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Abstract

Dataset distillation has provided a reliable solution for data compression, where
models trained on the resulting smaller synthetic datasets achieve performance com-
parable to those trained on the original datasets. To further improve the performance
of synthetic datasets, various training pipelines and optimization objectives have
been proposed, greatly advancing the field of dataset distillation. Recent decoupled
dataset distillation methods introduce soft labels and stronger data augmentation
during the post-evaluation phase and scale dataset distillation up to larger datasets.
However, this raises a question: Is accuracy still a reliable metric to fairly evaluate
dataset distillation methods? Our empirical findings suggest that the performance
improvements of these methods often stem from additional techniques rather than
the inherent quality of the images themselves, with even randomly sampled images
achieving superior results. Such misaligned evaluation settings severely hinder
the development of DD. Therefore, we propose DD-Ranking, a unified evalua-
tion framework, along with new general evaluation metrics to uncover the true
performance improvements achieved by different methods. By refocusing on the
actual information enhancement of distilled datasets, DD-Ranking provides a more
comprehensive and fair evaluation standard for future research advancements.

1 Introduction

Training deep models on large datasets has enabled progress in computer vision [19, 9] and natural
language processing [8, 1], but requires substantial computation and storage. Dataset distillation
(DD) [52] addresses this cost by constructing a small synthetic training set. Advances in training
pipelines [7, 64, 58] and optimization objectives [67, 63, 2] have improved the accuracy achievable
with such datasets.

However, evaluation recipes have also changed substantially. Some methods jointly optimize images
and sample-specific soft labels [17, 29], whereas decoupled methods use epoch-wise labels from
pretrained teachers during post-evaluation training [58, 39, 44, 46]. Others adopt stronger augmen-
tation, optimizers, and hyperparameters [41, 4]. Comparisons across these recipes can conflate
improvements to the distilled data with improvements to the learning procedure. Indeed, randomly
sampled real images can outperform distilled images when given the same teacher supervision and
training recipe. This raises our central question: does higher test accuracy reliably indicate better
distilled data when evaluation settings differ?

We introduce DD-Ranking, an evaluation framework that calibrates performance against matched
references. For each method, we compare synthetic data with a same-sized random subset trained
under the corresponding recipe, measuring improvement over random (IOR). We also measure the
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hard-label performance gap to a fixed full-dataset reference, termed hard label recovery (HLR).
Their combination, the label-robust score (LRS), provides a default ranking while retaining both
components for interpretation. An augmentation-robust score (ARS) further combines relative
performance with and without augmentation. We evaluate these metrics across datasets, student
architectures, and teacher-label configurations.

Our contributions are threefold. First, we establish a matched-baseline protocol and explicit ranking
rule for comparing DD methods with heterogeneous label and augmentation recipes. Second, our
benchmark shows that many reported accuracy gains do not translate into improvements over equally
equipped random subsets, while identifying methods that retain substantial gains. Third, we introduce
complementary label- and augmentation-robust metrics and analyze their empirical ranking stability,
encouraging progress toward more informative distilled datasets.

2 Motivation

2.1 Overview of Unfairness

Dataset distillation is conventionally evaluated by the test accuracy of a model trained on the distilled
dataset’. Table 1 surveys the evaluation recipes of representative methods [67, 62, 2, 66, 37, 17, 58,
46, 57, 45, 41, 39]. The differences span training duration, batch size, optimizer, loss, teacher, and
augmentation. Direct accuracy comparisons across these configurations mix data quality with training
effects; we examine label representation and augmentation in particular.

Config ‘ DC DSA DM MTT DataDAM DATM SRe2L  RDED CDA DWA D4M EDC G-VBSM
Epochs 1K 1K 1K 1K 1K 1K 300 300 300 300 300 300 300
Batch Size 256 256 256 256 256 256 1024 100 128 128 1024 100 1024
Optimizer SGD SGD SGD SGD SGD SGD AdamW AdamW AdamW AdamW AdamW AdamW AdamW
LR Scheduler = step step step step step step cosine cosine cosine cosine cosine cosine cosine
Label Type hard hard hard hard hard soft soft soft soft soft soft soft soft
Soft Label - - - - - single multiple multiple multiple multiple multiple multiple multiple
Loss Function CE CE CE CE CE SCE KL KL KL KL KL MSE MSE
Teacher Model - - - - - single  single single single single single  ensemble ensemble
DSA No Yes Yes Yes Yes Yes No No No No No No No
ZCA No No No Yes No Yes No No No No No No No
ResizeCrop No No No No No No Yes Yes Yes Yes Yes Yes Yes
CropRange - - - - - - 0.08,1.0 0.5,1.0 0.08,1.0 0.08,1.0 0.08,1.0 0.5,1.0 0.08,1.0
PatchShuffle No No No No No No No Yes No No No Yes No
CutMix No No No No No No Yes Yes Yes Yes Yes Yes Yes

Table 1: Evaluation configurations of various dataset distillation methods. We separate evaluation
model training hyperparameters (top) and data augmentation (bottom). For each row, different colors
highlight the differences in the evaluation setting.

A random baseline also depends on the evaluation recipe. On CIFAR-10 at IPC1 with hard labels,
the test accuracy of a same-sized random subset ranges from 8.8% to 16.4% across the evaluation
configurations of different methods. Thus, even without changing the subset size or label type, the
evaluation recipe is associated with a substantial variation in baseline accuracy. This motivates pairing
each distilled dataset with random data evaluated under its corresponding recipe rather than using a
single random-baseline accuracy across methods.

2.2 Soft Labels

Soft labels improve test accuracy. Soft labels specify distributions over classes and can transfer
information from a pretrained teacher. DATM [17] jointly optimizes labels and images, whereas
SRe2L [58] supplies teacher-generated labels during evaluation training. Supervision against these
labels, for example through KL divergence, improves test accuracy (Figure 1).

Teacher supervision can mask differences in image quality. We compare distilled data with random
noise and randomly selected real samples under matched teacher and training recipes. Random real
data with soft labels outperforms distilled data in many settings (Figure 1), consistent with [35].

2We focus on image classification, the most common DD evaluation task.
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Figure 1: Test accuracies of the model trained on synthetic data distilled by various DD methods and
on randomly selected data. Despite soft labels being able to significantly improve the test accuracy,
DD methods may fail to outperform random selection under the same training setting.

Method | EDC RDED
IPC 10 50 10 50

Noise 0=005 0=05 w/ aug. |48.6 58.0 42.0 56.5
Batch size |128 1024 TinyImageNet [49.9 (1 26.0) 14.6 (1 3.9) wio aug.|[12.5 39.7 153 27.9
ImageNet1K| 0.5 0.3 ImageNet1K |60.6 (124.9) 6.8 (15.6)
(c) Data augmentation contributes
(a) With soft labels, (b) Soft labels improve accuracy on noise- substantially to high accuracy,
random noise exceeds corrupted images; gains over hard labels especially on high-resolution
chance accuracy (0.1%). appear in parentheses. datasets.

Table 2: (a) Soft-label accuracy on random noise. (b) Soft-label accuracy on noise-corrupted images.
(c) Augmentation ablation on ImageNet1K.

Even random noise attains above-chance ImageNet1K accuracy when given soft labels (Table 2a).
Similarly, soft labels substantially improve accuracy on noise-corrupted images (Table 2b). These
controls show that teacher supervision contributes information independently of any image-distillation
improvement, motivating a matched random baseline.

2.3 Data Augmentation

Different methods also use different augmentation recipes (Table 1). To assess their contribution, we
evaluate EDC and RDED with and without their augmentation on ImageNet1K (Table 2c). At IPC10,
EDC changes from 48.6% to 12.5% without augmentation, while RDED changes from 42.0% to
15.3%. This dependence on augmentation motivates evaluating relative improvement over random
data in both conditions, rather than attributing every accuracy gain to distilled-image quality.

3 DD-Ranking

3.1 Overview

Motivated by the unfairness above, we introduce DD-Ranking. DD-Ranking is an integrated and easy-
to-use evaluation benchmark for dataset distillation (DD). It aims to provide a fair evaluation scheme
for DD methods that can decouple the impacts from knowledge distillation and data augmentation
to reflect the real informativeness of the distilled data. Under the finding that the test accuracy no
longer fits the need for fair and comprehensive evaluation, we design new metrics for both the label
representation and data augmentation. We also provide some theoretical intuition in Appendix A.

Protocol and ranking rule. DD-Ranking comprises an evaluation protocol, a metric suite (HLR, IOR,
LRS, and ARS), a ranking rule, and an evaluation toolkit. Within each dataset—IPC setting, our default
ranking orders methods by decreasing LRS at A = 0.5. We report the triple (HLR,IOR, LRS\—05)
so that the components remain visible, and report ARS as a separate evaluation axis with v = 0.5.
These weights specify an explicit trade-off; they are not tuned to favor a method. The protocol



matches each distilled dataset to a random subset under the corresponding evaluation recipe, as
detailed in Section 4.1.

3.2 Label-Robust Score

Hard label recovery. The initial goal of dataset distillation is to synthesize a small number of data
points that do not need to come from the correct data distribution, but will, when given to the learning
algorithm as training data, approximate the model trained on the original data [52]. Given that almost
all existing classification datasets use hard label annotation, we think it is crucial for DD methods
to maintain good performance with hard labels. To this end, we propose the hard label recovery
(HLR). Specifically, for both hard-label-based and soft-label-based methods, we evaluate the test
accuracy of the distilled data and that of the original dataset with hard labeling, denoted as acCgyn-nard
and acCreql-hard, respectively. The hard label recovery is computed by taking the difference:

HLR = acCreal-hard — ACCsyn-hard (D

A smaller HLR indicates a smaller gap to the fixed full-dataset reference specified in Section 4.1. For
methods that synthesize data per class, hard-label evaluation uses the class identity associated with
each synthesized sample rather than teacher-generated soft labels.

Improvement over random. Despite the popularity of soft labels, it’s not fair to directly compare
methods with soft labels against those with hard labels. Also, there isn’t a unified recipe for soft-
label-based evaluation, and differences such as soft labels per sample, loss function, and temperature
could significantly impact the results. This makes it difficult to compare different soft-label-based
methods. To make different methods comparable under mixed label types, we propose improvement
over random (IOR). This metric is based on the common sense that any DD method should at least
outperform random selection under the same evaluation recipe, and we use the relative performance
improvements over random selection to compare any pair of DD methods. Specifically, denote the
test accuracies of models trained on synthetic data and a same-sized random subset with any label
type as aCCsyn-any and accgpm.- any» respectively. For each DD method, we match the evaluation model,
preprocessing, label-generation procedure, loss function, augmentation, optimizer, and training
schedule between synthetic and random data. Learning rates are selected separately as described in
Section 4.1; matching the recipe does not require the selected learning rates to be identical. Then, the
IOR is computed by:

IOR = aACCsyn-any — ACCrdm-any )

IOR is positively related to the performance of DD methods. By doing so, we can effectively disen-
tangle the improvement brought solely by knowledge distillation and reflect the true informativeness.

Label-robust score. Combining hard label recovery (HLR) and improvement over random (IOR),
we present the label-robust score (LRS). LRS first takes a weighted sum o of HLR and IOR via a
weight parameter A € [0, 1] (default 0.5) as follows:

a = MOR — (1 — \)HLR 3)

We assign a negative mark to HLR so that both parts of the sum are positively correlated with the
performance. The raw range of « is [—1, 1], so we normalize LRS to the range [0, 1] by letting
LRS = 100% x (e —e~!)/(e — e™1). A higher LRS indicates that the distilled dataset of the
corresponding method is more robust to the label representation and has richer information. Because
this normalization is strictly increasing, it preserves the ordering induced by « for a fixed A; any
strictly increasing alternative preserves the same ranking. Its endpoints are fixed by the score domain
rather than the methods currently evaluated, and its increasing slope gives higher resolution toward
larger raw scores.

3.3 Augmentation-Robust Score

Data augmentation, as a trick to enhance model training, doesn’t reveal the quality of the dataset
itself. Thus, the improvement in test accuracy brought merely by data augmentation during evaluation
training should not be attributed to the effectiveness of the dataset distillation method. To disentangle
data augmentation’s impact, we introduce the augmentation-robust score (ARS) which continues
to leverage the relative improvement over randomly selected data. Specifically, we first evaluate
synthetic data and a randomly selected subset under the same setting to obtain acCgyn-aug and acCrgm-aug



(same as IOR). Next, we evaluate both synthetic data and random data again without the data
augmentation, and results are denoted as acCsyn.naug and aCCram-naug. Both augmentation conditions
retain the method’s native label protocol, matched between synthetic and random data within each
condition. The parameter y € [0, 1] weights the two conditions and is set to 0.5 by default.

We claim that an informative subset via distillation should surpass any randomly selected subset of the
same size, regardless of the use of data augmentation. Thus, both differences, accsyn.aug — aCCram-aug
and acCCgyn-naug — ACCrdm-naug, are positively correlated with the real informativeness of the distilled
dataset. We take a weighted sum of the two differences

B = 'Y(accsyn—aug - accrdm—aug) + (1 - 7) (accsyn—naug - aCCrdm—naug) (4)
and use a similar normalization method to compute ARS. A higher ARS indicates that the distilled
dataset of the corresponding method is more robust to data augmentation.

4 Results

4.1 Evaluation Settings

Baseline. We evaluate a wide range of representative works in dataset distillation. For hard-label
methods, we evaluate DC [67], DSA [62], MTT [2], DM [63], and DataDAM [37]. For soft-label
methods, we evaluate SRe2L [58], DATM [17], EDF [48], DWA [13], RDED [46], CDA [57],
EDC [41], and G-VBSM [40]. In the case where the method provides its distilled data, we adopt it
directly. In the case where the distilled data is absent, we strictly follow their implementation provided
in both the paper and code repo to replicate their results. The ImageNet1K comparison focuses
on methods that can be evaluated at this scale within the computational budget; this selection is
based on computational feasibility rather than label type. Kernel-based baselines include RFAD [30]
on CIFAR-10 and FRePo [74] on CIFAR-100 and TinyImageNet; Table 5 reports their selected
numerical results. Additional evaluations cover RaT-BPTT [15] on CIFAR-10 and CIFAR-100, and
DataDAM on TinyImageNet (Appendix B.3).

Dataset. We report DD-Ranking benchmarking results on the four existing datasets: CIFAR-10 [20],
CIFAR-100 [20], TinyImageNet [22], and ImageNet1K [36]. The resolution of images in CIFAR-10
and CIFAR-100 is 32 x 32. The resolution of images in TinyImageNet is 64 x 64. The resolution of
images in ImageNet1K is 224 x 224.

Model. For each baseline method, we use the reported model for evaluation. This includes ConvNets
of depths 3 and 4 with instance normalization, ConvNets of depths 3 and 4 with batch normalization,
and ResNet-18 [18]. We also incorporate AlexNet [21], ResNet-50, VGG-11 [43], Swin-T [28], and
ViT-base [10] to validate the robustness of DD-Ranking on different architectures.

DD-Ranking evaluation. We report means over five random seeds; available standard deviations
appear as lower-right subscripts in the main HLR/IOR/LRS tables. Entries without subscripts have
no reported standard deviation. For each seed, the random baseline is a class-balanced subset at the
same IPC, resampled from original training images without merging them. It shares the synthetic
arm’s model, preprocessing, teacher/label protocol, loss, augmentation, optimizer, and schedule.
Hard-label evaluation searches the learning rate separately for both arms; soft-label evaluation retains
the method’s supplied learning rate for synthetic data and searches it for random data. The full dataset
supplies a fixed reference per dataset under a unified recipe with only the learning rate swept; this
reference need not maximize accuracy. Appendix B.1 details the complete protocol in Table 10;
Table | instead surveys differences between published methods.

4.2 Label-Robust Score

CIFAR-10. Table 3 compares methods at IPC1, IPC10, and IPC50. MTT has the highest LRS among
the hard-label methods at all three budgets, while DATM leads the methods in this table with LRS
24.6, 28.7, and 28.0. This contrasts with SRe2L, whose IOR is negative throughout, and RDED,
whose IOR becomes negative at IPC50. Matching methods therefore remain strong baselines after
calibration for the evaluation recipe. In the additional evaluation, RaT-BPTT reaches LRS 25.3 at
IPC1, exceeding the best corresponding result in this table (Appendix B.3).

CIFAR-100. Table 4 shows a similar contrast between jointly optimized labels and teacher relabeling.
DATM leads at IPC1 and IPC50, while MTT leads at IPC10 with LRS 27.5. At I[PC50, DATM



IPC 1 10 50
Metric | HLR), IORT LRST HLR|, IOR? LRSt HLR| IORt LRSt
DC 52.70.2 12492 19.19.3 36.70.3 18.509.2 23.20.3 26.302 12.30.4 24.00.3
DSA 58903 13.20.3 18202 35.1g4 19.602 23.70.2 27.4o5 11.004 23.50.4
MTT 42205 27.60.7 23.90.6 23.Tpo6 30.90.8 28.408 16.50.5 20.50.4 27.80p.5
DM 61.407 8706 17.005 39.408 16.10.9 22.27¢ 25.10.7 12.79.7 24.30.7
DataDAM | 49.99.8 15.60.5 20.00.6 34.80.6 19.90.6 23.80.5 21.99.7v 15.80.5 25.60.6
DATM (41.99.7 30.8p0.4 24.609.8 26.80.5 35.10.7 28.7p06 18.990.3 23.99.7 28.0¢05
SRe2lL | 69.995 —0.30.6 14.30.6 67.80.8 —5.7p.8 13.80.6 62.995 —6.50.8 14.40.7
RDED | 60.69.7 2.40.9 16.209.7 50.79.8 1.1g.7 17.6g9.8 36.00.9 —1.61.2 19.60.9
D4M 51.1p.8 6.70.8 18.496 39.90.7 9.1p9 20.80.9 27.008 6.61.0 22.80.9
Table 3: HLR, IOR, and LRS on CIFAR-10. Subscripts denote standard deviations over five random
seeds; A = 0.5 here and in the following tables. Colors distinguish hard- and soft-label methods.

exceeds random selection by 26.1 percentage points, whereas SRe2L. and RDED have negative IOR.
DataDAM and MTT both attain LRS 26.8 at this budget, illustrating the competitiveness of hard-label
matching methods. RaT-BPTT attains LRS 28.9 at IPC10 in the additional evaluation, outperforming
the methods listed here.

IPC 1 10 50
Metric | HLR} IORt LRSt HLR| IORt LRSSt HLR, IORt LRS?t
DC 39.40.4 8403 20.80.3 25.50.3 12.705 24.20.4 21.80.2 1l.lge 22.70.7
DSA 46.00.5 8.50.5 19.60.5 26.10.4 13.50.4 24.30.3 21.204 2.00.5 23.00.4
MTT 35.20.5 16.70.6 23.1p.5 18.00.7 20.797 27.506 12.195 11.60.6 26.80.6
DM 48.00.6 6.1p.8 18.90.7 30.1p.9 10.70.9 23.00.9 16.60.7 7.20.7 24.90.5
DataDAM | 45.20.6  9.10.7 19908 25905 14.80.8 24.60.7 12407 11.806 26.80.6
DATM |24.19.7 18.50.5 25.706 18906 18406 26.80.6 10.39.5 26.1g.8 30.4¢7
SRe2L | 52.71.1 —1.90.9 16.79.9 50.509.8 —14.80.7 15.00.7 46.20.5 —11.509.9 16.2¢.7
RDED | 45.69.7 —0.51.0 18.1p.8 37.50.6 —1.20.9 19.406 27.30.8 —1.51.1 21.209
D4M 30.90.5 10.00.6 22.70.4 40.1p.7 9.70.8 20.90.6 26.70.8 13.50.9 24.209
Table 4: HLR, IOR, and LRS on CIFAR-100, with standard deviations as subscripts. DATM performs
strongly, while MTT leads at IPC10 among the methods shown.

Kernel-based methods. Table 5 extends the comparison to RFAD and FRePo. At IPC50, RFAD
exceeds random selection by 3.51 percentage points on CIFAR-10, and FRePo by 3.81 points on
CIFAR-100. Both retain positive gains, but their margins are smaller than MTT’s 20.5 and 11.6
points on the respective datasets. Thus, the calibrated comparison distinguishes the relatively small
gains of these kernel-based baselines from stronger matching-based results at this budget.

Method Dataset IPC IORT
RFAD CIFAR-10 50 3.51
FRePo CIFAR-100 50 3.81

Table 5: Improvement over random for kernel-based methods at IPC50, in percentage points.

TinyImageNet. In Table 6, DATM and EDF share the highest LRS at IPC1; MTT leads at IPC10, and
EDF leads at IPC50. At IPC50, D4M’s IOR reaches 12.8 percentage points, while RDED’s is —0.6;
at IPC1 and IPC10, RDED has higher LRS than D4M. Thus, the relative performance of scalable
approaches depends on the data budget. The strong results of DATM and EDF also show that soft
labels can contribute to effective distilled datasets when jointly optimized with the samples.

Results on ImageNet1K. All methods in Table 7 use soft labels in their native evaluation. With the
same label protocol applied to random data, every method has negative IOR at IPC10 and IPC50. At
IPC10, for example, SRe2L has IOR —15.6, whereas RDED and EDC are closer to random selection
at —0.6 and —0.4 percentage points. The large HLR values also reveal weak recovery under hard



IPC 1 10 50
Metric| HLR} IORt LRST HLR, IORt LRSt HLR| IORt LRSt
DC | 28.60.4 3.903 22.00.3 21.502 7.1l05 23.9095 21.304 —2.1p06 22.20.4
DSA [30.30.5 3.70.4 21.606 20.3p.3 6.80.7 24.194 17.695 7.60.5 25.80.4
MTT | 30.70.5 5.80.6 21.90.6 15.60.4 14.6p97 26.796 15.69.3 10.20.8 26.40.6
DM |36.70.3 2.30.7 20.205 26.20.8 7.50.9 23.1p0.8 18905 5.30.8 24.1g9.7
DATM | 25.49.5 8.60.4 23.50.4 18.3p.3 14.205 26.00.6 13.50.4 15.1p.9 27.2056
EDF 25.8 9.2 23.5 18.5 15.4 26.2 13.8 15.9 27.3
SRe2L | 45.69.7 —1.80.7 15.49.7 43.690.5 —8.50.4 17.1g.5 33.60.4 —9.60.8 18.60.8
RDED | 34.006 3.99.8 21.00.7 25.605 1.80.9 23.70.7 15.209.7 —0.61.0 23.70.9
D4M | 40.69.6 —3.00.7 18.609.¢ 35.60.7 —5.80.8 18.99.6 27.70.0 12.811 23.80.3
Table 6: HLR, IOR, and LRS on TinyImageNet, with standard deviations as subscripts. EDF standard
deviations were not reported, so its entries show means only.

labels, despite the high native soft-label accuracies. These results expose the gap between raw test
accuracy and improvement attributable to the selected or synthesized images.

IPC 1 10 50
Metric | HLR, ITORf LRSt HLR] IORt LRSt HLR| TIORt LRSt
SRe2lL | 56.30.6 —1.51.1 16.29.8 55.00.5 —15.609.8 14.20.9 53.49.7 —13.219 14.80.7
RDED |55.79.5 1.607 16.80¢ 50.20.4 —0.60.9 17.498 39.80.7 —3.60.7 22.99.7
D4M 55.99.8 —0.60.6 15.609.6 53.00.5 —7.71.1 15.80.9 43.70.6 —5.80.8 17.69.5
DWA 56.10.8 —1.21.2 16.311 54.499 —4.111 16.119 49.79.7 —T7.80.8 16.30.9
CDA 56.20.6 —2.50.6 16.1g.8 54.99.7 —8.60.8 15.30.7 52.00.4 —6.70.8 16.19¢
EDC 55.70.3 —0.80.8 16.494 52.00.5 —0.494 17.195 41.30.5 —0.111 18909
G-VBSM | 56.30.6 —1.21.2 16.31.90 55.00.5 —7.31.3 15.50.9 44996 —5.909 17.403%
Table 7: HLR, IOR, and LRS on ImageNet1K, with standard deviations as subscripts. Most methods
have negative IOR and large gaps to the hard-label reference.

Findings. Based on these results, we identify three key insights.

i) Test accuracy is not a reliable metric when soft labels are employed. Soft labels demonstrate even
higher effectiveness on random data. Notably, on TinylmageNet and ImageNet1K, classifiers trained
on random data with soft labels consistently outperform those trained on DD-synthesized data.
While DATM maintains an advantage over random selection on TinylmageNet, this improvement
diminishes substantially when soft labels are applied to random data. This observation reinforces our
claim that accuracy improvements with soft labels primarily stem from knowledge distillation rather
than the intrinsic informativeness of synthetic data.

ii) Soft labels enhance synthetic dataset informativeness when jointly optimized. Among soft-label-
based methods, DATM and EDF employ a distinct approach by assigning unique soft labels to
each sample and jointly optimizing both samples and labels during distillation. Unlike generative
and decoupled methods that generate soft labels during evaluation training, these optimized soft
labels improve synthetic data quality, as evidenced by superior LRS scores. This demonstrates that
integrating soft labels into the training process can meaningfully enhance synthetic data quality.

iii) Matching and backpropagation-through-time methods provide strong baselines. Matching-
based methods (encompassing gradient, trajectory, and feature matching) remain competitive despite
computational constraints on their scalability. In the additional CIFAR-10 and CIFAR-100 evaluations,
RaT-BPTT maintains an IOR above 23 percentage points across the evaluated IPC settings, including
IPC50. The kernel-based comparison in Table 5 shows smaller positive gains at IPC50. These results
show that DD-Ranking can distinguish methods with sustained improvements over random selection
from those with smaller gains. Among the scalable methods, RDED and D4M are competitive in
several settings, suggesting the relevance of realistic image content.



4.3 Augmentation-Robust Score

Table 8 presents ARS performance metrics for various DD methods applied to ImageNet1K, including
IOR results with and without data augmentation as introduced in Section 3.3. Most existing decoupled
and generative DD methods fail to surpass random selection regardless of augmentation status.
Without data augmentation, the performance disparity between DD methods and random selection
widens as IPC increases. These findings demonstrate that contemporary DD approaches, despite
their heavy reliance on data augmentation strategies, frequently underperform when these same
augmentation techniques are applied to simple random selection. Notably, when augmentation is
excluded from evaluation, the performance gap between certain DD methodologies and random
selection becomes more pronounced, further supporting our assertion that conventional test accuracy
metrics no longer serve as an equitable evaluation criterion in this domain.

1PC 1 10 50
Metric |IOR w/o aug? IOR w/ aug 1+ ARST IOR w/o aug? IOR w/ aug T ARST IOR w/o aug? IOR w/ aug T ARS?T
SRe2LL -1.2 -1.5 26.3 -4.4 -15.6 229 -21.0 -13.2 20.2
RDED 0.8 1.6 27.4 5.6 -0.6 28.1 2.0 -3.6 26.7
D4M -0.3 -0.6 26.7 -0.5 =17 25.2 -2.0 -5.8 25.3
DWA -1.2 -1.2 26.4 -4.0 -4.1 25.2 -13.0 -7.8 22.7
CDA -1.1 2.5 26.1 -4.9 -8.6 24.1 -14.1 -6.7 22.7
EDC -0.5 -0.8 26.6 -0.3 -0.4 26.8 -3.2 -0.1 26.2
G-VBSM -1.2 -1.2 26.4 -7.9 -71.3 23.8 -18.0 -5.9 22.1

Table 8: Augmentation-robust score (ARS) evaluation results on ImageNet1 K. We report both IOR
w/ aug (aCCsyn-aug — CCrdm-aug) and IOR w/0 aug (acCgyn-naug — aCCrdm-naug)- v is 0.5 by default.

4.4 Analysis

Sensitivity to the ranking weight. We compare all 10 pairs of rankings induced by A\ €
{0.1,0.3,0.5,0.7,0.9} within each dataset-IPC setting, retaining ties in the rounded LRS values. The
equally weighted mean across the 12 settings (120 comparisons) is Kendall 7, = 0.9159 ~ 0.92; the
setting-level averages range from 0.7757 to 0.9667 (Table 9). Agreement is lowest on TinyImageNet
at IPC50, so the ranking is stable on average rather than invariant to the weight. This analysis covers
methods with complete weight sweeps; Appendix B.4 gives the formula and scope.

Dataset IPC1 IPC10 IPC50
CIFAR-10 0.8937 0.9667 0.9667
CIFAR-100 0.9386 0.9519 0.8721
TinyImageNet 0.9021 0.9449 0.7757
ImageNet1K 0.9533 0.9020 0.9229

Table 9: Sensitivity to \: each cell averages Kendall 7, over 10 weight pairs, using rounded LRS
values with ties retained. The mean over all 12 settings is 0.9159.

ARS across model architectures. On ImageNet1K at IPC10, we additionally evaluate ARS using
ResNet-18, ResNet-50, and ViT. The per-method fluctuation across these architectures is at most 0.4
ARS points, compared with an approximately 2.9-point separation between methods, and the method
ordering is preserved under all three architectures. This supports the architecture stability of ARS in
this setting, complementing the LRS analysis below.

Robust to model architecture. Cross-architecture evaluation is an important experiment for dataset
distillation methods. Specifically, different model architectures are used to evaluate the synthetic
data. Despite variations in raw test accuracy across model architectures, the metric used to evaluate
dataset distillation performance should remain consistent, with minimal fluctuation in metric values.
As shown in Figure 2, the LRS results for six methods across different settings, each tested with four
distinct model architectures, demonstrate high consistency. This consistency validates the robustness
of our benchmark across different model architectures.
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Figure 2: LRS across student architectures. Each group evaluates the same distilled dataset with four
architectures; colors identify the evaluation models. Bars start at zero.
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Figure 3: LRS across teacher and soft-label sources. Colors identify the label source; Hybrid
combines soft labels from multiple teachers. Bars start at zero.

Robust to soft labels. In decoupled dataset distillation [58, 39, 44, 46], epoch-wise soft labels
constitute a crucial component of the synthetic dataset. Recent studies [39, 41, 4] have explored
improving test accuracy by leveraging stronger teacher models to provide soft labels without altering
the synthetic data itself. However, the validity of this technique remains insufficiently investigated.
As shown in Figure 3, whether through the use of different teacher models or advanced hybrid soft
label strategies by fusing soft labels generated by multiple teachers, our proposed LRS consistently
exhibits strong robustness, thereby validating its reliability across diverse soft label settings.

5 Related Work

Hard-label-based dataset distillation methods. Hard-label-based DD methods assign categorical
labels to synthetic samples, matching real dataset labels. Matching-based methods are the main
hard-label approaches: i) Gradient matching: Optimizes synthetic data to match gradients induced on
neural networks. Following DC [67], improvements include DSA [62], DCC [23], and LCMat [42].
ii) Trajectory matching: Aligns training dynamics between models trained on synthetic and real data.
MTT [2] introduced this approach, with enhancements from TESLA [6], FTD [11], and ATT [26] im-
proving memory efficiency and reducing trajectory errors. iii) Feature matching: Optimizes synthetic
data to produce similar internal representations as real data. Methods like CAFE [49], DM [66], and
DataDAM [37] provide lightweight frameworks with comparable performance, especially for large
IPC settings.

Soft-label-based dataset distillation methods. Soft-label DD methods use knowledge distillation
during evaluation, with synthetic samples assigned soft labels from pretrained teacher models.
Matching-based methods like DATM [17], PAD [25], and EDF [48] jointly optimize soft labels and
synthetic data during trajectory matching. Decoupled methods demonstrate strong scalability on large
datasets by decoupling bi-level optimization. SRe2L [58] proposed a three-stage “squeeze, recover,
and relabel” paradigm, generating and saving soft labels for synthetic samples. Subsequent works
CDA [57], DWA [13], EDC [41], and G-VBSM [40] further improve performance from data and



soft-label perspectives. RDED synthesizes data by concatenating core image patches, while D4M
employs diffusion models for high-quality synthetic images.

Dataset distillation benchmark. A notable challenge for dataset distillation is the lack of com-
prehensive benchmarks. DC-Bench [5] is the first large-scale standardized benchmark for dataset
condensation methods in general. It provides a comprehensive evaluation for several dataset distilla-
tion methods and coreset selection methods. Comp-DD is proposed in EDF [48] targeting dataset
distillation in complex scenarios. It extracts new subsets from ImageNet1K based on the complexity
metric. However, both benchmarks no longer satisfy the need for fair evaluation of dataset distillation
methods under the soft label trend. Therefore, we propose DD-Ranking to solve this problem. While
distillation for other modalities remains under-explored, we are aware of recent progress on multi-
modal dataset distillation [71, 61, 55]. We will track the latest progress in dataset distillation across
all areas and enrich our benchmark to be more comprehensive.

6 Conclusion and Future Work

We propose DD-Ranking, a new benchmark that provides a fair and comprehensive evaluation for
dataset distillation. DD-Ranking is well motivated by the unfairness arising from inconsistent training
settings of existing DD evaluation, especially the use of soft labels and data augmentation. To this
end, DD-Ranking introduces both the label-robust score and augmentation-robust score to disentangle
the effects of knowledge distillation via soft labeling and data augmentation, and ultimately reveal the
true informativeness of distilled datasets. Hopefully, DD-Ranking can facilitate the development of
dataset distillation towards improving data quality instead of accuracy. One potential limitation of the
current DD-Ranking is that we only support methods for image classification dataset distillation. We
are aware that several works [73, 53] have extended dataset distillation to other tasks and modalities.
In the future, we will constantly integrate more baseline methods into our benchmark and extend
DD-Ranking to other modalities.
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A Theoretical foundation

We provide an idealized additive analysis of the matched-baseline comparison underlying LRS (ARS
follows analogously). The cancellation below assumes a fixed protocol and a setting-dependent offset
that is independent of the evaluated data.

Definition of fair comparison. A fair comparison in DD isolates data quality contributions while
neutralizing setting-dependent performance gains. Formally, let ¢4, gp denote the intrinsic data
quality of methods A and B, and 3() represent the performance boost from evaluation setting 7
(independent of data quality). The comparison is fair if and only if it directly compares ¢4, ¢p.

Additive interpretation of IOR. Consider method A distilling D 4 with protocol 74 (e.g., hard
labels, batch size 256, step learning rate scheduler) and method B distilling Dp with protocol 75
(e.g., soft labels, batch size 1024, cosine learning rate scheduler). We decompose performance as

Acc(Da,ma) = qa + B(ma) +€a, Acc(Dp,mp) =qp+ B(mB)+€B 3)

where € ~ N(0, 1) is the residual term. Direct accuracy comparison is unfair due to the unknown
relationship between 3(74) and B(7 ). For a random-selection baseline, we similarly write

Acc(Dy, 7Tr) = ¢+ /B(ﬂ'r) + & (6)
Under these assumptions, the setting-dependent offset cancels in IOR:

IOR4 = Acc(Da,ma) — Acc(Dr,, r,) = A — Geq + €4 — €y o

IORg = ACC(DB,’iTB) — ACC(’DrBﬂTrB) =qB — Gy T €B — €15
where [ terms cancel since 74 = 7, and 75 = 7. Thus E[IOR4 — IORg] = E[ga — gB] —
El¢rand, — Grands] + Elea — €8] — Elérand, — €and]- Since the expected intrinsic quality of random
selection is constant for the same original dataset D at the same IPC, we have E[¢rand, — Grands] = 0
and E[e] = 0, yielding E[IOR4 —IOR ] = E[g4 — gp| under the stated assumptions. Data—protocol
interactions need not satisfy this additive model, and the separate learning-rate selection in Section 4.1
does not guarantee identical realized protocols. Consequently, this argument motivates the matched-
baseline control rather than proving that the implemented evaluation eliminates every interaction or
tuning effect.

B Additional Experiment Results

Results from Table 3 to Table 7 are computed by letting A = 0.5. By default, we treat hard label
recovery and improvement over random as equally important. Tables 13—16 report LRS across five
values of A\, with IPC1, IPC10, and IPC50 grouped within each dataset table. A larger A gives higher
priority to IOR, and a smaller A focuses more on HLR. We encourage future newly proposed DD
methods to enhance both HLR and IOR. Standard deviations over five random seeds are reported as
subscripts alongside the means in Tables 3—7; the EDF entries in Table 6 have no reported standard
deviations.

Changing X can reflect different methods’ advantages. For example (Table 16, IPC10), when A is
large (large weight on IOR), RDED’s hard-label advantage is diminished (EDC now ranks first jointly
with RDED). RDED selects real image patches and combines them to form one synthetic image,
consistent with its stronger hard-label performance in this comparison.

B.1 Evaluation protocol details

Table 10 distinguishes the configurations for distilled data, matched random subsets, and the full-
dataset reference. The configuration survey in Table 1 documents differences between published
methods rather than defining our protocol.

Random-subset construction and learning-rate selection. For each seed, we resample a class-
balanced subset of the original training data at the same IPC as the distilled dataset. These real images
are not merged or otherwise modified to construct the subset; they subsequently undergo the matched
preprocessing and augmentation pipeline. For teacher-labeled methods, we use the same teacher and
soft-label generation procedure, including per-epoch labeling where applicable. Under hard labels,
we search the learning rate separately for synthetic and random data. Under soft labels, we retain the
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method’s supplied learning rate for synthetic data and search the learning rate for the random subset.
Thus, matching the recipe allows independently selected learning rates; a published learning rate is
not assumed optimal for random data.

Full-dataset reference. We use a fixed full-dataset reference per dataset, shared across methods,
under a unified reference recipe with only the learning rate swept. This is a common reference rather
than a maximum-accuracy oracle. For a fixed dataset and A, changing the common reference accuracy
by A changes every a by —(1 — \)A, preserving the ranking. The nonlinear normalization can
nevertheless change LRS values and numerical gaps between them.

Data Evaluation configuration

Distilled set Method-specific evaluation recipe. Hard-label evaluation uses each sample’s class
identity and a new learning-rate search. Soft-label evaluation retains the method’s
supplied learning rate.

Random subset Original real images, class-balanced at the same IPC and resampled per seed.
Model, preprocessing, teacher/label protocol, loss, augmentation, optimizer, and
schedule match the synthetic arm. Learning rate is searched separately.

Full dataset Fixed reference shared across methods for a dataset, evaluated using a unified
reference recipe with only the learning rate swept. It is not a maximum-accuracy
oracle.

Table 10: Roles of the three evaluation configurations. Matching synthetic and random data refers to
the evaluation recipe; selected learning rates may differ.

B.2 Distillation cost and calibrated performance

Table |1 compares the reported distillation costs of RDED and G-VBSM on ImageNet1K at IPC10.
RDED achieves LRS 17.4 at 0.2 GPU-hours, whereas G-VBSM achieves 15.5 at 139.2 GPU-hours.
These measurements illustrate that greater distillation cost does not necessarily yield a higher
calibrated score. They concern distillation rather than the total cost of running DD-Ranking; no
hardware-specific speedup or complete evaluation-budget comparison is inferred.

Method Distillation cost (GPU-hours) LRS?T
RDED 0.2 17.4
G-VBSM 139.2 15.5

Table 11: Reported distillation costs and LRS for two methods on ImageNet1K at IPC10. LRS uses
A = 0.5; the costs do not represent the total DD-Ranking evaluation budget.

B.3 Additional method families

We additionally evaluate RaT-BPTT from Embarrassingly Simple Dataset Distillation [15] on CIFAR-
10 and CIFAR-100. The additional evaluation also includes DataDAM on TinyImageNet under the
same protocol and metric computation as the other methods. Table 12 summarizes selected RaT-BPTT
results. RaT-BPTT exceeds the original main-table leaders at CIFAR-10 IPC1 and CIFAR-100 IPC10,
and maintains an IOR above 23 percentage points across its evaluated CIFAR settings, including
IPC50.

Method Dataset IPC Metric Value
RaT-BPTT CIFAR-10 1 LRST 25.3
RaT-BPTT CIFAR-100 10 LRStT 28.9

Table 12: Selected RaT-BPTT results with LRS evaluated at the default A = 0.5.
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B.4 Ranking stability across weights

For each of the 12 dataset-IPC settings, we compare all (;) = 10 pairs of rankings induced by
A € {0.1,0.3,0.5,0.7,0.9}, using the common set of methods within that setting. We compute
Kendall’s 7, directly from the tabulated LRS values, so equal reported scores remain ties. For two
score vectors, let C' and D be the numbers of concordant and discordant method pairs, and let T}, and
T, count pairs tied only in the first or second vector, respectively. Then

C—-D
VIC+D+T,)(C+D+T,)

Pairs tied in both vectors contribute to none of these counts. We first average the 10 correlations within
each setting, then average equally across the 12 settings (120 comparisons in total). The resulting
mean is 0.9159 (0.92 to two decimal places); the per-setting averages are reported in the main-text
Table 9. Agreement is high on average but not uniform: the setting-level averages range from 0.7757
to 0.9667. This calculation uses the rounded values in Tables 13—16; it describes the currently
tabulated method sets and can change when unrounded outputs or additional methods are included.
The calculation is reproducible with python3 scripts/analyze_ranking_stability.py. This
analysis retains the original weight-sweep method sets; the kernel-based results in Table 5 and
RaT-BPTT results in Table 12 do not provide complete weight sweeps and are excluded.

Ty =

®)

Method IPC1 IPC10 IPC50

01 03 05 07 09 01 03 05 07 09 01 03 05 07 09
DC 11.2 149 19.1 24.0 29.5 15.5 19.1 232 27.7 32.8 183 21.1 24.0 27.2 30.6
DSA 9.7 13.7 182 235 295 16.0 19.6 23.7 283 334 18.0 20.6 23.5 26.7 30.1
MTT 143 18.7 23.9 29.8 36.6 19.8 23.9 285 335 39.2 21.8 24.7 27.8 31.1 34.7
DM 9.0 12.8 17.0 22.0 27.6 14.7 18.2 222 26.7 31.6 18.7 21.4 243 27.5 30.9

DataDAM 11.9 15.8 20.2 252 309 16.1 19.7 23.8 28.4 335 19.8 22.6 25.6 28.8 32.3

DATM 14.4 19.2 24.6 309 382 19.0 23.5 28.7 345 412 21.1 244 28.0 319 36.1
SRe2LL 7.0 104 143 188 239 73 104 13.8 17.7 22.1 83 11.2 14.4 18.0 22.0
RDED 9.1 124 162 204 253 11.3 143 175 21.2 252 15.1 17.3 19.6 22.1 24.8
D4aM 114 147 184 226 273 143 17.4 20.8 24.6 28.7 179 203 22.8 254 283

Table 13: LRS on CIFAR-10 across IPC settings and weights A. Column headings within each IPC
group denote \.

Method IPC1 IPC10 IPC50

01 03 05 07 09 01 03 05 07 09 01 03 05 07 09
DC 14.4 17.5 20.8 24.4 285 18.6 21.3 243 27.4 30.8 194 21.0 22.7 245 264
DSA 12.7 16.0 19.6 23.7 282 184 213 243 27.6 31.2 19.6 21.2 23.0 24.8 26.8
MTT 159 193 23.1 27.4 32.1 213 243 27.5 309 347 229 248 26.8 28.8 31.0
DM 12.1 153 189 22.8 272 17.1 199 23.0 26.2 29.8 21.3 23.1 249 269 29.0

DataDAM 12.9 16.2 199 239 28.5 18.6 21.5 24.6 28.0 31.7 229 24.8 26.8 289 31.1

DATM 19.2 223 25.7 294 334 209 23.7 26.8 30.1 33.6 24.2 27.2 304 339 37.6
SRe2LL 10.8 13.6 16.7 20.2 24.0 11.0 129 15.0 17.3 19.8 12.1 14.1 16.2 18.5 21.0
RDED 12.6 152 18.1 21.3 24.8 14.7 17.0 19.4 22.0 249 17.6 193 21.2 23.1 25.2
DAM 16.9 19.7 22.7 259 295 143 17.4 209 24.7 29.0 183 21.1 242 27.5 31.1

Table 14: LRS on CIFAR-100 across IPC settings and weights A. Column headings within each IPC
group denote A.

C Additional Related Work

We acknowledge that DD-Ranking has not included enough dataset distillation methods. We discuss
them in Table 17. In the near future, we will continue to extend our benchmark and include more
baseline methods.
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Method IPC1 IPC10 IPC50

01 03 05 07 09 01 03 05 07 09 01 03 05 07 09
DC 17.4 19.6 22.0 245 272 19.7 21.7 239 263 28.7 19.4 20.8 22.2 23.7 25.2
DSA 169 19.1 21.6 242 27.0 20.0 22.0 24.1 263 28.7 20.9 22.8 24.8 269 29.1
MTT 16.8 193 219 248 27.8 219 242 26.7 293 32.1 21.7 23.7 25.8 28.0 30.3
DM 15.0 17.5 20.2 23.1 262 18.2 20.6 23.1 25.8 28.7 204 222 24.1 26.1 28.1
DATM 18.5 209 235 26.2 29.2 209 234 26.0 28.8 31.8 22.6 249 27.2 29.8 324
EDF 18.4 209 235 263 294 209 235 262 29.2 32.3 225 249 27.3 30.0 32.8
SRe2l. 125 15.1 17.9 21.0 243 12.8 149 17.1 195 22.1 155 17.0 18.6 20.3 22.1
RDED 15.8 183 209 23.8 269 182 20.1 22.1 24.2 26.5 21.4 225 23.7 24.8 26.0
D4aM  13.8 16.1 18.6 21.2 24.1 15.1 169 189 21.1 233 179 20.8 23.8 27.2 30.8

Table 15: LRS on TinyImageNet across IPC settings and weights A. Column headings within each
IPC group denote .

Method IPC1 IPC10 IPC50

01 03 05 07 09 01 03 05 07 09 01 03 05 07 09
SRe2L 9.9 129 162 199 240 99 12.0 142 16.7 19.3 103 12.5 14.8 17.4 20.2
RDED 10.2 13.3 16.8 20.8 252 114 142 17.4 20.8 24.6 14.0 16.2 18.6 21.2 239
DAM 10.1 13.1 164 20.2 244 10.6 13.0 15.8 18.7 22.0 129 15.1 17.6 20.2 23.0
DWA 10.0 13.0 16.3 20.0 24.1 103 13.1 16.1 19.5 232 113 13.7 163 19.1 22.1
CDA 99 128 16.1 19.7 23.7 10.1 12.6 153 183 21.6 10.8 13.3 16.1 19.1 22.4
EDC 10.1 13.1 164 20.1 243 11.0 139 17.1 20.6 24.6 13.7 16.2 189 219 25.1
G-VBSM 10.0 12.9 163 20.0 24.1 10.1 12.7 155 18.6 22.1 12.6 149 174 20.0 229

Table 16: LRS on ImageNet1K across IPC settings and weights A\. Column headings within each IPC
group denote .
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Category Method
KIP-FC [33]
KIP-ConvNet [34]
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction describe the matched-baseline benchmark and
its scope. Section 4.1 specifies the evaluated datasets, models, and comparison protocol.

Guidelines:

¢ The answer [N/A| means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

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

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

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The conclusion limits the current benchmark to image classification and
discusses extending its method and modality coverage. Appendix A states the assumptions
and limitations of the additive interpretation.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

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

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

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

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

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]

Justification: Appendix A states the fixed-protocol and data-independent additive-offset
assumptions and derives the cancellation underlying IOR. It also explains why data—protocol
interactions and independent learning-rate selection limit this interpretation.

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

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

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

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The metric definitions, datasets, models, five-seed evaluation, and baseline-
matching rules are specified in the paper and Appendix B.1. The public benchmark repository
provides implementation and usage instructions, with links to evaluation configurations and
baseline implementations.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.
* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
* Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
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some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: Code, installation instructions, and usage examples are available at https:
//github.com/NUS-HPC-AI-Lab/DD-Ranking; its README links to the evaluation
configurations and baseline implementations. The experiments use existing datasets, with
access subject to their original providers’ terms.

Guidelines:

» The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

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

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

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

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

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

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: Section 4.1 and Appendix B.1 describe the datasets, models, matched training
recipes, learning-rate selection, and random-subset construction. Table | surveys method-
specific training configurations, and the public repository links to evaluation configurations.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

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

Answer: [Yes]

Justification: Tables 3-7 report five-seed means with available standard deviations as
subscripts, as defined in Section 4.1. Entries without reported deviations, including EDF,
are explicitly left without subscripts.

Guidelines:

23


https://github.com/NUS-HPC-AI-Lab/DD-Ranking
https://github.com/NUS-HPC-AI-Lab/DD-Ranking
https://neurips.cc/public/guides/CodeSubmissionPolicy
https://neurips.cc/public/guides/CodeSubmissionPolicy
https://neurips.cc/public/guides/CodeSubmissionPolicy
https://neurips.cc/public/guides/CodeSubmissionPolicy

» The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

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

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

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

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

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer:

Justification: Appendix B.2 reports selected distillation costs, but these do not constitute a
complete evaluation compute budget. Per-experiment hardware, memory, execution time,
and total research compute are not fully reported.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research benchmarks existing image-classification datasets and distillation
methods and does not recruit human subjects or collect new personal data. We adhere to the
NeurIPS Code of Ethics.

Guidelines:
* The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.
* If the authors answer , they should explain the special circumstances that require a

deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts
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11.

12.

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer:

Justification: The paper discusses the benefits of fairer evaluation and more informative
distilled datasets, but does not provide a systematic discussion of potential negative societal
impacts.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

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

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

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

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

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: This work evaluates existing classification datasets and methods; it does
not introduce high-risk generative models or newly collected sensitive datasets requiring
controlled-release safeguards.

Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

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

* We recognize that providing effective safeguards is challenging, and many papers do

not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer:
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13.

14.

Justification: The paper credits the datasets and methods, and the benchmark repository lists
licenses for incorporated code. However, the paper does not enumerate the licenses and
terms of use for every third-party dataset and model.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

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

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

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

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

Answer: [Yes]

Justification: The DD-Ranking software repository provides installation instructions, usage
examples, configuration examples, and an MIT license, with links to documentation and the
leaderboard. The paper and Appendix B.1 describe its metrics and evaluation protocol.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

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

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

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

Answer: [N/A]

Justification: The study does not involve crowdsourcing, participant recruitment, or human-
subject experiments.

Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

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

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.
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15.

16.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

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

Answer: [N/A]

Justification: The research consists of computational experiments on existing image-
classification datasets and does not involve human-subject experiments.

Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

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

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

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]

Justification: LLMs are not a component of the benchmark metrics or the experimental
methods. Assistance with writing, editing, or formatting does not constitute an LLM-based
research method.

Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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