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Abstract

In this paper, we present SLIMING (Singular vaLues-drIven autoMated filter prunING), an automated filter pruning
method that uses singular values to formalize the pruning process as an optimization problem over filter tensors.
Recognizing that this original formulation poses a combinatorial challenge, we propose to replace it with a two-
step process that consistently uses singular values in each phase: (i) determining the pruning configuration, which
specifies the number of filters to retain in each layer, and (ii) selecting the filters themselves. We show that this
approach ensures the preservation of the filters’ multidimensional structure throughout the pruning process. For
each of these steps, we propose a straightforward algorithm to solve them. To validate each part of our approach,
we performed a numerical simulation on an overparameterized synthetic toy example. Additionally, we conducted
extensive simulations across eight architectures, four benchmark datasets, and four vision tasks, validating the efficacy
of our framework. Our code is available for research purposes at sliming-ai.github.io.

Keywords: matrix and tensor decompositions, HOSVD, structured pruning, automated pruning, network
compression

1. Introduction

Network compression is an important area in machine learning that focuses on reducing the computational and
memory demands of neural networks while maintaining their performance. The objective is to develop more effi-
cient models that can be deployed on resource-constrained devices, enabling faster inference and greater autonomy.
To achieve network compression, various techniques have been introduced, including pruning, quantization, neural
architecture search (NAS), and low-rank factorization [9, 37, 56, 69]. These approaches contribute to reductions in
model size, number of parameters, inference computation, and energy consumption.

Among these techniques, network pruning stands out as a particularly effective approach for supporting model
deployment by reducing neural network redundancy [68]. The underlying principle behind network pruning is that
many models are over-parameterized, containing numerous unnecessary or redundant parameters [42]. Pruning these
redundant parameters yields smaller and more efficient models suitable for deployment on resource-constrained de-
vices, often improving generalization performance [19, 57]. Network pruning can be categorized into two primary
types based on the granularity of the pruning process, unstructured or structured pruning. Unstructured pruning,
also known as weight pruning, involves removing individual insignificant weights. While offering advantages like
reduced computational complexity and improved memory efficiency, this approach introduces inefficiencies in hard-
ware acceleration, requiring specialized hardware or software [19]. In contrast, structured pruning overcomes these
limitations by removing entire structured components such as layers [46], channels [14], and filters [19], making it
more adaptable across different hardware platforms [37].

In the process of filter pruning, we are confronted with two questions that directly impact the efficacy of the
pruning procedure. Firstly, we must establish a pruning configuration—i.e., devising a strategic approach to ascertain
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the number of filters to be pruned across each layer. Secondly, once the pruning ratio for each layer is defined
(equivalently, the pruning configuration is established), the challenge shifts to identifying the optimal set of filters
for pruning. Numerous methods have been proposed in the literature to address these questions. Among them, intra-
channel approaches [1, 42, 66, 30, 8, 68, 49] assess filter importance solely based on individual filter or feature map
characteristics. Metrics like the rank [42], norm [1, 66, 30], entropy [68, 49, 75] and energy [8] are commonly used
to gauge filter saliency. However, such approaches overlook filter correlations, often resulting in redundant pruned
models. For illustration, let us consider a convolutional layer containing three filters: two of them are structurally
similar, while the third is noticeably different. Without loss of generality, suppose that the feature maps produced by
the similar filters have higher ranks than the one generated by the distinct filter. According to its underlying criterion,
HRank [42] would, for instance, remove the filter associated with the lowest-rank feature map—that is, the distinct
one. However, this choice leads to preserving two highly redundant filters while discarding the more informative
one, potentially reducing the diversity of the remaining filter set. To address this limitation, inter-channel methods
[35, 68, 50, 74, 21, 36, 28, 40, 18, 65, 34] exploit correlations or similarities between filters or feature maps to
reduce redundancy. Techniques such as similarity-based pruning [35, 68, 50, 36, 4, 40, 34] evaluate filter importance
through pairwise distance measurements, while others introduce metrics like channel independence [68, 21, 28, 65]
and attention map similarity [74, 45].

While inter-channel methods mitigate some shortcomings of magnitude-based approaches, they still have limita-
tions. First, despite the multidimensional nature of the filter/feature map tensors, several works [42, 65, 40, 34] often
flatten 3-order filter tensors into matrices or vectors, which can result in loss of spatial or temporal information. The
multidimensional structure of filters is important, and neglecting it through flattening can lead to the loss of crucial
information [55]. Second, certain methodologies [35, 68, 21, 66, 55, 36, 54, 65] examine filters or features in isolation
within each layer, thus overlooking the global relationship between layers and failing to provide a comprehensive in-
terpretation of network pruning from a holistic perspective. Third, several methods estimate the importance of filters
through their corresponding feature maps or channels [50, 19, 74, 38, 21, 36, 4, 58, 7, 42, 65, 8]. With their feature-
guided nature, such data-dependent methods are computationally inefficient and sensitive to the distribution of input
data, making it difficult to accurately estimate average feature map values [73].

The primary challenge in pruning lies in establishing the pruning configuration, i.e., the pruning ratio for each
layer. There are two approaches: manual [50, 73, 30, 68, 26, 27] and automatic [63, 19, 37, 72, 13, 74] pruning
configuration. With the former approach, the sparsity of each layer is manually defined based on experience. As
manual search is a time-consuming process that requires human expertise, this approach lacks automation and thus
has low adaptability and practicality in realistic engineering applications [5]. With the latter approach, the pruning
rate is automatically determined to meet a given constraint such as the number of parameters, or the computational
complexity [19, 37, 72, 13, 74, 18, 16, 52, 76, 34]. Recent works rely on various similar or saliency metrics, such
as attention map ranking [74], sensitivity-based analysis [76, 17, 34], architecture generator [72], and reinforcement
learning (RL) [13, 37] to discover tensor redundancy (i.e. filter redundancy). However, these methods also contain
several disadvantages. Most of them are computationally and time-consuming because they either require retraining
the model from scratch [6, 77], finetuning the model while pruning [72, 17, 34], or calculating the feature map
[19, 74, 38, 18, 77]. On the other hand, some NAS-based [6, 16, 52, 33, 43] or RL-based methods [13, 37], which
train the model on a proxy dataset in a calibration process to search for the pruning configuration, depend on the proxy
dataset and are computationally expensive. Additionally, some methods reshape 4-order filters [34, 73, 40] or 3-order
feature maps [18] to 2-order matrices, potentially compromising multidimensional information richness.

This paper introduces a method that leverages tools from linear and multilinear algebra to provide a new solution
for automated filter pruning. We propose to detect network redundancy hinging on the dynamics of singular values.
In this work, we illuminate the relationship between filter redundancy within neural networks and the observable
variations in their singular values. This observation underpins our approach, which we articulate as a constrained op-
timization problem. Recognizing the inherent complexity and combinatorial nature of filter pruning, we strategically
decompose the overarching challenge into two manageable sub-problems. Both are methodically designed to leverage
the same underlying principle—the variation of singular values—thereby ensuring consistency in our methodology.
Central to our formulation is the consideration of the filters’ multidimensional structure, a critical aspect that preserves
the integrity of information throughout the pruning process. We show that our approach guarantees that the essential
information encoded within the filters is retained, preventing any loss of crucial information. To navigate the com-
plexities of this optimization landscape, we introduce two heuristic methods, each tailored to effectively tackle one of
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the sub-problems. The first method focuses on estimating the optimal pruning configuration, determining the precise
number of filters to be retained across different layers under a global constraint. The second method is dedicated to
the selection of filters, identifying which filters to preserve in order to maximize filter independence. Together, these
methods embody a comprehensive solution to automatic filter pruning, called SLIMING, for Singular vaLues-drlven
autoMated filter prunING.

Our approach distinguishes itself from existing methods through several key characteristics. First, it handles the
multidimensional structure of the weight tensor without the reshaping process commonly seen in prior works [65,
18, 34, 20, 73]. Second, it adopts a layer-global perspective, establishing inter-layer relationships based on a desired
resource budget, which contrasts with the layer-local approaches [35, 68, 21, 66, 55, 36, 65] that often ignore these
interactions. In our method, all layers participate in the optimization process to jointly determine the optimal pruning
configuration. Third, it uses an inter-filter strategy, leveraging information across all filters within a layer to better
estimate filter saliencies, addressing the limitations found in intra-filter approaches [42, 66, 30]. Lastly, our approach
is data-free and directly operates on filters, unlike feature map-based methods [50, 19, 74, 38, 21, 36, 4, 58, 7,42, 65, 8]
which require supplementary input data for estimating filter redundancy. This data independence eliminates the need
for proxy data [19, 36, 58] or a calibration phase [34, 7, 77], thereby enhancing compression efficiency. Briefly, the
contributions of this work are three-fold:

* First, we highlight the link between the variation in singular values of filter tensors and network redundancy,
allowing us to formulate automated structured pruning as a constrained optimization problem aimed at maxi-
mizing the independence of pruned model filters.

» Second, acknowledging the combinatorial complexity of the initial formulation, we simplify it into two sub-
problems and introduce two straightforward algorithms to solve them.

 Third, we assess our framework across diverse vision tasks, including image classification, object detection,
instance segmentation, and keypoint detection. Through a comprehensive comparison with existing pruning
methods, we validate the effectiveness of our approach.

2. Notations and background

2.1. Notations and preliminaries

This paper uses lower-case letters (e.g., a) to denote scalars, bold lowercase letters (e.g., a) to represent vectors,
bold uppercase letters (e.g., A) to represent matrices, and bold calligraphic letters (e.g., A) to denote tensors. A tensor
is a generalization of a matrix to a multi-way data array. A d-order tensor is a multi-way data array A € R11>x12xx1a_
where I,, is the size of mode n. The (i1, i, -, iq)-th element of A is denoted as a;,;,.. ;,- The Frobenius norm is
denoted as ||.|| . unfold,,.A refers to the unfolding of tensor .4 over its n-th mode [10]. a” is the transpose of a. The
cardinality of set A is denoted as ‘A‘

Definition 1. The singular value decomposition (SVD) of a matrix A € R™*™ is a factorization of the form
A=UxVT = ZoiuiviT, 1)
i=1

where v < min(m,n) is the rank of A, ¥ € R™*" is a diagonal matrix whose diagonal entries are non-negative
and represent the singular values, U € R™*™ js an orthogonal matrix, containing the left singular values of A,
and V € R™ ™ is an orthogonal matrix, containing the right singular values of A. The singular values adopt the
following convention

Ul20'2Z"'ZO-TZO:U’!‘-&-I:"':Umin(m,n)~ (2)

Definition 2. The nuclear norm of a matrix A € R™*", denoted as || A ||, is defined as the sum of its singular values:

1Al = o 3)
=1



Definition 3. The mode-n product of a tensor A € RI1*12Xx1a ywith q matrix U € R7* I is defined as:

I,
B=Ax, U biy iy yjiniria = D Giroigliin, “)

in=1
where B c Rllx---xln,l><J><In+1--~><1d.

Definition 4. The Tucker decomposition [70] expresses a d-order tensor A as a series of mode-n products:

A=Gx; UD x, U x5 ... x, UD, (5)
where G € RIEV<R2xXRa js the core tensor, and U™ € RI»*En js the n-th mode factor matrix. The tuple
{R1,Ra, ..., Rq} is called the multilinear rank of A. In the special case when the factor matrices U™ are orthog-

onal, the decomposition in (5) is called the higher-order singular value decomposition (HOSVD) [10]. This latter is
considered as a generalization of the SVD of matrices defined in (1).

2.2. Relationship between singular values and redundancy

To motivate the use of singular values and the nuclear norm as criteria for filter selection, we now provide an in-
terpretation of their relationship with redundancy. The singular value decomposition and nuclear norm were formally
defined in Subsection 2.1 (see Definitions 1 and 2). Here, we revisit these notions to analyze how the spectrum of
singular values reveals structural redundancy in a set of convolutional filters. According to the Eckart—Young theorem,
the best rank-r approximation A, of a matrix A € R™*", in terms of the Frobenius norm, is obtained by truncating
its singular value decomposition to the r largest singular values. The approximation error is given by the squared sum

of the discarded singular values [12]:
min(m,n)

A=A JE= > of. (©)
i=r+1

Large singular values correspond to dominant directions capturing most of the variance in the data, while small
singular values indicate directions that contribute little to the matrix’s structure. When singular values decay rapidly,
it means that the matrix’s energy is concentrated along only a few directions. In such cases, the row vectors (e.g.,
convolutional filters) lie close to a low-dimensional subspace, and many of them convey overlapping or redundant
information. Conversely, when the singular values are more evenly distributed, the information is spread across
multiple independent directions, indicating greater diversity and reduced redundancy. The nuclear norm, defined as
the sum of singular values, quantifies this spread. Maximizing the nuclear norm therefore promotes a more balanced
contribution of multiple orthogonal components, thereby encouraging filter diversity and minimizing redundancy.

2.3. Classical problem formulation of filter pruning

Let us consider a convolutional neural network (CNN) model comprising L convolutional layers. The [-th layer
possesses a weight tensor W! of dimensions C; x Cj—1 x hy x wy, where Cj, C;_1, h;, and w; represent, respectively,
the number of output channels, the number of input channels, the height of the kernel, and the width of the kernel.
The primary objective of filter pruning can be expressed as

. L L
arg min E({Wl }1:1’ D) , st C ({Wl}lzl) < Clesireds @)
Wi},
where L is the loss function, and D is the considered dataset. C(-) is the function that computes the model’s con-
figuration, and Cgesireq 1S the desired resource budget, representing flexible constraints such as the number of retained
filters, target parameters, or MACs. Without loss of generality, let Cyesirea Tepresent the desired total number of filters
to retain IV, and the function C(+) now computes the sum of the number of filters to be kept across all layers. For the
I-th layer, let K! = {k{,kj, ..., kly, } be the set of the indices of the retained filters, where &, is the index of the n-th
retained filter, 1 < n < NN, and [V, is the total number of the retained filters. Wﬁcl,:,:,: is the weight tensor of the [-th
pruned layer. Thus, the problem formulated in (7) can be expressed as
L
argminﬁ({Wklm:’:}lel,D),s.t.z |]Cl| < N. (8
(e
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3. SLIMING approach

In this section, we present SLIMING, our proposed method, for addressing the automated filter pruning problem
using singular values. First, in subsection 3.1, we analyze the relationship between singular values of filter tensors
and their dependencies. Building upon this analysis, we formulate the singular values-driven pruning problem, char-
acterized as a combinatorial optimization problem. Due to the intractable nature of directly solving this combinatorial
formulation over a large search space, we propose a relaxation by decomposing the problem into two subproblems,
as described in subsection 3.2. We then respectively propose two tailored solutions for these subproblems. The first
component, pruning configuration estimation (detailed in subsection 3.3), takes as input the weights of a pretrained
model and a target total number of filters to retain. It outputs an optimal layer-wise pruning configuration that satisfies
the global filter budget. The second component, filters selection (discussed in subsection 3.4), iteratively removes re-
dundant filters in each layer until the target number of retained filters—determined in the previous step—is achieved.
Finally, the pruned model is fine-tuned to recover any information loss. The overall pipeline of the SLIMING pipeline
is concisely summarized in subsection 3.5.

3.1. Singular values of filter tensors and their dependencies

In the case of matrices, the concept of redundancy, i.e., the dependency among columns and/or rows, culminates

in rank degeneracy, signifying that the matrix does not possess full rank. This phenomenon of rank degeneracy is pal-
pable through the lens of singular values. Specifically, if the tally of non-zero singular values falls short of min(m, n)
for a matrix of dimensions m X n, it heralds the existence of dependencies between the matrix’s columns and/or rows.
Transitioning to our context, where the weights W! manifests as multidimensional 4-order tensors rather than matri-
ces, the conventional approach [34, 73, 40, 42, 65] of flattening these tensors into matrices of size C; x (Cy—1 - hy-wy),
which encapsulates the vectorized rendition of the C; filters across their rows, poses the risk of obfuscating the filters
inherent multidimensional characteristics [56].
It appears most prudent, therefore, to explore the variation of a certain “multilinear” singular values counterpart per-
taining to the 4-order tensor, particularly across the filters mode, i.e., mode-1 of tensor W!. This mode quintessentially
embodies the filters variation. However, the application of the HOSVD does not yield “multilinear” singular values
per se, given the core tensor’s non-diagonal structure. Nevertheless, this core tensor boasts two important properties
[10]: (%) the all orthogonality property (i.e., all the slice matrices of a given mode of the core tensor are mutually
orthogonal), and (47) the ordering property. The latter ensures that the Frobenius norm of the mode-1 matrix slices of
the core tensor G in (5), articulated as:

1GG, )| 2 166, i @ <. )

This insight remains true for other modes as well, and allows an analysis of filter dependencies via the enduring
Frobenius norms of the mode-1 slices of the core tensor G. This quantity, namely the Frobenius norm of the slice
matrices, can be seen as a kind of “multilinear” singular values. Moreover, an interesting property highlighted in [10]
reveals that, given the HOSVD of the 4-order tensor W' as

W' =G x; UM x, UP %, UG x, UMW, (10)

and concurrently, the SVD of mode-1 unfolding of W' as

unfold, W' = UEVT = Z ouvy, an
i=1
then it follows that
Hg(i,:,:,:)HF:m—. (12)

In essence, this analysis elucidates that pursuing the variation of “multilinear” singular values relative to a specific
mode, is equivalent to analyzing the singular values fluctuation of the tensor’s unfolding in accordance with that mode.
Leveraging these properties, we propose to formulate our pruning problem using the singular values variation, without



compromising their intrinsic dimensional interdependencies. In the sequel and in light of these explanations, we now
define the nuclear norm of a tensor W' as the nuclear norm of its mode-1 unfolding matrix as

HWlH* = Hunfoldlle*. (13)

Before expressing the proposed pruning problem formulation, we simulate, in a toy example, a synthetic dataset,
dubbed as SVGG, for Synthetic VGG, which includes an original model that mimics the architecture of the VGG
network [64] with L = 5, iy = w; = 3 and {C}}1, = {64,128,256,512,512}. We choose the redundant rates

(the ratio of the number of redundant filters to the total number of filters, i.e., ClglN L) of these layers sequentially as

{0.25, 0.3, 0.35, 0.4, 0.45}, thus {N;} 2| = {48,90, 166,307, 282}, and the number of retained filters N = 893. In
the [-th layer, we init N; core filters with the standard normal distribution while the remaining redundant filters are
copied from the core filters with a small noise of variance ¢ = 0.01. It should be noted that the SVGG test is only
designed as a proof of concept in a controlled environment, where synthetic redundancy is deliberately introduced.
For experiments on real-world models and datasets, including comparisons with state-of-the-art methods, we refer the
reader to Section 4. The singular values are visualized in Figure 1. One should note that the overparameterized model
contains many near-zero singular values, indicating redundancy. The result of our proposed algorithm on SVGG can
be previewed in Figure 2, showing the number of non-redundant selected filters. Our algorithm accurately identifies
100% of the core filters across all layers. In the sequel, we explain in detail our proposed pruning problem formulation
and corresponding algorithms to obtain this result.

T T T T I
I~
120" — Layer 1 1 I 1 Random search 3 -
100l ——Layer2 /| ¢ 300 | CHIP [65] 3
— tayefi = In  FPC 8] =
o 80| vl g I8 SPSRC [66]
: ——Layer5 || 3 11 GEM (Ours)
5 601 (282;58.18) B % 200
= &
) =
g - 1 g
a 4 (307; 34.93) =
166; 23.52) S
20 |- (9515.81) - E 100
(48;11.05) E
U 1 =
| | | | |
0 64 128 256 512
Index of the singular value Layer 1 Layer2 Layer3 Layer4 Layer$5
Figure 1: Singular values variation through the layers of SVGG. Figure 2: Non-redundant selected filters with SVGG.

3.2. Proposed problem formulation

Drawing on the insights from the preceding subsection, it now appears intuitive that if we establish a general
pruning ratio or a fixed number N of filters to retain, then the following two assertions become equivalent: “Retaining
the least redundant filters in a layer of a CNN” is synonymous with “Preserving the set of filters that maximizes
the sum of singular values”. This equivalence arises because filters exhibiting similarities drive their corresponding
singular values toward zero, as illustrated in the toy example provided earlier. Consequently, we can express the
singular values-driven pruning problem as follows:

L
argmaxz ngcl iy ‘
.
{ri}, 1=
This optimization challenge seeks to identify a set of sets, Kliforl <1< L, that maximizes the nuclear norm

(thereby ensuring maximal independence among filters) while ensuring that the aggregate cardinalities of these sets

6

L
,ost Y K <N (14)
* =1



do not exceed a predetermined value N. Notably, the search space for this combinatorial problem is immense; the
L
number of possible combinations in (14) is bounded by 25:1 (217; Cl). For instance, in the synthetic SVGG model

with ZlL:l C) = 1472, selecting filters that match the ground-truth N = 893 yields ('y) ~ 6 x 1026 possible
configurations. This combinatorial complexity is even much greater in real models like VGG [64] or ResNet [24].
Given its combinatorial nature and the vast search space, we relax this problem by decomposing it into two subprob-
lems: (¢) determining the optimal cardinalities for each layer that maximize the sum of nuclear norms across all layers,
and (4¢) once the cardinalities for each layer are established, solving L independent optimization problems where, for
each layer, we seek the filter selection that maximizes the nuclear norm subject to the given cardinality constraint.
For the first challenge, namely, finding the optimal configuration, the optimization problem can succinctly be repre-
sented as:

ar maxiiol- st i M<N, (15)
& 2% St 1< N, <C for 1<1<L,

where oé are the i-th singular values of unfoldlwl, and NV, is the cardinal of the set K, essentially the number of
filters to retain in each layer.

Upon determining the optimal configuration, the problem of filter selection then diverges into L distinct optimization
challenges, one for each layer, defined as follows:

arg max Hwﬁcl iy ‘

, st K =N, (16)
/C *

for 1 < 1 < L, with N; being known. This phase shifts focus to identifying, for each layer, the precise subset
of filters /C* that, when retained, maximizes the nuclear norm, hence adhering to the pre-established cardinality V.
To succinctly summarize the two sub-problems delineated in (15) and (16), which collectively supplant the initial
problem posited in (14), it can be articulated that the problem in (15) addresses the query, “How many filters will each
layer contribute?”, whereas the problem in (16) resolves the inquiry, “Which filters will each layer contribute?”. The
count of possibilities for (15) is is bounded by Zi\; I (i_—11) For (16), the search space for the [-th layer and across

all layers are (f,i) and T, (f,i), respectively.

It is worth noting that the two subproblems defined in (15) and (16) are not equivalent to the original problem in (14).
While breaking down (14) into these subproblems does not constitute an exact replacement, this relaxation offers
significant benefits, particularly in terms of computational efficiency and practical interpretability. First, the original
problem in (14) has an extraordinarily large search space that grows combinatorially with the total number of filters
across all layers. Decomposing it into two stages substantially reduces the search space, making the problem more
manageable and feasible to solve, even for large-scale models with many layers. Second, this decomposition clearly
separates decision-making stages, allowing us to address high-level resource allocation across layers independently
from the detailed selection of filters within each layer. This modularity enables a more structured approach to problem-
solving. Third, by tackling the problem in two stages, we gain flexibility in adjusting and interpreting the pruning
strategy. The solution to (15) provides an interpretable layer-wise allocation of filters that can be easily adjusted to
meet different model-size or inference-time requirements without needing to solve the entire problem from scratch.
For instance, if a tighter constraint is introduced, we can simply reduce the filter count in specific layers by adjusting
the outcome from (15) and then rerun the filter selection for those affected layers only. This flexibility allows for quick
adaptation to new constraints. Furthermore, with the layer-wise filter allocation known, we can employ specialized
filter selection techniques for each layer in (16). Fourth, the second subproblem in (16) can be solved independently
for each layer once the allocation in (15) is determined. This independence allows the filter selection problem to
be parallelized across layers, which can dramatically reduce the overall computation time in practice. This aspect is
particularly beneficial in large networks with numerous layers, where parallel computing resources can be leveraged
to expedite the pruning process. We showcase the pruning cost efficiency of SLIMING in subsection 5.1. Finally,
each subproblem is simpler with a more constrained search space, making it easier to apply heuristic or approximation
algorithms that converge quickly to an effective solution—something that may not be feasible in the original global
problem. In the next subsections 3.3 and 3.4, we illustrate this advantage by showing that using two proposed heuristic
algorithms for (15) and (16) can yield the correct solution for (14) on the toy example. Achieving this result would
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be far more complex if we attempted to solve (14) directly. In summary, the relaxation of (14) into the subproblems
in (15) and (16) not only reduces the computational burden but also improves flexibility and scalability.

3.3. Pruning configuration estimation

We introduce Algorithm 1, a method aimed at determining the optimal filter configuration across all layers while
adhering to a constraint on the total number of retained filters, as described by (15). The core concept revolves
around iteratively selecting the largest singular values from all layers until the desired number of retained filters is
met. Initially, the algorithm initializes the retained filter count for each layer to 1. The set S is used to store the
remaining largest singular value from each layer, initialized with the second singular values o) in step 5. This set
serves as the pool of candidate singular values to be considered in each iteration. The algorithm iteratively selects
the largest candidate singular value from S and increments the retained filter count of the corresponding layer. This
simple process repeats until the desired total number of retained channels is achieved. Applied to SVGG, Algorithm
1 demonstrates an accurate estimation of the pruning ratios. The iterative process of selecting singular values exploits
the decreasing property of singular values, resulting in an efficient computational complexity of O (N — L). This
efficiency is achieved by iteratively selecting the largest singular values from each layer’s set of candidate singular
values until the desired number of retained filters is reached. Consequently, the computational burden of this iterative
process is directly tied to the desired number of retained filters and remains independent of the size of the weight
tensors.

Algorithm 1 Pruning configuration estimation

Input: {Wl}le, N.
Output: Optimal configuration {Nl}zL:1 for (15).
: parfor [ = 1to L do > In parallel for alll = 1 to L
N =1
unfold; W' 52 U=, VT, with o = 5,4, 4).
. end parfor

1
2
3
4
s 8 ={ob})
6
7
8
9

:forn=1to N — Ldo

j = argmaxS; > j is the index of the largest value in S.
N;j=N;+1
: Sj = O'gvj_i_l
10: end for

11: Return {Nl}zL:1

3.4. Filters selection

Within this subsection, we introduce Algorithm 2, designed to address the solution to the optimization problem
formulated in (16). It is imperative to note that this stage assumes a predefined pruning configuration, with the optimal
number of filters to be retained across each layer already determined. The objective of Algorithm 2 is to identify, for
each layer, the set ! of size IN;, which epitomizes maximal filters independency. This aims to preserve the core func-
tionality of the network by retaining a subset of filters that collectively contribute to its predictive capacity, devoid of
redundancy. Given the combinatorial essence of the problem, an exhaustive search approach for deep CNNs is imprac-
tical due to the colossal search space it necessitates. To circumvent this challenge, Algorithm 2 employs a heuristic
strategy that iteratively eliminates filters until only the [N; most significant filters, as measured by our objective func-
tion, remain. The underlying idea of our filter elimination methodology hinges on the observation that the removal of
a filter, which results in negligible or no reduction in the overall nuclear norm, implies substantial redundancy of this
filter with respect to the retained set. Hence, we start with the complete set of C} filters for a given layer. Through suc-
cessive iterations, the algorithm methodically prunes the least contributory filters, converging on the desired subset of
N, filters. This iterative culling process ensures that each step towards achieving the target configuration is informed
by the strategic goal of minimizing redundancy while maximizing the collective independence and contribution of the
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retained filters. The computational complexity of Algorithm 2 is O (ZC"IN’ (C—i+ 120y hlwl), bounded by
@ (Cf’C’l_lhlwl). Note that Algorithm 2 is applied in parallel on all layers of the original model to solve (16).

Algorithm 2 Greedy Elimination Method (GEM)

Input: Wl, number of retained filters /V;.
Output: Optimal set K! = {k}, k5, ... ki, } for (16).
1: Initialize K! = {1,2,...,C;}
2: fori =1to (C; — N;) do
3: Initialize Apin = 00
4 for Scurent in KC! do
5: Rl = ICI \ {6current}
6 Acurrens = Wit .. |, = [Wre ...
7: if Acurrent < Amin then
8 Amin = Acurrent
9

: 6min = Ocurrent
10: end if
11: end for
12: K, = Kt \ {5min}
13: end for
14: Return K

Here again, we proceed to validate the efficacy of the proposed Algorithm 2 by initially applying it to our syn-
thetic toy example. This preliminary step precedes its application to deep CNNs from the state-of-the-art, which
will be elaborated upon in the subsequent section. In our comparative analysis, we juxtapose GEM against 5 related
techniques: the exhaustive search method, which, despite its guarantee of yielding optimal results by evaluating every
possible combination, proves impractical for larger models due to its computational demands; a randomized search
approach, which, by sampling a limited subset of the entire search space, risks overlooking the optimal solution;
CHIP [65]; FPC [8]; and SPSRC [66]. In CHIP, FPC, and SPSRC, the authors did not formulate filter pruning as
an optimization of the nuclear norm and it employed the calculation on feature maps, while the filters are addressed
in our approach. However, CHIP proposed an approach to maximize channel independence, in which the impact
of channels is calculated once, and then the most N; independent channels are retained. Meanwhile, both FPC and
SPSRC adopt an intra-channel strategy, assessing the importance of channels through metrics such as the nuclear
norm and the largest singular value, respectively. In Table 1 and Figure 2, we compare them via three aspects, namely
the computational complexity, the nuclear norm of the pruned model, and the number of non-redundant filters in I-th
layer of the pruned model. 7 is the number of selected candidates in the range search. Among all the above compet-
ing methods, only GEM and complete search manage to identify all unique filters, achieving 100% accuracy and the
highest nuclear norm (41917), which corresponds to maximal retained information. The complexity of GEM is given
by O (chzl;Nl (Cr—i+ 1)2 C’l_lhlwl) , upper-bounded by O (Cl?’C’l_lhlwl). In contrast, complete search incurs
N,
Cy
exponential gap, GEM attains the same performance with cheaper computational cost, making it a computationally
efficient yet highly effective alternative. Other heuristic-based methods significantly exhibit lower performance. Ran-
dom search, with reduced complexity O(7C?C;_1hjwy), only achieves 82.31% accuracy and fails to retain many
informative filters (735 vs. 893). CHIP [65], while slightly more efficient, drops to 67.86% accuracy with 606 non-
redundant filters retained. FPC [8] and SPSRC [66], both relying on significantly simpler complexity O(C?_, hjw;),
perform the worst with accuracies around 61% and the fewest non-redundant filters. These results highlight the ef-
fectiveness of GEM in balancing computational efficiency and selection quality. Nevertheless, we note that GEM is a
greedy algorithm and does not guarantee optimal solutions in all cases, which remains an open perspective for future
research.

a much higher cost of O ((]((Z ) C? C’l_lhlwl)—approximately times more expensive than GEM. Instead of this



Table 1: Filters selection methods on SVGG.

Method Complexity Nuclear norm  Non-redundant filters ~ Accuracy
Complete search O ((f,’l) C?Cy_1 hlwl> 41917 893 100.00
Random search O (7C?Ci_1hyw,) 37456 735 82.31
CHIP [65] O (C?C_1hyw)) 33789 606 67.86
FPC [8] O (CE_ hywy) 32403 548 61.37
SPSRC [66] O (CE ) 32197 546 61.14
GEM (Ours) O (L (Cr—i+ 1) Croahuw) 41917 893 100.00

3.5. Overall pipeline

Algorithm 3 outlines the complete SLIMING pipeline. The algorithm takes as input a pretrained model consist-
ing of convolutional layers with weights {Wl}lel, the total number of filters to retain N, and a set of fine-tuning
hyperparameters. The process begins by determining the per-layer pruning configuration {N;}£_; using Algorithm 1,
which solves the global filter allocation problem in equation (15). Next, in parallel across all convolutional layers,
SLIMING selects the /N; most important filters in each layer based on the greedy elimination method provided by
Algorithm 2, which solves equation (16). The filters not selected are then pruned, resulting in a reduced network.
Finally, the pruned model is fine-tuned on the training dataset D using the specified fine-tuning configuration (number
of epochs FE, learning rate 7, learning rate scheduler Sched, batch size B, optimizer Opt, momentum m, weight decay
M) to recover or even improve the model’s performance.

Algorithm 3 SLIMING algorithm

Input: Pretrained model with the weights {Wl }lel, total number of retained filters /V, fine-tuning hyperparameters:
number of epochs F, learning rate 7, learning rate scheduler Sched, batch size B, optimizer Opt, momentum m,
weight decay A, training dataset D

Output: Compact model that satisfies equation (8).

1: Estimate the pruning configuration {Nl}lL:l for (15) using Algorithm 1.

2: parfor/ =1to L do > In parallel for alll =1 to L
3 Find indices of the filters to be kept X! = {ki, Ky, ..., kﬂvl } for (16) using Algorithm 2.

4: Keep W;sz:):, remove redundant filters.

5: end parfor

6: Fine-tune the pruned model on D using { E, n, Sched, B, Opt, m, A}

4. Experiments

4.1. Experimental settings

Architectures and Datasets: To demonstrate the adaptability of SLIMING, we assess five architectures: VGG-
16-BN [64], GoogLeNet with inception modules [67], ResNet-20/32/56/110 with residual blocks [24], DenseNet-40
with dense blocks [29], and MobileNetV?2 with inverted residual block [61]. These models are tested on the CIFAR-
10/100 dataset [32]. Additionally, to validate the scalability of SLIMING, experiments are conducted on the ImageNet
dataset [11] using ResNet-34/50 [24] and MobileNetV2 [61] architectures. Furthermore, the compressed ResNet-50
model is employed as the backbone network for FasterRCNN-FPN [60], MaskRCNN, and KeypointRCNN [23] on
the COCO-2017 dataset [44]. It is worth mentioning that the pretrained models on CIFAR-10/100 and Imagenet are
taken from CHIP [65], and Faster/Mask/Keypoint-RCNN from Pytorch [53]. All these models are available on our
code repository: sliming-ai.github.io.

Evaluation Protocols: The model is assessed via three dimensions: accuracy, required Multiply Accumulate Op-
erations (MACs), and the number of parameters (Params). The compression ratio (CR) is quantified as the percentage
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reduction in MACs/Params compared to the original model. Concerning the performance, top-1/top-5 accuracy is
used on classification tasks while mean average precision (AP) and recall (AR) are used on detection/segmentation
tasks.

Fine-tuning Configuration: The hyperparameters used during fine-tuning are summarized in Table 2, with their
notations defined in Algorithm 3. Stochastic gradient descent (SGD) is employed as the optimizer across all three
datasets. Before training, the datasets are preprocessed as follows. For CIFAR-10/100, the training images are aug-
mented using random cropping to 32 x 32 pixels with 4-pixel padding, followed by random horizontal flipping. The
images are then converted to tensors and normalized using the channel-wise mean (0.4914, 0.4822,0.4465) and stan-
dard deviation (0.2023,0.1994, 0.2010), corresponding to standard CIFAR-10 statistics. Test images are only con-
verted to tensors and normalized, without augmentation. For ImageNet, training images undergo random resized crop-
ping, random horizontal flipping, tensor conversion, and normalization using the standard mean [0.485, 0.456, 0.406]
and standard deviation [0.229, 0.224, 0.225]. Validation images are resized to 256 pixels on the shorter side, center-
cropped to 224 x 224 pixels, and then normalized. For COCO, training data is augmented using horizontal flipping
and copy-paste augmentation from Torchvision [53]. We conducted fine-tuning using NVIDIA Tesla V100 SXM2
16GB GPUs and Intel Cascade Lake 6248 processors (20 cores at 2.5 GHz).

Table 2: Fine-tuning hyperparameters

Dataset Hyperparameters
E n Sched B Opt m A
CIFAR-10/100 300 0.1 CosineAnnealingL.R [51] 128 SGD 0.9 0.005
ImageNet 150 0.5 CosineAnnealingLR [51] 128 SGD 0.9 0.0001
Faster/Mask-RCNN: 26 MultiStepLR [53]: (16, 22)
coco Keypoint-RCNN: 46 0.02 MultiStepLR [53]: (36, 43) 16 SGD 0.9 0.0001

Baselines: SLIMING is compared with 58 related works, including 31 hand-crafted [39, 35, 50, 73, 30, 68, 56,
55, 26, 27, 78, 21, 66, 20, 36, 2, 57, 48, 41, 22, 9,49, 7, 4, 25, 8, 3, 42, 65, 15, 47] and 27 automatic pruning rate
approaches [38, 63, 19, 37, 72, 46, 13, 1, 14,74, 71, 45, 6, 28, 52, 58, 5, 18, 76, 33, 17, 75, 34, 77, 59, 40, 16]. We
classify the selected baselines into groups and provide a brief introduction to them as follows:

* Intra-channel approaches [1, 42, 66, 30, 8, 49] assess filter importance solely based on individual filter or feature

map characteristics. Rank: HRank [42]. Norm: SPWB [1], SPSRC [66], ResPrune [30]. Entropy: FSIM-E
[49], REAF [75]. Energy: FPC [8]. For example, SPWB [1] uses the L2 norm to define the filters’ importance;
the filters with L2 norms that are below a pruning threshold are removed during training.

¢ Inter-channel methods [35, 68, 50, 74, 21, 36, 28, 40, 18, 65, 34, 73, 49] exploit correlations or similarities

between filters or feature maps to reduce redundancy. Channel independence: CHIP [65], Tang et. al [68],
TAILOR [21], CATRO [28], FSIM-E [49], CLR-RNF [40], APIB [18], FiltDivNet [34], SFI-FP [73]. Feature
map or filter similarity: ARPruning [74], ACSC [45], SFP [35], FPWT [50].

* NAS-based approaches [6, 16, 52, 33, 43]. EvoFC [6], DAIS [16], Lu et al. [52], Lee et. al [33], ABCPruner

[43], RLAL [13], MCMC [37].

e RL-based methods: RLAL [13], MCMC [37]. For example, RLAL [13] jointly learns the weights and struc-

turally prunes the architectures of CNN models during training.

¢ Other approaches. Sensitivity-based analysis: ASTER [76], SP [17], FiltDivNet [34]. Architecture generator

ATO [72]. Structural reparameterization: UPDP [46]. Interpretable pruning: Guo et al. [19], WhiteBox [77].
Tensor-based: CORING [55], NORTON [56]. Attention-based: ACSC [45], GlobalPru [71], ARPruning [74].
Graph-based: HSC [39], RGP [9], Li et. al [36]. Clustering-based: SFP [35], ICP [4]. Dynamic pruning: UDSP
[14].
We adjust the target compression ratios to align with other methods for a comparable compression rate, facilitating an
analysis of the trade-off between compression rate and accuracy, and vice versa.
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4.2. Results on CIFAR-10

VGG-16-BN. Table 3 shows the pruning results of VGG-16-BN on CIFAR-10. Compared to hand-crafted prun-
ing rate approaches such as CHIP [65], RGP [9], and SPSRC [66], the pruned models from SLIMING give higher
accuracy while consuming fewer resources. In comparison with RL-based automatic pruning rate approaches in-
cluding MCMC [37], SLIMING compresses more MACs and parameters and gives higher accuracy. This advan-
tage also extends to advanced attention-based automatic pruning methods, such as ACSC [45], GlobalPru [71], and
ARPruning [74]. For instance, ARPruning [74], a channel pruning method based on attention map ranking, achieves
a comparable parameter reduction (89% vs. 92%) but still lags behind SLIMING in accuracy (92.69% vs. 93.74%).

Table 3: Pruning results of VGG-16-BN on CIFAR-10

Method Auto  Top-1 MACs (CR) Params (CR)
VGG-16-BN [64] 93.96 313.73M (00) 14.98M (00)
HRank [42] X 92.34 108.61M (65) 2.64M (82)
GlobalPru [71] v 93.49 135.85M (57) 2.99M (80)
Guo et al. [19] v 93.68 109.68M (65) 3.62M (75)
FiltDivNet [34] v 93.76  104.66M (66) 4.50M (70)
MCMC [37] v 93.77 154.97M (51) N/A
CHIP [65] X 93.86 131.17M (58) 2.76M (82)
SPSRC[66] X 9390 186.83M (40) 2.77M (82)
FPWT [50] X 93.94 140.28M (55) 3.96M (73)
SFI-FP [73] X 94.02 104.78M (67) 2.50M (83)
SLIMING (Ours) v 94.22  99.05M (69) 2.49M (83)
GFBS [48] X 92.09 69.02M (78) N/A
HBFP [2] X 92.30 62.30M (80) 2.90M (80)
ACSC [45] v 92.69 71.53M (77) 1.60M (89)
ARPruning [74] v 93.18 85.02M (73) 2.27M (85)
RGP [9] X 92.76 78.78M (75) 3.81M (75)
TAILOR [21] X 93.38 73.89M (76) 1.20M (92)
Tang et. al [68] X 93.67 65.94M (79) 1.77M (88)
SLIMING (Ours) v 93.74  59.23M (81) 1.16M (92)
EvoFC [6] v 88.71 42.35M (87) 0.99M (93)
RGP [9] X 91.45 31.37M (90) 1.43M (90)
SLIMING (Ours) v 91.69  31.37M (90) 0.23M (99)

ResNet-56/110. Table 4 presents the pruning outcomes for ResNet-56/110 on CIFAR-10. With ResNet-56, our
method achieves over 57% compression in both MACs and parameters compared to the baseline model, while en-
hancing the accuracy. This contrasts with several other methods [55, 66] that struggle to recover baseline accuracy
at such high compression levels. Compared to RLAL [13], a RL-based method which jointly learns the weights and
structurally prunes the architectures during training, SLIMING gives higher accuracy (94.15% vs. 93.86%) while still
enjoying a better MACs reduction (58% vs. 50%). For ResNet-110, SLIMING outperforms the method proposed
by Guo et al. [19] (interpretable task-inspired adaptive filter pruning), NNCS [15] (compressive sensing), and SFI-
FP [73] (soft independence guided filter pruning) across all metrics. Notably, compared to HSC [39], a very recent
state-of-the-art pruning method based on high-order spectral clustering with manually tuned pruning ratios, SLIMING
consistently outperforms it across two compression scenarios, offering better parameter savings (84% vs. 70%) and
greater MACs reduction (79% vs. 72%) while maintaining comparable accuracy (93.64% vs. 93.56%).
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Table 4: Pruning results of ResNet-56/110 on CIFAR-10 Table 5: Pruning results of DenseNet-40 on CIFAR-10

Method Auto  Top-1 MACs (CR) Params (CR) Method Auto  Top-1 MACs (CR) Params (CR)
ResNet-56 [24] 9326  127.09M (00)  0.85M (00) DenseNet-40 [29] 94.81 292.81M (00)  1.06M (00)
SPSRC[66] X 9319  73.66M(42)  0.47M (45) HRank [42] X 9424 1674IM(41)  0.66M (37)
DCFF [41] X 9326  5584M(56)  0.38M (55) ARPruning [74] V9442 16842M (41)  0.56M (46)
TAILOR [21] X 93.55 55.13M (56)  0.42M (51) FPWT [50] X 94.44  165.36M (44)  0.58M (44)
MFP [25] X 9356  59.40M (53) N/A NORTON [56] X 9467 16823M(42)  0.58M (45)
ResPrune [30] X 9359  53.40M (58) N/A SPSRC[66] X 9469 168.82M (42)  0.59M (44)
DCP [47] X 93.72 56.47TM (55)  0.43M (50) CORING [55] X 9471 173.39M (40)  0.62M (41)
GFBS [48] X 9375  737IM(42) N/A SLIMING (Ours) v  94.80 157.62M (46)  0.52M (51)
RLAL [13] vV 9386  63.20M (50) N/A
Lee et, al [33] 79400 634IM(50)  0.61M (29) EvoFC [6] v 9323 13499M (54)  0.50M (53)
NORTON [37] X 0400  T3OM(42)  044M (43) HRank [42] X 9368 110.15M(61)  0.48M (54)
SLIMING (Ours) « 9415  5335M(58) 0.37M (57) FPWT [50] X 9381 127.00M(57)  0.40M (44)
FPC [8] X 9414 121.08M(59)  0.50M (53)
SPSRCI[66] X 9165  46.62M (63)  0.30M (65) NORTON [56] X 9417 103.68M (64)  0.33M (69)
CHIP [65] X 9205 3479M(72)  0.24M(72) ARPruning [74] v 9420 108.8IM(61)  0.27M (74)
Hu et. al [27] X 9221 35.00M (72)  0.26M (69) SLIMING (Ours) v 9425 93.07M (68)  0.27M (74)
Tang et. al [68] X 9249  34.09M(73)  0.22M (74)
SFI-FP [73] X 9274 3479M (72)  0.24M (72) Table 6: Pruning results of GoogLeNet on CIFAR-10
CORING [55] X 9284  3479M(72)  0.24M (72)
Torque [20] X 9326  46.72M(63)  0.28M (67)
SLIMING (Ours) v 9333  32.19M(75)  0.21M (75) Method Auto Top-1 MACs(CR) Params (CR)
GoogLeNet [67] 9505 1.52B(00)  6.15M (00)
AR D M mm bdow o onws) s
: : : HRank [42] X 9453  0.69B(55)  2.74M (55)
ResPrune [30] X 9368  93.63M (63) N/A
FPWT [50] X 9517 0.6IM(60) 2.73M (55)
HSC [39] X 9401 88.26M (65)  0.69M (60)
TAILOR [21] X 9426 113.60M(55)  0.93M (46) FSIM-E [49] X 9532 086B(43)  326M(47)
NNCS [15] X 9341 9986M (61)  0.66M (62) CORING [55] X 9532  0.65B(57) 2.85M(54)
Chen et al. [7] X 9442 $8.33M (66) N/A SLIMING (Ours) v 9548  0.62B (60)  2.68M (57)
SFI-FP [73] X 9443 121.09M (52)  0.89M (48) FPWT [50] X 94.49  0.37M (76) 2.00M (67)
SLIMING (Ours) v/ 9452 87.59M (66)  0.61M (65) CLR-RNF [40] /9485  049B(68)  2.18M (65)
HBFP [2] X 91.96 63.30M (75) 0.43M (75) FSIM-E [49] X 94.92 0.43B (72) 2.19M (64)
Guo et al. [19] vV 9281  7640M(70)  0.34M (80) DCFF [41] X 9492 046B(70)  2.08M (66)
SFI-FP [73] X 9341 6778MM (73)  0.48M (72) CORING [55] X 9503 039B(74)  2.10M (66)
FPWT [50] X 9345 68.37M (73)  0.52M (70) ICP [4] X 9509 044B(71)  2.03M(67)
HSC [39] X 9356 7131IM (72)  0.51M (70) Zheng et al. [78] X 9530  0.52B (66) N/A
SLIMING (Ours) v  93.64  54.50M (79)  0.28M (84) SLIMING (Ours) v 9531  0.29B(81) 1.41M (77)

DenseNet-40. Handling DenseNet architecture can be intricate due to the interconnected nature of channels across
layers. The pruning results for DenseNet-40 on CIFAR-10 are illustrated in Table 5. Despite achieving comparable
accuracy, our method typically achieves greater compression than other methods [50, 6, 66, 55, 74]. For instance, it
reduces more than 21% of the parameters compared to EvoFC [6] while still maintaining higher accuracy. Remark-
ably, compared to NORTON [56], a hybrid compression approach that combines tensor decomposition with pruning,
SLIMING slightly achieves higher accuracy in both moderate and high compression settings (94.80% vs. 94.67% and
94.25% vs. 94.17%). 1t also provides improved reductions in MACs (46% vs. 42% and 68% vs. 64%) and param-
eter count (51% vs. 45% and 74% vs. 69%), suggesting its ability to maintain performance under tighter resource
constraints.

GooglLeNet. We validate the versatility of our method through an experiment conducted on a multi-branch ar-
chitecture, GoogLeNet, on CIFAR-10, as detailed in Table 6. SLIMING exhibits superior accuracy with reduced
overhead when compared to similarity-based and hand-crafted methods [55, 41, 49, 4]. Notably, SLIMING surpasses
similarity-based approaches like FPWT [50], CORING [55], FSIM-E [49], and CLR-RNF [40] across all evaluated
metrics. For instance, FPWT [50], a manually configured pruning method leveraging frequency-domain information
through wavelet transforms, achieves competitive accuracy (94.49%); however, SLIMING provides higher accuracy
(95.31%) along with greater reductions in MACs (81% vs. 76%) and parameters (77% vs. 67%), indicating a more
efficient compression strategy.

MobileNetV2. Table 7 presents the pruning results for MobileNetV2 on CIFAR-10, demonstrating that our
method outperforms other competing approaches [35, 50, 55, 78, 13, 48, 47]. For instance, compared to the clustering-
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based approach SFP [35], SLIMING achieves an additional 23% reduction in parameters and a 14% greater reduction
in MACs, all while maintaining higher accuracy. Compared to RLAL [13], SLIMING achieves a slightly higher ac-
curacy (95.01% vs. 94.85%) while also providing a greater reduction in MACs (54% vs. 49%). This suggests that our
method can be applied to optimize compact architectures.

Table 7: Pruning results of MobileNetV2 on CIFAR-10

Method Auto Top-1 MACs (CR) Params (CR)
MobileNetV2 [61] 94.51  94.54M (00) 2.24M (00)
GFBS [48] X 94.28 54.83M (42) N/A
DCP [47] X 9472  61.98M (34) 1.34M (40)
CORING [55] X 94.81 55.16M (42) 1.26M (44)
FPWT [50] X 9520 54.69M (42) 1.45M (35)
SLIMING (Ours) v 95.28 53.81M (43) 1.21M (46)
RLAL [13] v 94.85 48.22M (49) N/A
SLIMING (Ours) v 95.01 43.07M (54) 1.01M (55)
Zheng et al. [78] X 93.29 35.55M (62) N/A
FPWT [50] X 93.76  42.30M (55) 1.06M (53)
SFP [35] X 94.06 48.54M (49) 1.28M (43)
SLIMING (Ours) v 94.17 34.91M (63) 0.76M (66)

4.3. Results on CIFAR-100

Table 8 displays the pruning outcomes for VGG-16-BN and ResNet-20/32/56/110 on CIFAR-100. Our method
outperforms both manual and automatic approaches [66, 9, 63, 52, 76, 16] in terms of accuracy drop and computational
overhead reduction.

On the VGG-16-BN model, SLIMING attains the highest top-1 accuracy of 74.18%, while also yielding the
most compact model—with a 50% reduction in MACs and a 90% reduction in parameters. In contrast, SPSRC [66]
and FPC [8], which manually follow pre-defined pruning heuristics and lack automatic configuration capabilities,
deliver lower compression and accuracy. SPSRC [66], in particular, reformulates convolutional layers into matrix
multiplications and uses matrix norms to assess filter importance. However, by evaluating filters independently, it
overlooks correlations between them, potentially discarding useful information and degrading performance (73.16%
accuracy, 65% parameters reduction). On the other hand, HTP-URC [58], an automated method that selects filters
based on feature discrimination, slightly achieves lower accuracy (74.03%) and a smaller parameter reduction (81%)
than SLIMING. For a higher compression level, SLIMING achieves the highest top-1 accuracy of 72.18% on VGG-
16-BN while attaining the highest compression rates—reducing MACs by 86% and parameters by 94%. Notably, Tang
et al. [68], a very recent state-of-the-art method, evaluates filter importance by estimating the information capacity
using entropy, capturing contributions from both individual filters and the overall network. Despite this sophisticated
strategy, it only attains 70.54% accuracy with higher MACs and parameters compared to SLIMING. RGP [9], another
manual pruning method using graph theory, also falls behind with both lower accuracy and compression.

On the ResNet-20 model, SLIMING also achieves the best trade-off between accuracy and efficiency. It reduces
MACs by 60% and parameters by 63%, while maintaining a top-1 accuracy of 67.83%, outperforming prior methods
such as PGMPF [3] and ResPrune [30]. Notably, ResPrune employs a two-phase pruning strategy that selects filters
based on a combination of L2-norm and redundancy measures. Despite this dual-criterion approach, it achieves a
lower accuracy (67.62%) and compresses the model less effectively than SLIMING.

On ResNet-32, SLIMING achieves the best performance with 72.37% accuracy, along with 44% MAC and 45%
parameter reduction. In comparison, DAIS [16]—which introduces a differentiable annealing indicator search mech-
anism inspired by NAS—automatically explores pruning configurations under computation constraints and slightly
achieves lower accuracy (72.20%) with marginally higher MACs.

For ResNet-56, SLIMING outperforms both manual and automatic methods, achieving a top-1 accuracy of 73.69%,
which is the highest among all approaches. This performance comes with a 30% reduction in MACs and a 29% re-
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duction in parameters. Notably, ASTER, an adaptive sensitivity-based pruning method, offers reasonable accuracy
(72.26%) but with slightly lower MACs reduction (27%). When we further increase the compression ratio, SLIMING
maintains its superiority with a top-1 accuracy of 72.61%, better than other methods like FGC [63], which adopts a
self-supervised feature-gate coupling strategy for dynamic pruning (72.00% accuracy).

Overall, these results demonstrate that SLIMING offers a more effective trade-off between model compactness
and performance, even compared to advanced recent baselines [68, 9, 30, 63].

Table 8: Pruning results on CIFAR-100

Method Auto  Top-1 MACs (CR)  Params (CR)
VGG-16-BN [64] 7345 314.62M (00)  15.04M (00)
SPSRC [66] X 73.16  211.64M (33) 5.29M (65)
FPC [8] X 7344  175.63M (44) 1.83M (88)
HTP-URC [58] v 74.03  179.63M (43) 2.82M (81)
SLIMING (Ours) v 74.18 157.19M (50) 1.53M (90)
RGP [9] X 69.33 49.55M (84) 2.39M (84)
Tang et. al [68] X 70.54 47.82M (85) 1.63M (89)
SLIMING (Ours) v 72.18 44.88M (86) 0.85M (94)
ResNet-20 [24] 68.92 41.25M (00) 278.32K (00)
PGMPF [3] X 67.62 28.74M (30) N/A
ResPrune [30] X 67.62 28.74M (58) N/A
SLIMING (Ours) v 67.83 16.42M (60) 102.33K (63)
ResNet-32 [24] 71.16 69.78M (00) 472.76K (00)
DAIS [16] v 72.20 39.40M (43) N/A
SLIMING (Ours) v 72.37 38.96M (44) 261.66K (45)
ResNet-56 [24] 72.89 126.86M (00) 861.62K (65)
HTP-URC [58] v 71.45 95.15M (25) 636.74K (26)
FPC [8] X 72.26 90.91M (28) 400.00K (54)
ASTER [76] v 72.23 92.00M (27) N/A
SLIMING (Ours) v 73.69 88.45M (30) 612.77K (29)
Li et. al [36] X 70.12 68.89M (46) 726.00K (16)
ASTER [76] v 71.78 58.00M (54) N/A
PGMPF [3] X 70.21 59.40M (53) N/A
Lu et al. [52] v 71.15 59.80M (53) N/A
FGC [63] v 72.00 74.76M (41) N/A
SLIMING (Ours) v 72.61 54.19M (57) 385.30K (55)

4.4. Results on ImageNet

ResNet-34/50. To assess the scalability of SLIMING, we conduct experiments on the ImageNet dataset by ad-
dressing ResNet-34/50 as shown in Table 9. Across all compression levels, our method consistently outperforms other
approaches in terms of both performance and complexity reduction. Notably, on ResNet-34, SLIMING outperforms
UPDP [46]—an automated layer pruning method using reparameterization—by achieving a 0.99% higher Top-1 ac-
curacy (73.39% vs. 72.40%) and a 21% greater reduction in MACs (51% vs. 30%). For ResNet-50, compared to
SPWB [1], a recent automated channel pruning approach using weight blending, the compressed model of SLIMING
has 13% fewer parameters and requires less than 12% MACs, while achieving 0.34% higher top-1 accuracy.
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Table 9: Compression results of ResNet-50 on ImageNet

Method Auto Top-1 Top-5 MACs (CR) Params (CR)
ResNet-34 [24] 7345 91.48 3.67B (00) 21.80M (00)
SPSRC [66] X 72.12  90.56 2.30B (37) 17.88M (18)
UPDP [46] v 7240 N/A 2.51B (30) N/A
RLAL [13] v 73.31  91.25 1.85B (50) N/A
SLIMING (Ours) v 73.39 91.42 1.81B (51) 10.76M (51)
ResNet-50 [24] 76.15  92.87 4.12G (00) 25.56M (00)
REAF [75] v 75.17 92.44 2.16G (48) 14.57M (43)
RGP [9] X 75.30  92.55 2.30G (44) 14.34M (44)
Chen et al. [7] X 75.60 92.58 2.21G (46) N/A
C-SGD [22] X 75.80  92.65 2.19G (47) 14.58M (43)
CHIP [65] X 76.15 9291 2.10G (49) 14.23M (44)
SFI-FP [73] X 76.29  93.08 2.10G (49) 14.23M (44)
PEEL [26] X 76.50 N/A 2.20G (46) N/A
SLIMING (Ours) v 76.74 93.43  2.09G (49) 13.27M (48)
CIE [38] v 74.06 91.87 1.56G (62) 9.98M (61)
RGP [9] X 74.58  92.09 1.92G (53) 11.99M (53)
MFP [25] X 74.86 9243 1.88G (54) N/A
FPWT [50] X 75.01 92.45 1.89G (54) 12.86M (50)
Torque [20] X 75.07 N/A 1.99G (51) 9.68M (62)
OTOV2 [5] v 7520 92.22 1.53G (63) N/A
FiltDivNet [34] v 7523 92.50 1.66G (59) 15.62M (39)
ASTER [76] v 7527 92.47 1.51G (63) N/A
C-SGD [22] X 75.29 92.39 1.82G (55) 12.37M (52)
Hu et. al [27] X 75.30  92.40 1.81G (56) 17.86M (30)
SPWB [1] v 75.62 N/A 2.01G (51) 12.94M (49)
DCEFF [41] X 75.60 92.55 1.52G (63) 11.05M (57)
HTP-URC [58] v 75.81 N/A 1.88G (54) 15.81M (38)
SLIMING (Ours) v 75.96 93.29 1.51G (63) 9.68M (62)
HBFP [2] X 69.17 N/A 0.94G (76) 8.09M (68)
CHIP [65] X 72.30  90.74 0.95G (77) 8.01M (69)
SNACS [59] v 72.60 N/A 1.98G (52) 7.92M (69)
RGP [9] X 72.68 91.06 0.94G (77) 8.13M (68)
FPWT [50] X 72.82 91.14 1.02G (75) 6.38M (75)
SFI-FP [73] X 73.48  92.87 0.96G (77) 8.03M (69)
ACSC [45] v 73.68  N/A 1.03G (75) 6.31M (75)
DCEFF [41] X 73.81 91.59 1.02G (75) 6.56M (74)
Guo et al. [19] v 73.84 92.07 1.19G (71) 6.25M (75)
SLIMING (Ours) v 73.88 92.07 0.87G (79) 5.68M (78)

MobileNetV2. Table 10 shows the pruning results of MobileNetV2 on ImageNet. Our method exhibits superior
performance compared to other competing methods [19, 14, 58, 13, 52, 18, 41]. For example, compared to DCFF
[41], a manual pruning ratio configuration approach using dynamic-coded filter fusion, SLIMING achieves a similar
reduction in MACs (approximately 53%) while pruning over 23% more parameters and achieving higher accuracy.
Compared to RLAL [13], a very recent method in automatic structured pruning using RL, SLIMING gives comparable
accuracy (71.89% vs. 71.82%) while reducing more than 9% of MACs.
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Table 10: Pruning results of MobileNetV2 on Imagenet

Method Auto  Top-1 MACs (CR) Params (CR)
MobileNetV2 [61] 71.89  300.78M (00) 3.51M (00)
SP [17] v 70.40 200.29M (33) N/A
DCP [47] X 71.39  208.53M (31) 2.28M (35)
Luetal. [52] v 71.61 212.00M (30) N/A
HTP-URC [58] v 71.68 210.55M (30) N/A
UDSP [14] X 7172 190.69M (37) 2.97M (15)
RLAL [13] v 71.82  226.09M (29) N/A
SLIMING (Ours) v 71.89 187.11M (38) 2.25M (36)
EvoFC [6] v 61.63 198.21M (34) 3.14M (11)
SFP [35] X 67.89  187.99M (38) 2.68M (24)
DCFF [41] X 68.60 140.46M (53) 2.62M (25)
SLIMING (Ours) v 69.62 140.09M (53) 1.83M (48)

4.5. Results on COCO

To evaluate SLIMING's effectiveness in downstream tasks, we used our compressed ResNet-50/ImageNet as the
backbone for training Faster/Mask/Keypoint-RCNN on COCO, as outlined in Table 11. Our method shows promis-
ing results in terms of precision and recall, along with achieving relatively higher compression levels compared to
other approaches [55, 56]. Remarkably, SLIMING significantly enhances inference throughput, resulting in over a
2x improvement in frames per second (FPS) compared to the baseline models. For instance, MaskRCNN exhibits
a reduction in end-to-end latency from 100 ms to 42 ms, achieving a real-time framerate of 24 FPS. It is worth em-
phasizing that these performance evaluations were conducted on a GTX 3060 GPU, providing robust evidence of
the real-world applicability of our approach. These results highlight SLIMING’s potential as a valuable tool for en-
hancing neural network efficiency and effectiveness in demanding tasks such as real-world object detection, instance
segmentation, and keypoint detection.

Table 11: Pruning results of Faster/Mask/Keypoint-RCNN-ResNet50-FPN on COCO-2017

Model Auto  APO-5095  Ap0-5 - APO.TS AR!  AR!®  AR!  MACs(CR) Params (CR) FPS Latency (ms)
FasterRCNN [60] 36.91 58.54  39.61 30.73  48.46 50.84 134.85G (00)  41.81M (00) 12 84
CORING [55] X 35.57 56.05 37.81 30.21  48.28 50.79 92.23G (32) 24.04M (43) 25 40
SLIMING (QOurs) v 35.64 56.56 38.22 30.71  49.05 51.63 90.56G (33) 22.52M (46) 28 36
MaskRCNN [23] 34.52 56.02 36.73 29.66 45.56 47.56 134.85G (00) 44.46M (00) 10 100
CORING [55] X 32.77 53.53  34.57 28.93 4494 47.11 92.23G (32) 26.68M (40) 22 45
SLIMING (Ours) v 33.14 54.02 35.09 29.41 45.83 48.11 90.56G (33) 25.16M (43) 24 42
AR0-5:095  AR0S  ARO-TS
KeypointRCNN [23] 65.06 86.11 71.38 7176 90.74 77.42 137.42G (00)  59.64M (00) 9 112
NORTON [56] X 62.81 85.04 68.57 69.34  89.56 74.62 95.97G (30)  39.39M (34) 17 59
SLIMING (QOurs) v 63.62 85.13 69.35 69.90 89.82 74.94 90.56G (33) 39.90M (33) 18 53

5. Discussions

5.1. Pruning efficiency

To empirically analyze the pruning efficiency, we conduct experiments comparing the compression time of our
method, SLIMING, with five other approaches, including WhiteBox [77], ABCPruner [43], DCFF [41], COR-
ING [55], and NORTON [56]. Table 12 presents the time cost (compression and fine-tuning time) and compression re-
sults (top-1 accuracy, MACs reduction, and parameters reduction) across six models (VGG-16-BN/VGG-19-BN [64],
ResNet-56/110/50 [24], and GoogLeNet [67]) on three datasets (CIFAR-10/100 [32] and ImageNet [11]).
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WhiteBox [77] belongs to the family of feature map-based methods [77, 50, 19, 74, 38, 21, 4, 58, 7, 42, 65, 8],
which assess the importance of channels based on their corresponding feature maps. WhiteBox requires several
training epochs (e.g., 30 epochs on CIFAR-10) to evaluate the contribution of each channel, making its pruning
process time-intensive, especially for larger models and datasets. In contrast, SLIMING enables parallel filter selection
across all layers—unlike feature map-based approaches, which require sequential, layer-wise processing. As a result,
SLIMING not only compresses models faster but also achieves higher accuracy in three out of three experiments
compared to WhiteBox, as evidenced by the results on ResNet-56/110/50 on CIFAR-10/ImageNet in Table 12.

ABCPruner [43] is a method tailored to tackle the combinatorial challenge of the automatic channel pruning
problem using the artificial bee colony algorithm. This approach belongs to the family of NAS-based approaches
[6, 16, 52, 33, 43]. Building based on a complex numerical optimization method [31], ABCPruner consumes a lot
of time to search for the optimal pruning structure (e.g., 26968 seconds for GoogLeNet/CIFAR-10). In the cases of
VGG-16-BN and GoogLeNet on CIFAR-10, SLIMING demonstrates shorter pruning times and superior compression
results compared to ABCPruner.

We also compare SLIMING with DCFF [41], CORING [55], and NORTON [56], three recent approaches in
network compression. DCFF employs a pruning-during-training strategy, which significantly increases its training
time. SLIMING proves to be more time-efficient (9754 seconds vs. 15180 seconds) while yielding better compression
results on GooglLeNet/CIFAR-10. NORTON, a hybrid compression technique combining tensor decomposition and
pruning, is also outperformed by SLIMING in both compression time and efficacy on VGG-19-BN/CIFAR-100.
Compared to CORING, a tensor decomposition-based filter pruning approach, SLIMING achieves comparable top-1
accuracy (93.74% vs. 93.68%) while significantly reducing both pruning time (485 seconds vs. 810 seconds) and
fine-tuning time (1548 seconds vs. 3935 seconds).

In conclusion, SLIMING delivers competitive or superior compression performance across six models and three
datasets, while consistently achieving significantly lower compression time compared to the five evaluated methods.
These results highlight SLIMING’s practicality for real-world deployment scenarios where pruning efficiency is con-
sidered alongside pruning effectiveness.

Table 12: Pruning efficiency comparison

Time cost (seconds) Compression (%)

Model Dataset Method Acc
Prune Finetune Total MACs Params
ABCPruner [43] 5387 1712 7099 93.08 74 89
VGG-16-BN [64] CIFAR-10[32]  CORING [55] 810 3935 4745 9368 79 87
SLIMING (ours) 485 1548 2033 9374 81 92
WhiteBox [77] 2809 5231 8040 9354 56 45
ResNet-36 [24] - CIFAR-10[32] ¢ \MING (ours) 652 4597 5249 9425 58 57
WhiteBox [77] 5213 9547 14760 94.12 65 62
ResNet-110 [24] - CIFAR-10[32] ¢y \MING (ours) 943 9102 10045 94.52 66 65
ABCPruner [43] 26968 9881 36849 9484 67 60
GoogLeNet [67]  CIFAR-10[32]  DCFF [41] N/A 15180 15180 9492 70 66
SLIMING (ours) 1372 9754 11126 9531 81 77
NORTON [56] 1793 4159 5952 7462 55 56
VGG-19-BN [64]  CIFAR-100 [32] SLIMING (ours) 852 3043 3895 75.01 58 62
WhiteBox [77] 100473 972278 1072751 7532 46 31
ResNet-30 [24] - ImageNet [11] ¢y \N1ING (ours) 15924 871295 887219 7674 49 48

5.2. Visualizing feature preservation

We conduct a qualitative assessment of feature preservation in SLIMING, complementing the established effi-
ciency demonstrated by numerical results. Specifically, we randomly select 5 images from the ImageNet validation
dataset [11] and evaluate three compression levels for the original ResNet-50 [24] model: 49%, 63%, and 79% (refer
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to Table 9). Utilizing GradCAM [62] for interpretation, we visualize and analyze feature maps in both the original and
compressed models, as shown in Figure 3. The visual illustration showcases SLIMING’s effectiveness in retaining
crucial features across diverse classes. Notably, at different compression levels, SLIMING consistently demonstrates
robustness in capturing and preserving essential information across a variety of patterns.

(a) Input (b)CR=0% (c)CR=49% (d)CR=63% (¢) CR=79%

Figure 3: Assessment of feature preservation in pruned models.

6. Conclusion

This paper tackles the challenge of automatic structured pruning by framing it as a constrained combinatorial
optimization problem within the realm of multilinear algebra. Our method, grounded in tensor decomposition and the
analysis of singular values, effectively exposes the relationship between network redundancy and these singular values.
The incorporation of two proposed algorithms extends the adaptability of our approach, facilitating the automatic
determination of pruning configuration and efficient filter selection. Through extensive experiments spanning diverse
architectures, datasets, and tasks, our proposed framework consistently demonstrates its efficacy and utility in network
compression.
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