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Abstract

Dynamic coreset selection is a promising approach for improving the training
efficiency of deep neural networks by periodically selecting a small subset of
the most representative or informative samples, thereby avoiding the need to
train on the entire dataset. However, it remains inherently challenging due not
only to the complex interdependencies among samples and the evolving nature
of model training, but also to a critical coreset representativeness degradation
issue identified and explored in-depth in this paper, that is, the representativeness
or information content of the coreset degrades over time as training progresses.
Therefore, we argue that, in addition to designing accurate selection rules, it is
equally important to endow the algorithms with the ability to assess the quality of
the current coreset. Such awareness enables timely re-selection, mitigating the risk
of overfitting to stale subsets-a limitation often overlooked by existing methods.
To this end, this paper proposes an Efficient Representativeness-Aware Coreset
Selection (ERACS) method for deep neural networks, a lightweight framework
that enables dynamic tracking and maintenance of coreset quality during training.
While the ideal criterion—gradient discrepancy between the coreset and the full
dataset—is computationally prohibitive, we introduce a scalable surrogate based on
the signal-to-noise ratio (SNR) of gradients within the coreset, which is the main
technical contribution of this paper and is also supported by our theoretical analysis.
Intuitively, a decline in SNR indicates overfitting to the subset and declining rep-
resentativeness. Leveraging this observation, our method triggers coreset updates
without requiring costly Hessian or full-batch gradient computations, maintaining
minimal computational overhead. Experiments on multiple datasets confirm the
effectiveness of our approach. Notably, compared with existing gradient-based dy-
namic coreset selection baselines, our method achieves up to a 5.4% improvement
in test accuracy across multiple datasets.

1 Introduction

The success of modern deep neural networks largely relies on large-scale datasets, which are typically
collected from the internet. These datasets often contain a significant amount of redundancy, noise,
and even mislabeled samples[24]. To address this issue, coreset selection has been extensively
studied, originally proposed in the context of classical machine learning models, e.g., SVM [23],
logistic regression [12] and Gaussian mixture model [19]. The goal is to find a small subset of
weighted training samples, referred to as a coreset, which ensures that training on this coreset yields
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performance comparable to that on the full dataset. Their key idea is based on function approximation,
i.e., the training loss defined on the coreset should be close to the one defined on the whole training
data. These early methods are predominantly static, meaning that the coreset is selected before
training and reused throughout the training process. Lots of promising results have been reported
in the literature [23, 12, 19, 8]. Nevertheless, coreset selection is inherently a discrete and high-
dimensional optimization problem and remains highly challenging to large-scaled applications. s
Static coreset selection strategies often underperform in deep neural networks [3]. The main reason
is that compared to machine learning models, deep neural networks exhibit highly non-stationary
training dynamics and more intricate inter-sample correlations, making it difficult to ensure that
importance estimations made before training remain valid throughout the entire training process.
Therefore, it is extremely challenging to select the coreset accurately in the early stage of training
or even before training. As a result, a new line of research, i.e., dynamic coreset selection [3], has
emerged. These methods periodically update the coreset during training to adapt to the current state
of the model. Representative approaches include GradMatch [14], which selects samples by matching
gradients between the subset and the full dataset, and GLISTER [15], which guides selection by
optimizing a proxy validation loss via influence functions.
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Figure 1: Gradient discrepancy and SNR across training epochs. Subplots (a) and (b) show the
gradient difference between the coreset and the full dataset on CIFAR-10[18] and CIFAR-100[18].
Subplots (c) and (d) report the SNR, defined as the ratio of the mean to the standard deviation of
coreset gradient norms. As training progresses, the gradient discrepancy between the coreset and
the full dataset increases, indicating a decline in coreset representativeness. Meanwhile, the SNR
decreases, suggesting that the model is overfitting the current coreset.

Motivations. Beyond the intricate training dynamics of deep neural networks and the complex inter-
sample correlations discussed earlier, this paper identifies another crucial but often overlooked issue:,
i.e., the degradation of coreset representativeness over time, which also adds significant challenge to
coreset selection. We refer to this observation as the coreset representativeness degradation issue,
which directly motivates the development of the effective coreset selection methods proposed in this
work. Specifically, while the initially selected subset may align well with the full gradient direction,
it gradually becomes outdated as training progresses. Using GradMatch [14] as an example, the
experimental results presented in Figure 1 (a) and (b) demonstrate that the gradient discrepancy
between the coreset and the full dataset increases rapidly after each round of coreset selection. Based
on these phenomenon, we argue that, in addition to designing more precise selection criteria, it is
equally crucial to equip coreset algorithms with serlf-awareness–the ability to dynamically assess
and maintain subset quality throughout training. Notably, a few recent attempts have been made
to partially address this issue. For example, CREST [25] introduces a curvature-aware perspective
by locally approximating the loss as a quadratic function and leveraging Hessian-preconditioned
gradients to determine whether the current coreset still accurately estimates the full-data gradient.
This approach helps determine whether reselection is necessary. This method demonstrates improved
performance over other dynamic strategies, but the high computational cost of computing the Hessian
or its inverse significantly undermines one of the core advantages of coreset methods, i.e., training
efficiency.

In this paper, we propose an Efficient Representativeness-Aware Coreset Selection method (ERACS)
for deep neural networks, a lightweight framework that enables dynamic tracking and maintenance of
coreset quality during training. It is important to note that, since the gradient discrepancy between
the coreset and the full dataset is computationally prohibitive, this ideal criterion cannot be directly
adopted to develop an efficient coreset selection method. Our theoretical analysis in Section 4.2
exhibits that the Signal-to-Noise Ratio (SNR), defined as the ratio between the norm of the mean
coreset gradient and its standard deviation, of the coreset gradients is closely related with the
gradient discrepancy. As shown in Figure 1 , SNR consistently aligns with the gradient discrepancy
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and significantly decreases after each round of coreset selection, which may be attributed to the
model overfitting to the outdated and representativeness-limited subset. Since SNR of gradients
within the coreset can be computed efficiently, we therefore develop a scalable surrogate based
on it in our approach, which is the main technical contribution of this paper. Leveraging this
surrogate, our method triggers coreset updates without requiring costly Hessian or full-batch gradient
computations, maintaining minimal computational overhead. Experiments on multiple datasets
confirm the effectiveness of our approach. Across multiple datasets, our approach delivers test
accuracy gains of up to 5.4% over state-of-the-art gradient-based dynamic coreset selection methods.

Our main contributions are summarized as follows:

• We identify the phenomenon of coreset representativeness degradation in dynamic coreset
selection methods, particularly in late-stage training.

• We analyse the theoretical relationships between SNR the coreset gradients and gradient
discrepancy, which plays a fundamental role in developing our coreset selection methods.

• We propose a lightweight dynamic coreset selection method, which enables dynamic tracking
and maintenance of coreset quality during training.

• We validate our method on multiple benchmark datasets, achieving higher test accuracy with
negligible additional training cost.

2 Related Work

We first review various coreset strategies tailored to deep models. We then highlight gradient matching
techniques, which select training samples that directly approximate the full-data gradients from an
optimization perspective and have shown strong empirical performance across benchmarks.

2.1 Coreset Selection in Deep Learning

Coreset selection [14, 21, 10] has been extensively studied since the era of traditional machine
learning. However, classical coreset selection methods [10, 5, 4] designed for conventional machine
learning tasks (e.g., geometry-based approaches relying on Gaussian mixture assumptions [8, 1])
exhibit significant limitations when applied to deep learning, primarily due to their high compu-
tational complexity and fixed data representations. With the rapid advancement of deep learning,
recent research [14, 6, 13, 2] on coreset selection has shifted toward novel methodologies tailored to
the characteristics of deep neural networks. These approaches can be broadly categorized into: (1)
Geometry-based methods (e.g., k-Center Greedy [22]), which construct coreset by optimizing the
spatial distribution of samples; (2) Prediction uncertainty-based methods (e.g., entropy sampling [7]),
which prioritize samples that are difficult for the model to classify; (3) Gradient matching methods
(e.g., Craig [20], GradMatch [14]), which enhance training efficiency by minimizing the gradient
discrepancy between the subset and full dataset; (4) Bilevel optimization approaches [26, 3], which
formulate the selection process as an optimization problem based on validation performance; and (5)
Submodular function-based techniques (e.g., Similar [16], Prism [17]), which leverage mathematical
properties to ensure sample diversity. Although these methods demonstrate promising results in
specific scenarios, empirical studies [9] reveal that random sampling remains a strong and compet-
itive baseline, underscoring the need for further exploration to bridge the gap between theoretical
guarantees and practical effectiveness in deep learning-based core-set selection.

2.2 Gradient-Matching-Based Methods

This paper primarily investigates gradient-matching-based coreset selection methods [14, 20, 15,
25]. These methods explicitly target the approximation of the full-dataset loss gradient, selecting
training subsets from an optimization perspective. A representative approach is CRAIG [20] selects
samples that are optimally aligned with the full gradient direction by formulating a submodular
facility location problem solvable via greedy algorithms, yet suffers from computationally expensive
gradient estimation that hinders large-scale applicability. GLISTER [15] formulates coreset selection
as a bilevel optimization problem aiming to maximize validation performance, offering model
adaptability despite its dependence on clean validation data and learning objective smoothness
assumptions. Most relevant to this work is GradMatch [14] directly selects training samples to
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ensure subset gradient approximation of full-data gradients, supporting online/offline modes with
proven convergence guarantees under convexity and empirical superiority over traditional coreset
methods across benchmarks, particularly for high-efficiency training or data-constrained scenarios.
CREST [25] achieves convergence for non-convex models by approximating the loss with quadratic
functions and extracting sub-region coresets, using iterative mini-batch selection to minimize gradient
variance while pruning learned samples.

3 Preliminaries

In what follows, we first present the core optimization objective of GradMatch [14], which seeks a
weighted subset that closely approximates the full gradient. Due to the combinatorial nature of this
objective, we then introduce an efficient greedy solver based on Orthogonal Matching Pursuit (OMP)
that incrementally constructs a representative coreset.

3.1 Basics on GradMatch

GradMatch [14] is a gradient-based data subset selection framework designed to accelerate deep
neural network training by approximating the full gradient using a small, weighted subset of training
samples. Let L(θ) denote the empirical loss over the full dataset, and ∇θL(θ) its corresponding
full-batch gradient. At each training step t, the goal is to approximate this gradient using a weighted
combination of per-sample gradients over a subset X t ⊂ D with associated non-negative weights wt.

To quantify the quality of approximation, GradMatch [14] defines the gradient matching error:

Err(wt,X t, L, θt) =

∥∥∥∥∥∑
i∈X t

wt
i∇θL

i(θt)−∇θL(θt)

∥∥∥∥∥
2

, (1)

where θt is the model parameter at step t, Li(θt) is the loss on sample i from the training set, and
∇θL

i(θt) denotes the gradient of the individual loss.

To regularize the optimization and prevent overfitting to a few high-weighted points, GradMatch [14]
incorporates an ℓ2 regularization term and defines the regularized objective:

Errλ(w,X , L, θt) = Err(w,X , L, θt) + λ∥w∥22, (2)

where λ is a hyperparameter controlling the strength of the regularization.

The core optimization problem is thus formulated as:

wt,X t = argmin
w, |X |≤k

Errλ(w,X , L, θt), (3)

where |X | denotes the number of samples in X , k is a budget on the maximum subset size. This
formulation guides the design of subset selection algorithms within GradMatch [14].

3.2 Orthogonal Matching Pursuit for Subset Selection

Solving the combinatorial optimization problem in Equation (3) exactly is intractable. To tackle
this, GradMatch [14] adopts the Orthogonal Matching Pursuit (OMP) algorithm, a greedy iterative
approach that approximates the optimal subset.

OMP incrementally builds the subset X by selecting at each step the data point most correlated with
the current residual. The residual is defined as the gradient of the regularized error with respect to the
weights, evaluated at w = 0:

r = ∇w Errλ(X ,w, L, θt)|w=0 . (4)

This residual captures the contribution of each candidate point to the reduction in error. The sample
with the largest absolute component in r is added to the subset.

OMP proceeds as follows:

• Initialize the subset X = ∅ and compute the initial residual r at w = 0.
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• While |X | ≤ k and Eλ(X ) ≥ ϵ, repeat:

– Select e = argmaxj |rj | and update X ← X ∪ {e}.
– Re-optimize weights: w← argminw Errλ(w,X , L, θt).
– Recompute the residual r with the updated w.

• Return the selected subset X and weights w.

This procedure avoids exhaustive enumeration and efficiently constructs a representative subset that
minimizes the gradient mismatch with regularization.

4 Method

This section is divided into three parts. Section 4.1 introduces our motivation experiment, which
reveals the progressive divergence between coreset and full-dataset gradients during training. Section
4.2 analyses an upper bound on the gradient approximation error via a concentration inequality,
which connects the gradient discrepancy with SNR and naturally motivates the use of the SNR as a
tractable surrogate for representativeness. In Section 4.3, we propose ERACS, which is a lightweight
coreset selection framework that enables dynamic tracking and maintenance of coreset quality during
training.

4.1 Motivating Experiment: Coreset Representativeness Degradation Issue

Theorem 1 in GradMatch indicates that if the full gradient is accurately approximated by the one
defined on the coreset, the model learned with coreset selection should be close to the one trained on
the full datasets. However, our preliminary reproduction of GradMatch shows that its performance
improvement over random selection is less substantial than theoretically expected. This inconsistency
indicates a potential progressive divergence between the gradients of the coreset and the full dataset
as training proceeds—that is, the representativeness of the coreset may degrade rapidly over time. To
investigate this discrepancy, we conducted a full GradMatch training run and recorded the gradients
of the full dataset and the selected coreset at every epoch.

Specifically, we implement GradMatch with classification tasks on CIFAR10 and CIFAR100 using
ResNet18[11]. At each epoch, we compute the gradient over the full dataset, denoted as gfull, and the
gradient over the selected coreset, denoted as gcore. We then used 1− cos⟨gfull, gcore⟩ as the gradient
difference metric to quantify the representativeness of the coreset. As shown in Figure 1 (a) and (b),
the gradient difference remained consistently small in the early stages of training, indicating that the
coreset effectively captured the full-dataset gradient direction.

However, in the later stages of training, we observed that immediately after a new coreset was
selected, the gradient difference would rapidly increase, suggesting a sharp drop in representativeness.
We refer to this phenomenon as coreset representativeness degradation issue. This phenomenon
highlights a key limitation of existing static or infrequent-update coreset strategies and motivates our
development of a representativeness-aware dynamic coreset selection framework.

4.2 Connections Between Gradient Discrepancy and SNR

While the gradient discrepancy introduced in Section 4.1 serves as an accurate measure of coreset rep-
resentativeness, it requires computing the full dataset gradient at every epoch, resulting in significant
computational overhead. This indicates that this gradient discrepancy cannot be directly adopted to
develop an efficient coreset selection method. This issue motivates us to develop a scalable surrogate
for gradient discrepancy, which can approximate representativeness without requiring full gradient
access.

Theoretical Analysis. We investigate the theoretical connection between gradient discrepany and
SNR. Let µt denote the full-dataset gradient at iteration t, and µ̂t denote the gradient computed over
a coreset St of size m. The SNR is defined as:

SNRcore,t :=
∥µ̂t∥2
σ̂t

,
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where σ̂t denotes the standard deviation of sample gradients within the coreset. The following
theorem provides a probabilistic bound on gradient approximation error, which characterizes the
connection between gradient discrepancy and SNR.
Theorem 1 (Gradient Approximation Bound via SNR). [informal] If the gradients is Sub-Gaussian:
Then with probability at least 1− δ:

∥µt − µ̂t∥2
∥µ̂t∥2

≤
√

2 log(1/δ)√
m · SNRcore,t

.

The formal version of 1 and its complete proof can be found in the supplementary materials.

This result indicates that a larger SNR leads to tighter approximation of the full-dataset gradient,
validating the use of SNR as a proxy for representativeness.

Empirical Observation. Figure 1 (c) and (d) present the dynamics of SNR of the experiments in
Section 4.1. We can observe that SNR consistently aligns with the gradient discrepancy. Moreover,
during the early stages of training, SNR remains high, reflecting a high-quality coreset. However,
in later stages, SNR decreases sharply after each update, which may be attributed to the model
overfitting to the outdated and representativeness-limited subset. The reason could be that when the
model overfits the coreset, the gradient µ̂t vanishes while the variance σ̂t stay constant.

Statistical Illustration: Linear Regression Example. To further understand the behavior of SNR
and its connection to coreset overfitting, we consider a simple linear regression setup. Suppose each
input xi and noise term εi are drawn independently from Gaussian distributions:

yi = A⋆xi + εi, εi ∼ N (0, σ2), xi ∼ N (µx, σ
2
x),

where A⋆ is the optimal model trained on the coreset, i.e., the optimal solution of problem (5).
Assume A is the intermidate model obtained during the training process on a coreset {(xi, yi)}mi=1
by minimizing the squared loss:

L(A) =
1

2m

m∑
i=1

(yi −Axi)
2. (5)

The gradient of the loss with respect to the model parameter A for each sample is:

gi = −xi(yi −Axi) = −xi(εi − δxi), where δ := A−A⋆.

We now derive the expectation and variance of the per-sample gradient:

E[gi] = δ · E[x2
i ], (6)

Var(gi) = E[g2i ]− (E[gi])2 (7)

= E[x2
i (εi − δxi)

2]− δ2(E[x2
i ])

2 (8)

= E[x2
i ε

2
i ]− 2δE[x3

i εi] + δ2E[x4
i ]− δ2(E[x2

i ])
2 (9)

= σ2E[x2
i ] + δ2

(
E[x4

i ]− (E[x2
i ])

2
)
, (10)

where we used the independence of xi and εi, and the fact that E[εi] = 0 and E[ε2i ] = σ2.

Let κ be the kurtosis of xi, i.e., κ :=
E[x4

i ]

(E[x2
i ])

2 , we can have the SNR of the average gradient over m
samples as:

SNR =
|E[gi]|√
Var(gi)/m

=

√
m

σ2

δ2·E[x2
i ]
+ (κ− 1)

. (11)

As the model better fits the coreset (i.e., |δ| → 0), the signal |E[gi]| vanishes, but the variance term
remains bounded due to the noise σ2. As a result, SNR tends to zero. This illustrates that a low SNR
is an indicator of coreset overfitting and supports its use as a dynamic signal for triggering subset
updates during training.

Time Efficiency in Computing SNR. As shown in Table 1, computing the full-batch gradient on
CIFAR-10 takes approximately 14.39 seconds, while computing the coreset SNR only takes about
1.45 seconds—an order of magnitude faster. Therefore, SNR can serve as a lightweight, scalable
surrogate metric to evaluate the representativeness of the coreset.
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Table 1: Computation time (in seconds) for Gradient Diff vs. coreset SNR on CIFAR-10.
Metric Gradient Diff Coreset SNR
Time (s) 14.39 1.45

4.3 Representativeness-Aware Coreset Selection

We now present our representativeness-aware coreset selection method ERAC based on SNR, which
is a dynamic selection framework that adaptively refreshes the coreset based on its measured SNR.
Unlike prior works that update subsets at fixed intervals regardless of quality, ERACS periodically
checks whether the gradient SNR falls below a preset threshold τsnr. If so, a new subset is selected
using an external method such as OMP; otherwise, training proceeds with the current coreset.
Algorithm 1 gives the detailed steps of our method ERAC.

Algorithm 1 Efficient Representativeness-Aware Coreset Selection (ERACS)

Require: Training set U ; initial subset X (0); learning rate α; total epochs T ; coreset size k; check
interval C; threshold τsnr; batchsize B.

1: for t = 1 to T do
2: if t mod C = 0 then
3: Compute SNRt = SNR(X (t−1), θt−1)
4: if SNRt < τsnr then
5: X (t), wt ← OMP(L, θt−1, k, ϵ)
6: else
7: X (t) ← X (t−1)

8: end if
9: else

10: X (t) ← X (t−1)

11: end if
12: θt ← BatchSGD(X (t), wt, α, L,B,Epochs = 1)
13: end for
14: return θT

Here, OMP(·) is a greedy algorithm to solve the coreset selection problem (3), BatchSGD trains
the model with a stochastic optimization algorithm using the weighted coreset for some epoches.
Benefited from the computation efficiency of SNR, our method can track the representativeness of
the coreset during training without requiring costly Hessian or full-batch gradient computations,
maintaining minimal computational overhead.

5 Experiments

In this section, we first provide a detailed overview of our experimental setup, including the datasets,
baseline methods, and training configurations. We then conduct a comprehensive comparison
between our proposed ERACS method and state-of-the-art coreset selection algorithms, namely
CRAIG, GLISTER, GradMatch, and CREST, as well as a Random baseline. In addition to evaluating
model performance, we compare training speedups across methods. Finally, we perform an ablation
study to analyze the sensitivity of ERACS to key hyperparameters.

5.1 Experimental Setup

Datasets and baselines We evaluate our proposed method, Efficient Representativeness-Aware
Coreset Selection (ERACS), on three standard datasets: CIFAR-10, CIFAR-100, and ImageNet.
All experiments are conducted using ResNet-18 as the backbone architecture. We compare ERACS
against six baselines: training on the full dataset (Full), uniform Random selection, and four
representative coreset methods: CRAIG [3], GradMatch [14], Glister [15], and CREST [25].
Evaluation is based on test accuracy and training efficiency.

7



Training details. For training, we use stochastic gradient descent (SGD) with momentum 0.9,
weight decay 5× 10−4, and a cosine-annealed learning rate starting from 0.1. Models are trained for
300 epochs on CIFAR datasets and 350 epochs on ImageNet. We fix the coreset budget at 10% across
all settings. To decide when to update the coreset, ERACS monitors the SNR of the gradient norms
every C epoch and triggers reselection only when the SNR exceeds a threshold τsnr. This mechanism
ensures minimal overhead while preserving representativeness. All experiments were run on Nvidia
4090 GPUs.

5.2 Main Results

ERACS achieves consistently higher accuracy across datasets. Table 2 reports the test accuracy
under a 5%, 10% and 20% data budget. ERACS outperforms all other coreset selection baselines
across all benchmarks. On CIFAR-100 with 10% budget, ERACS achieves 69.67%, improving over
GradMatch by 5.4% and CRAIG by over 14%. On ImageNet, ERACS attains 63.91% with 10%
budget, surpassing both GradMatch and CREST by 4.75% and 2.27%, respectively.

Table 2: Test accuracy (%) under different data budgets using ResNet-18. The bolded values indicate
the best-performing method. Random, Craig, Glister, and GradMatch select coresets every 20
epochs. CREST selects mini-batches and decides when to update them based on its quadratic loss
approximation. Our method selects coresets based on the SNR indicator.

Dataset Budget Random Craig Glister GradMatch Crest ERACS Full

CIFAR-10
5% 84.23 82.74 84.5 85.4 85.83 87.27

94.9410% 88.23 87.35 88.49 89.41 89.87 91.37
20% 90.20 89.07 89.86 91.38 91.69 92.75

CIFAR-100
5% 38.89 37.04 29.55 40.53 45.81 46.86

75.2110% 63.17 55.07 43.94 64.26 68.10 69.67
20% 62.18 60.66 52.75 64.26 68.92 71.03

ImageNet
5% 42.45 44.28 43.76 45.15 46.72 48.96

70.5010% 57.41 55.47 53.09 59.16 61.64 63.91
20% 62.47 59.49 55.94 63.6387 65.97 68.69

ERACS maintains tighter gradient alignment during training. To better understand ERACS’s
behavior, we analyze the gradient discrepancy between the selected subset and the full dataset.
Figure 2 shows that baseline methods like GradMatch suffer from large gradient gaps in later training
stages, indicating overfitting on stale coresets. In contrast, ERACS keeps the gradient difference
consistently low, thanks to timely reselection triggered by SNR signals.
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Figure 2: Comparison between GradMatch and our SNR-based method. Left: Test accuracy. Right:
Gradient difference between the selected subset and the full dataset. ERACS achieves better accuracy
and stronger gradient alignment.

ERACS offers strong speed-accuracy trade-offs. Figure 3 compares the training speedup and
relative accuracy of different methods. ERACS matches the speed of GradMatch and Crest, while
consistently achieving higher relative accuracy. Notably, on CIFAR-100, ERACS maintains over 0.9
relative accuracy and achieves a 7.4× speedup compared to full-data training.

These results confirm that ERACS delivers a favorable balance between accuracy and efficiency, and
outperforms prior methods under constrained training budgets.
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Figure 3: Speedup and relative accuracy comparison across subset selection methods. ERACS
achieves higher accuracy than GradMatch while maintaining comparable speed.

5.3 Ablation Study

To understand the sensitivity of ERACS to its hyperparameters, we perform ablation studies on the
SNR threshold τsnr and the checking interval C.

Effect of SNR Threshold τsnr We analyze τsnr ∈ {0.1, 0.2, 0.3, 0.4, 0.5} to study its impact on
model performance and efficiency. Lower thresholds (e.g., 0.1) increase update frequency and
improve gradient alignment but raise computational costs. Higher thresholds (e.g., 0.5) reduce
overhead but may degrade accuracy. Our experiments show τsnr = 0.3 achieves the best trade-off,
balancing accuracy and efficiency.

Effect of Checking Interval C We evaluate C ∈ {1, 2, 3, 4, 5, 10} to determine optimal SNR
monitoring frequency. Smaller C (e.g., 1) improves responsiveness but incurs high overhead, while
larger C (e.g., 10) sacrifices adaptability for efficiency.

Table 3: Effect of varying SNR threshold τsnr and checking interval C on CIFAR-10. Each cell shows
accuracy, number of updates, and mean of grad diff. Bold indicates best trade-off.

C
τsnr 0.1 0.2 0.3 0.4 0.5

↑Acc. ↓Upd. ↑ Grad. ↑Acc. ↓Upd. ↑Grad. ↑Acc. ↓Upd. ↑Grad. ↑Acc. ↓Upd. ↑Grad. ↑Acc. ↓Upd. ↑Grad.

1 91.51 62 0.060 91.42 54 0.071 91.28 48 0.078 90.84 42 0.085 90.32 40 0.090
2 91.45 56 0.063 91.34 48 0.074 91.21 40 0.081 90.70 34 0.089 90.10 32 0.095
3 91.40 48 0.068 91.30 39 0.076 91.37 26 0.092 90.55 24 0.100 89.92 22 0.106
4 91.18 42 0.073 91.00 36 0.081 90.80 28 0.095 90.10 22 0.108 89.70 20 0.112
5 90.92 36 0.076 90.81 28 0.084 90.45 22 0.099 89.98 18 0.114 89.60 16 0.122
10 90.10 30 0.085 89.85 24 0.093 89.42 20 0.106 88.97 18 0.115 88.57 16 0.119

Our ablation study reveals that ERACS is robust to moderate variations in both the SNR threshold τsnr
and the checking interval C. While smaller values of τsnr and C generally lead to higher accuracy and
better gradient alignment, they incur more frequent updates and computational overhead. Notably, we
identify τsnr = 0.3 and C = 3 as the optimal setting, achieving a strong balance between performance
and efficiency—91.37% accuracy, only 26 coreset updates, and stable gradient behavior. These results
validate the effectiveness of SNR as a lightweight, principled signal for dynamic coreset re-selection
during training.

6 Conclusion

This paper proposes ERACS, a lightweight and dynamic coreset selection framework to address the
coreset representativeness degradation issue during deep model training. We introduce the SNR
of coreset gradients as a scalable proxy to monitor representativeness. When SNR drops below a
threshold, ERACS triggers reselection using the GradMatch objective, preventing overfitting to stale
samples and preserving gradient alignment. Experiments across multiple datasets show that ERACS
is simple, fast, and effective, improving both training efficiency and final performance.

Limitations. While ERACS avoids full-gradient or Hessian computations, periodic SNR evaluations
may still be costly at extreme scales. Additionally, SNR may not always reflect representativeness
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under highly non-Gaussian gradients or non-classification tasks. Future directions include adaptive
thresholding, alternative proxies, and extensions to broader learning settings.
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NeurIPS Paper Checklist
1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The main contribution of this paper lies in identifying the gradient mis-
match problem that occurs in the later stages of classical gradient-based core-set selection
algorithms, proposing a lightweight signal-to-noise ratio (SNR) metric to indicate the ap-
plicability of the current core-set, and providing theoretical analysis to demonstrate the
rationality of the SNR metric.
Guidelines: The main contributions of this paper are the efficient representativeness-aware
coreset selection method, which is elaborated in detail in the method section. Additionally,
extensive experimental validation has been conducted, effectively reflecting the contributions
of this paper.

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discussed the limitations of our work in Section 6.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
Justification: We provide a full derivation of our theoretical results in the appendix.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We provide detailed descriptions of all experimental configurations, and we
believe the results can be reproduced regardless of whether the code and data are provided.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: Yes, we will make our experimental code available in the supplementary
materials. The data used in our experiments is open source.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The experimental configuration has been thoroughly described throughout
section 5.1.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: The statistical metrics we used are all officially defined and well-established.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: The implementation details and training configurations are elaborated in
Section 5.1.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: This work has been conducted in full accordance with the NeurIPS Code of
Ethics.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: We discussed the broader impacts in Appendix.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
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• If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: Our study does not carry these risks.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We used public data and models under the license and terms, which were also
properly cited.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
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• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: We did not release any new assets in this work.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: Our experiments didn’t include the crowdsourcing and research with human
subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: Our experiments did not include the crowdsourcing and research with human
subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: LLMs were not used as part of the core methodology in this work.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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Supplemental Material: Efficient Representativeness-Aware
Coreset Selection

A Proof of Theorem 1

Note: Due to the non-convexity of deep learning models, the complexity of gradient distributions,
and the dynamic nature of training, our theoretical analysis here is limited to simplified conditions
that help us understand the behavior of the proposed algorithm under idealized settings. These results
are intended to offer theoretical insight rather than serve as the main contribution of this work. The
practical effectiveness of the method is ultimately demonstrated through empirical results.
Theorem 1 (Relative Gradient Approximation Concentration Bound). Consider a supervised learning
task with parameter vector wt ∈ Rd at training step t. Let:

• D = {(xi, yi)}Ni=1 denote the full training dataset

• S ⊂ D be a coreset with cardinality |S| = m

• gi := ∇L(wt;xi, yi) ∈ Rd represent per-sample gradients

• µt :=
1
N

∑N
i=1 gi be the full-data mean gradient (signal)

• µ̂t :=
1
m

∑
j∈S gj denote the coreset gradient mean

• σ̂2
t := ∥CovS(gj)∥ be the spectral norm of coreset gradient covariance

• SNRt := ∥µ̂t∥/σ̂t define the signal-to-noise ratio

Under the following assumptions:

(A1) Independent Sampling: Coreset indices are sampled i.i.d. from D (or equivalently, N ≫ m
allowing approximation by i.i.d. sampling)

(A2) Sub-Gaussian Gradients: Centered gradients satisfy the sub-Gaussian condition

∀u ∈ Sd−1 :=
{
u ∈ Rd : ∥u∥ = 1

}
, E
[
exp

(
⟨u, gj − µt⟩2

σ̂2
t

)]
≤ 2

Then for any confidence parameter δ ∈ (0, 1), the relative gradient approximation error

ϵt(S) :=
1

∥µ̂t∥
∥µt − µ̂t∥

satisfies the probabilistic guarantee:

P

(
ϵt(S) ≤

2

SNRt

√
2

m
log

(
2 · 5d
δ

)
≈

C
√
log(1/δ)√

m · SNRt

)
≥ 1− δ (12)

where C > 0 is a constant.

Proof. Let gj := ∇L(wt;xj , yj) denote the per-sample gradient, and define the full-data mean
gradient as:

µt :=
1

N

N∑
i=1

gi,

and the empirical mean of the coreset gradients as:

µ̂t :=
1

m

∑
j∈S

gj .
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We aim to bound the relative gradient approximation error:

ϵt(S) :=
1

∥µ̂t∥
∥µt − µ̂t∥ .

Step 1: Centered gradient representation.
Let Zj := gj − µt be the centered gradients. Then:

µ̂t − µt =
1

m

m∑
j=1

Zj ,

so that:

ϵt(S) =
1

∥µ̂t∥

∥∥∥∥∥∥ 1

m

m∑
j=1

Zj

∥∥∥∥∥∥ .
Step 2: One-dimensional projection concentration.
By assumption (A2), for all unit vectors u ∈ Sd−1:

E
[
exp

(
⟨u, Zj⟩2

σ̂2
t

)]
≤ 2.

This implies that each projection ⟨u, Zj⟩ is a sub-Gaussian random variable with parameter at most
σ̂t. Define the empirical projection mean:

Xu :=

〈
u,

1

m

m∑
j=1

Zj

〉
.

By standard sub-Gaussian concentration, for fixed u ∈ Sd−1 and any t > 0:

P (|Xu| ≥ t) ≤ 2 exp

(
−mt2

2σ̂2
t

)
.

Step 3: Extend to vector norm via ε-net.
We have: ∥∥∥∥∥∥ 1

m

m∑
j=1

Zj

∥∥∥∥∥∥ = sup
u∈Sd−1

|Xu|.

Let N1/2 be a 1/2-net of Sd−1 with cardinality at most 5d. Then for any vector v ∈ Rd,

∥v∥ ≤ 2 max
u∈N1/2

⟨u, v⟩.

Applying the union bound over the finite net:

P
(
∃u ∈ N1/2, |Xu| ≥ t

)
≤ 2 · 5d · exp

(
−mt2

2σ̂2
t

)
.

Since ∥∥∥∥ 1

m

∑
Zj

∥∥∥∥ ≤ 2 max
u∈N1/2

|Xu|,

we obtain:

P

∥∥∥∥∥∥ 1

m

m∑
j=1

Zj

∥∥∥∥∥∥ ≥ 2t

 ≤ 2 · 5d · exp
(
−mt2

2σ̂2
t

)
.

Step 4: Solve for t in terms of confidence level δ.
Let the right-hand side be equal to δ:

2 · 5d · exp
(
−mt2

2σ̂2
t

)
= δ.
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Solving yields:

t = σ̂t

√
2

m
log

(
2 · 5d
δ

)
.

Hence with probability at least 1− δ,

∥µ̂t − µt∥ ≤ 2σ̂t

√
2

m
log

(
2 · 5d
δ

)
.

Step 5: Normalize by ∥µ̂t∥ and define SNR.
Recall:

ϵt(S) =
∥µt − µ̂t∥
∥µ̂t∥

, SNRt :=
∥µ̂t∥
σ̂t

.

Thus with probability at least 1− δ:

ϵt(S) ≤
2

SNRt

√
2

m
log

(
2 · 5d
δ

)
.

Optional simplification: For fixed d, the logarithmic term can be absorbed by a constant into δ:

ϵt(S) ≲
C
√
log(1/δ)√

m · SNRt
.

B Boader Impact

Coreset selection algorithms aim to significantly reduce the training data volume and computational
overhead while preserving model performance, making them a key strategy for improving training
efficiency and reducing energy consumption in deep learning. By identifying a small yet highly
representative subset from the original training data, such methods can effectively shorten training
time and lower hardware resource usage, thereby reducing carbon emissions and mitigating the
environmental impact of AI development. In light of the growing global attention to sustainable
AI, advancing efficient and eco-friendly training strategies holds strong practical and long-term
value. Moreover, the reduced resource demand improves accessibility for researchers and developers
with limited computational capabilities, promoting greater inclusivity and equity in AI research and
innovation.

This study proposes a representativeness-aware coreset selection method based on gradient signal-
to-noise ratio (SNR), which significantly improves final model performance while maintaining the
computational efficiency of coreset selection. Compared to conventional approaches, our method
possesses the ability to aware the representativeness of selected samples during training, effectively
addressing the issue of coreset degradation in later stages. As a result, it achieves a favorable
balance between training efficiency and model performance. The method is theoretically grounded,
simple to implement, and easy to integrate into existing deep learning pipelines. It is well-suited
for both academic research and industrial deployment, particularly in edge scenarios and developer
communities with constrained computational resources.
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