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Abstract

Dataset distillation compresses a large training set into a compact synthetic set
while preserving its downstream utility. However, existing methods primarily
preserve global image statistics and may overlook the localized evidence essential
for fine-grained visual classification (FGVC), such as object parts, subtle textures,
and region-specific structures. We formulate fine-grained dataset distillation as bud-
geted discriminative-evidence preservation and propose Discriminative Evidence
Composition (DeCO). DeCO uses attention rollout from a pretrained TransFG
teacher to identify informative patches, applies spatial diversification to reduce
redundant coverage, and organizes the resulting regions into class-wise evidence
banks. Multiple same-class regions are then packed into compact grid-composed
images. The teacher is used only for dataset construction, whereas downstream
students are trained with standard hard-label supervision without teacher logits. Ex-
periments on CUB-200-2011, FGVC-Aircraft, and Stanford Cars show that DeCO
consistently outperforms representative coreset and dataset-distillation baselines
under different IPC budgets.

1 Introduction

Dataset distillation [15, 40, 19, 16] aims to compress a large training set into a compact dataset
that retains its utility for downstream model training. Existing methods typically optimize synthetic
samples by matching gradients, features, or training trajectories [47, 46, 3, 17, 18, 10], or construct
them using pretrained models and feature statistics [49, 37, 44, 26, 14]. Although these approaches
perform well on conventional image classification, their objectives primarily capture global statistics
and may overlook the localized evidence required for fine-grained visual classification (FGVC).

In FGVC, category identity is often determined by subtle and spatially localized cues, including
object parts, textures, and region-specific structures. Accordingly, FGVC methods have extensively
explored discriminative region localization and part-level representation learning [24, 27, 7, 51, 12,
30, 11, 38, 39, 8, 45, 22]. Recent patch-composition methods improve pixel utilization by packing
selected local regions into distilled images [35], while dedicated fine-grained distillation methods
introduce localized supervision into the sample optimization process [28]. Nevertheless, existing
composition strategies do not explicitly encourage the coverage of spatially distinct fine-grained
evidence. Under small IPC budgets, they may therefore preserve background content or repeatedly
select neighboring regions while missing complementary class-specific cues.

We formulate fine-grained dataset distillation as budgeted discriminative-evidence preservation: given
a fixed image budget, each distilled image should contain dense and spatially diverse class-specific
evidence. Based on this perspective, we propose Discriminative Evidence Composition (DeCO).
Preprint.
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Figure 1: Overview of DeCO. A TransFG teacher scores patches through attention rollout. Spatially
diverse high-response regions are collected into class-wise evidence banks and packed into grid-
composed images for hard-label student training.

DeCO uses attention rollout from a pretrained TransFG teacher to score candidate patches, applies
spatial diversification to reduce redundant coverage, and organizes the selected regions into class-wise
evidence banks. Multiple same-class regions are then packed into compact grid-composed images.
The teacher is used only during dataset construction, while downstream students are trained with
standard hard-label supervision without teacher logits.

We evaluate DeCO on CUB-200-2011, FGVC-Aircraft, and Stanford Cars under different IPC
budgets. DeCO consistently outperforms representative coreset and dataset-distillation baselines,
while a comparison with a random-region variant demonstrates the importance of discriminative
region selection. Our contributions are threefold: (1) we formulate fine-grained dataset distillation
from the perspective of budgeted discriminative-evidence preservation, emphasizing both evidence
density and spatial coverage; (2) we introduce an attention-guided composition framework that
combines discriminative patch scoring, spatial diversification, and class-wise evidence aggregation;
and (3) we demonstrate that the resulting distilled datasets support effective hard-label student training
across three FGVC benchmarks and different IPC budgets.

2 Method

We propose Discriminative Evidence Composition (DeCO), which constructs compact distilled
images by preserving localized evidence important for fine-grained recognition. As illustrated in
Fig. 1, DeCO first mines informative and spatially diverse regions using a fine-grained teacher,
organizes them into class-wise evidence banks, and then packs multiple same-class regions into each
distilled image. The resulting dataset is used for standard hard-label student training.

2.1 Discriminative Evidence Mining

Let 7 = {(zi,y:)} ‘;—Il be the original training set with C' classes. We train a TransFG teacher on

T and freeze it during dataset construction. Given an image x, let A(“") denote the self-attention
matrix of head h at layer ¢. Following attention rollout [1], we first average the attention heads and
incorporate the residual connection:
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AO = 3 A,
H h=1

A®) = RowNorm (fl(é) + I) ,
Ao = AL AL=D . A1)

ey

)



where H is the number of attention heads. The evidence score of patch p is then defined by its
accumulated attention from the class token:

sp(w) = Apon[0,p + 1]. )

Selecting patches solely by s, (x) may repeatedly cover neighboring regions. We therefore sort the
candidates by their scores and apply greedy distance-based spatial suppression. A candidate p is
retained only if

||(upavp) - (uq,vq)||2 Z dmin; Vq € 7)(37), (3)

where (up, vp) is its spatial center and P (z) is the set of previously selected patches. This constraint
reduces redundant coverage and promotes complementary local evidence.

2.2 Evidence Bank and Grid Composition

Each selected location is converted into a fixed-size crop 7,(z;). For class ¢, the corresponding
evidence bank is

Be={rp(x:) |yi =c, pePlxs)}- @

To construct the j-th distilled image of class ¢, DeCO samples M = g regions from B, and arranges
them into a g X g grid:

Rej=A{r1,...,rmu} C B, Ze; = AR5 9), ©)

where A denotes the grid-composition operator. Since all regions are drawn from the same class
bank, T ; is assigned label c. This design allocates the fixed pixel budget to multiple discriminative
regions rather than a complete image dominated by background. It is particularly useful at IPC= 1,
where a single distilled image must represent an entire class.

2.3 Hard-label Student Training

After dataset construction, the teacher is discarded and the distilled set
S={(Z.5,¢)|ce{1,...,C}, je{l,...,IPC}} 6)

is used to train the downstream student with standard hard-label supervision. No teacher logits, soft
labels, or auxiliary distillation losses are required during student training; the teacher is involved
only in constructing S. Same-class region composition preserves class-consistent evidence, while
spatial suppression reduces redundancy and promotes complementary cues. DeCO can therefore train
students with standard hard labels without transferring teacher logits.

3 Experiments

3.1 Experimental Settings

We evaluate DeCO on CUB-200-2011 [36], FGVC-Aircraft [29], and Stanford Cars [13] under IPC
budgets of {1, 3,5}. All images are resized to 224 x 224. A TransFG ViT-B/16 trained on the original
training set serves as the teacher for region extraction. A separate TransFG student is randomly
initialized and trained from scratch using only the distilled images and standard hard labels.

DeCO uses a grid size of g = 2, corresponding to four regions per distilled image, and a region
area ratio of 28%. The distilled images are generated once and remain fixed during student training.
Unless marked otherwise, results are averaged over at least three independent runs.

We compare DeCO with Uniform, RDED [35], SRe2L++ [5] [44], and FADRM+ [4]. RDED is
re-evaluated using the same student architecture, initialization, training schedule, augmentation,
hard-label supervision, and four-region budget as DeCO. DeCO,,,4 follows the same pipeline as
DeCO but replaces attention-guided selection with random region selection. Results for SRe?L++
and FADRM+ are taken from prior work [28] under their original evaluation protocols and are marked
with .



Table 1: Top-1 accuracy (%). Unmarked results are means of at least three runs under a unified
TransFG hard-label protocol; | denotes reported results under their original protocols.

Dataset IPC Uniform RDED SRe’L++' FADRM+! DeCO,ana DeCO

1 1.45 38.25 53.44 54.80 4531 65.53

CUB-200-2011 3 1.97 52.56 60.04 64.06 74.60 86.83
5 2.55 63.85 63.50 66.40 78.98 87.99

1 1.82 22.11 52.60 55.02 56.02 66.04

FGVC-Aircraft 3 3.80 36.39 66.63 72.90 76.17 87.49
5 4.35 38.56 68.35 74.01 78.62 88.09

1 1.67 16.95 52.42 60.30 46.83 63.94

Stanford Cars 3 297 25.88 68.21 75.09 75.20 85.49
5 3.18 31.86 70.90 71.71 78.30 87.36
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Figure 2: Student attention visualization. Grad-CAM [31] maps of students trained on the RDED
and DeCO distilled sets for three CUB-200-2011 categories. Each pair shows an input image and its
activation map; DeCO-trained students generally exhibit more localized responses on discriminative
object regions.

3.2 Main Results

As shown in Table 1, DeCO achieves the highest accuracy on all three datasets under every evaluated
IPC budget. At IPC= 1, DeCO reaches 65.53%, 66.04%, and 63.94% on CUB-200-2011, FGVC-
Aircraft, and Stanford Cars, respectively. Under the unified evaluation protocol, these results
outperform RDED by 27.28, 43.93, and 46.99 percentage points. DeCO also exceeds the strongest
reported baseline by 10.73, 11.02, and 3.64 points, although these results were obtained under their
original evaluation protocols. The improvements remain consistent as the IPC budget increases,
demonstrating the effectiveness of allocating the fixed pixel budget to localized class-specific evidence.
DeCO consistently outperforms DeCO,,,4, which differs only in its region-selection strategy. Since
both variants use the same composition and student-training pipeline, the comparison shows that grid
composition alone is insufficient and that selecting class-relevant local evidence is critical to DeCO.

3.3 Student Attention Visualization

To examine whether the selected local evidence remains useful during downstream training, we
apply Grad-CAM [31] to students trained directly on the distilled datasets. As shown in Fig. 2,
students trained on DeCO generally produce responses that are more concentrated on discriminative
object regions than those trained on RDED. In particular, their activations tend to focus on localized
object parts rather than being diffusely distributed across the image. These results suggest that the
teacher-selected regions remain relevant after dataset construction, even though neither the teacher
nor its predictions are used during student training.



4 Conclusion

We presented DeCO, a dataset-distillation framework that preserves localized discriminative evidence
for fine-grained visual classification. DeCO combines attention-guided region selection, spatial
diversification, class-wise evidence aggregation, and grid composition to construct compact distilled
images for hard-label student training. Experiments on three fine-grained benchmarks demonstrate
consistent improvements under different [PC budgets, while the student visualizations further indicate
that the selected local evidence remains relevant during downstream training.
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A Related Work

Dataset Distillation. Dataset distillation (DD) aims to construct a compact training set whose
downstream utility approaches that of the original data while substantially reducing storage and
training costs. Existing methods can be broadly categorized into gradient matching [47, 46, 14],
distribution matching [49, 37, 25, 23], trajectory matching [3, 6, 10], decoupled distillation [44, 4,
32, 33, 42], and generative distillation [48, 50, 9, 34, 41, 43, 21, 20, 52, 2]. In particular, decoupled
methods separate model pretraining, sample construction, and downstream evaluation to improve
scalability. SRe?L [44] establishes this paradigm through model squeezing, image recovery, and
soft relabeling, while SRe?L++ [5] strengthens it with real-image initialization, data augmentation,
and batch-specific soft labels. Subsequent methods improve image construction through residual
matching [4], multi-model statistics [32], or lightweight label representations [42]. These methods
achieve strong performance on general-purpose benchmarks but primarily preserve global statistics
and are not specifically designed to retain localized fine-grained evidence.

Patch-based and Fine-grained Dataset Distillation. Patch-based methods improve pixel uti-
lization by composing multiple local regions into each distilled image. RDED [35] selects high-
confidence crops using an observer model and concatenates them to improve the realism and diversity
of distilled data. However, confidence-based selection does not explicitly encourage coverage of
spatially distinct regions and may repeatedly retain similar object parts or background content. Recent
work has also begun to study DD specifically for fine-grained recognition. FD? [28] incorporates
attention-guided fine-grained representations, class prototypes, and diversity constraints into decou-
pled distillation, improving inter-class separability and within-class diversity. In contrast, DeCO
focuses on the construction of hard-label-composed images. It uses class-token attention to iden-
tify discriminative regions and spatial suppression to reduce redundant coverage before combining
same-class regions under a fixed four-region budget.

Fine-grained Visual Classification. Fine-grained visual classification relies on subtle differences
between visually similar categories and therefore benefits from localized object parts, textures, and
region-specific structures. Cross-X [27] models cross-layer and cross-category interactions, while
PMG [7] progressively learns multi-granularity representations. DP-Net [38] introduces dynami-
cally aligned positional cues, and CSC-Net [39] promotes category-specific semantic coherence.
CAL [30] uses counterfactual attention to improve the localization of discriminative regions, whereas
TransFG [11] selects informative patch tokens through transformer attention. Motivated by these
observations, DeCO uses a pretrained TransFG teacher as a construction-time evidence localizer.
The teacher is discarded after region selection, and the resulting distilled images are used to train
randomly initialized students with standard hard-label supervision.

B An Evidence-Preservation Analysis

We provide an informal analysis of why DeCO supports hard-label training on grid-composed images.
This analysis is not a formal guarantee of downstream accuracy; rather, it clarifies how evidence
strength, spatial diversity, and grid composition jointly affect the reliability of the distilled supervision.

Evidence preservation. Let e(r, ¢) denote the discriminative evidence that region r provides for
class c. We assume that regions selected from the class-wise evidence bank B, contain positive class
evidence in expectation:

pe = Erup,le(r,c)] > 0. @)
For a composed image Z. ; = A(R.,;; g), define its average regional evidence as
1
€cj = i Z e(r, c). ®
rER. ;

We assume that the grid-composition operator approximately preserves this evidence:
e(Zej, ) = Ecj — €4, )

where €4 > 0 represents the distortion introduced by cropping, resizing, and grid composition.
Taking expectations gives
Ele(Zc,j,¢)] = pe — €a. (10)



Thus, a composed image retains positive expected class evidence whenever fi. > €4, providing an
intuitive justification for assigning it the original hard label c.

Evidence concentration under spatial diversity. Positive expected evidence does not by itself
guarantee that every composed image is informative. Let e,,, = e(ry,, ¢) be the evidence provided by
the m-th selected region. We assume

Var[e,,] < o2, Coviem, em] < peo?, m#m/, (11)

where p. € [0, 1] controls the redundancy between selected regions. The variance of their empirical
average satisfies

M
Varle. ;] = # (Z Varle,,] + 2 Z Cov[em,em/]>
m=1

m<m/
oe
< Ze (14 (M- 1)pd. (12)

Proposition 1 (Evidence concentration). Suppose (.. > €4 and the conditions in Eq. (11) hold. The
probability that a composed image fails to retain positive class evidence is bounded by

oz[1+ (M —1)p]
M(pe —€a)®

Prle(Z.,;,c) < 0]

IN

(13)

Proof. From Eq. (9), the event e(Zc,j,c) < 0implies é.; < €4. Chebyshev’s inequality therefore
gives
Prle(Z.;,c) < 0] < Prle.; < eal
Var[e. ;]
(He —€a)?
Substituting Eq. (12) yields Eq. (13). ]

<

(14)

Interpretation. Equation 13 reveals three complementary effects. First, attention-guided selec-
tion is intended to increase u. by favoring regions with stronger class evidence. Second, spatial
suppression discourages neighboring crops and is expected to reduce p., thereby limiting evidence
redundancy. Third, composing multiple regions increases M and improves evidence concentration
when their correlations are controlled.

This relationship can be expressed through the effective number of evidence regions:

M

Mg = ——.
T+ (M= 1)p,

15)

The failure bound decreases proportionally to 1/Meg. Therefore, increasing the number of composed
regions provides limited benefit when their evidence is highly correlated. In our implementation,
DeCO uses M = 4 regions per image, while spatial suppression encourages these regions to contain
complementary rather than repetitive evidence.

The distortion term € 4 also clarifies the role of region size. Very small crops may reduce p. by
removing structural context, whereas overly large crops introduce background and redundant content.
An intermediate crop size therefore balances evidence strength and composition distortion, consistent
with the empirical results in Appendix C.1.

C Additional Experimental Results

We analyze the sensitivity of DeCO to the region area ratio, teacher patch size, and attention rollout
depth, followed by a qualitative comparison with RDED. Unless otherwise stated, all experiments
use IPC= 1, a randomly initialized TransFG student, and the same hard-label training protocol as the
main experiments. Reported quantitative results are averaged over at least three independent runs.
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Figure 3: Mean top-1 accuracy under different cropped-region area ratios on CUB-200-2011 and
FGVC-Aircraft.

C.1 Impact of Region Area Ratio

The region area ratio controls the trade-off between preserving localized discriminative cues and
retaining sufficient contextual information. Very small regions preserve object parts or local textures
but may discard important structural information. Conversely, excessively large regions introduce
more background content and reduce the density of discriminative evidence.

As shown in Fig. 3, intermediate region sizes provide a favorable balance between local evidence
and contextual information. Although the optimal ratio varies slightly across datasets, performance
remains stable within the intermediate range. We use a common region area ratio of 28% for all
benchmarks in the main experiments.

C.2 Impact of Initial Patch Size
We study whether DeCO is sensitive to the initial patch granularity of the TransFG teacher by
comparing ViT-B/16 and ViT-B/32, whose patch sizes are 16 x 16 and 32 x 32, respectively.

As shown in Table 2, changing the teacher patch size Table 2: Mean top-1 accuracy (%) under
alters accuracy by at most 0.2 percentage points, indicat- different teacher patch sizes.

ing limited sensit.ivity. to the iniFial patch resolution. The — ) =~ VIT-B/16  ViT-B/32
selected patch primarily determines the center of a larger

evidence crop; moderate changes in localization granular- ~ CUB-200-2011 05.4 65.2
ity therefore produce similar regions after cropping and ~ FGVC-Aircraft 66.0 60.1
resizing.

C.3 Sensitivity to Attention Rollout Depth

We next vary the number of Transformer blocks included in attention rollout. Consistent with Eq. (1),
cumulative attention up to block [ is computed as

AD = ADACD A0 e {1,3,5,7,9,11). (16)

Here, A®) denotes the head-averaged and residual-normalized attention matrix at block {. Only
the rollout depth is varied; region extraction, evidence-bank construction, composition, and student
training remain unchanged. We evaluate up to the eleventh block because TransFG uses the first 11
blocks for part selection before processing the selected tokens with the final block.

Table 3 shows that performance improves as attention is accumulated through the early and middle
blocks and becomes stable at later depths. On CUB-200-2011, accuracy changes by only 0.15
percentage points between depths 5 and 11; the corresponding difference on FGVC-Aircraft is 0.08
points. We therefore use rollout through the eleventh block as the default configuration.

C.4 Qualitative Comparison with RDED

Figure 4 compares RDED and DeCO under the same four-region composition budget. RDED can
retain relatively large background regions or weakly localized content, whereas DeCO uses teacher



Table 3: Sensitivity to attention rollout depth. Results are mean top-1 accuracy (%) at IPC= 1.

Rollout Depth [ CUB-200-2011 FGVC-Aircraft
1 64.12 65.18
3 64.93 65.71
5 65.38 65.96
7 65.47 66.02
9 65.51 66.01
11 65.53 66.04
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Figure 4: Qualitative comparison with RDED. Left: distilled images produced by RDED and
DeCO using the same four-region budget. DeCO retains more localized class-specific evidence,
whereas RDED may preserve larger background or weakly localized regions. Right: top-20 predicted
class probabilities for a representative CUB-200-2011 category.

attention and spatial suppression to select complementary class-specific regions. The comparison
illustrates that DeCO changes the information retained within the fixed pixel budget rather than
increasing the number of composed regions.

D Visualization of Distilled Samples

At IPC=1, the fine-grained samples distilled by DeCO are shown in Figs. 5 and 6 for CUB-200-2011,
Figs. 7 and 8 for Stanford Cars, and Fig. 9 for FGVC-Aircraft.
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Figure 5: Visualization of distilled samples from the first 100 classes of CUB-200-2011 at [PC=1.






Figure 7: Visualization of distilled samples from the first 100 classes of Stanford Cars at IPC=1.



Figure 8: Visualization of distilled samples from the remaining 96 classes of Stanford Cars at IPC=1.
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Figure 9: Visualization of distilled samples from all 100 classes of FGVC-Aircraft at IPC=1.
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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 accurately describe the proposed DeCO frame-
work, its focus on preserving discriminative evidence for fine-grained dataset distillation,
and its evaluation under low-data budgets. The claims are supported by the experimental
results on CUB-200-2011, FGVC-Aircraft, and Stanford Cars, without asserting broader
generalization beyond the evaluated settings.

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:

Justification: The paper does not include a dedicated discussion of limitations. The pro-
posed method is evaluated on three fine-grained visual classification benchmarks and under
limited IPC budgets, and its dependence on a pretrained teacher and construction-stage
computational cost are not explicitly discussed in the current manuscript.

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?

Answer: [Yes]

Justification: Appendix B explicitly states the assumptions used by Proposition 1 and pro-
vides a complete proof of the resulting evidence-failure bound using Chebyshev’s inequality.
The assumptions are stated in Eq. (11), and the proposition and proof are cross-referenced
to the relevant equations.

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.

4. Experimental result reproducibility

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

Answer: [Yes]

Justification: The paper provides the datasets and evaluation protocol, teacher architec-
ture, evidence extraction procedure, patch selection and composition strategy, IPC settings,
student training protocol, and baseline configurations needed to reproduce the main ex-
perimental results. Additional implementation details are provided in the appendix and
supplementary material.

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
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:

Justification: The experiments use publicly available benchmark datasets, but the authors
do not provide an open-access code repository or a public release of the implementation at
submission time. The paper nevertheless provides sufficient methodological and experimen-
tal details for reproducing the reported results, and the datasets used in the experiments are
publicly accessible from their original sources.

Guidelines:
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* While we encourage the release of code and data, we understand that this might not
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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: The paper specifies the datasets and splits, teacher and student architectures,
image preprocessing, IPC settings, evidence extraction and composition procedure, opti-
mization settings, and evaluation protocol. Additional implementation and hyperparameter
details are provided in the appendix and supplementary material.
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» The answer [N/A] means that the paper does not include experiments.
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Answer:

Justification: The main experimental results are reported as point estimates without error bars,
confidence intervals, or formal statistical significance tests. Reporting multiple independent
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would substantially increase the computational cost, and the paper does not claim statistical
significance from the reported point estimates.
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* The answer [N/A] means that the paper does not include experiments.
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* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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¢ 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: The current manuscript does not report the full hardware configuration, per-
experiment execution time, or total compute. Therefore, the information is not sufficient to
fully satisfy the requested compute-resource disclosure.

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]
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eration due to laws or regulations in their jurisdiction).

Broader impacts
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societal impacts of the work performed?

Answer:
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