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Abstract. Deep neural networks have been the predominant paradigm in machine learning for solving cognitive tasks. Such
models, however, are restricted by a high computational overhead, limiting their applicability and hindering advancements
in the field. Extensive research demonstrated that pruning structures from these models is a straightforward approach
to reducing network complexity. In this direction, most efforts focus on removing weights or filters. Studies have also
been devoted to layer pruning as it promotes superior computational gains. However, layer removal often hurts network
predictive ability (i.e., accuracy) at high compression rates. This work introduces an effective layer-pruning strategy that
meets all underlying properties pursued by pruning methods. Our method estimates the relative importance of a layer using
the Centered Kernel Alignment (CKA) metric, employed to measure the similarity between representations of the unpruned
model and a candidate subnetwork for pruning. We confirm the effectiveness of our method on standard architectures
and benchmarks, in which it outperforms existing layer-pruning strategies and other state-of-the-art pruning techniques.
Specifically, we remove more than 75% of computation while improving predictive ability and reducing CO2 emissions
required for training by 80%, taking an important step towards GreenAl. At higher compression regimes, our method
exhibits negligible accuracy drop, while others notably deteriorate it. Apart from these benefits, our pruned models exhibit

robustness to adversarial and out-of-distribution samples.
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1 Introduction

It is well known that deep neural networks are capable of
obtaining remarkable results in various cognitive fields, often
outperforming humans from image recognition to complex
games such as chess and go [Silver et al., 2016; Han et al.,
2023]. Howeyver, this performance comes with high computa-
tional cost and storage demand. Advances in the foundation
model paradigm — large deep learning models trained on a
broad range of data with the capacity to transfer its knowl-
edge to unseen (downstream) tasks — have further intensified
the resource-intensive nature of the field, as large models
play a crucial role in transferring knowledge to downstream
tasks [Bommasani et al., 2021; Amatriain, 2023]. To miti-
gate the above issues, compression techniques are becoming
more popular due to their positive results in improving the
resource demand of deep models [He and Xiao, 2024; Xu and
McAuley, 2023; Wang et al., 2022]. Among the most promis-
ing techniques, pruning emerges as a straightforward approach
capable of enhancing different performance metrics such as
Floating Point Operations (FLOPs), memory consumption
and number of parameters. At the heart of a pruning tech-
nique lies the task of accurately estimating the importance of
structures that compose a model and subsequently removing
the least important ones.

Studies classify pruning into unstructured and struc-
tured categories [He and Xiao, 2024; Xu and McAuley, 2023;
Wang et al., 2022]. The first removes individual connec-
tions (weights), while the latter focuses on eliminating entire
structures such as filters and layers. Despite achieving high
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Figure 1. Comparison with state-of-the-art on the popular ResNet56 +
CIFAR-10 setting. Overall, our method obtains the best compromises be-
tween accuracy and computational reduction (estimated by Floating Point
Operations — FLOPs). Specifically, our method dominates existing layer
pruning methods (indicated by symbol *) by a remarkable margin. Com-
pared to state-of-the-art pruning techniques, our method removes more than
75% of FLOPs without hurting accuracy (sometimes improving it). Other
methods, however, degrade accuracy when operating at these high FLOP
reduction regimes. Since our method is orthogonal to modern structured
filter pruning, we can combine them to achieve even higher computation
gains (e.g., Ours + £1-norm). The behavior shown in this figure is consistent
across other benchmarks and architectures.

compression rates, unstructured approaches promote theoret-
ical inference speed-up only, requiring specific hardware to
handle sparse matrix computations to obtain practical speed-
up [Wang et al., 2022; Xu and McAuley, 2023]. On the
other hand, structured pruning facilitates practical accelera-
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tion without any hardware/software constraints. Furthermore,
its advantages extend beyond computational gains: it acts as
a regularization mechanism that improves generalization and
robustness [Zhao and Wressnegger, 2023; Bair et al., 2024].

Most efforts on structured pruning strategies focus on
eliminating small structures and are often optimized for stan-
dard metrics such as FLOP and parameter reduction [He and
Xiao, 2024; Xu and McAuley, 2023]. Unfortunately, recent
studies suggest that these metrics may correlate weakly with
inference time [Dehghani et al., 2022; Vasu et al., 2023]. On
the other hand, layer pruning reduces network depth, which
directly addresses model latency while also providing all the
benefits of filter pruning, such as FLOP and parameter re-
duction, without specialized software or hardware [Zhang
et al., 2022; Zhou et al., 2022]. The idea behind pruning
layers is not novel and dates back to 2016 [Veit et al., 2016].
Efforts in this direction, however, either apply simple filter
criteria and combine (e.g., average) the scores to compose
the importance of a layer [Jordao et al., 2020; Zhang et al.,
2022] or solve a (computationally expensive) multi objective
optimization [Zhou et al., 2022]. Therefore, one of the chal-
lenges in layer removal is developing a criterion capable of
accurately ranking the importance of all layers. It turns out
that existing criteria operate well on small structures but may
be inadequate when applied to large ones, primarily because
of varying magnitudes (i.e., £1-norm and its variations) ex-
hibited by layers [Zhang et al., 2022; Jordao et al., 2023].
Additionally, recent studies highlight that different layers play
a distinct role in the expressive power and training dynamics
of deep models [Zhang et al., 2022; Masarczyk et al., 2023;
Chen et al., 2023]. Such factors suggest that simple criteria
are unable to characterize all these underlying properties ex-
hibited by layers. Lastly, a layer-pruning method must inherit
a fundamental requirement of pruning techniques: remove
structures without significantly compromising predictive abil-
ity.

To meet the aforementioned requirements and achieve
computational-friendly models, we propose a novel layer prun-
ing method. Our method relies on the hypothesis that similar
representations between a dense (unpruned) network and its
optimal sparse (pruned) candidate indicate lower relative im-
portance. Existing evidence support this idea, revealing that
layers share similar representations [Zhang et al., 2022; Masar-
czyk et al., 2023]. By eliminating unimportant layers, we can
preserve predictive capability and reduce computational de-
mand.

For this purpose, we employ Centered Kernel Align-
ment (CKA) due to its effectiveness and flexibility in measur-
ing similarity between two networks [Kornblith et al., 2019;
Masarczyk et al., 2023]. Leveraging CKA, the overall of our
method is the following. Given a dense network, we first
extract its representation from some input examples. Here,
representation refers to the feature maps of the layer just be-
fore the classification layer. Then, we create a temporary
pruned model by removing a candidate layer. Building upon
previous works [Veit et al., 2016; Zhang et al., 2022], at this
step, we avoid any fine-tuning or parameter adjustment, since
modern architectures are robust to single layer removal and
perturbations. Afterward, for each temporary model (n lay-
ers, n candidates), we compare their representations with the
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original network using CKA. Finally, we select the temporary
pruned network that exhibits the closest similarity with the
original unpruned model. Performing this process for all can-
didates in a trained network allows us to estimate its relative
importance without fine-tuning.

Contributions. We highlight the following key contributions.
First, we propose a novel pruning criterion that leverages
an effective similarity representation metric: CKA. To the
best of our knowledge, we are the first to explore CKA as
a pruning criterion, as previous works widely employ it for
comparing network representations. Powered by this crite-
rion, we develop a layer-pruning method that removes entire
layers from neural networks without compromising predictive
ability. Such a result is possible since our criterion identi-
fies unimportant layers — layers that, when removed, preserve
similarity regarding the original model. Second, unlike most
existing layer-pruning criteria that fail to capture underlying
properties of layers, our method effectively assigns layer im-
portance and thus prevents model collapse (see Figure 1).
Besides, it is efficient and scales linearly as a function of the
network depth. Third, we outperform state-of-the-art pruning
methods by a notable margin. We believe our results open
new opportunities to prune through the lens of emerging sim-
ilarities metrics [Duong et al., 2023] and encourage further
efforts on layer pruning.

Through extensive experiments on standard architectures
and benchmarks, we demonstrate that our method outperforms
state-of-the-art pruning approaches. Specifically, it surpasses
existing layer-pruning strategies by a large margin. In par-
ticular, as we increase the levels of FLOP reduction, most
layer-pruning methods fail to preserve accuracy. Our method,
on the other hand, successfully maintains accuracy while elim-
inating more than 75% of FLOPs. At reductions exceeding
80%, our method exhibits negligible accuracy drop, whereas
other state-of-the-art techniques are unable to achieve sim-
ilar performance without compromising accuracy roughly
2x more. We also demonstrate that our method preserves
generalization in out-of-distribution and adversarial robust-
ness scenarios, which is crucial for deploying pruned models
in security-critical applications such as autonomous driving.
In terms of Green Al [Lacoste et al., 2019; Strubell et al.,
2019], our method reduces the carbon emissions required in
the training/fine-tuning phase by up to 80.85%, representing
an important step towards sustainable Al. Code available at:
github.com/IanPons/CKA-Layer-Pruning
Publications. The results from this research have been ac-
cepted at the International Conference on Pattern Recognition
(ICPR 2024, Oral presentation)! and at a workshop from
the International Conference on Machine Learning (WANT-
ICML 2024)?, both where the student is the first author.
Student Role within the Broader Project. The present work
is part of a broader scientific initiation project (FAPESP grant
#2023/11163-0 and CNPq grant#402734/2023-8) focusing on
reducing the environmental impact of artificial Intelligence
(GreenAl). In these projects, Ian Pons contributed to design-
ing a novel method for reducing the computational cost of
neural networks, including its code implementation and paper
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writing. Additionally, there are two ongoing Master’s theses
expanding the ideas of this research with works under review
of international conferences in the field.

2 Related Work

The main (and most challenging) task of pruning is to estimate
the relative importance of a given structure to differentiate
between those essential for predictive ability and the less im-
portant ones. A popular criterion focuses on the magnitude
of weights, namely £,-norm. Researchers extensively explore
these criteria in the context of the lottery ticket hypothesis
and pruning at initialization [Wang et al., 2022]. Despite their
simplicity, previous works pointed out pitfalls in these crite-
ria [Zhang et al., 2022; Huang et al., 2021; He et al., 2019].
For example, Huang et al. [2021] argued that constraining the
analysis to surrounding structures, as ¢;-norm does, incurs
a low variance of importance scores, hindering unimportant
structure search. Furthermore, comparing norms across layers
becomes impractical, as different layers exhibit distinct mag-
nitudes, posing a challenge for global pruning (i.e., ranking
all structures at once) [Zhang et al., 2022; Jordao et al., 2023].
These issues have motivated efforts towards more elaborate
criteria [Shen er al., 2022]. Taking the work by Lin et al.
[2020] as an example, the authors proposed estimating filter
importance based on the rank of its feature maps. Pruning
strategies that leverage information from feature maps (thus
involving data forwarding through the network) are named
data-driven techniques. Since we measure similarity from
feature maps, our method belongs to this category of pruning.

Shen et al. [2022] measure filter importance based on
the Taylor expansion of the loss change. Importantly, they
highlighted the relevance of focusing on latency instead of
standard metrics such as FLOPs. To tackle this challenge,
the authors transformed the objective of maximizing accu-
racy within a given latency budget into a resource alloca-
tion optimization problem, then solved it using the Knapsack
paradigm. In an alternative line of research, studies have
demonstrated that standard performance metrics may corre-
late weakly with inference time [Dehghani et al., 2022; Vasu
et al., 2023]. Aligned with these efforts, we demonstrate that
our method achieves notable latency improvements and other
computational benefits. Differently from Shen et al. [2022],
we address the accuracy/latency trade-off without solving any
optimization problem. This is possible because layer pruning
reduces network depth, directly translating into latency im-
provement, and our criterion accurately identifies unimportant
layers that preserve accuracy, enabling us to achieve higher
FLOP reductions while maintaining accuracy simultaneously.

According to existing works [Xu and McAuley, 2023;
He and Xiao, 2024], most efforts have been devoted to filter
pruning techniques. In contrast to this family of methods
that may exhibit bias toward specific metrics like FLOPs or
parameters [Dehghani et al., 2022; Vasu et al., 2023], layer
pruning achieves performance gains across all computational
metrics [Chen and Zhao, 2019; Jordao et al., 2020; Zhou
et al., 2022]. In this direction, Chen and Zhao [2019] pro-
posed learning classifiers using features from prunable layers
to assign their importance. Following this modeling, layer
importance relies on the performance of classifiers. Similar to
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ours, the criterion by Chen and Zhao [2019] is layer-specific;
however, our criterion focuses on similarity representations
through CKA, which we reveal to be more effective. More re-
cently, the work by Zhang and Liu [2022] disconnects residual
mapping and estimates its effect using Taylor expansion. Zhou
et al. [2022] proposed an evolutionary-based approach, using
the weights distribution as one of the inputs for creating the
initial population of candidate pruned networks. It is worth
mentioning that the methods by Zhou et al. [2022] and Chen
and Zhao [2019] require knowledge distillation to recover
accuracy from the pruned models, while our method relies on
straightforward fine-tuning rounds. Such observations sug-
gest that our CKA criterion is more precise than the previously
mentioned strategies for selecting layers.

Apart from pruning, efforts have also been devoted to
understanding the role of layers in the expressive power and
training dynamics of the models [Zhang et al., 2022; Masar-
czyk et al., 2023; Chen et al., 2023]. For example, Masarczyk
et al. [2023] suggested that the layers of deep networks split
into two distinct groups. The initial layers have linearly sepa-
rable representations, and the subsequent layers, or the tunnel,
have less impact on the performance, compressing the al-
ready learned representations. This behavior, named Tunnel
Effect, emerges at the early stages of the training process and
corroborates with the notion of redundancy in overparam-
eterized models. Additionally, their work argued that the
tunnel is responsible for the performance degradation in out-
of-distribution (OOD) samples. We show that our layer prun-
ing method preserves OOD generalization, indicating that its
degradation is not restricted to tunnel layers. In summary, we
believe our work contributes to these efforts by demonstrat-
ing that unimportant layers can be effectively identified and
removed without compromising the expressive power of the
model and its training dynamics.

3 Preliminaries and Proposed
Method

Problem Statement. According to previous works [Veit et al.,
2016; Chen et al., 2016; Dong et al., 2021], residual-based
architectures enable the information flow (i.e., the represen-
tation) to take different paths through the network. Thereby,
layers may not always strongly depend on each other, rein-
forcing the idea of redundancy in this type of structure, which
suggests the possibility of removing layers without compro-
mising the network representation. Upon this evidence, our
problem becomes identifying and removing unimportant lay-
ers, preserving the representation capacity of the model, and
avoiding network collapse. Formally, given a network A
composed of a layer set L, our goal is to remove certain layers
to produce a shallower network A/ composed by L’, where
|L'| < |L| and the accuracy of N is as close as possible
(ideally better) than its unpruned version V.

Naively, one could estimate optimal layers to prune by
iterating over all possible candidates, removing one at a time,
fine-tuning the model, and selecting the candidate that exhibits
the lowest performance degradation. However, this approach
becomes computationally expensive as the network depth
increases, hence it is unfeasible for most modern architectures
and large scale datasets.
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Algorithm 1 Layer Pruning using our CKA criterion

Input: Trained Neural Network A and Candidate Layers [; € L
Output: Pruned Version of N’
: R+ M(N)
: fori <« 1to|L|do
N, + N\ I; > Removes layer [; from N
R; < M(N,) > Representation extraction of \y,
S+ Su S(R,Rli)
end for
: j < argmin(S) > Index of lowest score in S
N = Ni; > N becomes its pruned version
: Update NV via standard fine-tuning

R RN S ol S

Definitions. Consider X and Y a set of training samples
(e.g., images) and their respective class labels. Let A be a
dense (unpruned) network trained using X and Y (i.e., the
traditional supervised paradigm). Consider M () as a func-
tion that extracts the representation of a network from the
samples X . Following Xu et al. Evci et al. [2022], M extracts
the feature maps from the layer immediately preceding the
classification layer of the network. It is worth mentioning that
M (-) does not take into account the labels Y. Let [; € L be
the candidate layers (i.e., layers the pruning can eliminate)
and, finally, define NV}, as the network yielded by removing
the layer I; from .

Proposed Criterion. For each [; € L, we obtain ), w.r.t the
previous definition, and apply M (N},) to extract its represen-
tation, denoted by R;,. Define s(-,-) as our CKA criterion
which takes R and R;,, where R < M (N) (i.e., the original
representation), and outputs the score (importance) of I;. Fol-
lowing Kornblith et al. [Kornblith et al., 2019], we compute
CKA in terms of

CKA(R Ry = HSIC(R, Ry,)
T JHSIC(R, R)HSIC(Ry,, Bi,)

D

where HSIC is the Hilbert-Schmidt Independence Crite-
rion [Gretton et al., 2005]. We refer interested readers to
the works by Kornblith et al. [2019] and Nguyen et al. [2021,
2022] for additional information.

It follows from Equation 1 that CK A(R, Ry;,) € [0, 1],
where a value of 1 indicates identical feature maps (i.e., the
highest similarity preservation). However, an intuitive prac-
tice is to remove the lowest-scoring candidate layer. There-
fore, we adjust the score in terms of s(R,R;,) = 1 —
CKA(R, Ry,), ensuring that lower scores are assigned to
layers yielding more similar representations.

Algorithm 1 summarizes the process above. From it, we
highlight the following points. First, after estimating the im-
portance of all candidate layers, we indeed remove the lowest
scoring one. Second, representation extractions employ the
same set X . Finally, the construction of N;, does not involve
any fine-tuning. Note that, for a single iteration, our method
scales linearly w.r.t the number of layers, implying an O(|L|)
complexity.

4 Experiments

Experimental Setup. We conduct experiments on CIFAR-
10, CIFAR-100 and ImageNet using different versions of the
ResNet architecture [He et al., 2016]. Such settings are a

Pons et al. 2025

35
—=— Layer Pruning 35

—e— Filter Pruning

—=— Layer Pruning
—e— Filter Pruning

w
S

w

8

up (%)
&
N
%

d.
N
S
S

,_.
e

e N

S &

-
S
Latency speed-up (%)

Latency speed-

o w
o w

0 100 200 300 400 500 600 700 800
Number of Filters Removed

0 200 400 600 800 1000 1200 1400 1600
Number of Filters Removed

Figure 2. Relationship between the number of filters removed (x-axis) and
latency speed-up (y-axis) for models obtained from filter and layer pruning.
Importantly, such a comparison is possible because when pruning removes
layers, it eliminates all filters from that layer. Left and right plots stand
for ResNet56 and ResNetl 10, respectively. Overall, layer pruning notably
promotes higher speed-up than filter pruning.

common choice for general compression/acceleration stud-
ies [Chen and Zhao, 2019; Jordao et al., 2020; Zhang et al.,
2022; Zhou et al., 2022; He and Xiao, 2024].

In order to compare the predictive ability of the unpruned
models with their pruned counterparts, we follow common
practices [He and Xiao, 2024] and report the difference be-
tween accuracies. In this metric, negative and positive values
indicate a decrease and an improvement in accuracy (in per-
centage points — pp), respectively.

The Effect of Layer Pruning on Efficiency. Our point of
start is illustrating the advantages of layer over filter pruning,
as the latter is the most popular family of methods that yield
gains without requiring specific hardware [Shen et al., 2022;
He and Xiao, 2024].

According to recent studies [Dehghani et al., 2022; Vasu
et al., 2023], standard metrics such as FLOPs and parame-
ters, when singly employed, may overlook model efficiency.
Therefore, we begin our discussion by considering latency —
the time for forwarding a sample (or a set) through the net-
work. To do so, we follow the same process as Jordao ez al.
[2023], which creates two pruned networks: one obtained
through layer removal and the other from filters, aiming for
both models to have a similar number of neurons (filters).

Table 1. Comparison with state-of-the-art layer-pruning methods.
We highlight the best results in bold.

Method A Acc.  FLOPs (%)
PLS (=) 0.98 30.00
FRPP (+) 0.26 34.80
ESNB (=) 0.62 52.60
ResNet56 | LPSR (+)0.19 52.75
on CKA (ours) (+)0.95 56.29
CIFARIO | PLS (=) 091 62.69
LPSR (-)0.87 71.65
CKA (ours) (+)0.16 71.30
CKA (ours) (+) 0.08 75.05
ESNB (+) 1.15 29.89
ResNet110
PLS (+) 0.06 37.73
on
CKA (Ours) (+) 1.16 50.33
CIFARI10
CKA (Ours) (+) 0.80 67.10
LPSR (-) 0.57 37.38
ResNet50
CKA (Ours) (+)0.23 39.62
on
PLS (-) 0.67 45.28
ImageNet
CKA (Ours)  (-) 0.65 45.28
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This procedure makes possible a fair comparison in terms of
latency performance.

Iteratively repeating this process yields models with vary-
ing numbers of filters removed, from which we measure their
average latency across 30 runs by forwarding 10K samples
and report the speed-up obtained from the pruning process
with respect to the original (unpruned) model.

Figure 2 shows the results. It follows that layer pruning
yields a higher speed-up than filter removal. For example,
in ResNet110, with both methods eliminating around a thou-
sand filters, layer pruning achieves an 11 pp speedup over
filter pruning. This advantage persists even when removing
approximately 1, 600 filters, underscoring the effectiveness
of removing layers for network acceleration. Such gains have
motivated previous efforts on layer removal [Jordao et al.,
2020; Zhang and Liu, 2022; Zhou et al., 2022].
Effectiveness of the Proposed CKA Criterion. Our point of
start is evaluating the effectiveness of the proposed CKA crite-
rion in assigning layer importance. For this purpose, we take
into account representative layer pruning techniques [Jordao
et al., 2020; Zhang et al., 2022; Zhou et al., 2022; Chen and
Zhao, 2019]. It is worth mentioning that we exclude works on
dynamic inference since they belong to a different category of
compression and acceleration techniques [Han ez al., 2022].

Table 1 summarizes the results. According to this table,
our method outperforms existing techniques by a large mar-
gin. On ResNet56, compared to the best strategy in terms of
delta in accuracy, LPSR [Zhang and Liu, 2022], our method
outperforms it by up to 0.76 pp while exhibiting better gains.
Regarding FLOP reduction, the best method underperforms
ours by 3.4 pp. This behavior is prevalent in ResNet110 and
ResNet50 (on ImageNet). Notably, we reduce around 2x
more FLOPs than other criteria while obtaining an improve-
ment in accuracy.

The reason for these remarkable results is that our
method carefully selects which layers to eliminate. For exam-
ple, Jorddo et al. [2020] and Zhang and Liu [2022] compute
scores for layers by aggregating the sum of scores from the
individual filters that compose a layer. Table 1 suggests that
this aggregating scheme may be inappropriate. This find-
ing concurs with the observations made by Masarczyk et al.
[2023], where the authors argued that aggregating all features
of a layer to compose its final representation is suboptimal,
particularly for transfer learning.

In terms of computational cost, compared to Zhou et al.
[2022], our method is more cost-friendly. It turns out that
this approach solves the score assignment problem through
an evolutionary algorithm. Therefore, their method scales
expensively as the depth (i.e., |L|) increases. On the other
hand, to prune a model with |L| layers our approach requires
|L| forwards and CKA comparisons, scaling linearly (see
Algorithm 1). The method by Jordado er al. [2020] is also
linear w.r.t the number of layers, however, it is unable to
prune a layer from any region of the network. Specifically, to
eliminate a layer ¢, their method requires the removal of all
subsequent layers j where i < j < |L]|.

The previous evidence corroborates the suitability of
our criterion for selecting unimportant layers compared to
existing state-of-the-art layer pruning methods. Importantly,
the discussion above confirms our hypothesis that similar
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Table 2. Comparison with state-of-the-art pruning methods on
CIFAR-10. For each level of FLOP reduction (%), we highlight the
best results in bold.

Method A Acc.  FLOPs (%)
WhiteBox (TNNLS, 2023) +0.28 55.60
CLR-RNF (TNNLS, 2023)  +0.01 57.30
CKA (ours) +0.78 60.04
DAIS (TNNLS, 2023) -1.00 70.90
ResNet56 | GCNP (IICAI, 2022) -0.97 77.22
CKA (ours) +0.08 75.05
CKA (ours) -0.66 78.80
DECORE (CVPR, 2022) 241 81.50
CKA (ours) + /1 -0.94 84.70
EPruner (TNNLS, 2022) +0.12 65.91
CRL-RNF (TNNLS, 2023)  +0.14 66.00
WhiteBox (TNNLS, 2023) +0.62 66.00
CKA (ours) +0.80 67.10
ResNet110 | CKA (ours) +0.59 70.83
DECORE (CVPR, 2022) -0.79 76.92
CKA (ours) +0.23 76.42
CKA (ours) -0.41 87.61

representations between a dense (unpruned) network and its
optimal pruning candidate indicate lower relative importance.

Comparison with the State of the Art. The previous ex-
periments shed light on the benefits of layer pruning and the
effectiveness of our criterion for selecting layers to remove.
We now compare our method with general state-of-the-art
pruning techniques. For this purpose, we evaluate our method
against the most recent and top-performing techniques mainly
based on the survey by He and Xiao [2024]. Specifically, we
consider methods capable of achieving notable FLOP reduc-
tion with negligible accuracy drop.

Table 2 shows the results on CIFAR-10 for ResNet56/110.
On these architectures, our method outperforms state-of-the-
art techniques by removing more FLOPs and achieving the
best delta in accuracy. For example, in Table 2 (left), within
comparable FLOP reduction regimes, we outperform state-
of-the-art methods by a margin starting at approximately 0.4
pp and reaching up to more than 2.5 pp.

Table 2 poses an interesting behavior: at high FLOP
reduction levels (i.e., above 70%), all methods fail to preserve
accuracy. In contrast, our method removes more than 75%
of FLOPs with no accuracy drop. Most cases, our method
promotes predictive ability improvements. This benefit is
expected, as layer pruning (and its variations) acts as a form
of regularization Chen et al. [2016]; Han et al. [2022]. Ta-
ble 2 highlights this behavior in other pruning techniques, but
unlike ours, exhibited only in low compression regimes.

As we mentioned before, our method is orthogonal to
other pruning categories (i.e., the ones in Table 2); therefore,
we can combine it with these techniques. Built upon previous
ideas [Jordao et al., 2020], we take one of our pruned models
and further prune it using the popular ¢;-norm filter pruning.
In this scenario, we achieve even better results, surpassing our
best performance gains (using layer pruning only) in terms of
FLOP reduction by 5.9 pp. Specifically, our method achieves
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Table 3. Comparison with state-of-the-art pruning methods on
ImageNet using ResNet50 and CIFAR-100 using ResNet56.

Method A Acc. FLOPs (%)
GKP-TMI (ICLR, 2022) (-) 0.62 33.74
LPSR (SPL, 2022) (-) 0.57 37.38
CKA (Ours) (-)0.18 39.62
ResNetso | CLR-RNE(TNNLS.2023) () 116 40.39
on DECORE (CVPR, 2022) (-) 1.57 42.30
ImageNet SOSP (ICLR, 2022) (-) 0.94 45.00
WhiteBox (TNNLS, 2023) (-)0.83 45.60
CKA (Ours) (-) 0.90 45.28
DECORE (CVPR, 2022) (-) 4.09 60.88
CKA (Ours) + £1-norm (-)5.15 62.00
DLRFC (ECCV, 2022) (+)0.27 25.50
FRPP (TPAM], 2019) (-)0.23 38.30
GCNP (IJCAL, 2022) 0.00 48.77
ResNet110 | GCNP (IJCAL 2022) (-) 0.64 52.22
on LPSR (SPL, 2022) (-) 1.22 52.68
CIFAR-100 | DAIS (TNNLS, 2023) (+) 0.81 53.60
CKA (ours) (+)0.71 63.79
CKA (ours) (-) 0.59 71.29
CKA (ours) (-) 1.96 75.05

a FLOP reduction above 80% while maintaining the accuracy
drop below one pp. The single method paired with this level
of reduction, DECORE [Alwani et al., 2022], exhibits an
accuracy degradation of 2.41 pp compared to the original
model.

We also evaluate our method on ImageNet and CIFAR-

100 in Table 3. On these datasets, we observe a similar trend
with the CIFAR-10 discussion when comparing our method
against state-of-the-art pruning techniques. Particularly, on
ImageNet, the layer-pruning approach LSPR [Zhang and Liu,
2022] notably hurts the accuracy, whereas our method is ca-
pable of improving it while removing more FLOPs. We also
combine our method with the ¢;-norm criterion to further
prune our model in terms of filters, achieving a higher com-
putational reduction of 62.00%.
Robustness to Adversarial Samples. Evaluating pruned
models in adversarial scenarios plays a critical role, as we
need to guarantee the trustworthiness of these models be-
fore deploying them in real-world applications such as au-
tonomous driving. To assess the adversarial robustness of
the pruned models, we employ CIFAR-C [Hendrycks and Di-
etterich, 2019] and CIFAR-10.2 [Lu et al., 2020]. On these
datasets, our pruned models obtained superior robustness
compared to the unpruned model as seen in Figure 3. We no-
tice a similar trend when evaluating the pruned models against
the FGSM attack (see Section A.1 in our publicly available
paper).

The previous discussion indicates that our method oper-
ated as a defense mechanism against adversarial attacks. Such
afinding is unsurprising, as previous works have demonstrated
the potential of pruning as a defense mechanism against ad-
versarial attacks.

GreenAl and Transfer Learning. The current consensus is
that deeper models yield better predictive ability. A conse-
quence of this paradigm is the computational overhead seen
in modern architectures, contributing to an increase in energy
demands, both in the training and deployment phases. Ac-
cording to previous works [Lacoste et al., 2019; Strubell et al.,
2019; Faiz et al., 2024], these demands result in high carbon
emissions (COs). Fortunately, the benefits in FLOP reduction
and latency promoted by our method directly translate into a
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Figure 3. Results of pruned models for CIFAR-10.2 and CIFAR-C.
Green/blue points correspond to an accuracy improvement/degradation, re-
spectively.

reduction of CO,. For example, our best-pruned version of
ResNet56 implies a reduction of CO» by 67.88% during the
fine-tuning. On ResNet110, our pruned model at the highest
FLOP reduction regime leads to 80.85% of CO5 reduction.
We can further evidence this practical reduction in transfer
learning scenarios, where fine-tuning the models is neces-
sary for downstream tasks. To do so, we employ the pruned
versions of ResNet56 on CIFAR-100 and transfer their knowl-
edge to CIFAR-10. Interestingly, we observe that our pruned
model with the highest FLOP reduction achieved a CO; re-
duction of 68.23% while maintaining accuracy within 1 pp
compared to the unpruned model. In addition, pruned models
with lower FLOP reductions achieve better transfer learning
results, corroborating the findings by Xu and McAuley [2023].
Such behavior suggests a challenge for the current evaluation
of pruning techniques: the quality of pruning should consider
its performance in transfer learning tasks.

We believe the results above pose an important step to-
wards Green Al. Particularly on the learning paradigm in-
volving foundation models, as the success of this emerging
field relies on transfer-learning (and self-supervised), hence,
requiring fine-tuning [Bommasani et al., 2021; Evci et al.,
2022; Amatriain, 2023].

5 Conclusions

Layer pruning emerges as an exciting compression and accel-
eration technique due to more pronounced benefits in FLOP
reduction and latency speed-up than other forms of prun-
ing. Despite achieving promising results, existing criteria for
selecting layers fail to fully characterize the underlying proper-
ties of these structures. To mitigate this, we proposed a novel
criterion for identifying unimportant layers. Our method lever-
ages the Centered Kernel Alignment (CKA) similarity metric
to select such layers from a set of candidates. Extensive ex-
periments on standard benchmarks and architectures confirm
the effectiveness of our method. Specifically, we outperforms
existing layer-pruning techniques in terms of both accuracy
and FLOP reduction by a large margin. Compared to other
state-of-the-art pruning methods, we obtain the best compro-
mise between accuracy and FLOP reduction. Particularly, at
high reduction levels all methods fail to preserve accuracy,
whereas our method exhibits either an improvement or negli-
gible drop. In addition, our pruned models exhibit robustness
to adversarial samples and positive out-of-distribution genera-
tion. Finally, our work poses an important step towards Green
Al reducing up to 80.85% of carbon emissions for training
and fine-tuning modern architectures.
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