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Abstract

The growing scale of datasets in deep learning has intro-
duced significant computational challenges. Dataset pruning
addresses this challenge by constructing a compact but infor-
mative coreset from the full dataset with comparable perfor-
mance. Previous approaches typically establish scoring met-
rics based on specific criteria to identify representative sam-
ples. However, these methods predominantly rely on sam-
ple scores obtained from the model’s performance during the
training (i.e., fitting) phase. As scoring models achieve near-
optimal performance on training data, such fitting-centric ap-
proaches induce a dense distribution of sample scores within
a narrow numerical range. This concentration reduces the dis-
tinction between samples and hinders effective selection. To
address this challenge, we conduct dataset pruning from the
perspective of generalization, i.e., scoring samples based on
models not exposed to them during training. We propose a
plug-and-play framework, UNSEEN, which can be integrated
into existing dataset pruning methods. Additionally, conven-
tional score-based methods are single-step and rely on models
trained solely on the complete dataset, providing limited per-
spective on the importance of samples. To address this limita-
tion, we scale UNSEEN to multi-step scenarios and propose
an incremental selection technique through scoring models
trained on varying coresets, and optimize the quality of the
coreset dynamically. Extensive experiments demonstrate that
our method significantly outperforms existing state-of-the-art
(SOTA) methods on CIFAR-10, CIFAR-100, and ImageNet-
1K. Notably, on ImageNet-1K, UNSEEN achieves lossless
performance while reducing training data by 30%.

Introduction
In recent decades, the rapid development of deep learning
has been driven by large-scale datasets (Deng et al. 2009;
Kuznetsova et al. 2020; Zhou et al. 2017), producing many
amazing achievements (Floridi and Chiriatti 2020; Chowdh-
ery et al. 2023; Radford et al. 2021). However, this approach
is inherently costly and requires substantial computational
resources and considerable time (Cazenavette et al. 2022;
Yu, Liu, and Wang 2023; Zhao, Mopuri, and Bilen 2020).

*These authors contributed equally.
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(a) Entropy distribution under the Fitting and UNSEEN frame-
works on CIFAR-10 (left) and CIFAR-100 (right) datasets.

(b) Rank distribution of two identical trials with different random
seeds under the Fitting (left) and UNSEEN (right) frameworks.

Figure 1: (a) Distribution of Entropy score on CIFAR-10 and
CIFAR-100 under the fitting and UNSEEN frameworks. Un-
der the fitting framework, Entropy scores exhibit dense clus-
tering. Conversely, UNSEEN achieves uniform score dis-
persion, substantially improving discriminative separability.
(b) Distribution of the rank assigned to each sample in the
overall score ranking in two identical CIFAR-100 trials with
different random seeds. Sample ranks fluctuate significantly
under fitting but remain stable under UNSEEN. The Pearson
correlation coefficient (PCC) between trials is 0.92 for UN-
SEEN, much higher than 0.43 under fitting.

Moreover, a significant portion of the data is redundant or
erroneous (Zhang et al. 2024; Zheng et al. 2022; Xia et al.
2022; Paul, Ganguli, and Dziugaite 2021), contributing min-
imally to the improvement of model performance. Dataset
pruning (Guo, Zhao, and Bai 2022), also known as coreset
selection, mitigates data redundancy by constructing a com-
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Figure 2: Samples exhibit varying levels of importance across coresets of different stages. Incremental selection prioritizes
samples with the highest importance at each stage, offering a more principled and adaptive approach to coreset construction.

pact subset that enables the model to achieve performance
comparable to that obtained with the full dataset. This strat-
egy emphasizes identifying and selecting the most informa-
tive and representative samples.

Dataset pruning methods commonly identify important
samples through various strategies, including geometry fea-
tures (Xia et al. 2022; Zheng et al. 2022; Wan et al. 2024),
uncertainty (Coleman et al. 2019; Pleiss et al. 2020; He et al.
2024; Zhang et al. 2024), error (Paul, Ganguli, and Dziugaite
2021; Toneva et al. 2019), and decision boundary (Margatina
et al. 2021; Yang et al. 2024). These methods are based on
their scores derived from the model’s performance during
the training (i.e., fitting) phase. However, as models exhibit
a strong capacity for sample fitting, the score distribution be-
comes densely concentrated. As demonstrated in Figure 1a,
Under the conventional fitting framework, more than 90% of
CIFAR-10 samples and 78% of CIFAR-100 samples exhibit
Entropy values close to zero. Due to the overly clustered
score distribution of samples, the model frequently fails to
accurately identify challenging samples, and the selection
results exhibit severe instability. As shown in Figure 1b, the
rank assigned to each sample in the overall score ranking
varies significantly between two otherwise identical exper-
iments initialized with different random seeds. This obser-
vation indicates that conventional methods under the fitting
framework exhibit limitations in effectively and robustly dif-
ferentiating samples of varying difficulty.

To overcome this challenge, we propose a novel frame-
work called UNSEEN, designed to assess the importance
of data samples from a generalization perspective. Specifi-
cally, we employ cross-validation to facilitate mutual scor-
ing across multiple models, where each sample’s importance
is determined exclusively by models that never encountered
it during training. The implementation involves randomly
partitioning the full dataset into mutually exclusive folds of
equal size, training scoring models on each fold, and sub-
sequently utilizing these models to score the samples ex-

cluded from their respective folds. As shown in Figure 1a,
our generalization-based framework UNSEEN produces En-
tropy scores with more uniform dispersion across a broader
scoring range compared to the conventional fitting-based
approach. Figure 1b demonstrates that our method signifi-
cantly enhances robust and discriminative selection.

Additionally, existing score-based methods are single-
step i.e., score samples once with the scoring model trained
solely on the full dataset. As demonstrated in Figure 2, sam-
ples exhibit varying levels of importance when scored by
models trained on different coresets. We frame coreset con-
struction as an incremental process, considering the diffi-
culty of samples for models trained on coresets of varying
sizes. To comprehensively assess the importance of samples,
we scale UNSEEN to multi-step scenarios and propose an
evaluate-and-refill paradigm, incremental selection. It ini-
tiates by constructing an initial coreset through a selection
criterion under the fitting or UNSEEN framework. A scoring
model is subsequently trained on the coreset and is then em-
ployed to score pruned samples. Those that obtain the high-
est scores are incorporated into the coreset. This procedure
persists until the final coreset attains the target cardinality.

Our contributions in this paper are as follows:

• We expose the limitations of previous fitting-based meth-
ods and introduce UNSEEN, a plug-and-play framework
designed from a generalization perspective.

• We enhance conventional single-step pruning methods
by scaling UNSEEN to a multi-step selection process,
and propose incremental selection (IS), which provides a
more comprehensive assessment of sample importance.

• Our method outperforms existing SOTA methods on
CIFAR-10, CIFAR-100, and ImageNet-1K, and achieves
30% lossless pruning on ImageNet-1K.

• We extend the notion of difficulty from individual samples
to the class level, prioritizing the minimization of inter-
class disparity over uniform treatment across categories.
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Figure 3: The pipeline of UNSEEN. First, the training dataset is randomly partitioned into K equal-sized subsets. Then, for
each subset, a scoring model is trained and used to assign scores to the samples in the complementary subsets. The top M1

samples with the highest scores are selected to form the initial coreset S1. Next, a scoring model is trained on the selected
samples and used to score the remaining unselected samples. Samples with the highest scores are incrementally added to the
coreset. This procedure is repeated until the desired number of samples has been selected.

Related Work

Dataset Pruning. Current approaches to dataset pruning
mainly include score-based and optimization-based meth-
ods. Emerging as the predominant paradigm, score-based
methods select the representative subset by scoring sam-
ples based on specific metrics. Various criteria have been
developed, such as geometry-based (Welling 2009; Xia
et al. 2022; Zheng et al. 2022), uncertainty-based (Cole-
man et al. 2019; Pleiss et al. 2020; He et al. 2024; Zhang
et al. 2024), error-based (Paul, Ganguli, and Dziugaite 2021;
Toneva et al. 2019), decision-boundary-based (Margatina
et al. 2021; Yang et al. 2024). (I) Geometry-based meth-
ods leverage spatial distribution characteristics to identify
representative samples. Moderate (Xia et al. 2022) employs
median distance criteria, retaining samples near the distri-
butional median. CCS (Zheng et al. 2022) selects samples
that ensure data coverage. (II) Uncertainty-based methods
focus on identifying samples with low confidence or high
uncertainty of prediction. Entropy (Coleman et al. 2019)
selects samples with elevated cross-entropy. DynUnc (He
et al. 2024) prioritizes samples with high uncertain pre-
diction. TDDS (Zhang et al. 2024) targets samples with
larger projected gradient variances. (III) Error-based meth-
ods identify and remove data points that demonstrate mini-
mal contributions to model performance. Forgetting (Toneva
et al. 2019) retains frequently misclassified samples that ex-
hibit persistent training errors throughout the learning pro-

cess. Optimization-based methods treat dataset pruning as
an optimization problem. Glister (Killamsetty et al. 2021)
introduces validation data on the outer optimization and the
log-likelihood in the bilevel optimization. While theoret-
ically promising, these methods face practical implemen-
tation barriers due to intricate bilevel optimization (Yang
et al. 2024; Wang et al. 2025c). Additionally, proxy-based
methods (Coleman et al. 2019; Sachdeva, Wu, and McAuley
2021; Wang et al. 2025b) use lightweight or shallow models
to fit the training dataset, thus reducing computational cost.
Dataset Synthesis and Dataset Distillation. A parallel
and increasingly prominent line of research moves beyond
merely filtering existing datasets and instead focuses on ac-
tively transforming or generating new, higher-quality data.
This paradigm, often termed dataset synthesis or distillation,
aims to engineer a more informative and robust training sig-
nal than what is available in the raw data distribution (Wang
et al. 2025a,d; Liu et al. 2025; Huang et al. 2025).

Methodology
Preliminaries
Consider a classification task with training dataset D =
{(xi, yi)}Ni=1 where xi ∈ Rd denotes input features and
yi ∈ {1, . . . , c} represents class labels for a c-category
problem. The data follows an unknown distribution P , and
we aim to train a neural network fθ : Rd → Rc param-
eterized by θ ∈ Rm. The model minimizes the empirical
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risk L(D; θ) = 1
N

∑N
i=1 ℓ(fθ(xi), yi), where ℓ : Rc ×

{1, . . . , c} → R+ is a loss function such as cross-entropy.
The dataset pruning objective seeks a coreset S ⊂ D with
cardinality |S| = M < N that preserves model generaliza-
tion performance. Formally, we require:

E
(x,y)∼P
θ0∼Pθ0

[ℓ(fθD (x), y)] ≈ E
(x,y)∼P
θ0∼Pθ0

[ℓ(fθS (x), y)] , (1)

where θD and θS denote parameters trained on D and S re-
spectively, with initialization θ0 ∼ Pθ0 .

UNSEEN
We implement UNSEEN by cross-validated sample scoring
and scale UNSEEN to incremental selection. The detailed
pseudo-code of our approach is presented in Algorithm 1.
Cross-validated UNSEEN Scoring. The process initiates
by partitioning the original dataset D into K mutually ex-
clusive subsets {Dk}Kk=1 and corresponding complements
Dc

k = D \ Dk through uniform random sampling, ensuring
Di∩Dj = ∅ for all i ̸= j while maintaining

⋃K
k=1Dk = D.

For each partition Dk, a neural network fθk is trained by
optimizing θk = argminθ L(Dk; θ). This network sub-
sequently generates scores on the corresponding comple-
ment s(xi) = ℓ(fθk(xi), yi), (xi, yi) ∈ Dc

k, establishing a
cross-validated assessment where models exclusively evalu-
ate samples excluded from their training scenario. We adopt
the basic Entropy score as the scoring function.
Incremental Selection (IS). Given a target pruning rate
p ∈ (0, 1), the algorithm selects M = ⌊N(1 − p)⌋
samples through an incremental refinement process over
J stages. It begins with score normalization s̃(xi) =

s(xi)/
∑N

j=1 s(xj) and sets per-stage selection sizes Mj

such that
∑J

j=1 Mj = M . At stage j, a scoring network is
trained on the current coreset Sj − 1 and assigns loss scores
sj(xi) = ℓ(fθj(xi), yi) to samples in the remaining set
Rj − 1 = D \ Sj − 1. The top-Mj samples ∆j with high-
est scores are added to the coreset, i.e., Sj = Sj − 1 ∪∆j ,
while the residual set is updated accordingly. This process
continues until the final coreset SJ reaches size M .

Experiments
Datasets and Settings
Datasets and architecture. We evaluated our framework
UNSEEN on CIFAR-10/100 (Krizhevsky, Hinton et al.
2009) and ImageNet-1K (Deng et al. 2009). We further eval-
uated our approach on three challenging fine-grained vi-
sual categorization (FGVC) datasets: CUB-2011 (Wah et al.
2011), Stanford Dogs (Khosla et al. 2011), and Stanford
Cars (Krause et al. 2013). To validate cross-architecture
generalization, we implement dataset pruning on CIFAR-
10 and CIFAR-100 using ResNet-18 (He et al. 2016) as the
backbone, followed by evaluation of coreset transfer perfor-
mance on ResNet-34 and ResNet-50.
Baseline. We compare our approach against eleven base-
lines, including Random, Entropy (Coleman et al. 2019),
Margin (Coleman et al. 2019), Least Confidence (Coleman
et al. 2019), EL2N (Paul, Ganguli, and Dziugaite 2021),

Algorithm 1: UNSEEN-Incremental Selection

Require: Training dataset D with N samples, target prun-
ing rate p ∈ (0, 1), number of partitions K, number of
refinement stages J

1: Compute target coreset size: M ← ⌊N(1− p)⌋
2: Define per-stage selection sizes {Mj}Jj=1 such that∑J

j=1 Mj = M
▷ Cross-Validated UNSEEN Scoring

3: Partition D into K mutually exclusive subsets:
{Dk}Kk=1, ensuring Di ∩ Dj = ∅ and

⋃K
k=1Dk = D

4: for k = 1 to K do
5: Train model fθk on Dk

6: for each sample (xi, yi) ∈ Dc
k = D \ Dk do

7: s(xi) = ℓ(fθk(xi), yi) ▷ Compute score
8: end for
9: end for

10: for each sample xi ∈ D do
11: s̃(xi) =

s(xi)∑N
j=1 s(xj)

▷ Normalize scores

12: end for
13: Initialize coreset: S1 ← Select({s̃(xi)}xi∈D,M1)
14: Define pruned dataset:R1 ← D \ S1

▷ Incremental Selection
15: for j = 2 to J do
16: Train model fθj on Sj−1

17: for each sample (xi, yi) ∈ Rj−1 do
18: sj(xi) = ℓ(fθj (xi), yi)
19: end for
20: ∆j ← Select({sj(xi)}(xi,yi)∈Rj−1

,Mj) ▷ Select
top Mj samples

21: Update coreset: Sj ← Sj−1 ∪∆j

22: Update pruned dataset:Rj ← Rj−1 \∆j

23: end for
24: return Final coreset SJ and final model fθJ

AUM (Pleiss et al. 2020), Forgetting (Toneva et al. 2019),
Moderate (Xia et al. 2022), CCS (Zheng et al. 2022), Dy-
nUnc (He et al. 2024), TDDS (Zhang et al. 2024).
Implementation details. We set K = 4 and J = 2, i.e.,
only one additional pruning stage, with M2 = ⌈N · 10%⌉
as the default, consistent across all pruning rates. All exper-
imental results are averaged over five runs. Other details are
in the supplementary materials.

Experiments Results
Performance of general image classification. UNSEEN
outperformed previous dataset pruning methods on CIFAR-
10, CIFAR-100, and ImageNet-1K at varying pruning rates.
As shown in Tables 1 and 2, UNSEEN achieved 73.55% ac-
curacy when pruning 30% samples of ImageNet-1K, with
only a 0.06% accuracy gap compared to training on full data.
UNSEEN can be applied to existing methods. Figure 4
showed the performance of random dataset pruning, two
classical methods (Margin and Least Confidence), and the
previous SOTA method TDDS. We applied UNSEEN to
the two classical methods. With UNSEEN, they signifi-
cantly outperformed baselines and approached TDDS per-
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Dataset CIFAR-10 CIFAR-100

Prune Rate 30% 40% 50% 60% 70% 30% 40% 50% 60% 70%

Random 94.67 94.15 93.27 92.49 91.04 76.00 74.32 72.37 69.87 66.26
Entropy 94.77↑0.10 94.37↑0.22 93.87↑0.60 92.76↑0.27 90.83↓0.21 76.73↑0.73 74.94↑0.62 72.21↓0.16 68.41↓1.46 62.47↓3.79

Margin 94.83↑0.16 94.45↑0.30 93.75↑0.48 92.76↑0.27 90.35↓0.69 76.64↑0.64 74.71↑0.39 71.95↓0.42 67.96↓1.91 62.15↓4.11

Least Confidence 94.11↓0.56 93.51↓0.64 93.08↓0.19 91.63↓0.86 90.09↓0.95 76.54↑0.54 74.79↑0.47 72.66↑0.29 69.00↓0.87 63.92↓2.34

AUM 95.49↑0.82 95.46↑1.31 95.22↑1.95 94.90↑2.41 92.44↑1.40 77.98↑1.98 75.41↑1.09 68.86↓3.51 56.42↓13.45 38.54↓27.72

EL2N 95.36↑0.69 95.27↑1.12 95.10↑1.83 94.58↑2.09 91.10↑0.06 77.44↑1.74 74.47↑0.15 66.75↓5.62 52.81↓17.06 35.03↓31.23

Forgetting 95.48↑0.81 95.47↑1.32 95.34↑2.07 95.03↑2.54 93.22↑2.18 78.16↑2.16 76.01↑1.69 71.74↓0.63 62.42↓7.45 48.48↓17.78

CCS 95.45↑0.78 95.38↑1.23 95.14↑1.87 94.54↑2.05 91.77↑0.73 75.66↓0.34 73.83↓0.49 70.49↓1.88 66.74↓3.13 60.81↓5.45

DynUnc 95.49↑0.82 95.45↑1.30 95.28↑2.01 94.68↑2.19 93.26↑2.22 76.13↑0.13 74.72↑0.40 72.32↓0.05 70.04↑0.17 66.73↑0.47

TDDS 95.49↑0.82 95.49↑1.34 95.30↑2.03 94.66↑2.17 93.51↑2.47 77.25↑1.25 76.00↑1.68 74.09↑1.72 71.91↑2.04 68.38↑2.12

Moderate 94.37↓0.30 93.89↓0.26 93.22↓0.05 92.42↓0.07 90.86↓0.18 76.06↑0.06 74.74↑0.42 72.84↑0.47 70.74↑0.87 66.38↑0.12

UNSEEN 95.59↑0.92 95.58↑1.43 95.35↑2.08 95.10↑2.61 94.16↑3.12 78.61↑2.61 76.88↑2.56 75.15↑2.78 71.99↑2.12 68.49↑2.23

Table 1: Comprehensive comparison on CIFAR-10 and CIFAR-100 datasets with ResNet-18. The accuracy on the full dataset
of CIFAR-10 and CIFAR-100 is 95.50% and 79.24%. UNSEEN outperforms full-data training when pruning 30% of CIFAR-10
samples. For CIFAR-100, it prunes 30% of training samples with only a 0.63% accuracy drop.

Dataset ImageNet-1K

Prune Rate 30% 50% 70%

Random 72.16 71.07 70.00
Entropy 72.72↑0.56 70.93↓0.14 67.55↓2.45

Margin 72.10↓0.06 70.93↓0.14 67.58↓2.42

Least Confidence 72.32↑0.16 71.18↑0.11 67.47↓2.53

AUM 72.96↑0.80 67.47↓3.60 44.58↓25.42

EL2N 72.65↑0.49 69.61↓1.46 62.78↓7.22

Forgetting 71.96↓0.20 70.26↓0.81 68.14↓1.86

Moderate 72.47↑0.31 70.94↓0.13 67.42↓2.58

CCS 71.65↓0.51 70.09↓0.98 66.30↓3.70

DynUnc 70.28↓1.88 66.39↓4.68 60.69↓9.31

TDDS 71.47↓0.69 68.91↓2.16 64.52↓5.48

UNSEEN 73.55↑1.39 72.13↑1.06 70.26↑0.26

Table 2: Comprehensive Comparison on ImageNet-1K. The
accuracy on the full dataset is 73.61%. UNSEEN prunes
30% of the data with only a 0.06% accuracy drop.

formance. For example, Margin with UNSEEN and Least
Confidence with UNSEEN achieve accuracy of 78.19%
and 78.17% at a pruning ratio of 30% on CIFAR-100, re-
spectively, demonstrating that UNSEEN is a plug-and-play
framework that can be incorporated into existing methods.
Performance of fine-grained image classification. We also
applied UNSEEN to datasets with subtle image differences.
We conduct experiments on CUB-2011, Stanford Dogs, and
Stanford Cars. As illustrated in Figure 5, our method con-
structs informative coresets during fine-tuning across all
three datasets, demonstrating UNSEEN’s effectiveness in
selecting fine-grained samples with minimal variations.
Cross-architecture generalization. We validated the appli-
cability of pruned datasets on larger, unseen network ar-

Figure 4: Plug-and-play enhancement of UNSEEN on
CIFAR-10 (left) and CIFAR-100 (right). Margin and Least
Confidence achieve significant enhancement with UNSEEN
and outperform TDDS at low pruning rates.

Figure 5: Comparison on fine-grained datasets.

chitectures not involved in pruning. Specifically, we pruned
CIFAR-10 and CIFAR-100 with ResNet-18, and trained the
obtained coreset with ResNet-34 and ResNet-50. As shown
in Figure 6, our method significantly surpasses other meth-
ods, demonstrating that our method generates a coreset with
remarkable cross-architecture generalization capabilities.
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Figure 6: We employed ResNet-18 to perform dataset pruning, and subsequently trained ResNet-34 and ResNet-50 on the
pruned datasets. Results demonstrate that the coreset selected by UNSEEN exhibits strong generalization across architectures.

Dataset CIFAR-10 CIFAR-100

UNSEEN IS 30% 50% 70% 30% 50% 70%

× × 94.77 93.87 90.83 76.73 72.21 62.47
✓ × 95.39 95.33 94.05 78.24 74.56 62.23
× ✓ 95.27 94.82 92.96 76.92 74.31 65.73
✓ ✓ 95.59 95.35 94.16 78.61 75.15 68.49

Table 3: Ablation study on UNSEEN and Incremental Se-
lection (IS). Both UNSEEN and IS improve the Entropy
method, with the optimal results when combined.

Dataset CIFAR-10 CIFAR-100

Prune Rate 30% 50% 70% 30% 50% 70%

UNSEEN (K = 2) 95.37 94.81 92.82 77.87 74.51 64.53
UNSEEN (K = 4) 95.39 95.34 94.05 78.24 74.56 67.90

UNSEEN (K = 10) 95.37 95.24 93.28 76.98 73.45 67.52
UNSEEN (K = 20) 95.29 94.51 92.89 76.23 72.11 66.41

Table 4: Ablation study on the number of folders K. UN-
SEEN yields optimal performance for moderate K values.

Ablation Study
Ablation study on UNSEEN and IS.

We adopted Entropy as the baseline, then integrated UN-
SEEN and IS separately. As shown in Table 3, they both ex-
hibit significant improvements, with UNSEEN demonstrat-
ing a more pronounced enhancement. The optimal result is
achieved when combined.
Ablation study on the number of partitions K. Results
showed that models with moderate capability achieve op-
timal pruning. As analyzed in Table 4, overly strong mod-
els (e.g., with extremely small K) tend to fit samples pre-
cisely, reducing the discrimination for the difficulty of sam-
ples. Weaker models (e.g., with excessively large K) strug-
gle to effectively capture fundamental class characteristics,
resulting in suboptimal differentiation.
Abation study on generalization-based scoring. Scoring
models of UNSEEN can be viewed as proxy models trained
on reduced data. We conducted experiments to validate the
effectiveness of UNSEEN from a generalization perspective.

Dataset CIFAR-10 CIFAR-100

Prune Rate 30% 50% 70% 30% 50% 70%

Entropy 94.77 93.87 90.83 76.73 72.21 62.47
Entropy-proxy (K = 4) 94.85 94.04 92.04 76.83 73.22 65.08

UNSEEN (K = 4) 95.59 95.35 94.16 78.61 75.15 67.90

Table 5: Ablation study on generalization-based scoring.
UNSEEN significantly outperforms Entropy-proxy, demon-
strating its advantages from a generalization perspective.

(a) Ablation Study of J

(b) Ablation Study of M (J = 2)

Figure 7: Ablation studies of hyperparameters J and M .

For the proxy model based on Entropy, the dataset was ran-
domly partitioned into K equally sized subsets, and K scor-
ing models were trained on these subsets to assign scores
to samples within each subset (i.e., Entropy-proxy). We set
K = 4, the same as the experimental setting in UNSEEN.
Table 5 compares the results of dataset pruning among the
original Entropy, Entropy-proxy, and UNSEEN. UNSEEN
significantly outperforms Entropy-proxy, demonstrating its
advantages from a generalization perspective.
Ablation study for the number of refinement stages J
and per-stage coreset size M . As shown in Figure 7a, al-
though the cost grows with increasing J , the performance
remains nearly unchanged. We also conducted the ablation
study on the first-stage coreset size M1 (⌈N · (1− p)⌉−M2)
using CIFAR-10 and CIFAR-100 when J = 2. Figure 7b
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shows that a larger first-stage coreset, supplemented by a
smaller second-stage retraining, yields better performance.

Discussion
Computational Cost of UNSEEN and IS
UNSEEN does not introduce any additional cost, while
incremental selection incurs only minimal overhead.
(i) Computational Overhead of Previous Methods: Given a
batch size of B, previous methods incur N/B iterations to
train a scoring model on the full dataset. After pruning p of
the data, the model is trained on the selected coreset with
N · (1−p)/B iterations. Thus, the total computational over-
head of previous methods is N · (2− p)/B iterations.
(ii) Computational Overhead of UNSEEN: UNSEEN trains
K scoring models on K equal-sized subsets. Each requires
N/(K · B) iterations, summing to N/B iterations. Train-
ing on the coreset adds N · (1 − p)/B iterations, totaling
N · (2− p)/B iterations, which is equivalent to that of pre-
vious methods. Hence, UNSEEN does not introduce any
additional computational cost.
(iii) Computational Overhead of Incremental Selection (IS):
We set J = 2 and M2 = ⌈N · 10%⌉ , i.e., 10% of the full
dataset is incrementally selected in the second step. An ad-
ditional model is trained before the second stage, incurring
N(1 − p − 10%)/B iterations. For instance, when prun-
ing 70% of the data, IS incurs only 0.15× the total cost
required by previous methods (see figure below).

Figure 8: Comparison of Computational Overhead among
Previous Methods, UNSEEN, and IS at 70% Pruning Rate.

Class-Level Analysis of UNSEEN
This section explains UNSEEN’s strong performance by an-
alyzing dataset pruning at the class level. Given that differ-
ent classes inherently possess varying levels of complexity,
models tend to prioritize learning simpler classes, leading to
a lower accuracy for challenging ones and consequently cre-
ating an imbalance in performance (Cui et al. 2024). Most
existing pruning methods either ignore class information or
treat all classes uniformly (Guo, Zhao, and Bai 2022) (i.e.,
selecting the same number of samples from each class).

Since the scoring models under UNSEEN are not ex-
posed to training samples, they implicitly incorporate am-
plified class-level difficulty weighting, which leads to a pri-
oritization of hard-class samples. To verify this hypothesis,
we selected all samples from the easiest and the hardest
classes in the full dataset and plotted the change in their
score rankings when transitioning from the fitting frame-
work to UNSEEN (i.e., the difference in rankings between

(a) Ranking Change (b) Inter-class Var Comparison

Figure 9: (a) We computed the differential ranking by sub-
tracting the fitting rankings from the UNSEEN rankings.
We observed that most samples in the hardest class expe-
rienced rank drops (prior to being selected in UNSEEN),
while the easiest class exhibited the opposite trend. (b) We
measured variance in classification accuracies across classes
(i.e., inter-class variance). With increasing pruning rates, the
Entropy method under the fitting framework showed rapid
growth in inter-class variance, whereas UNSEEN main-
tained significantly stable and lower inter-class variance.

the two frameworks). Lower rankings indicate higher scores
and greater selection priority. As demonstrated in Fig-
ure 9a, a majority of samples from the hardest class exhib-
ited negative differences with lower magnitudes, indicating
their increased selection priority under the UNSEEN frame-
work. In contrast, samples from the easiest class exhibited a
contrasting pattern with positive differences. The prioritiza-
tion of hard-class instances facilitates mitigating inter-class
discrepancy within the coreset, thereby achieving holistic
performance optimization through balanced representation
learning. As shown in Figure 9b, we observe that with in-
creasing pruning rates, the inter-class variance i.e., variance
of accuracies across different classes, increases rapidly un-
der the fitting framework, while the inter-class variance is
stably lower under the UNSEEN framework. The experi-
mental result demonstrates that minimizing the accuracy dis-
parity between classes can enhance overall performance.

Conclusion
In this paper, we identify that existing dataset pruning meth-
ods under the fitting framework yield highly dense scores,
leading to undiscriminating and unstable selection. There-
fore, we introduce a plug-and-play framework, UNSEEN,
from the perspective of generalization. To refine the previ-
ous single-step pruning method, we scale UNSEEN to multi-
step scenarios and propose incremental selection to evaluate
samples comprehensively and optimize the coreset dynam-
ically. Finally, we analyze the reason for UNSEEN’s out-
standing performance by prioritizing samples of hard classes
and extend the concept of difficulty from samples to classes.
Experiments demonstrate that minimizing inter-class dispar-
ity is critical for achieving exceptional performance.
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