / AN
- / N
L 80 / R =% }76
2.8 X h R R
_ 230 —t
Z H75 3 X7 L 74
S S -
2 2.61 9 o %~ o
B | © 1 ! L2 8
< ) —e— CR 70 3 = 2251 ; —e— CR 3
2 ] —»- Accuracy < 2 ! -»- Accuracy <
224 1 I @ ) 70
4 i Les & @ ! a
s 1 IS) oY 1 <
E / £ 2.201 !
o ! o 68
224 F60
1
1 L
H L 55 2.15 1 66
2044
* 4 . . . ° [ 64
T T T T T y T T T T 50 r T r T r r r r r T
1 2 4 8 16 32 64 128 256 512 1 2 4 8 16 32 64 128 256 512
Number of batches Number of batches
CIFAR-10 ResNet50 CIFAR-10 VGG13 BN
F92.2 x
5.0 1 S SR —
1.95 4 - - Y F91.50
x AY
,/ \\
.
1.90 1 1 F92.0 4.8 1 o N foias
AT X~ N
—~ AN — e A
S 1851 N\ & 461 i X1 91.00
S | ofots § ° X g
i i v c & / l90.75 €
£ 180 —e— CR 3 £ 449 7 —e— CR 3
2 —»- Accurac, < 2 -»- Accurac <
4175 4o L or6 o 8 N Uracy 't 90.50
g 2 £ 4.24 II <
S [
£ £ / I 90.25
O 1.70 1 o )
lo1.4 4.04 7
K I 90.00
1.65 4 !
3.8
F89.75
1.60 1 [o12 M
3.61
- : . - : - T - - v : - - - : - - - r : —F 89.50
1 2 4 8 16 32 64 128 256 512 1 2 4 8 16 32 64 128 256 512
Number of batches Number of batches
CIFAR-10 VGG16 BN CIFAR-10 VGG19 BN
6.4 1 L
D AT T Lous 8:001 RIS Lols
6.2 1 / S ==xZ e AN
/ *= X \
/ L 91.50 .75 1 P xRS x
6.0 4 - - F91.6
¥ ¥
& / L91.25 2 7.50 £
< 5.8 .- o /
S / 9 ° ! Lo1.4
= =
© N F91.00 = © 7.25
= 5.6 / —e— CR 3 - ! —o— CR
o2 - < =) 7 -
2 'I ¥- Accuracy | 90.75 o 2 700 / ¥%=- Accuracy | g7 5
o 5.4 + & g7 T
5 ] <) o ¥
3 / L 90.50 £ !
O 5.21 I)K O 6.75 1 r91.0
II !
[ 90.25
5.0 7 65011
/ /I [ 90.8
/
18 X/ - 90.00 s ] )(II
. : : . . . : : . —L 89.75 . : . . . . . ; , — 90.6
1 2 4 8 16 32 64 128 256 512 1 2 4 8 16 32 64 128 256 512
Number of batches

Number of batches

Fig. 6. Impact of the number of batches on the accuracy and compression ratio of the models on CIFAR-10
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instance, at a batch size of 128, the accuracy drops slightly to 63.63%, and at 512, it further declines to 63.26%.
Despite these marginal decreases, the compression factor remains stable, hovering around 2.01X to 2.05X. This
stability indicates that the model’s size remains consistent, suggesting that increasing batch size beyond a certain
point has little effect on model compression, while accuracy can start to degrade.

These findings indicate that, unlike the number of batches, the batch size presents a more nuanced relationship
with model performance. For smaller batch sizes (e.g., 1-16), increases lead to substantial performance gains,
but these gains taper off at larger batch sizes. Therefore, batch sizes between 16 and 64 seem to offer an optimal
balance between compression and accuracy, beyond which there is little to no improvement in performance.
Moreover, the results suggest that extremely large batch sizes can negatively impact accuracy, possibly due to
over-fitting or noise introduced during the incremental SVD approximation.

In conclusion, while increasing batch size enhances the quality of the decomposition and model performance up
to a certain point, excessively large batch sizes yield diminishing returns. These insights highlight the importance
of selecting an appropriate batch size for optimal model compression and accuracy, reinforcing that tuning
batch-related parameters is crucial in practical applications of bDsSVD.
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Table 11. Accuracy and compression ratio for ResNet34 on CIFAR-100 with a fixed number of batches (4) and varying batch

sizes.
Batch Size Number of Parameters CR  Accuracy
1 928,957 5.75X 2.65%
2 1,266,918 4.22X 12.19%
4 1,652,026 3.23% 39.94%
8 2,018,624 2.65% 58.32%
16 2,325,682 2.30% 63.99%
32 2,505,919 2.13X 62.95%
64 2,608,974 2.05% 64.13%
128 2,648,382 2.02% 63.63%
256 2,657,438 2.01x 63.45%
512 2,652,922 2.01x 63.26%

4.6 Discussion
The experimental results obtained in this study demonstrate the superior performance of the Data-Driven SVD

(pDsvD) method in achieving more optimal decompositions than alternative approaches, thereby validating our
initial hypothesis that the intrinsic patterns within the data significantly influence the quality of the decomposition.
This observation highlights the capacity of ppsvD to adapt to the underlying structure of the data, facilitating
more effective decomposition. Moreover, bDsvD proves to be an effective tool for compressing neural networks
with minimal need for additional fine-tuning, a property that can be particularly advantageous in scenarios
where computational resources are constrained or rapid deployment is necessary.

Our experiments have shown that our method can be applied quickly to the neural networks. We have observed
that smaller models can be compressed in as little as a few seconds, and larger models on larger datasets requiring
no longer than a few minutes. As highlighted in Table 8 and continued in Table 9, bDsvD consistently produces

layers that are up to 10 times more compact compared to those obtained via TUCKER decomposition (Kim et al.
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2015), while maintaining superior similarity scores. This is exemplified by the results for layer1.0.conv1, where
DDSVD achieves significantly higher compression without sacrificing representational accuracy. Such findings
confirm that ppsvD not only compresses neural network layers more effectively, but also preserves critical
structural properties of the layers, leading to decompositions that closely approximate the original layers rather
than merely reducing their parameter count. This characteristic is essential for maintaining the functional
integrity of the network post-decomposition, ensuring that compression does not degrade model performance.

When compared with other state-of-the-art methods, ppsvD consistently outperforms in terms of accuracy
while maintaining a comparable number of parameters. Although the reduction in floating point operations
(FLOPs) achieved by ppsvD is on par with TUCKER decomposition (Kim et al. 2015), bpsvD substantially outper-
forms rysvD and 1ysvD (Chen et al. 2023) in terms of both accuracy and model efficiency. The ability of DDsVD
to compress models without compromising on accuracy positions it as a favorable method for practical neural
network compression tasks.

However, it should be noted that DbsvD does not surpass RJSVD in certain cases, particularly in scenarios where
joint decompositions are advantageous, such as with networks containing a large number of identical layers, as
seen in architectures like ResNet50 on CIFAR-100. In such cases, RjsvD benefits from its joint decomposition
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Fig. 11. Impact of the batch size on the accuracy and compression ratio of the models on ImageNet-1k

strategy, which exploits redundancies across multiple layers to achieve higher compression rates. This limitation
suggests that while ppsvD excels in layer-specific decompositions, its efficacy in networks with substantial layer
redundancy may be constrained compared to methods that leverage joint decomposition techniques.

In summary, ppsvD offers a promising and efficient approach for neural network compression, particularly
in cases where minimal fine-tuning is required. Its ability to preserve the structural integrity of layers while
achieving substantial compression underscores its potential for deployment in resource-constrained environments.
Nonetheless, further exploration of hybrid approaches that integrate the strengths of both bpsvp and joint
decomposition methods could yield even more efficient compression techniques in the future.

5 Conclusion and Future Works

In this study, we introduced a novel method for data-driven Singular Value Decomposition (DDsVD) aimed at
deep neural network compression. Our approach, motivated by the observation that patterns in the weights
do not necessarily reflect patterns in the data, operates on the outputs of the layers instead of their weights.
Our method has demonstrated significant capacity to compress both convolutional and fully connected layers
with great efficacy. Our experimental evaluations, conducted on well-known architectures such as VGG and
ResNet, highlight the efficacy of our approach. ppsvD is able to extract an optimal sub-network, with up to 6.3%
compression ratio and 3.3x reduction in FLOPs with small drop in accuracy with little to no fine-tuning in the
case of VGG19. In some cases, such as ResNet34, the accuracy drop is steeper, but the accuracy can be recovered
with fine-tuning.

These findings suggest that DpsvD is a powerful tool for neural network optimization, offering a pathway to
deploy high-performance models on resource-constrained devices. In future works, we would like to extend this
work with global importance estimation such as with the genetic algorithm. We would also like to extend this
work with a framework adapted to the compression of transformer-based language models and other recent
architectures.
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