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Abstract

Image colorization is the task of colorizing grayscale images. Unlike tasks with a
well-defined ground truth, colorization is inherently ambiguous: a grayscale scene
admits many plausible colorizations. Consequently, reference-based metrics are
ill-suited for the problem. Distribution metrics such as FID cannot evaluate a single
image and colorfulness scores often fail to reflect perceptual naturalness. We study
how to evaluate image colorization at the single-image level. We benchmark 20+
no-reference IQA metrics and colorfulness variants across three datasets and >100k
colorized images, and introduce a rank-based framework that compares how well
each metric places the real image relative to its colorized variants. We find that NR-
IQA metrics, especially HyperIQA and TOPIQ, consistently prefer real images over
synthetic ones and align with distribution-level trends while providing per-image
interpretability. Our study positions NR-IQA as a practical tool for evaluating
colorization realism and offers a diagnostic benchmark for future methods.

1 Introduction

Image colorization—the process of assigning plausible colors to grayscale images—has long been a
subject of interest in both computer vision and digital art. Formally, the task seeks to learn a mapping
from intensity values to color channels under the constraint of semantic and contextual consistency.
Beyond its technical appeal, image colorization has practical utility in restoring historical archives
[L7] or enabling creative re-colorization for media and design.

Recent advances in generative modeling, from convolutional architectures [? ] to transformers [38}[19]]
and diffusion-based models [23| 25]], have markedly improved the realism of colorized outputs. Yet,
evaluating these outputs remains deeply problematic. Unlike tasks with a well-defined ground
truth, colorization is inherently ambiguous: a grayscale scene admits many plausible colorizations.
Consequently, reference-based metrics are ill-suited for the problem. Current practice relies on
distribution-level measures such as Fréchet Inception Distance (FID) [13]], or descriptors such as
the Hasler colorfulness [[12]. However, these metrics suffer from critical drawbacks: FID cannot
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Figure 1: HyperlQA and TOPIQ prioritize realism: the real image (HyperIQA 0.64, TOPIQ 0.63,
Colorfulness 11.87) scores higher than most synthetically colored image .

provide interpretable, per-image evaluations, and colorfulness scores often misrepresent perceptual
naturalness, rewarding diverse, oversaturated colors but unrealistic outputs.

We propose that the evaluation bottleneck in colorization can be addressed by leveraging off-the-shelf
image quality assessment (IQA) metrics. Though developed for perceptual quality tasks such as
compression and distortion analysis, IQA methods are explicitly designed to measure naturalness in
the absence of ground truth. We show that modern no-reference IQA metrics—particularly TOPIQ
[8] and HyperIQA —exhibit strong discriminatory power between natural photographs and their
synthetically colorized variants. Moreover, these metrics consistently align with global measures
such as FID while providing the additional benefit of per-image interpretability.

In this work, we present the first large-scale benchmark of IQA and colorfulness metrics for coloriza-
tion. Using three datasets (COCO [6]], Multi-Instance [39], ImageNet [29]]) and several state-of-the-art
methods, we generate over 100,000 recolorized images and evaluate them with 20+ classical and deep
learning—based metrics. To enable fair comparison, we propose a rank-based evaluation framework,
analyzing how well each metric aligns with ground-truth color distributions.

This study serves as both a benchmark and a diagnostic tool, guiding future work toward more reliable
and perceptually consistent evaluation of colorization.

Our contributions are:

1. We demonstrate that existing colorfulness-based metrics fail to capture perceptual realism in
colorized images.

2. Benchmark 30+ NR-IQA metrics on three datasets (>100k images) on various SOTA
colorization methods, highlighting HyperIQA and TOPIQ as most consistent.

3. Introduce a simple real-rank framework to make heterogeneous metrics comparable across
methods and datasets.



4. We propose IQA metrics as practical evaluation tools for colorization research, bridging the
gap between human perception and automated benchmarking.

2 Related Works
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Figure 2: HyperIQA and TOPIQ prioritize realism: the real image scores higher (HyperIQA 0.58,
TOPIQ 0.54, Colorfulness 8.41) while the edited ‘red-snake’ (COCOLC) has much higher color-
fulness (20.02) but lower HyperIQA/TOPIQ — showing colorfulness can be fooled by vivid but
unnatural edits

2.1 Image colorization

Early CNN colorizers fit a network to the color-image distribution: Cheng et al. introduced the first
deep model but suffered from over-smoothing and limited data; CIC [47] framed colorization as
classification in quantized CIELAB to avoid desaturated outputs; InstColor[31]] colorizes instance
crops with a fusion module (but can suffer from erroneous external priors and color overflow); and
DISCO [41] uses a coarse-to-fine, anchor-based scheme to learn global affinities and reduce color
ambiguity.

Diffusion models have shown strong generative capabilities for colorization by injecting grayscale
structure into the pretrained diffusion model using controlnet [46} [25] 23 24], midlayer injection
using extended convolutional blocks [7]] using grayscale image replacing the initial noise [44].

GAN-based colorization methods trade realism, speed, and cost: ChromaGAN [35] adopts a
PatchGAN discriminator with a WGAN loss for realism, HistoryNet [[17] augments generation with
classification/segmentation modules and a large old-movie dataset, DeOldify [3]] speeds training
via asynchronous generator/discriminator updates, ToVivid [40]] uses pretrained BigGAN [5] for
inversion but suffers from inversion inaccuracies on grayscale inputs, and BigColor [21] embeds
BigGAN’s [5]] generator/discriminator into an encoder—generator model at high computational cost
and with occasional color artifacts.

Transformer-based colorization has advanced quickly: ColTran [22] proposed a multi-stage
transformer colorizer but suffers from limited CNN-like inductive bias; ColorFormer [16] adds



a global—local hybrid self-attention and a color memory for efficient semantic—color mapping; ct2
[38] derives 313 meaningful color tokens from color-space statistics and uses adaptive attention to
link them to luminance; DDColor [[19] introduces learnable color tokens with cross-attention fusion
of grayscale and color features; and MultiColor [[10] builds on DDColor with a multi-branch design
to better capture complementary and nuanced color cues.

2.2 Current metrics for image colorization

Methods similar to FID [[13] |9]][30] measure the feature distance between two datasets (real and
recolored) to evaluate the naturalness of the entire dataset. This however cannot evaluate a single
image.

Colorfulness [12] is widely used in image colorization methods for evaluation. It measures the
diversity of color and color tint. It was created for evaluating goodness of color changes because of
image compression and decompression.

2.3 IQA Metrics

IQA methods are classified into full-reference (FR) and no-reference (NR). FR metrics such as PSNR
and SSIM [37]] require ground truths and thus struggle with colorization’s inherent ambiguity. NR
metrics based on natural image statistics, e.g., BRISQUE [27], NIQE [28]], and PIQE [34], capture
distortions but ignore semantic plausibility. Learning-based NR-IQA methods, such as MUSIQ [20],
MANIQA [42]], and CLIPIQA [36], achieve strong benchmark performance but are not specifically
trained on colorization artifacts. We review 21 no-reference IQA metrics on image colorization
methods.

3 Methodology

To ensure a comprehensive evaluation, we employ three large-scale and diverse image datasets: COCO
[6], Multi-Instance [39], and ImageNet [29]]. For each dataset, we convert original color images
to grayscale, which are then used as inputs to different colorization methods. For fair evaluation,
we generated grayscale inputs using the same conversion procedure employed by each colorization
method, since the real to grayscale step is part of the method and varies across approaches.

We compute over 25 evaluation metrics covering FID [13]], sFID [9],FID-DINO [9], colorfulness
hasler [12] and image quality assessment (IQA) metrics.

For each image, we decolorize and colorize it with all the methods, calcuate the metrics for each
image and its colorized variants. For each image and its synthetically colored variants, every metric
assigns a number scoring it. Which is followed by a real-rank-based evaluation framework for
comparing goodness of various metrics.

3.1 Metric Comparison via Rank Normalization
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Rank transformation. For each metric M, compute ranks rfM) € {1,...,n} of the aligned scores
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Figure 3: Real-rank distributions across COCO and ImageNet dataset. HyperIQA and topiq are
consistently able to distinguish between real and synthetically colored images
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3.2 Interpretation

The mean 5(*) captures how highly a metric ranks images on average (lower is better). When two
metrics have equal means, the standard deviation M) favors the more consistent metric. After
ranking, we aggregate the results across all images and compute the distribution of ranks for each
method and metric. This distribution provides insight into how consistently a method outperforms
others across the dataset. This approach normalizes metric behaviors, avoids dependence on raw
score magnitudes, and enables direct cross-metric comparability. The lower the rank of real image,
the better the metric.

Limitation of this approach is that it cannot asses reference based metrics as they already take real
image into account and score of real image will always be zero. Thus we do not study A Colorfulness
[19]], PSNR [13], SSIM etc as they cannot be evaluated by this approach.

4 Experimental Results and Analysis

We evaluate a broad set of metrics across three datasets: the ImageNet 50K validation set (Table[2),
the COCO test set (Table[T)), and a multi-instance validation split (Table[3). For per-image realism,
we use the GT-rank framework. For each image, the real photo (GT) is ranked among its colorized
variants produced by competing methods; lower GT rank is better.

Figure@ show, for each metric, the distribution across images of the (scaled) GT rank. Two consistent
trends emerge. First, NR-IQA metrics substantially outperform colorfulness-based measures on all



datasets. Second, HyperIQA and TOPIQ are consistently among the top performers, attaining the
lowest median (and mean) GT ranks across ImageNet, COCO, and the multi-instance split (see also
Tables [T]to [3).

While distribution-level statistics such as FID and its variants are informative at the dataset level,
they do not offer per-image interpretability. Our rank-based summaries complement these scores
by revealing, for each image, how strongly a metric prefers the real photograph over its colorized
counterparts.

Figures[I|and 2] present qualitative examples on two ImageNet images. NR-IQA metrics penalize
artifacts characteristic of synthetic colorization—such as hue shifts, desaturation, and boundary
bleeding—that simple colorfulness measures often miss, aligning better with perceived realism.

In summary, although most NR-IQA metrics were not designed specifically for colorization artifacts,
our experiments indicate that they capture salient cues of naturalness and provide a practical, per-
image signal for evaluating colorized outputs.

Table 1: Evaluation by various metrics on various methods on COCO test set. [QA metrics are given

in blue, colorfulness metric is given in green, FID and variants are given in red.
BigColor[21 COCOLC|23] DDColor|19 DISCO|41 unicolor[14]  DeOldify|3: CIC_eccv16|47 CIC_siggraph17(47 InstColor|31 Real

FID |13 3.56 2.78 1.95 8.44 433 6.41 0.00
sFID [9 1.67 2.99 121 2.28 1.36 2.35 0.00
FID-DINO |30 30.45 15.08 13.76 48.60 28.63 34.62 0.00
colorfulness [12 42.82 37.57 44.20 52.01 4233 24.49 28.43 28.46 29.18  41.50
nige [28 3.77 3.77 3.89 4.85 3.87 3.83 3.87 3.87 5.39 3.89
musiq [20 67.77 67.90 67.75 50.81 67.80 66.14 64.67 68.52 4274 6795
maniqa [42] 0.42 0.42 0.41 0.28 0.40 0.42 0.39 0.42 020 043
topiq |8’ 0.55 0.58 0.58 0.34 0.58 0.55 0.53 0.58 028  0.60
piqge [34 40.27 28.20 29.47 58.73 31.82 40.88 31.67 31.16 71.19 3127
nima|33 4.77 4.78 4.79 4.23 4.86 4.80 4.74 5.02 396  4.84
brisque|27. 19.34 14.31 14.40 37.92 15.26 19.96 15.35 15.22 43.68 15.34
ilnige [45 23.63 22.57 22.66 35.02 23.43 23.14 24.50 23.44 4238 2321
pi 50 2.94 2.89 2.94 4.39 295 3.00 2.97 2.96 546 297
nrqm [26) 7.90 8.00 7.99 6.26 7.95 7.81 7.94 7.95 456 795
dbenn [48 0.58 0.61 0.61 0.34 0.61 0.58 0.57 0.59 035  0.62
lige|49’ 3.77 3.96 3.80 1.92 3.78 3.64 2.63 3.53 144 394
qualiclip [1 0.73 0.76 0.74 0.61 0.75 0.73 0.61 0.71 047 074
arniqa |2 0.67 0.68 0.69 0.56 0.69 0.67 0.64 0.66 048 070
tres [11 76.46 78.75 77.61 45.62 78.79 76.44 72.36 78.64 3592 80.23
clipiga_plus |36 0.64 0.64 0.63 0.51 0.65 0.64 0.58 0.63 0.50  0.63
paq2piq|43. 73.64 73.72 74.11 70.05 73.90 72.49 71.26 71.70 6585 74.16
hyperiqa |32 0.53 0.60 0.59 0.33 0.59 0.53 0.52 0.61 0.30  0.61
wadigam |4 -0.09 -0.11 -0.10 -0.80 -0.11 -0.10 -0.07 -0.10 -0.92  -0.11
cnniga |18 0.63 0.64 0.64 0.35 0.64 0.64 0.64 0.64 027  0.63
clipiga [36 0.56 0.55 0.53 0.42 0.56 0.56 0.47 0.52 035 057

Table 2: Evaluation by various metrics on various methods on ImageNet Validation set. IQA metrics

are given in blue, colorfulness metric is given in green, FID and variants are given in red.
BigColor [21 COCOLC|23 DDColor[19] DISCO |41 unicolor[14] DeOldify[3 CIC_eccv16|47 CIC_siggraphl17[47]  InstColor[31 Real

FID [13] 262 = 135 571 3.65 477 0.00
SFID [9 1.27 = 091 1.67 0.99 1.85 0.00
FID-DINO (30 2048 = 10.26 4197 19.04 26.49 0.00
colorfulness |12 42.83 35.48 44.70 5133 4228 22.64 28.10 27.58 2770 41.17
nige [28 432 4.00 417 5.07 4.18 435 4.19 4.19 558 422
musiq |20 65.67 66.27 66.12 53.21 66.33 65.26 63.68 66.75 47.02 66.16
maniqa [42 041 0.40 0.40 030 039 041 0.38 0.40 023 041
topiq 8 0.52 054 054 037 054 0.51 0.49 0.54 032 055
pige [34 4338 29.58 32.64 58.74 35.06 4325 34.98 34.56 69.10 3470
nima [33 472 474 474 426 4.80 474 4.66 492 403 479
brisque [27 24.58 18.10 18.47 39.56 19.79 24.48 19.89 19.82 44.17 2006
ilnige [45] 28.58 26.07 26.63 38.55 27.62 27.68 28.44 27.20 4474 2732
pi [50 343 3.18 326 4.68 330 345 331 332 556 333
nrqm [26 7.53 7.72 7.72 5.92 7.67 7.48 7.65 7.65 457 764
dbenn [48 0.53 056 0.56 037 0.56 0.52 0.52 0.54 036 056
lige [49 3.63 3.83 3.66 225 373 3.46 272 3.52 170 3.81
qualiclip T 0.69 0.74 0.71 0.60 0.74 0.68 0.57 0.69 046 071
arniga |2 0.63 0.66 0.65 055 0.66 0.63 0.61 0.64 049 067
tres (11 70.41 73.69 72.00 47.39 73.54 70.08 67.82 73.38 39.21 7437
clipiga_plus [36 0.65 0.65 0.64 053 0.66 0.64 0.58 0.63 051 064
paq2piq [43 72,91 73.10 73.42 70.16 73.44 71.46 70.67 7117 66.06  73.58
hyperiqa [32] 0.50 0.56 054 036 055 0.49 0.49 0.56 033 056
wadigam |4 0.20 0.23 0.22 -0.81 0.23 -0.22 -0.20 0.22 091 -0.23
enniga [18 0.59 0.59 0.59 034 0.59 0.59 0.59 0.59 028 059
clipiga [36 0.60 057 056 049 0.60 0.58 0.49 055 041 060

5 Conclusions, Limitations and Future Work

Our evaluation focuses solely on the naturalness of recolored images. We do not address the aesthetic
quality of the chosen colors, which can vary widely depending on user preference or creative
intent. Second, although IQA metrics capture perceptual quality at the per-image level, they were
not specifically trained on distortions unique to colorization (e.g., hue bleeding, semantic color
mismatches), which may limit their sensitivity in some cases. Finally, our analysis is restricted to still



Table 3: Evaluation by various metrics on various methods on multi-instance validation set. IQA
metrics are given in blue, colorfulness metric is given in green, FID and variants are given in red.

method BigColor |21 COCOLC [23] DDColor [19] DISCO |41 unicolor [14]  DeOldify[3 CIC_eccv16[47 CIC_siggraph17|47] InstColor|31 Real
FID [13 8.37 6.69 5.09 13.15 8.86 11.18 0.00
sFID [9 797 10.12 6.22 8.56 TS 7.94 0.00
FID-DINO (30 51.48 47.86 26.76 63.81 47.17 52.74 0.00
colorfulness |12 43.77 38.86 45.30 52.35 43.16 24.17 2871 28.25 3079 4431
nige |28’ 3.88 381 3.87 4.78 3.85 391 3.86 3.86 527 3.88
musiq [20 67.58 68.74 67.69 50.54 67.84 67.32 64.61 68.73 4283 6825
maniqa [42 0.41 0.39 0.40 0.27 0.39 0.41 0.38 0.40 0.19 041
topiq |8 0.53 0.57 0.56 0.33 0.55 0.52 0.50 0.55 028 058
pige [34 42.58 32.60 3237 60.60 34.98 42.85 34.96 3448 7133 34.60
nima |33 4.72 4.77 4.74 4.20 4.82 4.74 470 4.98 396 478
brisque [27. 20.68 15.59 15.66 37.89 16.82 20.89 16.94 16.79 42.86  16.96
ilnige [45] 23.32 22.59 22.01 34.46 22.86 22.77 23.78 2291 4127 2261
pi |50 3.02 2.94 295 4.39 297 3.07 2.98 2.98 537 298
nrqm [26 7.80 7.87 7.92 6.13 7.87 7.70 7.86 7.87 458  7.86
dbenn (48 0.55 0.61 0.59 0.34 0.59 0.55 0.55 0.57 034 061
lige [49 3.66 4.06 3.74 1.86 371 3.47 253 345 142 3.96
qualiclip [1 0.72 0.70 0.74 0.61 0.75 0.72 0.61 0.72 0.48 0.74
arniqa |2 0.66 0.71 0.68 0.57 0.69 0.66 0.64 0.66 048  0.70
tres [11 74.20 79.62 76.03 44.33 77.30 73.99 7091 77.46 3492 79.19
clipiqa_plus [36] 0.63 0.66 0.63 0.51 0.64 0.63 0.58 0.63 050  0.63
Ppaq2piq [43 73.74 74.37 74.33 70.10 74.11 72.54 71.52 71.90 66.32 7458
hyperiqa |32 0.50 0.60 0.57 0.32 0.57 0.50 0.49 0.58 0.30 0.59
wadigam [4 -0.12 -0.13 -0.13 -0.82 -0.14 -0.13 -0.10 -0.13 092 -0.14
cnniqa |18 0.62 0.62 0.62 0.35 0.62 0.62 0.62 0.62 028  0.62
clipiga [36 0.55 0.54 0.52 0.40 0.54 0.54 0.46 0.51 034 055

images; extending these insights to video colorization introduces temporal consistency challenges
that are not covered in this work. We propose a visual Turing test that measures the fooling rate—the
proportion of colorized images judged as real by humans—and hypothesize that NR-IQA scores will
strongly correlate with this rate across methods.

Looking forward, several directions merit exploration. One avenue is fine-tuning IQA metrics on
distortions characteristic of colorization models, potentially yielding better alignment with human
perception. Another is the development of localizable IQA metrics that can highlight where color
distortions occur within an image, providing more diagnostic feedback to model developers.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

¢ You should answer [Yes] , ,or [NA].

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " ", itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.
* Do not modify the questions and only use the provided macros for your answers.

1. Claims

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

Answer: [Yes]
Justification: Yes, abstract and introduction reflect the paper’s contributions and scope
Guidelines:

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

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

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

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

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

Justification: A section on limitation is in included
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Guidelines:
* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.
* The authors are encouraged to create a separate "Limitations" section in their paper.

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

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

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

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

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

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

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: [NA]
Justification: No proof per say are presented
Guidelines:

» The answer NA means that the paper does not include theoretical results.

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

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

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

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

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

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

Answer: [Yes]
Justification: All the details are included
Guidelines:

* The answer NA means that the paper does not include experiments.
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* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

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

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

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

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

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

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

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

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: Error bars are not reported because of computational and presentation reasons.
Guidelines:

» The answer NA means that paper does not include experiments requiring code.

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

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

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

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

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

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
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* 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, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: The paper analyses the current methods, and does not present its own method
Guidelines:

» The answer NA means that the paper does not include experiments.

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

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

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

Answer:
Justification:
Guidelines:

* The answer NA means that the paper does not include experiments.

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

* 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).

o 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:
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.
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9.

10.

11.

* 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).

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: We simply analyze the current methods on current metric. No ethics guidelines
were breached.

Guidelines:

* The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

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

Broader impacts

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

Answer: [NA]
Justification:
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

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

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

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

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

Safeguards

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

Answer: [NA]
Justification:

Guidelines:
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13.

14.

» The answer NA means that the paper poses no such risks.

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

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

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

Licenses for existing assets

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

Answer: [Yes]
Justification: Yes.
Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

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

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

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

o 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: [NA]
Justification: No new assests are provided
Guidelines:

* The answer NA means that the paper does not release new assets.

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

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

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

Crowdsourcing and research with human subjects

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

Answer: [NA]

16


paperswithcode.com/datasets

15.
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Justification:
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

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

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

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

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

Answer: [NA]
Justification:
Guidelines:
* The answer NA 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 LLM usage

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

Answer: [NA]
Justification:

Guidelines: LLM was used editing, finding catchy title, sentence structure, gammer check
etc.

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

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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