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Abstract

Large-scale training jobs, especially those utilizing GPU clusters, are vulnerable to
various failure modes, including individual hardware faults, network issues, and
software-level problems. These failures can lead to significant downtime, wasted
computational resources, and delays in research or production workflows. We
propose a ML based forecasting algorithm designed for predicting health status
of GPU clusters. Through extensive ablation studies, we found that cascading
1D CNNs achieved the best performance. The model leverages time-series data
representing various cluster metrics, such as temperature, power consumption,
and resource utilization towards predicting cluster failures, enabling proactive
maintenance and resource optimization. By tuning differently per use-case, the
5-hour forecasting model is able to achieve overall PRAUC of 0.90. This work
is motivated by the need to improve the reliability and efficiency of large-scale
training jobs that are susceptible to hardware and software failures.

1 Introduction

Large-scale machine learning training jobs, especially those dependent on extensive GPU clusters,
represent a significant investment of resources[1-3]. However, this investment is perpetually at risk[4]
due to a variety of failure vectors, including hardware malfunctions, network instability, and software-
induced errors. These failures translate directly into substantial costs: lost compute cycles, wasted
energy consumption, and ultimately, delays in delivering research outcomes or production-ready
models. Consequently, achieving dependable and efficient training requires a system engineered
for high fault tolerance and designed to rapidly recover from disruptions[5]. Currently, many of
these failures are detected reactively[6-8], often after a job has already been disrupted. This reactive
approach leads to several challenges such as lost progress due to failures, higher operational costs,
difficulty in bug fixing, and a negative user experience.

Therefore, a proactive approach to predicting cluster health is crucial. By developing a machine-
learning model capable of identifying clusters at risk of failure, we can trigger preemptive maintenance
actions before failures occur, minimizing downtime and maximizing resource utilization. Besides,
we could dynamically adjust resource allocation based on predicted health states, ensuring optimal



performance and efficiency. We could also identify potential failure patterns earlier, facilitating faster
and more effective troubleshooting. By predicting failures, we can improve the overall reliability of
the clusters and reduce the impact of failures in the users’ workflows. Thus, we could reduce the
incidence of job failures, leading to a more reliable and predictable user experience.

This work contributes to these efforts by developing a robust and accurate ML model that can
effectively predict cluster health, thereby paving the way for a more reliable and efficient large-scale
training infrastructure. The use of focal loss addresses the class imbalance in the data, a common
problem in this type of predictive task, and the evaluation by categories provides a more detailed
understanding of the model’s performance. This will allow a more precise model deployment
depending on the specific use case.

2 The Predictor Framework

2.1 Data Acquisition and Feature Engineering

Our proposed model operates on a comprehensive set of time-series data[9], representing various
cluster metrics, to assess and forecast cluster health status. The system employs a sliding-window
approach, monitoring cluster behavior over a defined observation window and predicting its health
status for a subsequent forecasting window. Specifically, the system captures features over a 3-hour
observation window. The system aims to predict machine health for the subsequent 5-hour forecasting
window. Feature data is sampled at 10-minute intervals, resulting in 18 discrete snapshots of the
cluster’s state within the 3-hour observation window. We have performed forecasting on 5-hour
window because that is the most valuable across different use cases such as scheduling jobs and
elastic training.

The input feature set comprises a diverse collection of hardware and network metrics. Hardware
metrics include: (i) Temperature, representing measured temperature readings, (ii) Tlimit, represent-
ing the maximum allowable temperature, (iii) SM Utilization, denoting the utilization of Streaming
Multiprocessors, and (iv) Contamination Ratio, reflecting the level of contamination within the cluster.
Network metrics include (i) throughput rx bytes delta and throughput tx bytes delta, representing the
change in bytes received and transmitted, respectively, (ii) throughput rx bytes count and throughput
tx bytes count, representing the total received and transmitted bytes, respectively, (iii) packets retrans-
mission delta and packets retransmission count, representing the change in retransmitted packets and
the total retransmitted packets, respectively, (iv) goodput rx bytes delta and goodput tx bytes delta,
representing the change in goodput received and transmitted bytes, respectively, and (v) goodput rx
bytes count and goodput tx bytes count, representing total goodput received and transmitted bytes
respectively. In addition, we consider infer fabric bytes, intra tor bytes, intra fabric bytes and intra
superblock bytes, representing the bytes transmitted between fabrics, within the top-of-rack switch,
within the fabric and within the superblock respectively. Each metric is captured at discrete 10-minute
intervals, forming a sequence of measurements, or snapshots, for each machine. Finally, a categorical
feature, Health Status, reflecting the machine’s current health state, is also included as part of the
input features.

negative (healthy) instance positive (failed) instance ”;zﬁc;ze

failure event

observation prediction observation prediction
window window window window

Figure 1: Illustration of the observation window.

2.2 Model Architecture

Our proposed system employs a dual-model architecture, consisting of two distinct 1D Convolutional
Neural Network (1D-CNN) models, designed to capture different aspects of the anomaly detection
problem. These models, referred to as Hard Sample Detection (Model 1) and Easy Sample Detection
(Model 2), are trained separately and leveraged in a cascading manner.



Both models share a similar architecture, beginning with an Input Layer that accepts a sequence of
features, represented as a tensor with dimensions (number of snapshots, number of features). The
input data then passes through three sets of Convolutional Layers, each comprising a 1D convolution
(Conv1D) followed by a MaxPooling1D layer. The Conv1D layers utilize Rectified Linear Unit
(ReLU) activation functions to introduce non-linearity and learn local temporal patterns within the
time-series data. The number of filters for each Conv1D layer is set to 64, 32, and 32, respectively,
for Model 1, and the same values for Model 2. MaxPooling layers are used to downsample the
data, reducing the dimensionality and computational complexity. The specific kernel sizes are
configurable. Following the convolutional layers, the output is flattened by a Flatten Layer into a
single vector. This vector is then passed through a Dense Layer, also with ReLU activation, for
further feature transformation. To mitigate overfitting, a Dropout Layer with a rate of 0.5 is applied
after the dense layer. Finally, a Dense Output Layer, with a single neuron and a Sigmoid activation
function, generates a probability score in the range of [0, 1], representing the likelihood of the cluster
transitioning to an unhealthy state.

To address the class imbalance commonly observed in this type of predictive task, we incorporate
a Focal Loss function during model training. This loss function adjusts the weights of the samples
based on their classification difficulty, providing greater emphasis to misclassified samples.

Model 1, the Hard Sample Detection model, is trained using time-series data of GPU and network
metrics from samples where the labels of the observation window and the prediction window are
different, including both samples with clean and contaminated data. This model is designed to be
robust to cases where the cluster exhibits unstable or rapidly changing behavior.

Model 2, the Easy Sample Detection model, is trained using time-series data of GPU and network
metrics, including the contamination ratio as an extra input feature, from samples where the labels
of the observation window and the prediction window are the same, and the data is considered to
be more clear, using only samples with clean data. This model is employed for samples where the
cluster’s behavior is more consistent and well-defined.

The outputs from both models are combined using a cascading logic strategy, which is detailed in the
section below.

2.3 Cascading Logic

We propose a two-stage anomaly detection framework leveraging a cascading model architecture.
Initially, the input data is processed by Model 1, a Hard Sample Detection model, which generates
a probabilistic score for each sample. This score reflects the model’s confidence in classifying a
sample’s health status. Samples are then categorized based on this confidence: those with scores in
the range [0, 0.3] are considered healthy, while those in (0.3, 1] are deemed unhealthy. Furthermore,
samples are subjected to a contamination ratio check. Specifically, samples that Model 1 labels as
unhealthy and where the observation window contamination ratio is 0, or those labeled as healthy with
a contamination ratio > 0, retain the probability generated by Model 1. The remaining samples, for
which Model 1 exhibits lower confidence, are subsequently processed by Model 2, an Easy Sample
Detection model. This model generates a probability score for these samples. Finally, the anomaly
prediction is determined by combining the probability scores from Model 1 and Model 2 following a
cascading strategy. The output of this combined prediction is then classified as healthy if the final
probability score is in the range [0, 0.5) or as unhealthy otherwise. Additionally, we provide a default
categorization of the final result to users: [0, 0.4) is classified as healthy, [0.4, 0.5) as at risk, and (0.5,
1] as unhealthy.

2.4 Output Threshold Selection

Following model predictions, we establish a framework for output thresholding and performance
evaluation. Both Model 1 and Model 2 produce a continuous probability score (ranging from O to 1),
reflecting the likelihood of a sample being unhealthy; a higher score indicates a higher likelihood.
For evaluation, we apply a binary classification (healthy/unhealthy) using a threshold of 0.5, though
this can be adjusted based on specific application needs. For user feedback, we provide a categorical
prediction using thresholds of 0.4 and 0.5, with scores in [0, 0.4) classified as "HEALTHY," [0.4, 0.5)
as "AT RISK," and (0.5, 1] as "UNHEALTHY." To assess model performance across different data
subsets, we conduct a stratified evaluation based on the observation window’s contamination ratio.
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Figure 2: Model Training Pipeline including Cascading Logic.

Furthermore, we utilize Receiver Operating Characteristic (ROC) and Precision-Recall (PR) curves
for a comprehensive analysis, enabling the selection of an optimal probability threshold. Finally, the
training process incorporates a focal loss function with tunable hyperparameters « and -y to influence
the importance of samples during training.

3 Experiment

A comprehensive dataset spanning 180 days of time-series data, sampled at 10-minute intervals, was
assembled for this study. This dataset encompasses approximately 1.8 million training data points
and 610,000 testing data points, representing 13,000 and 4,000 distinct machines, respectively. To
ensure generalizability of the results, the dataset was partitioned by machine name into mutually
exclusive training (60%), validation (20%), and testing (20%) sets. The feature preprocessing pipeline,
implemented using Flume, was designed for efficient processing, completing within a few hours.

All model trainings were conducted on a NVIDIA H100 and H200 GPU accelerator instance.

The model’s performance is evaluated by different categories, based on if there are any unhealthy
signals during the observation window. We mainly focus on two categories:

(1) Category 1: Clean Set: Positive (Clean) + Negative (Clean): Only Healthy in the observation
window and Healthy/Unhealthy in the Prediction Window

(2) Category 2: Full Set: Healthy, Unhealthy in the Observation Window, Healthy/Unhealthy in
Prediction Window

We compute standard metrics like Precision, Recall, Accuracy, PR-AUC and AU-ROC for two
categories for the Cascading Model.

Precision Recall F1-score

Healthy 1.00 0.76 0.86
Unhealthy 0.15 0.93 0.26
Accuracy  0.767659
AUROC 0.945526
PRAUC 0.901844

Table 1: Performance Metrics for Anomaly Detection

It is important to note that the proposed model architecture is specifically designed for and validated
on NVIDIA H100 and H200 GPU accelerator platforms. The model’s performance and applicability
on other hardware configurations have not been evaluated.
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A Supplementary Experiment Results

This section provides supplementary ablation studies to further analyze the behavior and performance of our
proposed model. We investigate the impact of different model architectures and variations in time horizon
configurations.

Besides PRAUC and AUROC, additional metrics like False Rejection Rate (FRR) and False Acceptance Rate
(FAR) are computed for each category for the five-hour Cascading Model.

¢ FRR at 4 FAR thresholds - 0.1, 0.2, 0.3, 0.4

¢ FAR at 3 FRR thresholds - 0.1, 0.05, 0.01

Category 1  Category 2

FRR@FAR=0.1 0.688078 0.001463
FRR@FAR=0.2  0.458821 0.000000
FRR@FAR=0.3  0.299794 0.000000
FRR@FAR=0.4  0.193946 0.000000
FAR@FRR=0.1  0.582722 0.071996
FAR@FRR=0.05 0.744777 0.082865
FAR@FRR=0.01 0.941276 0.096057

Table 2: FRR@FAR and FAR@FRR

A.1 Time Horizon Ablations

To understand the effect of the forecasting horizon on model performance, we conducted an ablation study by
varying the forecasting window from 0.5 hours to 24 hours, while keeping the observation window fixed. The
results, presented in Table[3} demonstrate distinct trends for Category 2.

Category 2 shows high predictive performance for shorter horizons, which degrades as the forecasting window
increases. Both PRAUC and AUROC for Category 2 start at 0.97-0.98 for windows of 0.5-1 hour and steadily
decrease to 0.81 (PRAUC) and 0.91 (AUROC) at the 24-hour mark. This indicates that predicting Category 2
outcomes becomes substantially more difficult over longer time frames.

The choice of a 5-hour forecasting window, highlighted in the table, represents a compromise maintaining strong
performance (0.90 PRAUC and 0.95 AUROC) for Category 2. The optimal window length may depend on the
specific application and the relative importance of detecting each category.

Fcst. Window  Metric  Value

PRAUC 0.970
0.5 hours AUROC 0.970
PRAUC 0.980
1h AUROC 0.980
our
PRAUC 0.940
3h AUROC 0.960
ours
PRAUC 0.900
5 hours AUROC 0.950
PRAUC 0.890
10 hours AUROC 0.940
PRAUC 0.870
AUROC 0.940
15 hours
PRAUC 0.810
AUROC 0.910
24 hours

Table 3: Time Horizon Ablation Results. Impact of varying forecasting window lengths on model
performance on the full set.



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].

e [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 " ", it is 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: Abstract and introduction reflects the paper’s contributions and scope accurately.
Guidelines:

* 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: The paper discusses the limitations of the work performed by the authors.
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 important 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: There is no theroretical result.
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 experimental
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 fully discloses all the information needed to reproduce main experimental
results.

Guidelines:

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

« 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 submissions
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 instructions to
faithfully reproduce the main experimental results, as described in supplemental material?

Answer:
Justification: The paper doesn’t provide open access to the data and code.
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).

* 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, hyperparameters,
how they were chosen, type of optimizer, etc.) necessary to understand the results?

Answer: [Yes]
Justification: The paper specifies all the training and test details.
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 informa-
tion about the statistical significance of the experiments?

Answer: [Yes]
Justification: The paper reports error bars suitably and correctly.
Guidelines:

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


https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy

8.

10.

e 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.

* Itis 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.
Experiments compute resources

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

Answer: [Yes]
Justification: The paper provides sufficient information on the computer resources.
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.

¢ 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 Neur[PS Code
of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: The research conducted in the paper conforms with the NeurIPS Code of Ethics.
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 consideration 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: There is no societal impact of the work performed.
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., deploy-
ment of technologies that could make decisions that unfairly impact specific groups), privacy
considerations, and security considerations.
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11.

12.

13.

* 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 monitor-
ing 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: The paper poses no risks.
Guidelines:

¢ 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: The paper provides the patent information.
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.

« 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: The paper does not release new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.
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14.

15.

16.

* Researchers should communicate the details of the dataset/code/model as part of their sub-
missions 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]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
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 contribution 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: The paper does not involve crowdsourcing nor research with human subjects.
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 applica-
ble), 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: The core method does not involve LLMs.
Guidelines:

* 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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