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ABSTRACT

Dataset distillation aims to synthesize a smaller, representative dataset that pre-
serves the essential properties of the original data, enabling efficient model train-
ing with reduced computational resources. Prior work has primarily focused on
improving the alignment or matching process between original and synthetic data,
or on enhancing the efficiency of distilling large datasets. In this work, we intro-
duce Committee Voting for Dataset Distillation (CV-DD), a novel and orthogo-
nal approach that leverages the collective wisdom of multiple models or experts
to create high-quality distilled datasets. We start by showing how to establish a
strong baseline that already achieves state-of-the-art accuracy through leveraging
recent advancements and thoughtful adjustments in model design and optimiza-
tion processes. By integrating distributions and predictions from a committee of
models while generating accurate soft labels, our method captures a wider spec-
trum of data features, reduces model-specific biases and mitigates distributional
shifts between synthetic data and original data. This voting-based strategy not
only promotes diversity and robustness within the distilled dataset but also signif-
icantly reduces overfitting, resulting in improved performance on post-eval tasks.
Extensive experiments across various datasets and IPCs (images per class) demon-
strate that Committee Voting leads to more reliable distilled data compared to
single/multi-model distillation methods, while also generalizing to non—training

based frameworks and more challenging tasks such as synthetic-to-real transfer.

1 INTRODUCTION

The rapid growth of large datasets has significantly
advanced computer vision and deep learning appli-
cations, enabling models to achieve high accuracy
and generalization across diverse domains. How-
ever, training on massive datasets presents chal-
lenges such as high computational cost, memory us-
age, and long training times, especially for resource-
constrained environments. To address these issues,
dataset distillation has emerged as an effective tech-
nique to condense large datasets into smaller, repre-
sentative sets, allowing for efficient model training
with minimal performance loss. Despite its promise,
a key challenge remains: capturing the essential fea-
tures of the original data while avoiding overfitting
to specific patterns or noise.

Prior dataset distillation methods (Wang et al.,[2018;
Yin et al.l 2023t |Sun et al.l 2024; [Yin & Shen,
2024) often rely on single-model frameworks that
may struggle to generalize across complex, diverse
datasets and architectures. These approaches can in-
troduce biases specific to the model used, resulting
in distilled datasets that may not fully capture the
richness of the original data. To overcome these lim-
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Figure 1: Top illustrates the motivation of
our committee voting-based dataset distilla-
tion, highlighting its ability to reduce bias
from individual model knowledge. Bottom
shows the performance improvement over
previous state-of-the-art method RDED (Sun
et al.,|2024) on ResNet-18.

itations, we propose Committee Voting for Dataset Distillation (CV-DD), a framework that lever-



Under review as a conference paper at ICLR 2026

Data Initialization((y)

Voting Strategy

exp(@i/n |

L) = i
@5 aw@im

(@)

exp(a®/m -

52 exp(as/T)

Ol

Prior Performance

Smoothed Learning Rate

e
Small ; 1 g : & A o1 Learming Rate Schedules
i 1 = 2 T3 2 —
Batch 3 1 8 = (U, Vsoft) k] —

Size sl e, [ 270 "0 B Y - > o
=) 5 1
£ %, (8 n H
ResNet18(%) Usoft
i Y (e . _ step
”Bvczﬁzﬁivﬂ A NZ(ﬁ:,c—MB,cf-FE Learning Rate = 0.5 = (1 +cos(nm))
i=1 i=1

Figure 2: The process begins with Data Initialization to generate synthetic data from the original
data distribution. In Voting Strategy section, a committee of models collectively decides on the
distributions for synthetic data, where the voting mechanism considers prior performance and calcu-
lates a weighted gradient update based on each model’s distribution and prediction. Batch-Specific
Soft Labeling generates soft labels by embedding batch norm statistics from synthetic data batch to
mitigate the impact of distribution shift. Finally, a Smoothed Learning Rate strategy is applied to
the post-training process, adjusting dynamically with a cosine schedule to stabilize training.

ages multiple models’ perspectives to create a high-quality, balanced distilled dataset. Voting mech-
anisms have been widely adopted in NLP and LLM tasks (Yang et al., 2024; Qorib & Ngl 2023}
Wang & Plank} 2023). Extending these successes for the first time to dataset distillation in com-
puter vision, CV-DD leverages a committee-based voting strategy to enhance the diversity and qual-
ity of distilled datasets. Our first contribution in this work is to identify pitfalls, disenchant design
choices in recent advances on dataset distillation and train an exceptionally strong baseline frame-
work which already achieves state-of-the-art performance. By using a committee of models with
different architectures and training strategies, CV-DD further enables the capture of a more compre-
hensive features, enhancing the robustness of the distilled dataset with better accuracy.

Specifically, the proposed CV-DD framework introduces a Prior Performance Guided Voting Mech-
anism, which aggregates distributions and predictions from multiple models to identify represen-
tative data points. This approach reduces model-specific biases, promotes diversity in the distilled
dataset, and mitigates overfitting by leveraging the unique strengths of each model. Additionally,
CV-DD enables fine-grained control over the distillation process through our dynamic voting design,
where model weights and voting thresholds can be adjusted to prioritize specific features or dataset
attributes. We further propose a Batch-Specific Soft Labeling (BSSL) to mitigate the distribution
shift between the original dataset and the synthetic data for better post-evaluation performance.

Through extensive experiments on benchmark datasets of CIFAR, Tiny-ImageNet, ImageNet-1K
and its subsets, we demonstrate that CV-DD achieves significant improvements over traditional
single/multi-model distillation methods in both accuracy and cross-model generalization. Our re-
sults show that datasets distilled for committee voting consistently yield better performance on post-
eval tasks, even in low-data or limited-compute scenarios. By harnessing the collective knowledge
of multiple models, CV-DD provides a robust solution for dataset distillation, highlighting its poten-
tial for applications where efficient data usage and computational efficiency are essential. Beyond
conventional optimization-based distillation frameworks, we further demonstrate that CV-DD can
be seamlessly incorporated into non—training-based methods such as RDED, and that it generalizes
well to more challenging scenarios, including synthetic-to-real transfer.

We make the following contributions in this paper:
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* We propose a novel framework, Committee Voting for Dataset Distillation (CV-DD), which
integrates multiple model perspectives to synthesize a distilled dataset that encapsulates
rich features and produces high-quality soft labels by batch-specific normalization.

* By integrating recent advancements, refining framework design and optimization tech-
niques, we establish a strong baseline within CV-DD framework that already achieves
state-of-the-art performance in dataset distillation.

» Through experiments across multiple datasets, we demonstrate that CV-DD improves gen-
eralization, mitigates overfitting, and outperforms prior methods in data-limited scenarios,
highlighting its effectiveness as a scalable and reliable solution for dataset distillation.

2 RELATED WORK

Dataset Distillation. Dataset distillation aims to generate a compact, synthetic dataset that retains
essential information from a large dataset. This approach facilitates easier data processing, reduces
training time, and achieves performance comparable to training with the full dataset. Existing solu-
tions typically fall into five main categories: 1) Meta-Model Matching: This method optimizes for
model transferability on distilled data, involving an outer loop for updating synthetic data and an
inner loop for training the network. Examples include DD (Wang et al.| 2018, KIP (Nguyen et al.,
2021), RFAD (Loo et al.,[2022), FRePo (Zhou et al.,[2022)), LinBa (Deng & Russakovsky}[2022)), and
MDC (He et al.l 2024). 2) Gradient Matching: This approach performs one-step distance matching
between models, focusing on aligning gradients. Methods in this category include DC (Zhao et al.|
2020), DSA (Zhao & Bilen, 2021)), DCC (Lee et al., 2022), IDC (Kim et al., [2022)), and MP (Zhou
et al., [2024). 3) Distribution Matching: Here, the distribution of original and synthetic data is di-
rectly matched through a single-level optimization. Approaches include DM (Zhao & Bilen, |[2023),
CAFE (Wang et al.,2022), HaBa (Liu et al.}[2022), KFS (Lee et al.,[2022), DataDAM (Sajedi et al.,
2023)), FreD [Shin et al.| (2024), and GUARD (Xue et al., [2024). 4) Trajectory Matching: This
method matches the weight trajectories of models trained on original and synthetic data over multi-
ple steps. Examples include MTT (Cazenavette et al., 2022), TESLA (Cui et al., 2023), APM (Chen
et al.,[2023)), and DATM (Guo et al.} 2024). 5) Decoupled Optimization with BatchNorm Matching:
SRe“L (Yin et al.,|[2023)) first proposes to decouple the model training and data synthesis for dataset
distillation. After that, many decoupled methods have been proposed, such as G-VBSM (Shao et al.}
20244), EDC (Shao et al.,2024b), CDA (Yin & Shen, [2024)), LPLD (Xiao & He, 2024), DELT (Shen
et al.| [2025)), and FADRM (Cui et al .| 2025)).

Ensemble Multi-Model Dataset Distillation. Ensemble-based methods in dataset distillation aim
to leverage multiple models to enhance distilled data quality and generalization. Thus far, few
works have explored this direction, notably the MTT series (Cazenavette et al., [2022; (Cui et al.
2023; |Du et al.l [2023) and G-VBSM (Shao et al., |2024a). MTT leverages a collection of indepen-
dently trained teacher models on the real dataset, saving their snapshot parameters at each epoch to
generate expert trajectories that guide the distillation process. G-VBSM uses a diverse set of local-
to-global matching signals derived from multiple backbones and statistical metrics, enabling more
precise and effective matching compared to single-model approaches. However, as the diversity
of matching models increases, the framework’s overall complexity also grows, which can reduce
its efficiency. Both MTT and G-VBSM rely on static ensemble configurations and lack adaptive
weighting mechanisms to dynamically adjust each model’s contribution. Our proposed Committee
Voting introduces an adaptive mechanism that adjusts model weights based on prior performance,
yielding a more effective and robust distilled dataset with improved results.

3 APPROACH
3.1 PRELIMINARIES

The goal of dataset distillation is to create a compact synthetic dataset that retains essential informa-
tion from the original dataset. Given a labeled dataset D = {(u1,v1), ..., (up|,v|p|)}, We aim to
learn a synthetic dataset Dy = {(t1,01), - - -, (Up,,|, V|py,|) }» Where [Dsyn| < |D|. The objective
is to minimize the performance gap between models trained on Dqy,, and those trained on D:

sup |L(Pep(u),v) —L (<I>§D\y“ (u),v)’ <4, (D

(u,v)~D
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where § is the allowable gap. This leads to the following optimization problem:
argmin sup L (Pg,(u),v) — L (q)gpw (u), v) ‘ (2)
Dy, | Doyn| (u,0)~D ‘

The goal is to synthesize Dy, while determining the optimal number of samples per class.

3.2 PITFALLS OF LATEST METHODS

Diversity and bias issues. SRe2L (Yin et al.| [2023) is an optimization-based method that generates
distilled data by aligning the Batch Normalization (BN) statistics of synthetic data with those from
the training process while simultaneously ensuring the alignment between synthetic data labels and
their true labels. The primary limitation of this method is its reliance on a single backbone network
for generating distilled data, resulting in limited diversity and increased model-specific bias.

Informativeness issues. Existing ensemble based dataset distillation methods, such as G-
VBSM (Shao et al.| 2024a) and MTT (Cazenavette et al., [2022)), operate under the assumption that
all pre-trained models contribute equally during the distillation process. This uniform weighting
scheme fails to account for the varying informativeness of individual models, resulting in a distilled
dataset that lacks sufficient representational richness.

Suboptimal soft labels. Prior generative dataset distillation methods (Shao et al., | 2024a; |Yin et al.,
2023} |Cazenavette et al.,[2022) overlook the distributional shift between synthetic and original im-
ages, leading to suboptimal soft labels that hinder model generalization.

3.3 BUILDING A STRONG BASELINE

We first introduce SRe2L++, an improved base- 09

line that achieves SOTA performance. Its supe- & ° \/\ 2 | ke raliasin
riority over SRe?L is illustrated in Fig. oo ;;0"‘ (AT PRI RLEG) At
Real Image Initialization. SRe?L++ replaces é o - 20_7 il Sift: L
Gaussian noise with real images for initializa- & * - SRe?** o b T
tion, following EDC (Shao et al,2024b), which , SRefL o6, 7 CV-DD (Smoothed)
showed improved quality at the same cost. AR etk 0 >0 1000

Data Augmentation.SRe’L++ improves re- Figure 3: Left: Performance gain of strong base-
covery on small-resolution datasets by incorpo-  fine on four datasets. Right: Intra-class cosine
rating data augmentation, as shown in Fig. similarity on ImageNet-1K (lower is better).

Batch-Specific Soft Labeling: To further enhance the performance, we apply the proposed Batch-
Specific Soft Labeling technique, detailed in Section

Smoothed Learning Rate and Smaller Batch Size. Prior studies (Sun et al.,|2024) suggest reduc-
ing batch size to increase the number of iterations per epoch, thereby mitigating under-convergence,
and adopting a smoothed learning rate scheduler to avoid convergence to suboptimal minima. These
training settings are applied to training-based methods when compatible. Non—training based meth-
ods such as RDED must use larger batches because unoptimized image crops from the original
dataset introduce high variance, making BatchNorm unstable with small batches.

Algorithm 1 Prior Performance via Distill-and-Evaluate

Require: Committee S, dataset D
: Split D into Dy, (80%) and Dey (20%).
: for ® € Sdo
Train ® on D, with Log; distill DIt ysing P.
Train student fs on DF* with Lx1, = KL(®(x) || fo(z)); set as + Acc(fs, Dev).
end for
return {as }oes

AR

3.4 OVERVIEW OF CV-DD

The overall framework of CV-DD is shown in Fig.[2| Built upon the enhanced baseline SRe*L++,
CV-DD introduces a Prior Performance Guided Voting Strategy that assigns greater influence to
stronger models, addressing limitations of prior ensemble methods and improving effectiveness.
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3.5 PRIOR PERFORMANCE GUIDED VOTING STRATEGY

. . 15| . P i
Theorem 1 (Proof 1n Appendix|A.1). Let {®;},”, be a committee of models, with diversity quan
tified as K := |S|(\S\ 7 Doicj PrTND[ i(x) # <I) i(x)]. We denote the gradient at iteration t for
sample i, as G, and suppose: (i) ||GZ 12 < Guax (ii) E[||G§t) - GS)HQ] > CyK for z, 7' from
the same class and some constant Cy. Then the expected cosine distance satisfies:

1
E[AGEY) > E[AG] + 507 CoK, 3)
(®)

where Ag))s =1 —cos(uz’,u, ,)), which quantifies the angular discrepancy between normalized
update directions. Hence, larger committee diversity leads to increased intra-class separation.

Committee Members. Let S denote the commit- Committee members

tee comprising |S| diverse backbone architectures, .@.
which are selected to introduce architectural diver- -\v»- CSEA
sity, enrich representation capacity, and improve the | RNt ResNes0 ShulfleNetv2 MObIONGY2 Densee 2
robustness of the distilled dataset (see Theorem [I]
and Fig.[3).
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Prior-based Voting in Distilled Data Generation.
See Fig. |4 for details. Let Zy C {1,...,|S|} be a randomly sampled subset of N indices, where
2 < N < |S|. The i-th index in Zy is denoted by Z,, with the corresponding backbone and its prior

performance represented as SZx and aI?iV, respectively. We define the prior-based voting loss as:

N i
) eXP(aIN/T) (2
L(a) = 2; " oep(oZh /) Lz, (1), (4)

where SoftMax prioritizes stronger models, steering optimization toward informative directions.
In practice, using a small subset (e.g., N=2) balances the influence of the strongest expert while
retaining complementary signals, as further analyzed in Section[£.3]

Prior-based Voting in Soft Label Generation. Similarly, soft labels are generated through prior-
guided voting, where class probabilities from selected models are aggregated via a weighted average
determined by their prior performance. This strategy amplifies the influence of informative models,
leading to more reliable supervision.

Theorem 2 (Proof in Appendix . Let J (1) denote the generalization risk of the synthetic image.
Suppose each model ®; is associated with a prior performance score o; > 0, and contributes a
gradient V 3 0(®,; (1), 0) during optimization. Assume that (N J(0), Vi l(é:(0),0)) = A i, A >
0. Then, the inner product between the generalization risk gradient and the aggregate update under
prior-weighted voting satisfies:

<VJ(12), Gprior> > <VJ(€L), Gequal> ) (5)
where G pyior and Gegua are weighted and uniform gradient averages, with each weight given by a
SoftMax over «;.

The key insight is that prior-guided voting aligns updates more closely with the gradient direction
that promotes generalization, compared to uniform averaging.

3.6 BATCH-SPECIFIC SOFT LABELING

In the post-evaluation stage, a teacher model is commonly employed to pre-generate soft la-
bels (Shen & Xingl |[2022), thereby enhancing the generalization of the student model (Hinton, [2015j
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Miiller et al., [2019). Typically, the teacher model includes Batch Normalization layers
2024} [Shao et al., [20244; [Yin et al, 2023} [Qin et all, [2024)), which utilize running statistics to nor-

malize features. These statistics are progressively updated during training, as detailed in Equation|[6}

Hrunning < )‘,Ufrunning + (]- - )‘) uB,

where A is the momentum, and u, 0123 are the
mean and variance of the current batch, respec-
tively. However, as shown in Fig. 5] we ob-
serve that even if the generated images match
the BN distribution during synthesis, there is
still a significant gap between the BN distri-
bution of the synthetic images and that of the
original dataset, due to the influence of regu-
larization terms and optimization randomness.
To address this, we propose Batch-Specific Soft

0_2
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Labeling (BSSL): Instead of using pre-trained
BN statistics from the original images in a real
dataset, we recompute the BN statistics directly
from each batch of synthetic images, keeping B0
all other parameters frozen with the teacher’s
original pre-trained values each time soft labels
are generated. This straightforward adjustment
significantly improves the performance of the
model during post-training on synthetic data us-
ing these soft labels. Given a distilled batch
B = {u;}Y, with 4; € RE*H*W denoting the feature map of each sample, the BatchNorm
statistics are computed as:
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Figure 5: Feature-level statistical discrepancies
between synthetic data generated by SRe’L++
and the training data on ImageNet-1K, evaluated
across different batches in a pre-trained ResNet18.
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where up . and 01297 . are the batch statistics for each chan-
nel ¢, with a small € added for numerical stability. This Sy

adjustment refines the normalization process with more y — Mean
aligned statistics, thereby enhancing the quality of the soft AN T oo Varance
labels. As shown in Fig. [6} BSSL leads to more aligned | | “woo~ >
embedding statistics across different BN layers.

Extending BSSL to Non-BN Architectures. For models
without BN layers (ViT), we adapt them to support BSSL
by constructing a BN-ViT variant that replaces Layer-
Norm with BatchNorm and inserts BN layers in each
feed-forward block [2021)). This modification
allows non-BN models to benefit from BSSL without affecting their representational capacity, show-
ing that BN reliance does not limit the applicability of CV-DD.

’

0.0

Figure 6: Embedding statistics with and
without BSSL across layers.

4 EXPERIMENTS

4.1 EXPERIMENTAL CONFIGURATION

Datasets. To comprehensively evaluate the performance of CV-DD, we conduct experiments
on both low- and high-resolution datasets. The low-resolution datasets include CIFAR-10/100
(32x32) (Krizhevsky et al) [2009), while the high-resolution datasets comprise Tiny-ImageNet

(64x64) (Le & Yang,2015), ImageNet-1K (224 x224) (Deng et al., 2009), and its subsets.

Baseline Methods. To evaluate the effectiveness of our tailored ensemble strategy, we include three
ensemble-based methods: MTT, G-VBSM, and EDC. Additionally, we consider CDA, RDED and
SRe2L++, which incorporate recent advances in dataset distillation.
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Table 1: Comparison with SOTA Baseline Methods. All models are trained with 300 epochs.

| ResNet18 | ResNet50 | ResNet101

Dataset IPC (Ratio) | CDA  RDED SRe’L++ CV-DD | CDA RDED SRe’L++ CV-DD | CDA RDED SRe’L++ CV-DD
1(0.02%) 229 24.9 274 102 244 249 18.7 234 26.6
CIFAR-10 10 (0.2%) 37.1 513 54.7 33.1 479 49.7 337 415 48.2
50 (1.0%) - 62.1 75.8 76.9 542 714 72.1 51.6 73.6 744
1(02%) | 134 110 12.0 165 10.9 12.6 17.8 10.8 9.9 15.1
CIFAR-100  10(2.0%) | 498 426 56.7 61.8 416 52.1 59.6 41.1 543 61.5
50 (10.0%) | 644  62.6 66.6 69.4 64.0 67.0 70.3 63.4 67.8 71.1
1(02%) | 33 97 9.3 20.1 8.2 7.6 17.5 3.8 75 19.2
Tiny-ImageNet 10 (2.0%) | 430 419 46.5 53.0 - 384 42.8 52.8 - 229 454 53.9
50 (10.0%) | 48.7 582 535 612 | 497 456 53.7 64.1 | 506 412 53.7 63.1
1(0.1%) 358 347 375 27.0 25.9 294 25.1 252 26.9
ImageNette 10 (1.0%) 61.4 737 74.4 55.0 72.6 73.9 54.0 66.6 67.8
50 (5.2%) 80.4 80.3 814 81.8 81.2 823 75.0 734 76.3
1(0.1%) 20.8 17.0 21.3 17.8 14.7 222 19.6 12.9 204
ImageWoof 10 (1.1%) 385 452 63.0 352 423 475 313 383 452
50 (5.3%) 68.5 64.5 68.7 64.1 65.5 68.7 59.1 57.8 59.6
1(0.1%) - 6.6 8.6 12.1 8.0 8.0 12.8 59 6.2 8.4
ImageNet-1k 10 (0.8%) | 33.6  42.0 43.1 49.5 - 49.7 473 57.0 - 483 512 57.2
50(3.9%) | 53.5 565 57.6 595 | 613 620 61.8 653 | 616 612 61.0 64.6

4.2 MAIN RESULTS

High- and Low-Resolution Datasets. As shown in Table[I] CV-DD consistently outperforms state-
of-the-art distillation methods across both large- and small-scale benchmarks. On ImageNet-1K at
IPC=50 with ResNet-18, CV-DD achieves 59.5%, surpassing SRe?’L++ by +1.9% and CDA by
+6%. Similarly, on CIFAR-100 at IPC=10 with ResNet-18, it reaches 61.8%, outperforming RDED
by +19.2%, SRe?L++ by +5.1%, and CDA by +12%. These results highlight the robustness and
broad applicability of CV-DD across datasets of varying resolutions and scales.

Comparison with Vanilla Ensemble Meth-
ods. To ensure fair comparison with EDC,
CV-DD is evaluated under EDC’s settings. As
shown in Table 2] CV-DD consistently outper-

Table 2: Comparison between vanilla ensemble
methods and our prior-based voting CV-DD, us-
ing ResNet18 for G-VBSM, EDC, and ours, and
Conv128 for MTT on long training setting.

forms prior vanilla 'ensemble methods across Datasel IPC | MTT G-VBSM EDC CV-DD
Qatasets and resolutions. Notably, at IPC=50, CEARAL00 10 | 201 Y 37 660
it surpasses EDC by +1.5% on ImageNet-1K, i 50 | 47.7 650 686 704
while exceeding MTT by +33.2% on Tiny- Tiny-ImaseN 10 | 232 _ 512 530
ImageNet. These results validate the effective- " ™ 50 ‘ 280 476 572 612
ness of CV-DD’s tailored ensemble approach in ImaceNet. 1k 10 - 31.5 486 495
genet- 50 | - 518 580 595

distilling high-quality datasets.

4.3 ABLATION STUDY

Impact of 7" on the Distilled Dataset. As shown in Table [3a]
setting T" = 5 yields the best overall performance. A low tem-
perature such as 7' = 1 induces excessive sensitivity to score
differences and leads to model dominance, while a high tem-
perature like 7' = 20 causes near-uniform weighting across
experts, thereby degrading the quality of the distilled dataset.

Impact of Prior-Based Voting. To assess the effectiveness
of prior-based voting, we conducted ablation studies shown
in Table [3b] Results show that prior-based voter consistently
outperforms equal and random voters across all configurations,
highlighting the advantages of leveraging prior knowledge for
high-quality dataset generation.

Impact of the Number of Experts N. As shown in Table
increasing N to 3 raises computational cost and degrades per-
formance. This is mainly due to (1) dilution of the strongest
recover model’s influence, as its weighting drops from about

W/ Augmentation

Fish

Apple
Figure 7: Comparison of distilled
data on CIFAR-100 generated by
SRe?L++ with and without data
augmentation.
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Table 3: Ablation experiments. For (a) to (c), The Top row is conducted on CIFAR-100; while the
Bottom row is conducted on ImageNet-1K. All results are reported with IPC=10 using ResNet-18.

T=1 T=5 T=10 T=15 T=20 SRe’L++ CV-DD w/Random  CV-DD w/Equal ~ CV-DD w/ Prior N=2 N=3
593 618 613 61.0 60.9 56.7 59.8 60.7 61.8 618  60.1
45.8 49.5 49.2 49.0 48.8 43.1 47.6 48.2 49.5 49.5 48.7

(a) Performance across different (b) Comparison of weighting strategies on distilled (c) Effect of
temperature values (T'). datasets, where Equal assigns uniform weights (0.5) the number of
and Random samples weights arbitrarily. experts.
Committee Choices S | Student Accuracy (%) Method IPC CIFAR-100 ImageNet-1k

R18 R50 DI2I SV2 MBV2 | CIFAR-100 ImageNet-1K W/OBSSL. W/BSSL. W/OBSSL W/BSSL
v 56.7 43.1 2 1 10.5 120 4.2 8.6
oY 60.0 438 SReL+ g 533 56.7 38.5 431
v v v 61.0 45.4
VS v v 61.5 483 CV-DD 1 129 16.5 5.8 121
VS v v v 61.8 49.5 10 57.3 61.8 42.5 495

(d) Effect of committee size (S) on the performance (e¢) Performance comparison on CIFAR-100 and
of the student model (ResNet-18) trained with a 10- ImageNet-1K under varying IPCs, with and without
IPC distilled dataset. BSSL.

0.9 to 0.5-0.6, and (2) gradient divergence, where gradients become less aligned with the best
model, reducing dataset fidelity. Hence, N = 2 provides the best balance.

Impact of Committee Size |S|. Table [3d| shows that larger committees consistently improve dis-
tilled dataset quality, highlighting the benefit of diverse expertise.

Impact of BSSL. Table shows that BSSL. Table 4: Efficiency comparison of ensemble-
substantially improves performance under dis- based methods. Time per image per iteration is
tribution shift between synthetic and real data, measured on an RTX-4090 with batch size 100
achieving gains of +4.6% for SRe?’L++ and using identical committee models. N/A indicates
+7.0% for CV-DD at IPC=10 on ImageNet-1K. methods that are not scalable.

These results highlight BSSL’s ability to pro-
vide more reliable supervision in mismatched
distributions.

Datasets | MTT G-VBSM  EDC  CV-DD
ImageNet-lk\ N/A  432ms 499ms 1.91ms

4.4  ANALYSIS

Overfitting Analysis. CV-DD effectively mitigates overfit- fU‘w ) o
ting in the post-training phase. As shown in Fig. [§] it main-  <60; [Ny f M i
tains lower training accuracy while consistently achieving &
higher test accuracy than SRe?L++, indicating better general- 3 40t iy e
ization. This underscores the regularization effect of the Prior- :.C VDD Train Accz::wcy
Performance-Guided Voting in overfitting-prone scenarios. ;&207 SRe2L++ Test Accuracy
. . . CV-DD Test Accuracy
Efficiency Analysis. We evaluate the efficiency of CV-DD ‘

. 0 100 200 30
against state-of-the-art ensemble methods on ImageNet-1K Epoch

(Table ). MTT shows the highest computational cost and Figure 8: CV-DD vs. SRe2L++.
scales poorly. In comparison, CV-DD is 2.41 ms faster per

iteration than G-VBSM, which incurs extra overhead from aligning convolutional statistics, simi-
lar to EDC. These results demonstrate the clear computational advantage of CV-DD over existing
ensemble-based approaches. Furthermore, we evaluate the total prior-evaluation cost, which in-
cludes pretraining the committee members, generating the distilled data, and running the evaluation.
As shown in Table 54} the full prior-evaluation stage requires 84.7 hours on ImageNet-1k, leading
to a total of 137.5 hours for distilling a 50-IPC dataset. In comparison, G-VBSM requires 187.5

Table 5: Detailed prior-evaluation time and total runtime (including prior evaluation) for distillation.

Model Pretraining  Generation Evaluation Peak GPU Usage Total Time G-VBSM (hrs)  CV-DD (hrs)

ResNet-18 10.1h 1.3h 1.5h 11.3 GB 129h ~_

ResNet-50 144 h 44h 1.5h 23.0GB 203h %g(é - ?80 ;E;Z(SJ :3(7)2

ShuffleNetV2 9.4h 2.6h 1.5h 7.6 GB 13.4h IPC - 150 %6;'5 242"1

MobileNet-V2 10.2h 24h 1.5h 11.4GB 14.1h - . =

DenseNet-121 164h 60h 1.5h 19.5GB 239h IPC =200 7500 295.9
(a) Detailed prior evaluation time. (b) Total distillation time.
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Figure 9: Left: t-SNE visualization on ImageNet-1K (IPC=10) for ten selected classes. Right:
Continual learning results on Tiny-ImageNet (IPC=50) with 5 and 10 steps.

hours, as reported in Table [5b] Notably, once prior evaluation is completed, our method can reuse
the recorded model performances for subsequent generations on the same dataset, allowing substan-
tially faster synthesis in future runs.

Table 6: Comparison of RDED, equal voting, and
prior voting.
| RDED  w/ Equal Voting  w/ Prior Voting (CV-DD)

Cross-Framework Generalization. The com-
mittee mechanism can be seamlessly integrated
into various dataset distillation frameworks. To

validate this flexibility, we incorporate it into pc=10| 420 432 4.8
-training- it. IPC=20| 479 48.5 49.7
the non-training-based RDED, where commit PCo30 | 51 o7 P

tee voting yields consistent performance gains

(Table[6). This demonstrates that CV-DD functions as a versatile plug-in module, enhancing diverse
distillation paradigms through model diversity and prior-guided voting.

Cross-Architecture Generalization. We
evaluate CV-DD against RDED, EDC, and
SRe2L++ across nine diverse architectures,

Table 7: Top-1 accuracy on ImageNet-1K for
cross-architecture generalization with IPC=10.

Model #Params RDED EDC SRe’L++ CV-DD
covering lightweight CNNs, large-scale resid-  “SpufieNetv2  14M 19.6 208 22.9 30.6
ual networks, and transformer-based models. gobil?\lNe:\Z’IZ ;m 4313‘3 45.0 ig; gig
. . enseNet B K - . .
As shown in Table[7] CV-DD achieves the best g oneris UM 420 486 431 495
accuracy on all architectures, demonstrating  ResNet50 256M 497 541 413 57.0
: B Swin-Tiny 280M 292 383 283 39.2
consistent }robustness and strong cross-model  pRv VR sM 483 517 sia 572
generalization. Overall, these results confirm  RegNetX-8gf 39.6M  51.9 - 53.4 60.9
that CV-DD generalizes reliably across a wide ~_WRN-502  689M 500 - 502 58.3
range of architectures.
Robustness to Overfitted Teachers. Over- Table 8: Impact of replacing a standard Mo-

bileNetV2 with an overfitted variant in the com-

mittee (CIFAR-10, IPC=10).

w/ Original MobileNetV2  w/ Overfitted MobileNetV2
54.7 543

fitted teachers introduce unstable signals that
can harm distillation. CV-DD mitigates this
through prior-guided voting, which assigns
them negligible weights. As shown in Ta-
ble [§] replacing a standard MobileNetV2 with
an overfitted one yields only a minor drop, confirming CV-DD’s robustness to noisy teachers.

Acc (%)

Incorporating ViT in BSSL. To evaluate the BN-ViT adaptation,
we compare BN-ViT with and without BSSL under CV-DD at
IPC=10. As shown in Table 0] BN-ViT+BSSL achieves higher ac-
curacy, indicating that BSSL extends effectively to ViT architec-
tures. This confirms that the reliance on BN does not limit the ap-
plicability of BSSL across diverse model families.

Table 9: Performance com-
parison between BN-ViT with
and without BSSL.

ViT (w/o BSSL)
16.5

ViT (w/ BSSL)
18.4

4.5 APPLICATION: CONTINUAL LEARNING

The generalization ability of distilled data in continual learning is a crucial indicator of a distillation
method’s effectiveness. Following the class-incremental protocol used in DM (Zhao & Bilen},[2023),
we evaluate CV-DD in a challenging continual learning setting, where the model must sequentially
acquire new classes while retaining previously learned ones. As illustrated in Fig.[9] CV-DD con-
sistently outperforms SRe?L++, demonstrating better preservation of class separability and reduced
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forgetting across increments. These results further underscore the robustness of our distilled data
and its strong capacity to support learning under distributional shifts and evolving task structures.

4.6 GENERALIZATION TO SYNTHETIC-TO-REAL TRANSFER TASKS

To further assess whether CV-DD generalizes beyond standard vi- Table 10: Synthetic-to-real
sion classification tasks, we evaluate it on a synthetic-to-real trans- transfer results on VisDA-
fer benchmark. Specifically, we adopt the VisDA-2017 2017 (top-1 accuracy).
dataset, where the source domain contains purely synthetic SRe?Lrs _ CV-DD
images and the target domain consists of real images. This setting

directly measures a model’s ability to handle substantial distribution IPC=10 189 20.7
shifts. Following the same CV-DD pipeline, we distill an IPC=10 dataset using both CV-DD and
SRe?L++. We then train a classifier on each distilled dataset and evaluate it on the real-domain vali-
dation set, reporting top-1 accuracy. As shown in Table[I0} CV-DD achieves a +1.8 % improvement
over SRe’L++, demonstrating its effectiveness in synthetic-to-real transfer.

4.7 VISUALIZATION

Effect of Data Augmentation. As shown
in Fig. [7} data augmentation enhances target
saliency and information density, leading to im-
proved quality of the distilled dataset.

N S
t-SNE Visualization. We extract feature em- E - % & ?ﬁ!@

beddings from a pretrained ResNet-18 for t- Apple Fish Baby Bear  Elophant  Bicycle
SNE (Van der Maaten & Hinton| [2008)) visual-
ization (Fig.[9). The SRe’L++ dataset shows
compact, well-clustered distributions, indicat-
ing limited diversity. In contrast, CV-DD
produces more dispersed features, reflecting
greater variability and better representational
richness.

CV-DD  G-VBSM

G-VBSM

Distilled Data Visualization. Fig. [T0] com-
pares distilled data from G-VBSM and CV-DD
on CIFAR-100 and ImageNet-1K. G-VBSM
shows lower overall information density, with
ImageNet-1K samples often resembling noise.
In contrast, CV-DD captures more primary vi- Figure 10: Top two rows: CIFAR-100; Bottom
sual features, especially on CIFAR-100 with (OW rows: ImageNet-1K.

augmentation, yielding more informative synthetic samples.

CV-DD

Goldfish

5 CONCLUSION

We proposed Committee Voting for dataset distillation (CV-DD), a novel framework that synthe-
sizes high-quality distilled datasets by leveraging prior performance guided voting strategy for im-
age generation and batch-specific soft labeling for high-quality supervisions. Our approach first
establishes a strong baseline that achieves state-of-the-art accuracy through recent advancements
and carefully optimized framework design. By combining the distributions and predictions from a
committee of models, our method captures rich data features, reduces model-specific biases, and
enhances generalization. Complementing this, the generation of high-quality soft labels provides
precise supervisory signals, effectively mitigating distribution shifts. Building on these strengths,
CV-DD consistently improves performance across various configurations and datasets. Our future
work will focus on applying the idea of Committee Voting to more modalities and applications of
dataset distillation tasks.

10
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ETHICS STATEMENT

We use only public datasets (ImageNet-1K, Tiny-ImageNet) under their licenses; no new human-
subject data or sensitive attributes are collected. Before sharing any synthetic samples, we run
nearest-neighbor and perceptual-similarity audits to mitigate memorization and exclude near-copies;
released artifacts include research-only, lawful-use terms prohibiting surveillance or identification
uses. The authors declare no competing interests and adhere to the ICLR Code of Ethics.

REPRODUCIBILITY STATEMENT

All experiments are conducted on publicly available datasets, CIFAR-10, CIFAR-100, Tiny-
ImageNet, and ImageNet-1K. To ensure reproducibility, we fix random seeds for all stochastic
components and document all hyperparameters, training schedules, and model architectures in Ap-
pendix (G} We will release the full codebase along with all scripts for preprocessing, training, and
evaluation.
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A THEORETICAL ANALYSIS

A.1 COMMITTEE DIVERSITY ENHANCES DATA DIVERSITY

Proof of Theorem[l] We analyze the effect of committee diversity on intra-class separation via the
dynamics of gradient-based updates to synthetic images.

Let d(;’) € R? denote the image for sample z at iteration ¢, with update rule:
,&gt-l-l) _ ﬁg«t) _ nth)’

where G\ = Yo wiVia £(P(10z), 0) is the weighted ensemble gradient from the committee {®; }.

We assume all samples are unit-normalized, i.e., ||a§t> I =1.
Let d®) := ai“ — af,’ denote the difference between two intra-class samples. Then,
4+ — ﬂgt-s-l) _ ﬁit/ﬂ)
— a9~ G0 — (a? —969)
= d® —p(GH — V).

Taking the squared norm, we have:
[d? = d® — (@ - GO
= [ + 76t - 6D
— 2n<d(t), th) _ G(t,)>.
Now taking expectation over intra-class pairs (z, z’), we obtain:
E[[ld“ V1% = E[ld®]*) + n’E[IGY) — G|
- 2E[(dV, 6 - GD)).

We conservatively drop the final inner product term by assuming that the sample difference direction
is uncorrelated with the gradient difference direction, and proceed using Assumption (ii):

E[[ld“* D)%) > E[ld™]*] + n*Cy K.

Now, we relate this result to cosine distance. Under the unit norm assumption, we have:

12l —a |12 = [|a®|? + lal (> - 2(aP, al)
=2(1 — (a0, a%y)
=2A0)

Thus, A%, = 111d®]2, and we conclude:

E[A(t+1)] —

cos

E[[la“ V)]

vV
E ool

(B[] + 72C, )

1
— EIAD] + 57°C, .

cos

This completes the proof: committee diversity K induces larger gradient differences, which in turn
cause intra-class images to spread out in angular space, increasing Ag))s.

O
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A.2 PRIOR VOTING ENHANCES DISTILLED DATA QUALITY

Proof of Theorem[2} Let J (@) denote the generalization risk of a synthetic image @ € R?, and let
VJ(u) be its gradient. Suppose we have |S| models in the committee, where each model ®; € S is
associated with a known prior performance score a; > 0.

Each model ®; contributes a gradient:
gi = Vale, (1),

where /¢, (%) denotes the loss incurred by model ®; on synthetic input 4. We assume that the
alignment between each model’s gradient and the generalization gradient is given by:

(VJ(4),9:;) =X, forallie{l,...,|S[},
where A > 0 is a constant.
We consider two aggregation strategies:

(1) Equal voting:
S|

1
Gequal = @ Zgi~
i=1

(2) Prior-weighted voting using softmax over «;:
S|

exp(ay
w; = =I5 _ ( l) » Gprior = E Wigi-
Zj:l exp(a;) i=1

We now compute the alignment between each aggregate direction and the generalization gradient.

Step 1: Compute (VJ(), Gequal)

|S|
(VI (1), Gequa)) = <w<a>, ﬁ Zgi>
[S]

=5 2 (V)90

— 1 |S] . . .
where o := TST > i2 o is the uniform average of prior performance.

Step 2: Compute (VJ (%), Gprior)

El
(VJI(@0), Gprior) = <VJ(a), > wigi>
=1
El
= > w; (VJ (@), 9:)
i=1
El
i=1

S|

i=1

16
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Let us denote the softmax-weighted average as:

S|

Eyula] := Zwiai,
i=1

then we have:

(VJ(0), Gprior) = A - Eq[a].
Step 3: Show E,[o] > &
Since {w;} is a softmax distribution over {«;}, we can write:
_ exp(oy)
- S ew(ay)

It assigns greater weight to higher values of ¢; in a strictly convex manner. Therefore, unless all «;
are equal (which we exclude), the softmax-weighted average exceeds the arithmetic mean:

w; for all 4.

Eyla] > a.

Conclusion:
Combining the results:
(VJ(0), Gprior) = X - Ey[a] > A -a = (VJ(1), Gequal)

which shows that prior-weighted voting provides a descent direction that more closely aligns with
the gradient of generalization risk, thereby confirming the theorem. O

B ADDITIONAL ALGORITHMIC DETAILS

B.1 OPTIMIZATION DETAILS

At each iteration ¢, the optimization aims to update the synthetic image ﬁg) by minimizing an

objective that jointly enforces prediction alignment and distributional consistency with respect to a
fixed pretrained model ®. The objective is given by:

Y argmin Loea(P(@), 9,) + AL (@), (7)

where Lyeq ensures semantic alignment with the soft label 9., and Lgn regularizes the feature
distribution of @ to match the population statistics of the original dataset. The coefficient A balances
the two objectives.

Prediction Alignment Loss. The prediction loss is defined as cross-entropy between the model
prediction and the soft label:

C
Lorea(®(0),8) = = 0. log (@), ®)

c=1
where C'is the number of classes and ®(),. denotes the predicted probability for class c.

BatchNorm Statistic Matching. To mitigate distributional shift between synthetic and real data,
we introduce a regularization term that penalizes discrepancies in BatchNorm statistics:

Lon(d) = 3 @) — BNV + 37 [|o? (i) — BNEY|[Z, 9)
l l

where 1 (1) and o7 (1) are the empirical mean and variance of the activations at layer [ induced by
the synthetic batch 7, and BNf™, BNEY denote the pretrained running mean and variance recorded
on the original dataset. These statistics are frozen and not updated during synthesis. This formulation
enforces that synthetic samples activate the network in a manner consistent with the original data
distribution, facilitating better generalization under limited supervision.
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B.2 DETAILED VOTING PROCESS

Voting in Image Optimization.

Algorithm 2 Prior Performance Guided Voting Strategy

Require: Prior Performance a,, Committee Members .S, Iteration Budgets ¢
Ensure: Synthetic Images @
. Initialize Synthetic Images @
Sl , S [y sample (S, 2); > Randomly sample two committee members
ol « a[S2), al3 «— a[ST3); > Retrieve prior performance scores
fori=1totdo
Compute weighted loss:

U‘";“’N’—‘

c /D) .o
(—sz 1eXp Q/T) 512( )

6: Perform backpropagation on £

7: Update synthetic images « via gradient descent
8: end for

9: Return optimized images @

Voting in Soft Label Generation.

Algorithm 3 Prior-Guided Soft Label Aggregation

Require: Committee S = {®1,..., P g/}, prior performance {ai}‘.‘s‘

sample 4 € RO HXW -
Ensure: Soft label ©
1: Compute prior-based weights via temperature-scaled SoftMax:

exp(«;/T)

1> temperature 7', synthetic

i 5 fori=1,...,|S]
> =1 exp(a;/T)
2: Compute class probabilities from each model:
Pi < P, (’&)

3: Aggregate weighted soft label:
S|

=1

4: Return ©

C ADDITIONAL EXPERIMENTS

C.1 COMPARISON BETWEEN SRE?L++ AND SRE?L
In this section, we present the quantitative improvements of SRe?L++ over SRe’L on both large-
and small-scale datasets, as summarized in Table [T]] We observe that after incorporating the ex-

isting techmques described in Section [3.3|and our proposed BSSL, SRe?L++ achieves substantial
performance gains across all settings.

C.2 PERFORMANCE GAIN FROM DIFFERENT COMPONENTS

In this part, we explicitly quantify the performance gains contributed by each component of the
enhanced SRe?L++ baseline. As shown in Table. we progressively add individual techniques and
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Table 11: Comparison of SRe?L++ with original SRe?L across datasets with ResNet18. Best in
each row is bold.

Dataset IPC (Ratio) SRe’L  SRe?L++

10 (2.0%) 23.5 56.7
50 (10.0%)  51.4 66.6

Tiny-ImageNet 50 (10.0%) 41.1 46.5

10 (0.8%) 21.3 43.1
50 (3.9%) 46.8 57.6

CIFAR-100

ImageNet-1k

Table 12: Ablation study of components contributing to SRe?L++ performance.

Data Augmentation Real Data Initialization Small Batch Size Smoothed LR BSSL \ Performance

- - - - - 233
v - - - - 30.8
v v - - - 313
v v v - - 37.6
v v v v - 38.5
v v v v v 43.1

measure their impact. Among all components, the improvement brought by using a small batch size
is the most significant.

C.3 IMPACT OF ONLINE REWEIGHTING

In this part, we introduce an additional baseline Table 13: Comparison between online reweight-
that incorporates online reweighting within CV-  ing and fixed-prior CV-DD.

DD, and compare it against CV-DD with fixed

priors. Specifically, under the online reweight- CV-DD (Online Reweighting) CV-DD (Fixed Prior)
ing scheme, the two experts start with equal _Performance 483 49.5
weights of 0.5, and the weights are gradually

updated toward their true prior values, reaching the final prior only in the last iteration. We then
evaluate the quality of the distilled dataset produced under this strategy. As shown in Table T3] be-
low, the online reweighting approach yields lower performance compared to CV-DD (fixed priors).
This degradation occurs because initializing both experts at 0.5 ignores the advantage of the stronger
teacher during the early stages of optimization, leading to a suboptimal trajectory and ultimately a
lower-quality distilled dataset.

C.4 IMPACT OF GRADIENT AGGREGATION

To examine whether CV-DD’s can be benefited Table 14: Comparison between partial and full
from partial gradient aggregation, we evaluate a  gradient aggregation.
concrete variant of CV-DD where we compute

full prediction alignment (cross-entropy) for all | Per-iteration Cost Performance
experts, but compute the distribution-alignment  ~p, tial Gradients 0.96 ms 471
gradient for only a single expert. This setting  Full Gradients 1.91 ms 49.5

reduces the per-iteration computation while re-
taining part of the supervisory signal used in CV-DD. The per-iteration speedup and the correspond-
ing post-evaluation performance under this partial-gradient setting are reported in Table [[4] We
observe that, although this approach substantially lowers the computational cost, it also leads to a
noticeable degradation in the quality of the distilled dataset. Since CV-DD is already considerably
more efficient than existing ensemble-based methods, the additional benefits of adopting partial gra-
dient aggregation remain limited.

D INCORPORATING COMMITTEE VOTING TO RDED
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To examine whether the committee-voting idea generalizes to other non-optimization based meth-
ods, we further incorporate CV-DD into RDED, where the original RDED selects patches from the
dataset using a single model. Its selection function is defined as:

§ix =arg  max : [—0(¢or (&ik), on(&ik))] - (10)

Eik~vp(&i kT

We extend this formulation by employing multiple models to select patches and weighting their
losses according to each model’s prior performance:

(ix=arg max |- Z W £(Dg,,, (Eik), dr(Eir)) | 5 (1)
i, k~p(&i,k]T4) oo
where
exp(ay, /T)

12)

Wy =

> exp(a;/T)
E EXPERIMENTAL SETUP

We provide detailed information regarding the hardware, software environment, and reproducibility
measures to facilitate faithful replication of our experiments.

* Hardware. All experiments were conducted on a dedicated Linux server equipped with
6 NVIDIA RTX 4090 GPUs (each with 24GB memory), 256GB of RAM, and an AMD
Ryzen Threadripper PRO 5995WX CPU. The operating system was Ubuntu 22.04.5 LTS.
This high-performance computing environment ensured stable and efficient execution of
all training and evaluation procedures.

* Software. The experiments were implemented using PyTorch version 2.0.1, with CUDA
11.8 for GPU acceleration and Python 3.10 as the primary programming language. Data
augmentation pipelines were constructed using the torchvision library, and all exper-
iment tracking and logging were managed via the wandb platform. All dependencies and
library versions are specified in the provided codebase to ensure compatibility and repro-
ducibility.

* Reproducibility. To ensure deterministic behavior across runs, we explicitly set random
seeds. All hyperparameter settings used in our experiments are documented in Appendix|G]
and full implementation details, including scripts for data preprocessing, training, and eval-
uation, are provided in the supplementary material.

* Experiment Execution. To ensure the robustness and reliability of our findings, all re-
ported results are averaged over three independent runs. Each run follows the exact same
pipeline, including data loading, model initialization, training, and evaluation, under con-
trolled randomization settings. This repeated execution mitigates the impact of stochas-
ticity inherent in deep learning training processes and provides a more stable estimate of
performance.

F PRIOR PERFORMANCE

Prior Performance Computation. This section provides a detailed account of the prior perfor-
mance of each model across a range of benchmark datasets. We generate a fixed set of 10 synthetic
images per class (IPC = 10) for ImageNet-1K and 50 per class (IPC = 50) for other datasets. Each
model trained on the distilled images is then evaluated on its corresponding validation set, and the
Top-1 classification accuracy is reported. As shown in Table [I3] the resulting performance scores
serve as a proxy for each model’s generalization ability and form the basis for subsequent ensemble
weighting and soft label refinement. Importantly, we fix the IPC across all models to ensure that
their prior performance scores are within a comparable range. This is particularly critical because
the voting temperature parameter 7" is shared across models (with 7" = 5 by default), and having
performance values on a similar scale avoids skewing the voting distribution due to imbalanced
score magnitudes.
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Table 15: Prior Performance for different models across different datasets.

Model CIFAR-10 CIFAR-100 Tiny-ImageNet ImageNette ImageWoof ImageNet-1K
ResNet18 75.41 66.47 56.34 81.22 63.8 423
ResNet50 70.59 66.36 56.02 73.01 50.9 31.4
DenseNet121 75.46 65.62 56.81 77.83 63.3 34.6
ShuffleNetV2 52.63 57.22 55.41 71.47 43.1 393
MobileNetV2 71.37 65.03 56.43 72.12 53.8 332

G HYPERPARAMETER CONFIGURATION

The overall synthetic data generation process adheres to a unified hyperparameter configuration
across all experimental settings, as summarized in Table[I6] This consistency facilitates fair compar-
isons and controlled ablation studies. Deviations from this configuration are restricted to two specific
stages: (i) the post-evaluation phase, and (ii) the supervised pre-training of committee members. In
these stages, hyperparameters are selectively adjusted to accommodate architectural differences in
model capacity and the resolution characteristics of the target dataset.

Specifically, during the pre-training phase, we train five distinct architectures on each dataset to
construct the committee: ResNet18, ResNet50, ShuffleNetV2, MobileNetV2, and DenseNetl21.
These models are chosen to span a range of parameter complexities and inductive biases, ensuring
both architectural diversity and representational complementarity. Hyperparameters in this phase,
such as learning rate schedules and batch sizes, are tuned with respect to each model’s convergence
behavior and computational profile.

Table 16: Hyperparameters for generating synthetic data across all five datasets.

Hyperparameters for Synthetic Data Generation

Optimizer Adam
Learning rate 0.25
beta 0.5,09
epsilon le-8
Batch Size 100 or 10 (if C' < 100)
Iterations 2,000
Scheduler Cosine Annealing

Augmentation RandomResizedCrop, Horizontal Flip

G.1 CIFAR-10

This subsection delineates the complete set of hyperparameter configurations employed in our ex-
periments on CIFAR-10, with the goal of facilitating rigorous reproducibility and enabling future
benchmarking efforts under consistent conditions.

Pre-training of Committee Models. The detailed training configurations for all backbone models
utilized in the committee are presented in Table These models are trained on the full CIFAR-10
dataset using standard supervised learning protocols. The selection of hyperparameters, including
learning rates, batch sizes, weight decay, and optimization schedules, has been empirically validated
to ensure stable convergence and competitive generalization performance across architectures. The
consistency of these training settings is critical for maintaining comparability across committee
members and ensuring the integrity of the prior-performance estimation process.

Post-Evaluation Phase. The hyperparameter settings adopted during the post-evaluation stage on
the distilled CIFAR-10 dataset are comprehensively summarized in Table[I8] These configurations
govern the training of evaluation models on the synthetic data and are designed to reflect standard
supervised learning protocols, thereby enabling fair comparisons across distilled datasets. Parame-
ters such as learning rate schedules, number of training epochs, regularization strength, and batch
size are carefully selected to ensure stable optimization dynamics while preserving sensitivity to
differences in distilled data quality.
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Table 17: Hyperparameters for CIFAR-10 Pre-trained Models.

Hyperparameters for Model Pre-training

Optimizer SGD
Learning rate 0.01
Weight Decay le-4

Batch Size 64

Epoch 10

Scheduler Cosine Annealing
Augmentation RandomResizedCrop, Horizontal Flip
Loss Function Cross-Entropy

Table 18: Hyperparameters for post-evaluation task on ResNetl8, ResNet50 and ResNet101 for
CIFAR-10.

Hyperparameters for Post-Eval on R18, R50 and R101

Optimizer Adamw

Learning Rate 0.001 (ResNet18, ResNet50) or
0.0005 (ResNet101)

Loss Function KL-Divergence

Batch Size 16 or 10 (if |:S| < 16)

Epochs 300

Scheduler Cosine Annealing withn =1

Augmentation RandomResizedCrop,

Horizontal Flip, CutMix

G.2 CIFAR-100

This subsection presents the complete hyperparameter configurations utilized in our CIFAR-100
experiments, offering a transparent and reproducible foundation for future research endeavors.

Pre-training of Committee Models. The hyperparameters employed for training the committee
models on the original CIFAR-100 dataset are detailed in Table [T9] Each model is trained under a
consistent supervised learning framework, with dataset-specific adjustments to accommodate the in-
creased complexity and fine-grained nature of CIFAR-100. The configuration includes optimization
parameters such as initial learning rate, batch size, learning rate decay schedule, and regularization
strength. These settings are empirically tuned to promote convergence stability and to ensure that the
resulting models serve as reliable sources for prior-performance estimation within the committee-
based distillation framework.

Table 19: Hyperparameters for CIFAR-100 Pre-trained Models.

Hyperparameters for Model Pre-training

Optimizer SGD
Learning rate 0.1
Weight Decay le-4

Batch Size 512

Epoch 200

Scheduler Cosine Annealing
Augmentation RandomResizedCrop, Horizontal Flip
Loss Function Cross-Entropy

Post-Evaluation Phase. The hyperparameter settings utilized during the post-evaluation stage on
the distilled CIFAR-100 dataset are comprehensively summarized in Table[20] These configurations
govern the training of evaluation models exclusively on the synthetic data and are selected to ensure
a fair and controlled assessment of the generalization capability imparted by the distilled represen-
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tations. Parameters such as learning rate, batch size, number of training epochs, and weight decay
are carefully chosen to balance convergence speed and evaluation sensitivity, thereby providing a
reliable basis for comparative analysis across distillation methods.

Table 20: Hyperparameters for post-evaluation task on ResNetl8, ResNet50 and ResNet101 for
CIFAR-100.

Hyperparameters for Post-Eval on R18, R50 and R101

Optimizer Adamw

Learning Rate 0.001 (ResNetl18, ResNet50) or
0.0005 (ResNet101)

Loss Function KL-Divergence

Batch Size 16

Epochs 300

Scheduler Cosine Annealing with

n = 1 (ResNet18, IPC=1, 50) or

n = 1 (ResNet50, IPC=1, 50) or

n =1 (ResNet101) or

1n = 2 (ResNetl18, IPC=10) or

n = 2 (ResNet50, IPC=10)
Augmentation RandomResizedCrop,

Horizontal Flip, CutMix

G.3 TINY-IMAGENET

Pre-training of Committee Models. Table [2]| provides a comprehensive summary of the hyper-
parameter configurations adopted for training the backbone models on the original Tiny-ImageNet
dataset. These models serve as committee members in the distillation framework, and their train-
ing is conducted under standardized supervised learning protocols. The selected hyperparameters,
including optimizer choice, initial learning rate, batch size, weight decay, and learning rate schedul-
ing, are tailored to accommodate the higher input resolution and increased class cardinality of Tiny-
ImageNet, thereby ensuring robust convergence and high-quality feature representations for subse-
quent distillation.

Table 21: Hyperparameters for Training Tiny-ImageNet Pre-trained Models.

Hyperparameters for Model Pre-training

Optimizer SGD
Learning rate 0.1
Momentum 0.9
Batch Size 128
Epoch 50
Scheduler Cosine Annealing
Augmentation RandomResizedCrop, Horizontal Flip
Loss Function Cross-Entropy

Post-Evaluation Phase. The hyperparameter configurations employed during the post-evaluation
phase on the distilled Tiny-ImageNet dataset are detailed in Table [22] These settings govern the
training of evaluation models exclusively on the synthesized data and are selected to ensure a rig-
orous and standardized assessment of the distilled set’s efficacy. Given the higher resolution and
increased class diversity of Tiny-ImageNet, the configurations including learning rate schedule, reg-
ularization strategy, and optimization budget are carefully adapted to preserve stability during train-
ing while maintaining sufficient sensitivity to distinguish performance across distillation methods.
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Table 22: Hyperparameters for post-evaluation task on ResNetl8, ResNet50 and ResNet101 for
Tiny-ImageNet.

Hyperparameters for Post-Eval on R18, R50 and R101

Optimizer Adamw

Learning Rate 0.001 (ResNet18) or
0.001 (ResNet50) or
0.0005 (ResNet101)

Loss Function KL-Divergence

Batch Size 16

Epochs 300

Scheduler Cosine Annealing with

1 = 1 (ResNet18 IPC=50) or

n = 1 (ResNet50) or

1 = 2 (ResNet18 IPC=1, 10) or

1 = 2 (ResNet101)
Augmentation RandomResizedCrop,

Horizontal Flip, CutMix

G.4 SUBSETS OF IMAGENET-1K

Pre-training of Committee Models. The full set of training configurations used to pre-train com-
mittee models on the ImageNet-1K subsets is summarized in Table 23] These configurations are
tailored to accommodate the high-resolution inputs and the fine-grained semantic variability inher-
ent to ImageNet class data. Optimization hyperparameters including learning rate initialization,
batch size, weight decay, and scheduler policies are selected to ensure stable convergence across
model architectures and to produce reliable feature extractors for use in the distillation process.

Table 23: Hyperparameters for Training subsets of ImageNet-1k Pre-trained Models.

Hyperparameters for Model Pre-training

Optimizer SGD
Learning rate 0.01
Momentum 0.9
weight decay le-4
Batch Size 64
Epoch 300
Scheduler Cosine Annealing
Augmentation RandomResizedCrop, Horizontal Flip
Loss Function Cross-Entropy

Post-Evaluation Phase. The hyperparameter configurations employed during the post-evaluation
phase on the distilled subsets of the ImageNet-1K dataset are presented in Table[24] These settings
define the training protocols for evaluating models exclusively on the synthesized data and are care-
fully selected to reflect standardized supervised learning procedures. Particular attention is given to
the choice of optimization parameters, including learning rate schedules, regularization strategies,
and training durations, in order to ensure a fair and sensitive evaluation of the generalization capacity
induced by the distilled representations.

G.5 IMAGENET-1K

This subsection offers a comprehensive account of the hyperparameter configurations adopted in the
ImageNet-1K experiments, with the objective of facilitating reproducibility and enabling consistent
comparisons in future research. As the generation of distilled data relies on the use of publicly
available ImageNet-1K models provided by the official PyTorch repository, no modifications are
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Table 24: Hyperparameters for post-evaluation task on ResNetl8, ResNet50 and ResNet101 for

subsets of ImageNet-1k.

made to the pretraining phase. Consequently, only the hyperparameters associated with the post-

Hyperparameters for post-eval on R18, R50 and R101

Optimizer
Learning Rate

Loss Function
Batch Size
Epochs
Scheduler

Augmentation

Adamw

5e-4 (ResNet18) or

5e-4 (ResNet50, IPC=1, 50) or
5e-4 (ResNet101, IPC=1, 10) or
0.001 (ResNet50, IPC=10) or
0.001 (ResNet101, IPC=50)
KL-Divergence

10

300

Cosine Annealing with

n = 1 (ResNetl8, IPC=10) or
n = 1 (ResNet50, I[PC=10, 50)
or

1n = 2 (ResNetl18, IPC=1, 50) or
n = 2 (ResNet50, IPC=1) or

n = 2 (ResNet101)
RandomResizedCrop,
Horizontal Flip, CutMix

evaluation stage are reported, as summarized in Table 23]

Table 25: Hyperparameters for post-evaluation task on ResNetl8, ResNet50 and ResNet101 for

ImageNet-1K.

Hyperparameters for Post-Eval on R18, R50 and R101

Optimizer
Learning Rate

Loss Function
Batch Size
Epochs
Scheduler

Augmentation

Adamw

0.0005(ResNet101, IPC=50) or
0.001

KL-Divergence

16

300

Cosine Annealing with

1n = 1 (ResNet18, IPC=50) or
n = 1 (ResNet50, [PC=50) or
n = 2 (ResNet18, IPC=1, 10) or
1n = 2 (ResNet50, IPC=1, 10) or
n = 2 (ResNet101)
RandomResizedCrop,
Horizontal Flip, CutMix

G.6 CROSS-ARCHITECTURE GENERALIZATION

This subsection provides a detailed exposition of the hyperparameter configurations employed in
the cross-architecture generalization experiments, with the aim of promoting reproducibility and fa-
cilitating robust comparisons in future studies. To accommodate variations in model capacity, the
experimental protocol differentiates between architectures based on their parameter scales. Specif-
ically, architectures with relatively large parameter counts, such as DenseNet201, are assigned the
same hyperparameter settings as those used for ResNet101. Conversely, lightweight models adopt
the configurations associated with ResNetl18 and ResNet50. The complete set of hyperparameters
utilized across these architectural variants is documented in Table
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Figure 11: Visualization of synthetic data on CIFAR-10 generated by CV-DD.

H DISTILLED DATA VISUALIZATION

Extended qualitative results showcasing the visual characteristics of the distilled data synthesized by
CV-DD are provided in Fig.[T1](CIFAR-10), Fig.[12](CIFAR-100), Fig.[13|(Tiny-ImageNet), Fig.
(ImageWoof), Fig. [I5] (ImageNette), and Fig. [I6] (ImageNet-1K). These visualizations illustrate the
diversity, class discriminability, and structural fidelity of the synthesized samples across datasets of
varying resolution and semantic complexity, thereby offering intuitive evidence of the effectiveness
of the proposed distillation framework.

I USE OF LARGE LANGUAGE MODELS

A large language model was used exclusively to improve the writing of the manuscript. All the idea,
method and experimental designs are contributed by the authors.
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Figure 12: Visualization of synthetic data on CIFAR-100 generated by CV-DD.
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Figure 13: Visualization of synthetic data on Tiny-ImageNet generated by CV-DD.
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Figure 14: Visualization of synthetic data on ImageWoof generated by CV-DD.
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Figure 15: Visualization of synthetic data on ImageNette generated by CV-DD.
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Figure 16: Visualization of synthetic data on ImageNet-1K generated by CV-DD.
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