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Abstract

Neural network compression has gained increasing attention in recent years, partic-
ularly in computer vision applications, where the need for model reduction is crucial to
enable edge deployment constraints. Pruning is a widely used technique that prompts
sparsity in model structures, e.g. weights, neurons, and layers, reducing size and infer-
ence costs. Structured pruning is especially important as it allows for the removal of en-
tire structures, which further accelerates inference time and reduces memory overhead.
However, it can be computationally expensive, requiring iterative retraining and opti-
mization. To overcome this problem, recent methods considered one-shot setting, which
applies pruning directly at post-training. Unfortunately, they often lead to a considerable
drop in performance. In this paper, we focus on this issue by proposing a novel one-shot
pruning framework that relies on explainable deep learning. First, we introduce a causal-
aware pruning approach that leverages cause-effect relations between model predictions
and structures in a progressive pruning process. It allows us to efficiently reduce the
size of the network, ensuring that the removed structures do not deter the performance
of the model. Then, through experiments conducted on convolution neural network and
vision transformer baselines, pre-trained on classification tasks, we demonstrate that our
method consistently achieves substantial reductions in model size, with minimal impact
on performance, and without the need for fine-tuning. Overall, our approach outperforms
its counterparts, offering the best trade-off. Our code is available on GitHub.

1 Introduction

Deep neural networks (DNNs) excel in computer vision tasks, yet they rely on computation-
ally intensive training and inference processes [58]. This is often due to over- parameteri-
zation [46], where parameters are redundant, potentially degrading the model performance
[42]. In addition, the large parameter footprints presents a significant challenge for deploying
DNN models in resource-constrained environments. Hence, DNN compression techniques,
particularly pruning [6, 7, 15, 22, 53, 55, 56], are vital for reducing model size, by removing
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Figure 1: C-SWAP, an explainability-aware structured pruning framework for DNNs. Unlike
conventional pipelines, C-SWAP uses a causal-based, one-shot progressive pruning strategy
that removes neurons while preserving model performance without costly re-training. Its
progressive approach scales effectively to complex architectures such as transformers.

redundant parameters [39], and accelerating the inference speed, while also supporting green
machine learning (ML) by promoting sustainable practices [51].

Structured pruning (SP) effectively reduces DNN complexity by removing entire com-
putational units, such as channels/filters, neurons, or layers, making it a practical solution
for edge deployment [18, 40]. Typically, most SP methods need to be included into the train-
ing process [6, 7, 8, 59], introducing additional computational overhead, instability during
optimization, and sensitivity to hyper-parameters. It can also involve a computationally in-
tensive iterative process of pruning, and retraining, aiming to balance model sparsity with
performance retention [19, 20, 50]. However, such a process poses scalability challenges
when extended to complex architectures [40, 57] and conflicts with the green ML principles.

To overcome these limitations, this work focuses on post-training one-shot structured
pruning (OSP), which removes whole structures after training, offering a more efficient al-
ternative to iterative prune—retrain schemes [6, 32, 34, 34, 36, 38, 40]. While it requires
minimal fine-tuning, it introduces a notable trade-off between model complexity and perfor-
mance, struggling with maintaining performance at high pruning thresholds [56]. Therefore,
it is crucial to carefully select which parts of the model to prune to minimize fine-tuning
while maintaining performance. For instance, one-shot magnitude pruning (OMP) [24] is
widely used in computer vision due to its simplicity and applicability to structured pruning
[18]. However, at higher pruning rates it can remove critical parameters, inducing perfor-
mance regression. This raises the question: can pruning be better guided by attribution
signals from explainable AI (XAlI), rather than magnitude alone?

More recently, researchers have explored X Al-guided pruning that leverages Layer-wise
Relevance Propagation (LRP) attributions to rank units for removal and improve the relia-
bility of the pruned models [54]. While LRP-based approaches have shown promise when
pruning is followed by post-pruning fine-tuning, our findings indicate that an alternative
technique may enable more aggressive pruning ratios and substantially more compact mod-
els without additional fine-tuning. Nevertheless, most existing attribution methods were
developed for comparatively simple CNNs and do not scale well to complex architectures
(e.g., transformers) [26], or to dense-prediction tasks such as semantic segmentation.

Building on this motivation, we propose C-SWAP, a novel explainability-aware struc-
tured pruning method (see fig. 1), inspired by mechanistic interpretability research, which
identifies prunable structures using causal inference. Our method categorizes each neuron
(channel in CNNs) as critical, neutral, or detrimental by perturbing their associated weights,
computing the causal effect of these perturbations, and identifying significance using a sta-
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tistical threshold. C-SWAP preserves critical neurons to maintain performance without post-
pruning finetuning. To ensure C-SWAP’s scalability for complex models, we couple our
causal explanations with a progressive pruning process that scales to deep architectures such
as large CNNSs or vision transformers while maintaining stability. Our experiments show that
C-SWAP demonstrates superior performance compared to various alternatives.

We summarize our main contributions as follows: (1) We first introduce a multiclass,
causal explanation criterion to guide the pruning of classification models. (2) We present
C-SWAP, a causal-guided pruning algorithm for deep and complex architectures that em-
ploys progressive pruning without fine-tuning. (3) Through experiments on CNN’s and vision
transformers on classification tasks, we show that our approach outperforms all baseline
pruning techniques considered in this work. (4) We apply our approach to semantic seg-
mentation, demonstrating its extensibility to dense prediction tasks.

2 Related Work

Pruning neural networks. As DNNs become deeper and more complex, pruning is in-
creasingly researched. Pruning falls into two categories: unstructured pruning [52], which
removes individual parameters, and structured pruning [9], which eliminates whole struc-
tures like filters, channels, or layers. Unstructured pruning has limited impact on achieving
significant acceleration and compression for resource-constrained hardware [18, 40]. Our
focus is structured pruning to enable efficient real-time computer vision applications.

Structured pruning. Structured pruning involves either one-shot pruning [29, 32, 34, 38,
40] or iterative pruning [19, 20, 41, 50, 60]. Iterative pruning removes less significant com-
ponents over multiple retraining cycles [23, 25], exemplified by the Lottery Ticket Hypothe-
sis (LTH) [5, 19]. Though effective, iterative methods are computationally intensive [41, 60].
Our work aims at efficient OSP, applying post-training pruning without fine-tuning, reduc-
ing computational costs significantly [6]. Traditional one-shot techniques use weight mag-
nitudes [24], neuron relevance [28], or second-order derivatives [33] for pruning, but recent
work suggests these are suboptimal compared to criteria derived from XAI [3, 4].

Explainability for OSP. Explainability in pruning has been initially investigated with Layer-
Wise Relevance Propagation (LRP) [3, 54] that attributes importance scores to neural net-
work internal structures. Initially applied to neuron masking [26, 48, 54], it does not capture
the complex interactions necessary for physically removing neurons without compromis-
ing the architecture, particularly in models with residual connections. Similarly, Amortized
Explanation Methods [21] use trained networks to predict saliency maps to guide the prun-
ing. They are effective but restricted to CNNs and require training an additional network.
DeepLIFT [47] has also been used for filter-level pruning [44] but is less effective due to
noise sensitivity and dependency on reference choice [1].

Progressive pruning for model explainability. Mechanistic interpretability uses pruning
to identify critical sub-structures via mask learning [12, 45] or progressive pruning, exempli-
fied by Automatic Circuit DisCovery (ACDC) [10]. Though scalable to large architectures,
these methods are aggressive (see sec. 4.2) and tailored for task-specific explainability. Our
work combines explainability for pruning and pruning for explainability by integrating a ro-
bust attribution method with progressive pruning in a unified DNN compression algorithm.
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Detrimental []Neutral Critical Layer I  Layer 2 Layer 3 Layer 4 Layer 5

Figure 2: Neurons and paths for a toy MLP. Figure 3: Simple MLP with a residual con-
Critical path conveys the relevant informa- nection (dotted). Structured pruning forces
tion. Detrimental and Neutral neurons are not to remove all the weights in red to remove
essential. the crossed neuron.

3 Method

We propose C-SWAP, a novel causal-aware structured pruning algorithm that consolidates a
generalized causality-based explanation with progressive pruning techniques. Drawing in-
spiration from recent works [2, 10], C-SWAP leverages a pre-trained network alongside a set
of class examples to compute a generalized causal effect that unveils the underlying causal
mechanisms of model prediction (sec. 3.2). This causal effect is evaluated with a statistical
significance test, allowing the classification of neurons in three categories: critical, detri-
mental, and neutral (sec. 3.2 & fig. 2). Guided by this classification, C-SWAP structurally
prunes the neutral and detrimental neurons while preserving the critical ones, processing the
network from the output layer back to the input one. Structured pruning is shown in fig. 3.

3.1 Notations

We consider x to be the input of the network F, and we denote by y its label with y €
{1,..,C} (C being the total number of classes). The output logits of F given input x are
denoted {zk}g: - Consequently, we denote by y the prediction of F for x defined as § =
argmaxye(y,.. c (zx). Furthermore, we denote by py the probability of predicting class k by
F. We consider that F' is composed of L layers indexed by /, each containing N; neurons
(channels in CNNs), denoted by their index n;. The total number of neurons in the network
is denoted N = Z,L: | N;. Finally, we consider a set S of M samples, partitioned in C class-
specific sets {S}$_, of sizes M.

3.2 Multi-class causal inference criterion

The core concept of class-specific causal effect, as introduced in [2], involves performing
path interventions to evaluate the importance of individual neurons. This is achieved by
removing a subset of weights out-coming from a neuron n; at layer /, and then measuring
the resulting change (or divergence) in the model’s prediction distribution for a specific class
k across examples x; € {1,...,M;}. In our work, we extend this approach to multi-class
classification, enabling us to compute the global effect of an intervention. This generalized
causal effect not only captures inter-class dependencies but also serves as a robust criterion
in our novel pruning framework.

Definition 1 (Global Causal Effect) Given a scoring function o, our global causal effect

* —
of neuron n, its causal effect on samples from C classes is defined as &, = ﬁ Yy w,
xXeS
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where o, (x) and o,,(x) are scoring functions respectively derived from the perturbed and the
original networks F'*, F, given an input x. The scoring function can be defined by any metric
that characterizes model performance. In the classification setting, we derive it from the true
class probability Ociassit. : (¥,) — exp(zy)/ LS, exp(z)-

The global causal effect is a signed measure that quantifies a neuron’s overall influence
and potential role: a positive value (&, > 0) indicates a deleterious impact, and a negative
one (&, < 0) a beneficial impact.

We assess each neuron’s influence by comparing the distribution of the perturbed scoring
function o, (x) with the initial one o,,(x). Significant divergence between these distributions
indicates a neuron’s impact on model performance. To infer significant divergence, we use
hypothesis testing for each class-specific subset of samples S, computing a predicate n,(,k).
This predicate is true if the neuron’s effect is statistically significant at a 5% level for class
k, and false otherwise.

In practice, we apply a paired t-test to compare o, and o, for each class k and neuron 7,

estimating 7r,<1k) to quantify the effect of each neuron across classes. Unlike the class-specific
method [2], which directly applies a statistical threshold to analyze the neurons, we consider
a voting strategy (see def. 2) to address the complexity of the multi-class problem.

Definition 2 (Neutral, Critical and Detrimental neurons) A neuron n is considered Neu-
c c c

tral if N\ — n,(lk)7 Critical if ( V n,(Lk)> A (&, <0), and Detrimental if ( vV n,(lk)> A (&, >0).
k=1 k=1 k=1

With ﬁ,_the logical negation sign.

A neuron n is neutral if its influence is statistically insignificant for all classes. It is critical
if it significantly affects at least one class and enhances predictions. Conversely, a neuron is
detrimental if it significantly affects at least one class but degrades model performance.

To summarize, we perform class-specific statistical inference and aggregate results using

the voting scheme from def. 2. To safely prune neurons, we consider each n,ﬁ” indepen-
dently, avoiding the removal of class-specific information, to the cost of potentially more
false positives. Analyzing significance across all samples of S might imply missing neurons
impacting a single class, as discussed in sec. 4.5.

3.3 C-SWAP

The primary goal of pruning is to remove as many neurons as possible without compromis-
ing performance. Traditional XAl-based OSP strategies such as [26, 44, 54] face challenges
when pruning large portions of the network’s neurons without fine-tuning. These strategies
involve analyzing the pre-trained network, ranking neurons based on their importance crite-
rion, and subsequently removing the least relevant neurons. While effective for small-scale
pruning, the ranking quality of these methods diminishes significantly when pruning a large
number of neurons (see fig. 5). This occurs because the ranking is computed globally over
the entire network before pruning. Ideally, to preserve the performance as long as possible,
one would remove the least important neuron, recompute the ranking on the pruned network,
and then iterate as many times as necessary, removing one neuron and re-ranking. This it-
erative process, similar to a greedy algorithm, ensures nearly optimal OSP. However, this
approach is computationally prohibitive for DNNs.

To address this limitation, we propose C-SWAP, that leverages properties of our causal-
based criterion to relax the greedy algorithm. Instead of identifying and removing the abso-
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Algorithm 1: C-SWAP algorithm.
Data: Pre-trained DNN: F ; Manifold S ; Scoring function: o(x); P-Value: o = 0.05

1 G+ F 5 #initialize network
2 for layer | in [L—1,..,1] (bottom up) do
3 for neuron n in layer | do
4 G ~—G Cutting {n — V} forvel+1; # connections to neurons of next layer
5 Compute é,, 5 # general causal effect
6 for class k in {1,C} do
7 ‘ Compute ﬂ',(,k) N # statistical inference
C
8 it V m" and & <0 then
k=1
9 ‘ C HCU{I’!} N # neuron is critical
10 else
11 ‘ G(*G; # neuron is not critical: remove it
12 for neuron n in C (ranked by &,) do
13 ‘ Prune n from G ; # if needed remove critical neur.

Result: Pruned network G

Method Principle Description

Integ. Grad. [49] [Baseline comparison |Averages gradients from a baseline to actual input, providing smooth feature im-
portance attribution.

DeepLIFT [47] [Reference comparison|Compares activations between actual input and baseline to quantify contributions,
offering stability over gradients alone.

iLRP [26] Relevance allocation |Allocates relevance scores to neurons, distributing prediction score across layers
to highlight important contributions.

Intern. Infl. [35] |Internal role clarifica-|Details the contributions of internal neurons/layers to model output for specific

tion input.
Conductance [14]|Gradient flow Assesses influence of neurons/layers by analyzing gradient information flow, sim-
ilar to Integrated Gradients.
AMP [10] Circuit Discovery Finds the optimal sub-circuit of a DNN for a specific task by gradually pruning its

non-relevant components.
Table 1: Summary of existing explanation methods used in our classification experiments.

lute least important neuron at each iteration, C-SWAP captures neurons that are not critical
to the network’s functionality, without the necessity for a global ranking. As a consequence,
when an ideal greedy algorithm removing m neurons would require a costly (O(N)) analy-
sis of the DNN for each neuron pruned; hence a O(m X n) total complexity, C-SWAP runs
through the process in O(n). Indeed, it allows to efficiently iterate over all neurons, system-
atically pruning irrelevant neurons during the course of the analysis, ensuring scalability for
DNNs while maintaining the performance through the pruning process. Consequently, C-
SWAP is not more computationally expensive than any ranking-based XAI pruning method,
as it intertwines the analysis and pruning processes.

Technically, C-SWAP, presented in alg. 1, integrates the intervention strategy introduced
in sec. 3.2 in the pruning process. For each neuron, we compute its general causal effect
and predicates ﬂ,(,k). Then, if the neuron is not deemed critical by the causal analysis, it
is systematically removed from the network. If the neuron is deemed critical, it is ranked
among all other critical ones for pruning at the end of the process, if required. This strategy
leverages the advantages of the optimal greedy method without any computational overhead
compared to traditional XAl rankings, thanks to the causal explanations that easily allow to
detect critical neurons without the need for a global ranking.

3.4 Key parameters of the methods

Our framework depends on a set of parameters, beginning with a scoring function ¢ (def. 1)
that we define as the probability of correct classification p,. Second, it employs a hypothesis
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Model ResNet-18 MobileNetV2|ResNet-50(ViT
# Params (M) 114 39 23.9 86
# Layers 18 28 50 24 '
Dataset CIFAR10 ImageNet %
o0t Sparsity AUC Estimator = 76.88
# Sample/class| 6000 400 <
Image size 32x32x3 224x224x3
%“Prun’iﬁng b "
Table 2: Summary of models and datasets Figure 4: SAUCE for a pruning curve.

used in our experiments.

test evaluated over a data manifold S, consisting of M inputs, which we set to M; = 128
samples by class. In app. C, we show that increasing it has minimal impact on C-SWAP
and that lower amount of samples still produce reliable causal inference. With such a small
sample budget, C-SWAP can operate on a rebalanced dataset, thereby compensating for class
imbalance in the original dataset. Finally, C-SWAP relies on a significance level o, which
we set to 5% and explore its impact in sec. 4.5.

4 Experiments

Tab. 2 summarizes the models and datasets used in our experiments. ResNet-18 [27], rep-
resents a medium-sized architecture, while ResNet-50 [27], exemplifies a larger network.
MobileNetV2 [16], serves as a compact, high-density model. Finally we include ViT [17], a
vision transformer network. For more information on pruning ViT see app. D. We selected
two datasets of increasing difficulty. CIFAR10 [31] consists of small resolution images, and
is widely used to evaluate and benchmark compression methods in classification architec-
tures. For a more complex task, we include a subset of ImageNet [13] consisting of 10
classes of interest, as reported in [2].

4.1 Baselines, implementations and evaluation

We use two baseline pruning methods: random pruning [37] and OMP [24], a gold standard
for evaluating state-of-the-art pruning techniques. We add various explanation approaches
reported in tab. 1 and include a pruning method derived from ACDC [10], that we denote
"Adapted Mechanistic Pruning" (AMP), as detailed in app. E.2. Finally, we include C-BP
(see app. E.3) a version of C-SWAP that does not include the progressive pruning process,
but simply prunes the least important neurons, according to the causal criterion, to highlight
the importance of the progressive pruning strategy. Implementations utilize Captum [30]
and DepGraph [18] libraries or authors’ code. To evaluate pruning impact, we propose two
assessment methods. The pruning curve that computes average accuracy over the validation
set as a function of pruning percentage (fig. 5). And the novel Sparsity AUC Estimator
(SAUCE) that quantifies the area under the accuracy curve (fig. 4). SAUCE provides a
single value assessing each pruning criterion’s effectiveness in preserving information across
pruning ratios. Evaluation metrics are averaged over five random seeds, reported in relation
to pruned parameter percentages, adhering to structured pruning literature. App. 8 shows the
quasi-linear correlation between pruning percentage and size & FLOPs reduction, making it
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(a) ResNet-18 on CIFAR10. (b) MobileNetV2 on ImageNet. (c) ResNet-50 on ImageNet. (d) ViT on ImageNet.
Figure 5: Validation accuracy as a function of percentage of parameters removed for four

architectures. Dashed line represents original model performance.

ResNet18 (C10)[ResNet50 (IN)MobileNet (IN)| ViT (IN) ||Aver.

Random 25.0+2.13 30.8+1.28 19.8+0.81 (34.2+1.72||27.4
OMP [24] 26.0+0.0 24.0+0.0 26.340.0 40.14+0.0/29.1
AMP 49.6+0.0 24.6+0.0 17.3+00 |42.7+8.16||33.6
DeepLIFT [47] 64.1+0.67 21.2+0.19 28.6+0.25 - 37.9
C-BP (ours) 49.5+5.44 42.34+9.73 28.7+2.43 |38.5+5.19(|39.7

Conductance [14]| 61.5+0.61 22.4+0.26 27.1+0.07 |48.1+0.13|(39.8
Integ. Grad. [49] 65.5+0.14 22.4+0.26 27.6+0.15 |44.0+0.35//39.9
iLRP [26] 65.6+0.18 18.240.18 - 36.9+0.25/|40.3
Inter. Infl. [35] 55.2+0.45 29.1+0.23 27.6+0.09 |49.3+0.09||40.3
C-SWAP (Ours)| 72.1:039 | 803:028 | 49.4:115 68.1:+167)67.5
Table 3: SAUCE measuring the strength of each pruning criterion.

a good proxy for compression. In addition app. B shows the computation time of C-SWAP.

4.2 Comparative results

We evaluate the impact of explanation methods on model pruning by calculating average
accuracy at increasing pruning ratios, without fine-tuning. Fig. 5.a shows ResNet-18 on CI-
FAR10, where most explanation methods outperform random and OMP baselines. Notably,
C-SWAP removes up to 50% of parameters without performance loss, surpassing all other
methods. For MobileNetV2 on ImageNet (fig. 5.b), the model’s high information density
challenges OSP due to its compact design, resulting in steeper accuracy curves compared to
other networks.

ResNet-50 results on ImageNet (fig. 5.c) indicate that certain attribution methods are
outperformed by OMP, except for C-BP and particularly C-SWAP, which consistently excel.
This is attributed to the high class-specificity of some methods, making it difficult to score
global neuron relevance in complex architectures and large datasets. In contrast, C-SWAP
shows greater generality and effectively captures the global influence of neurons. In ViT
results (fig. 5.d), explanation methods outperform baselines, with C-SWAP delivering the
best results. Pruning ViT is particularly challenging due to its strong output interdependence
inherent in its residuals, making it more complex than ResNet-50.

Overall, C-SWAP outperforms approaches shown in fig. 5, highlighting its effective im-
pact on model pruning. It demonstrates advantages over C-BP, which varies across seeds due
to ranking stability issues, and AMP which is aggressive, fails to save essential structures.
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Table 4: Neuron distributions for each ar- Figure 6: Ablation study removing only
chitecture. neutral and detrimental neurons.

4.3 Assessing the strength of pruning criterion

The benchmark results become more interpretable through the scalar values of SAUCE,
which facilitate practical comparison between pruning criteria by assessing each method’s
ability to maintain model performance as pruning ratios increase. Tab. 3 presents SAUCE
values for all models and datasets. C-SWAP consistently outperforms all baselines across
all tasks, demonstrating a superior trade-off between model compression and performance.
While iLRP, Internal Influence, C-BP, and Conductance perform similarly on average, each
exhibits unique strengths with specific architectures, highlighting the importance of selecting
the appropriate attribution method for optimal pruning. Despite using a progressive pruning
strategy like C-SWAP’s, AMP proves unsuitable for pruning. Due to implementation incom-
patibilities, results for iLRP on MobileNetV2, DeepLIFT on ViT are unavailable.

4.4 Neurons categories distribution

We examine the distribution of detrimental, neutral, and critical neurons identified by our
framework across the four architectures. Tab. 4 quantifies the overall proportion of each
neuron category. For ResNet18, MobileNetV2, C-SWAP predominantly identifies neurons
as critical. This outcome is attributed to the compact information encoded in these relatively
small architectures. In contrast, the over-parameterization in ViT and ResNet50 leads to a
higher proportion of neutral neurons, as their individual impact on the output is minimal.

4.5 Ablation study

We assess the impact of various factors in our methodology using ResNet-50. First, we eval-
uate the effectiveness of our voting strategy (def. 2) by implementing a version of C-SWAP
that naively compares distributions of scoring functions o, and o, across all classes, dubbed
general inference. We also analyze the impact of different « values, the significance level
for statistical testing. Finally, we conduct neuron permutation analysis to confirm that the or-
der in which C-SWAP evaluates neuron importance within each layer does not significantly
affect the results, using five seeds for permutations and reporting the average outcome.

Fig. 6 displays the results of these ablation studies on C-SWAP. We find that neuron
analysis order has negligible impact on the pruning process. Optimizing the statistical test
value (@) proves valuable, as it governs the proportion of neurons identified as neutral. The
general inference method, however, detects too many neurons as neutral or detrimental—false
negatives—, resulting in overly aggressive pruning, and loss of critical information.
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07 —Random
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Table 5: SAUCE scores (a) and neuron dis-

tributions (b) for DDRNet on cityscapes. Figure 7: DDRNet on cityscapes.

4.6 Adaptation to semantic segmentation

Interestingly, C-SWAP is readily extendable to more complex tasks such as semantic seg-
mentation, by appropriately choosing ¢. In our case, we consider the mean Intersection-
over-Union (IoU) as Ogeg.. To test our framework on segmentation models, we chose to an-
alyze DDRNet 23S [43] (6.3M parameters) pre-trained on cityscapes dataset [11], a widely
used benchmark; the model’s multi-branch, information-dense architecture provides a strin-
gent testbed for C-SWAP. We restrict the segmentation comparison to Random, OMP, and
AMP, as the other baselines are not applicable beyond classification. App. E.1 provides
details regarding image selection in the segmentation setup.

As shown in fig. 7 and tab. 5 a), C-SWAP maintains performance up to a 40% prun-
ing ratio; beyond this point, mloU drops sharply as critical units (e.g., neurons/channels)
are pruned; in contrast, other baselines begin degrading immediately. Only OMP removes
a small portion of near-zero-weight units (< 20%) without noticeable impact. Tab. 5 b)
further indicates that DDRNet is already dense, with critical units predominating. Overall,
these results demonstrate C-SWAP’s effectiveness for semantic segmentation, confirming its
versatility beyond classification.

5 Conclusion and Limitations

We present C-SWAP, a one-shot structured pruning (OSP) algorithm that assigns causality-
based relevance scores to model units (e.g., channels/filters, heads, blocks) and progressively
prunes low-contribution structures. We show that attribution-guided criteria can outperform
basic baselines for one-shot pruning, and C-SWAP consistently ranks best among baseline
methods. Extensive evaluations, including with the newly proposed SAUCE metric, demon-
strate superior Pareto trade-offs between model complexity and accuracy across CNN and
VIiT classifiers, without fine-tuning, and the approach extends to semantic segmentation.
These results underscore the critical role of explainable Al in advancing DNN compression.
Limitations and future research work. While our method sets a new benchmark for effi-
cient structured pruning, it does have certain limitations. C-SWAP computes per-unit causal
relevance, which is tractable for medium-width layers (2048 neurons ~ 50min) but becomes
computationally demanding for very wide layers (see app. B). To mitigate this, exploring
group-wise (block/channel) relevance scores is a promising research direction. Additionally,
while our method shows promising results in pruning classification and semantic segmenta-
tion models, extending it to other complex tasks like object detection represents an exciting
research avenue. Developing effective scoring functions for object-level tasks would provide
valuable research opportunities for both explainability and neural network compression.
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