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Abstract
Modern deep neural networks rely heavily on massive model
weights and training samples, incurring substantial compu-
tational costs. Weight pruning and coreset selection are two
emerging paradigms proposed to improve computational ef-
ficiency. In this paper, we first explore the interplay between
redundant weights and training samples through a transparent
analysis: redundant samples, particularly noisy ones, cause
model weights to become unnecessarily overtuned to fit them,
complicating the identification of irrelevant weights during
pruning; conversely, irrelevant weights tend to overfit noisy
data, undermining coreset selection effectiveness. To further
investigate and harness this interplay in deep learning, we de-
velop a Simultaneous Weight and Sample Tailoring mecha-
nism (SWaST) that alternately performs weight pruning and
coreset selection to establish a synergistic effect in training.
During this investigation, we observe that when simultane-
ously removing a large number of weights and samples, a
phenomenon we term critical double-loss can occur, where
important weights and their supportive samples are mistak-
enly eliminated at the same time, leading to model instability
and nearly irreversible degradation that cannot be recovered
in subsequent training. Unlike classic machine learning mod-
els, this issue can arise in deep learning due to the lack of the-
oretical guarantees on the correctness of weight pruning and
coreset selection, which explains why these paradigms are of-
ten developed independently. We mitigate this by integrating
a state preservation mechanism into SWaST, enabling stable
joint optimization. Extensive experiments reveal a strong syn-
ergy between pruning and coreset selection across varying
prune rates and coreset sizes, delivering accuracy boosts of
up to 17.83% alongside 10% to 90% FLOPs reductions.

Introduction
Training modern deep neural networks requires huge com-
putational power and storage due to the large amount of
model weights and datasets. Weight pruning and coreset se-
lection (Hoefler et al. 2021; Killamsetty et al. 2021a) are two
emerging paradigms to enhance training efficiency or model
quality. Their key ideas are to develop proper rules to remove
redundant model weights and to select the most informa-
tive samples during training, respectively. Notably, in sce-
narios with noisy data, coreset selection has been shown to
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improve model accuracy by filtering out less valuable sam-
ples. It has been repeatedly reported in the literature (Hoe-
fler et al. 2021; Mirzasoleiman, Bilmes, and Leskovec 2020;
Killamsetty et al. 2021a) that the proposed algorithms un-
der these two paradigms can effectively reduce training costs
with negligible performance degradation.

However, we notice that weight pruning and coreset se-
lection are always investigated independently and their in-
teraction is overlooked. In contrast, for the two correspond-
ing techniques i.e., feature screening 1 and sample screen-
ing, in classical machine learning such as support vector
machines (Shibagaki et al. 2016; Zhang et al. 2017), their
interaction has been extensively studied and exploited to de-
velop efficient training acceleration algorithms. Theoretical
analysis shows that there exists a significant synergistic ef-
fect between feature and sample screening, that is, discard-
ing the identified redundant features (resp. samples) leads
to a more accurate estimation of the primal (resp. dual) op-
timum, which in turn enhances the sample (resp. feature)
screening rules in detecting irrelevant samples (resp. fea-
tures). These results are derived mainly depending on the
theoretical tools, e.g., Karush–Kuhn–Tucker (KKT) condi-
tions (Kuhn and Tucker 2013), in convex optimization. Ef-
fective joint screening methods are proposed to achieve a
synergistic effect, which enables model training with 10
million of features and samples possible on the resource-
restricted devices such as laptop. Although the above op-
timal tools do not exist in deep learning due to the highly
complicated nonconvex training problem, there seems to be
no reason to assert that a similar mechanism of the synergy
effect does not hold in weight pruning and coreset selection
paradigms, which is the main motivation of this work.

The first thing that can be expected is that the coreset se-
lection training process appears to be inherently more sus-
ceptible to overfitting and thus would benefit more from the
regularization effects of weight pruning. To provide an in-
depth and transparent analysis of the interaction between
weight pruning and coreset selection in deep learning, and
considering the complexity of deep neural networks, we first
perform an in-depth investigation on polynomial interpola-
tion tasks. We employ standard weight pruning and core-

1Features in classical machine learning models always have
one-to-one correspondence with model weights.
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set selection techniques for neural networks in this exper-
iment (Fig. 1) to ensure that the results reflect deep learn-
ing principles. We get the following two key observations.
One is that an excessive number of samples to be interpo-
lated, especially noisy ones, can cause the coefficients of the
polynomial to be overtuned in order to fit all the samples.
This significantly complicates the identification of irrele-
vant weights during pruning, as most existing pruning meth-
ods develop their importance metric explicitly or implicitly
based on the weight magnitude. The other observation is
that, under the standard metric in coreset selection, the dif-
ficulty of selection grows exponentially with the number of
redundant model weights. Our initial findings expose a criti-
cal interaction between model weights and training samples:
redundant samples complicate weight pruning, while irrele-
vant weights obscure coreset selection. This mutual inter-
ference implies the limitations of traditional approaches that
treat pruning and coreset selection as independent processes.

To further investigate and harness the above interplay
in deep learning, we develop a Simultaneous Weight and
Sample Tailoring mechanism (SWaST) that alternately per-
forms weight pruning and coreset selection to establish a
synergistic effect in training. Every R epochs, SWaST per-
forms coreset selection to identify the most representative
samples. During subsequent R epochs, it performs training
and online pruning using this selected coreset. We derive two
variants based on the aggressiveness of the pruning strategy:
SWaST-trim (which prunes only the fully connected layers)
and SWaST-cut (which prunes the entire network). SWaST-
trim utilizes a conservative pruning strategy, retaining more
parameters and ensuring better training stability. In contrast,
SWaST-cut removes more parameters for greater efficiency,
but this can lead to training instability, referred to as “critical
double-loss”. This instability occurs when pivotal weights
and their supportive samples are mistakenly eliminated at
the same time, causing an almost irreversible performance
degradation. In contrast to classic machine learning models,
this phenomenon can easily occur in deep learning due to
the absence of theoretical guarantees in pruning and coreset
selection. This underlying complexity elucidates why exist-
ing methods in pruning and coreset selection have tradition-
ally been developed in isolation. To ensure training stability,
we incorporate a state preservation mechanism that captures
the model’s output following coreset selection. This mecha-
nism helps preserve critical knowledge during training and
pruning while allowing adaptation to the refined dataset and
architecture. Extensive experiments reveal a strong synergy
between pruning and coreset selection across varying prune
rates and coreset sizes, delivering accuracy boosts of up to
17.83% alongside 10% to 90% FLOPs reductions.

Our main contributions can be summarized as follows.

• We conduct a transparent analysis to explore and identify
the fundamental interplay between weight pruning and
coreset selection within deep learning.

• We propose an alternative pruning and coreset selection
method SWaST, designed to further investigate and ex-
ploit the interplay to establish a synergistic effect.

• We design a state preservation mechanism for SWaST

that stabilizes training and maintains model performance
under aggressive pruning rates and small coreset sizes.

• Experiments verify the synergistic effect established by
SWaST, with a significant accuracy gain of up to 17.83%.

Related Work
Coreset Selection
Coreset selection identifies a representative subset from
the original (noisy) dataset with the objective of increas-
ing training efficiency or enhancing model effectiveness.
Recent methods are categorized into optimization-based
and heuristic-based. Optimization-based approaches employ
bilevel optimization (Borsos, Mutny, and Krause 2020; Zhou
et al. 2022; Hao, Ji, and Liu 2024) or gradient match-
ing objectives (Killamsetty et al. 2021a; Mirzasoleiman,
Bilmes, and Leskovec 2020; Killamsetty et al. 2021b,c),
providing theoretical guarantees, but incurring high costs.
Heuristic-based methods assess sample importance via for-
getting events (Toneva et al. 2018), gradient (Pruthi et al.
2020; Xia et al. 2024; Thakkar et al. 2023), and inter-sample
distances (Xia et al. 2022). Recent progress includes DNN-
based selectors (Ilyas et al. 2022; Engstrom, Feldmann, and
Madry 2024) and efficient frameworks (Everaert and Potts
2023; Paul, Ganguli, and Dziugaite 2021; Xiao et al. 2024;
Park et al. 2024) that balance quality and efficiency.

Weight Pruning
Weight pruning is a key technique for model compression
and acceleration, classified into structured and unstructured
methods. Structured pruning methods (Filters’Importance
2016; He et al. 2018; Jiang, Cao, and Yang 2022; Elkerdawy
et al. 2022; Guan et al. 2022; Nonnenmacher et al. 2021;
Alvarez and Salzmann 2016; Murray and Chiang 2015) re-
move entire filters or channels, enabling hardware acceler-
ation but often reducing accuracy. In contrast, unstructured
pruning (Tanaka et al. 2020; Lee, Ajanthan, and Torr 2018;
Han, Mao, and Dally 2015; Frankle and Carbin 2018) elim-
inates individual weights based on metrics like magnitude
or gradient sensitivity (Evci et al. 2020; Han et al. 2015;
Wen et al. 2016; Blakeney, Yan, and Zong 2020; Renda,
Frankle, and Carbin 2020; Hassibi and Stork 1992; LeCun,
Denker, and Solla 1989). Recent theoretical work link prun-
ing to optimization theory (Grosse and Martens 2016; Zhou
et al. 2021; Srinivas, Subramanya, and Venkatesh Babu
2017; Louizos, Welling, and Kingma 2017; Qian and Klab-
jan 2021), bolstering its foundations.

Pruning and Coreset Selection in Classical ML
In classical machine learning, feature and sample screening
mirror weight pruning and coreset selection. Optimization-
based theoretical frameworks exist for joint feature and sam-
ple screening in this domain (Shibagaki et al. 2016; Zhang
et al. 2017). Empirically, feature screening enhances sample
importance estimation, and vice versa. While these theories
don’t translate directly to deep learning, this synergy moti-
vates integrating weight pruning and coreset selection.
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(a) On noisy samples (b) On clean samples (c) I(D, D̂) values

Figure 1: The impact of redundant weights and samples on pruning and coreset selection. The collapsed pruned model (yellow
curve) in (a) compared to (b) implies that noisy/redundant data increases the difficulty of pruning. (c) shows selection difficulty
I(D, D̂) rises with polynomial degree, indicating harder coreset selection.

Interplay of Redundant Samples and Weights
We explore the interplay between redundant weights and
samples by investigating their impact on weight pruning and
coreset selection. In order to provide mathematically trans-
parent analysis, we apply standard pruning and coreset se-
lection techniques to polynomial interpolation.

Impact of redundant samples on weight pruning. We
study this impact on the polynomial interpolation task with
a classic example Runge’s function f(x) = 1

1+25x2 , x ∈
[−1, 1] (Runge 1901), which is smooth and has derivatives
of all orders, as shown by the blue curve in Fig. 1a and 1b
(see appendix for results on other functions). Our dataset
comprises 10 points sampled from the function: 5 are clean
data points (which form the coreset), and the other 5 are
noisy points, generated by adding Gaussian noise with a
magnitude of 0.1. Using the least squares method, we fitted
a 10th-degree polynomial to two datasets separately: the full
dataset of 10 points and the 5-point coreset. Following the
standard weight pruning techniques (Han, Mao, and Dally
2016), we pruned the three smallest coefficients (in magni-
tude) by setting them to zero while retaining the remaining
coefficients. Our findings indicate that an increased num-
ber of data points, especially those containing noise, renders
pruning more challenging. This is evidenced by the higher
loss observed (yellow curve in Fig. 1a) after pruning, which
suggests that coreset selection can enhance the effectiveness
of pruning in scenarios involving redundant samples.

Impact of redundant weights on coreset selection. The
goal of coreset selection is to identify a small subset of train-
ing data that approximates the objective function of the en-
tire dataset throughout the parameter space. A typical for-
mulation is constructed on function approximation, which
involves finding a small subset D̂ from the training dataset
D such that:

|L(θ)− L̂(θ)|
L(θ)

≤ ϵ, for any θ ∈ Rp, (1)

where L(θ) = 1
|D|

∑
i∈D ℓ(θ;xi, yi) is the objective func-

tion on the full dataset, and L̂(θ) = 1
|D̂|

∑
i∈D̂ ℓ(θ;xi, yi) is

the objective function on the selected subset D̂. Here, ϵ is a
small number that controls the approximation error. When ϵ

is sufficiently small, the model performance learned from L̂
can be comparable to that learned from L. In this context,

I(D, D̂) = sup
θ

|L(θ)− L̂(θ)|
L(θ)

, (2)

can be used to evaluate the difficulty of coreset selection.
The reason is that given two fixed datasets D and D̂, if
I(D, D̂) for network f1(·,θ) is larger than network f2(·,θ),
it means that f1(·,θ) needs to choose a larger coreset D̂ to
achieve the same accuracy with f1(·,θ), i.e., the coreset se-
lection in f1(·,θ) is more difficult than f2(·,θ).

In our second polynomial experiment, we employed
Runge’s function to create samples and applied Gaussian
noise with a strength of 0.1. We optimized the problem in
Eq. (2) for polynomial degrees k = 1, . . . , 20 and present
the result in Fig. 1c. It shows that with the y-axis in loga-
rithmic scale, I(D, D̂) grows exponentially with increasing
polynomial degree. The reason is that L(θ) vanishes to zero
rapidly due to the overfitting of the noisy data. This suggests
that coreset selection difficulty increases with model param-
eter dimension rapidly. Therefore, it can be expected that
pruning can mitigate this issue by reducing model size.

The Proposed Training Mechanism
In this section, we propose SWaST to further investigate and
exploit the interplay above to establish a synergistic effect
between weights pruning and coreset selection.

A Synergistic Optimization Mechanism
SWaST consists of a warm-up phase and an alternating op-
timization phase (shown in Fig. 2). In the warm-up phase,
the network is trained on the full dataset for K epochs to es-
tablish a good initialization. The subsequent phase alterna-
tively performs weight pruning and coreset selection, where
coreset selection is performed every R epochs to identify
representative samples, followed by network training on the
selected samples with pruning operations. This alternating
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Figure 2: Overview of SWaST, alternating between pruning and coreset selection every R epochs. D denotes the full dataset,
D̂ denotes the selected subset, D̃ denotes the stored logits, and T denotes the total epochs.

process effectively removes redundant samples and param-
eters while maintaining model performance. The detailed
procedure is outlined in Algorithm 1. We propose two vari-
ants that use different pruning strategies:
• SWaST-trim prunes only the FC layer, retaining most

parameters to ensure training stability. The improved ef-
ficiency is mainly attributed to coreset selection.

• SWaST-cut prunes the entire network to achieve more
aggressive efficiency gains, but may lead to training in-
stability (which we refer to as the “double-loss prob-
lem”). We develop the state preservation mechanism to
mitigate this issue in the following section.

Algorithm 1: SWaST

Require: Dataset D, warm-up epochs K, epoch interval R
for coreset selection, coreset to full set ratio α, pruning
algorithm P , coreset selection algorithm S , state preser-
vation weight λ, use state preservation flag use SP .

Ensure: Trained network parameters θ
1: Initialize network parameters θ
2: Set X = D
3: Initialize stored logits D̃ = {}
4: for t = 1, 2, . . . , T do
5: if t > K and t mod R = 0 then
6: X ← S(D,θ, α) ▷ Execute coreset selection
7: if use SP then
8: D̃ ← {(xi, zi) : zi = fθpre(xi),xi ∈ X}
9: end if

10: end if
11: for each training iteration do
12: Sample mini-batch B from coreset X
13: Compute cross-entropy loss LCE

14: if Z is not empty then
15: Compute LSP using D̃
16: Ltotal = LCE + λLSP ▷ SWaST-cut
17: else
18: Ltotal = LCE ▷ SWaST-trim
19: end if
20: Compute gradients∇θLtotal
21: θ ← P(θ,∇θLtotal) ▷ Execute pruning step
22: Update parameters θ using gradient descent
23: end for
24: end for
25: return θ

Remark 1 SWaST maintains generality by supporting any
pruning algorithm and coreset selection method that can be
integrated into the training process.
• For pruning, the only requirement is that the method

should be capable of operating in an online manner, up-
dating the network structure during training rather than
requiring separate pre-training or post-processing steps.

• For coreset selection, any method that evaluates and se-
lects samples based on the current model is compatible.

This flexibility allows practitioners to select the most suit-
able pruning and coreset selection approaches for their spe-
cific needs while still benefiting from SWaST’s synergistic
optimization between pruning and coreset selection.

Double-loss Problem: Analysis and Mitigation
We begin by establishing two baseline observations:
• For pruning only scenarios, when a parameter is incor-

rectly pruned, it can be recovered through learning from
appropriate training samples in the next iteration.

• Similarly, for coreset only scenarios, when a training
sample is mistakenly excluded, the knowledge preserved
in the network parameters can help reidentify and select
this sample in the next round.

However, when performing weight pruning and sample
tailoring simultaneously, we may encounter situations in
which both a parameter and its corresponding supportive
training samples are eliminated together. In such cases, stan-
dard training procedures struggle to recover from this infor-
mation loss, as neither component remains available to as-
sist in the recovery process. We term this the “double-loss”
problem. Fig. 3 illustrates this phenomenon through a repre-
sentative pair of interrelated data and parameters.
Remark 2 Fig. 3 offers an intuitive illustration of the
double-loss phenomenon, rather than experimental or the-
oretical validation. It depicts how losing interconnected pa-
rameters and samples can impede training recovery. The ac-
tual parameter-sample interactions in neural networks oc-
cur in higher dimensions with greater complexity.
Remark 3 It is important to note that the critical double-
loss phenomenon is unique to deep learning. Classical ma-
chine learning models leverage theoretical tools like KKT
conditions (Shibagaki et al. 2016) for safe feature/sample
removal. In contrast, deep models’ highly non-convex loss
function prevent such guarantees, necessitating dynamic
stabilization mechanisms, which is developed below.
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To address this challenge while maintaining optimization
stability, we propose a state preservation mechanism that
operates through two alternating phases:

Stage 1: State recording (executed everyR epochs). Fol-
lowing each coreset update, we capture the model’s states
via full forward propagation, i.e.,

D̃ = {(xi, zi) : zi = fθpre(xi),xi ∈ X}.
These preserved states encode critical information about the
current model and data subset, including both explicit pre-
diction patterns and feature correlations.

Stage 2: State-constrained training. During subsequent
parameter updates, we enforce state consistency through the
composite loss:

Ltotal = LCE + λ
∑

(xi,zi)∈D̃

KL(σ(zi)∥σ(fθ(xi))), (3)

where λ (default 0.1) balances the primary learning objec-
tive with state consistency, σ denotes the softmax function,
and KL represents the Kullback-Leibler divergence. Note
that the KL terms in Eq.(3) imply that we utilize all sam-
ples in X , as even misclassified examples provide valuable
information about the model’s optimization trajectory.

The mechanism above directly addresses the “double-
loss” problem with the following capabilities:
• KL terms can correct mistakes from previous pruning

steps. If a critical parameter is erroneously pruned, the
KL term can detect this error in subsequent steps—since
the KL divergence relative to the preserved state zi will
increase—and re-select that parameter.

• The KL terms help mitigate training instability caused by
pruning. Mistakenly removing important parameters can
lead to large fluctuations in σ(zi) and destabilize train-
ing. Such fluctuations are detected by the KL term, which
measures distributional divergence across all classes,
whereas LCE only penalizes the ground-truth class.

Experiments
To evaluate the effectiveness and robustness of SWaST, we
conducted a series of experiments. All results reported in the
tables are averaged over 5 runs. We first briefly review the
experimental setup, followed by specific results. Detailed
method descriptions and additional results with other prun-
ing/coreset methods, can be found in the Appendix.
• Datasets and network architectures: We conduct

experiments on CIFAR-10/100 (Krizhevsky, Hinton
et al. 2009), TinyImageNet (Le and Yang 2015), and
ImageNet-1K (Deng et al. 2009) datasets, using ResNet-
18 and ResNet-101 to verify our method’s effectiveness
across different model scales.

• Coreset selection and pruning methods: Given the
varying scales of datasets, we adopt selection meth-
ods with different computational complexities: Grad-
Match (Killamsetty et al. 2021a) for CIFAR, Moder-
ate (Xia et al. 2022) for TinyImageNet, and EL2N (Paul,
Ganguli, and Dziugaite 2021) for ImageNet-1K. We em-
ploy the RigL (Evci et al. 2020) method as our default
pruning algorithm.

Figure 3: Illustration of the “critical double-loss” phe-
nomenon in concurrent weight pruning and sample tailoring:
(1) Standard Training shows the close link between Data A
and Param a. (2) Pruning Only allows recovery of Param
a using Data A when mistakenly pruned. (3) Coreset Only
supports re-selection of Data A through Param a when ex-
cluded in error. (4) Pruning & Coreset causes irreversible
degradation from simultaneous exclusion.

• Pruning configuration: For SWaST-trim, the pruning
rate applies to FC layers; for SWaST-cut, it applies to
the backbone with FC layers fixed at 90% pruning. Con-
figuration details are provided in the Appendix. Detailed
analysis and justification for these configuration choices
are provided in the Appendix.

• Evaluation on datasets with label noise: To thoroughly
analyze the synergistic effects between weight pruning
and coreset selection, we introduce label noise into the
datasets in certain experiments.

Main Results
Efficiency analysis. To validate the efficiency of SWaST,
we present experimental results conducted on ResNet101,
as illustrated in Fig. 4. In this visualization, the x-axis rep-
resents FLOPS, the y-axis shows accuracy, and the circle

Figure 4: Efficiency vs. accuracy trade-offs (bubble area ∝
training time), where the upper-left region indicates optimal
performance (high accuracy with low FLOPs).
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SWaST-trim with different Prune RateModel Dataset Coreset Size
90% 70% 50% 30% 10%

Coreset-only

10% 92.58(+0.38) 92.53(+0.33) 92.40(+0.20) 92.32(+0.12) 92.29(+0.09) 92.20
5% 90.16(+0.49) 90.07(+0.40) 89.92(+0.25) 89.81(+0.14) 89.77(+0.10) 89.67CIFAR-10
1% 78.60(+2.97) 78.33(+2.80) 77.14(+1.61) 76.26(+0.73) 76.01(+0.48) 75.53
10% 71.94(+0.97) 71.76(+0.79) 71.44(+0.47) 71.27(+0.30) 71.20(+0.23) 70.97
5% 66.19(+1.40) 65.97(+1.18) 65.56(+0.77) 65.22(+0.43) 65.09(+0.30) 64.79

ResNet-18

CIFAR-100
1% 38.38(+1.96′) 38.12(+1.70) 37.58(+1.16) 37.01(+0.59) 36.88(+0.46) 36.42
10% 92.60(+1.47) 92.45(+1.32) 92.12(+0.99) 91.89(+0.76) 91.54(+0.41) 91.13
5% 89.81(+3.53) 89.39(+3.11) 88.04(+1.76) 87.46(+1.18) 87.29(+1.01) 86.28CIFAR-10
1% 66.23(+16.51) 63.36(+13.64) 60.46(+10.74) 55.45(+5.73) 53.02(+3.30) 49.72
10% 71.93(+3.14) 71.68(+2.89) 70.47(+1.68) 70.01(+1.22) 68.74(+0.95) 68.79
5% 61.72(+7.84) 60.25(+6.37) 58.19(+4.31) 56.63(+2.75) 55.82(+1.94) 53.88

ResNet-101

CIFAR-100
1% 21.16(+9.47) 18.53(+6.84) 16.04(+4.35) 14.46(+2.77) 13.87(+2.18) 11.69

SWaST-cut with different Prune RateModel Dataset Coreset Size
90% 70% 50% 30% 10%

Coreset-only

10% 91.53(−0.67) 92.32(+0.12) 92.40(+0.20) 92.92(+0.72) 92.60(+0.40) 92.20
5% 89.32(−0.35) 90.12(+0.45) 90.35(+0.68) 91.11(+1.44) 90.18(+0.51) 89.67CIFAR-10
1% 77.13(+1.60) 78.52(+2.99) 78.57(+3.24) 78.70(+3.17) 78.67(+3.14) 75.53
10% 67.98(−2.99) 71.09(+0.12) 71.91(+0.94) 72.09(+1.12) 71.99(+1.02) 70.97
5% 63.24(−1.55) 65.15(+0.36) 65.55(+0.76) 66.81(+2.02) 66.30(+1.51) 64.79

ResNet-18

CIFAR-100
1% 35.80(−0.62) 37.81(+1.39) 40.29(+3.87) 39.55(+3.13) 38.53(+2.11) 36.42

Params. After Pruning 1.2M 3.5M 5.8M 8.2M 10.5M 11.7M
10% 91.85(+0.72) 92.46(+1.33) 92.61(+1.48) 92.96(+1.83) 92.62(+1.49) 91.13
5% 88.90(+2.62) 89.55(+3.27) 90.00(+3.72) 90.13(+3.85) 89.99(+3.71) 86.28CIFAR-10
1% 64.57(+14.85) 64.82(+15.10) 66.92(+17.20) 67.55(+17.83) 66.52(+16.80) 49.72
10% 69.41(+0.62) 70.73(+1.94) 71.75(+2.96) 71.95(+3.16) 72.05(+3.26) 68.79
5% 59.27(+5.39) 59.65(+5.77) 62.87(+8.99) 62.97(+9.09) 62.14(+8.26) 53.88CIFAR-100
1% 19.17(+7.48) 20.11(+8.42) 21.24(+9.55) 20.99(+9.30) 21.19(+9.50) 11.69
10% 51.29(+2.63) 52.78(+4.12) 53.49(+4.83) 53.14(+4.48) 52.98(+4.32) 48.66

TinyImageNet
5% 38.65(+3.55) 42.83(+7.73) 42.93(+7.83) 41.94(+6.84) 41.21(+6.11) 35.10
10% 37.55(+5.83) 38.28(+6.56) 38.92(+7.20) 39.19(+7.47) 39.47(+7.75) 31.72

ResNet-101

ImageNet-1k
5% 31.63(+1.35) 32.25(+1.97) 32.71(+2.43) 34.34(+4.06) 33.12(+2.84) 30.28

Params. After Pruning 4.5M 13.3M 22.3M 31.2M 40.1M 44.5M

Table 1: Comparison for various pruning rates and subset fractions on different datasets. Values in parentheses show differences
from the Coreset-only baseline. Red/blue numbers indicate best and runner-up results within each row. SWaST-trim (upper half)
prunes only FC layers, maintaining parameters near originals: ∼11.2M–11.7M for ResNet-18 (original 11.7M) and ∼42.7M–
44.5M for ResNet-101 (original 44.5M). SWaST-cut (lower half) applies global pruning with explicit parameter counts listed.
Row-wise: Both SWaST variants consistently outperform the baseline, with gains up to 17.83%. Column-wise: Performance
improvements increase as coreset sizes decrease since smaller coresets present greater selection challenge and higher overfit-
ting risk, while weight pruning mitigates these issues.

sizes indicate training time (detailed experimental configu-
rations and settings are provided in the appendix). As ob-
served from the results, our method achieves significantly
higher accuracy compared to other approaches under equiv-
alent FLOPS constraints, demonstrating superior computa-
tional efficiency.

Weight pruning improves coreset selection. Follow-
ing the protocol established in (Killamsetty et al. 2021a),
we benchmark our proposed methods (SWaST-trim and
SWaST-cut) against the coreset-only baseline. Table 1
demonstrates that SWaST variants exhibit two key advan-
tages when operating with identical subset sizes:

• Row-wise analysis: Both SWaST-trim and SWaST-cut

consistently outperform the coreset-only baseline across
all configurations, achieving accuracy improvements of
up to 17.83%.

• Column-wise analysis: The performance gains from
SWaST become more pronounced as coreset size dimin-
ishes. This trend aligns with our intuition: smaller core-
sets present greater selection challenges, where weight
pruning facilitates the identification of higher-quality
samples (see Fig. 5a and 5c). Simultaneously, reduced
coreset sizes exacerbate overfitting, which pruning effec-
tively mitigates (see Fig. 5b).

Additional experiments on noisy datasets corroborate these
findings, showing consistent performance improvements
across diverse data conditions (see Appendix).
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(a) Noise in selected coresets (b) Overfitting (c) Loss differences

Figure 5: Results demonstrating the effectiveness of SWaST (lower values are better in (a) and (b), higher values are better in
(c)). (a) Noise ratio in selected coresets across training rounds comparing SWaST to the coreset-only baseline, with a 10.62%
reduction in the final selection. (b) Overfitting comparison measured by test loss minus validation loss. SWaST significantly
reduces overfitting compared to the dense model (Coreset-only), with higher prune rates yielding progressively better overfitting
reduction. (c) Loss ratio between noisy and clean samples during training, showing that weight pruning increases the loss on
noisy samples while preserving performance on clean data.

(a) Accuracy vs. pruning rate (b) Accuracy vs. FLOPs

Figure 6: Performance comparison between SWaST-cut and
pruning-only baseline. (a) SWaST-cut achieves higher accu-
racy across different pruning rates, with more pronounced
improvements at high sparsity levels. (b) Due to core-
set selection, SWaST-cut demonstrates superior accuracy-
efficiency trade-offs, significantly outperforming the base-
line under equivalent computational budgets.

Coreset selection improves weight pruning. We adopt
the coreset algorithm from (Xia et al. 2022) to identify the
most informative samples. As shown in Fig. 6a and Fig. 6b,
SWaST delivers two key benefits:

• Higher accuracy: SWaST achieves 93.15% accuracy at
a 90% pruning rate—an improvement of 3.33% over the
pruning-only baseline.

• Better efficiency: Benefiting from the reduced training
overhead through coreset selection, SWaST achieves su-
perior accuracy under comparable FLOPs budgets with a
gap of up to 4.43% when the relative FLOPs is 0.01.

Ablation Study
In the following, we conduct comprehensive ablation studies
to analyze the key components of our framework.

SWaST improves coreset quality. Extending the experi-
ments in Tab. 1, we further evaluate SWaST by introducing
noise into the datasets. Using EL2N (Paul, Ganguli, and Dz-
iugaite 2021) as the coreset selection method (detailed in the
appendix), we track the proportion of noisy samples in each
selected coreset throughout the training process. The results

are visualized as line plots in Fig. 5a. The comparison shows
that SWaST-cut helps the coreset algorithm better identify
clean samples compared to the coreset-only training base-
line. Specifically, in the final coreset, we achieves a 10.62%
reduction in the noise ratio relative to the baseline.

SWaST mitigates overfitting on coreset training. Train-
ing on small coresets poses inherent overfitting risks due to
limited data diversity. We evaluate this phenomenon by com-
paring test and validation loss between coreset-only train-
ing and our SWaST approach. As shown in Fig. 5b, SWaST
consistently reduces the overfitting gap across all prune
rates, with the reduction effect strengthening progressively
as prune rate increases. This demonstrates that our sparse
training paradigm effectively regularizes the model by pre-
venting over-specialization to the limited coreset data.

SWaST trains models with superior noise resistance.
Following our previous setup, we extend the experiments
from Tab. 1 by introducing 10% label noise into the datasets.
We analyze the loss distributions of both noisy and clean
samples throughout the training process, visualizing the re-
sults as line plots in Fig. 5c. The visualization reveals a clear
pattern: models with pruning exhibit higher loss values for
noisy samples, indicating that pruning prevents the model
from memorizing erroneous patterns in noisy data.

Conclusion
We explore the intricate interplay between weight pruning
and coreset selection in deep neural networks, uncovering
how redundant samples and weights can mutually under-
mine optimization efficiency and lead to challenges like the
double-loss phenomenon. To overcome these issues, we in-
troduce SWaST, an integrated training mechanism that en-
ables simultaneous weight and sample tailoring through it-
erative compression and a state preservation mechanism.
Our extensive experiments reveal a strong synergy between
pruning and coreset selection across varying prune rates and
coreset sizes, which pave the way for more efficient deep
learning paradigms.
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