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Abstract

Accurate measurement of wind-induced pressures on buildings is crucial yet costly,
especially under interference effects where high-fidelity wind tunnel experiments
(EXP) remain limited in spatial resolution and sample size. In contrast, computa-
tional fluid dynamics (CFD) simulations offer scalable, low-cost data but suffer
from systematic biases. Bridging this fidelity gap poses a significant challenge
in wind engineering. This study proposes an AI-enhanced framework for exper-
imental data reconstruction, leveraging multi-fidelity data fusion. The focus lies
on complex aerodynamic interference scenarios between two square buildings.
A comprehensive CFD–EXP dataset spanning 888 configurations is constructed,
covering multiple building layouts and incident wind angles. The sparse-to-dense
reconstruction is performed, where limited high-fidelity data are used to enhance
predictions. Sparse experimental sensors are incorporated into multi-fidelity neural
network (MFNN) and neural operator (MFNO) frameworks: MFNN provides
case-specific reconstructions, while MFNO generalizes across building spacings
and wind angles without retraining per case. Experimental results confirm sig-
nificant improvements in spatial reconstruction under sparse supervision. The
proposed framework demonstrates strong generalization and robustness. This work
advances AI-enhanced experimental data reconstruction, reducing testing costs
while enhancing prediction reliability in wind engineering.
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1 Introduction

The accurate assessment of wind loads on building surfaces is a cornerstone of structural design,
ensuring the safety, serviceability, and resilience of civil infrastructure against extreme aerodynamic
forces [Blocken, 2014]. In wind engineering, computational fluid dynamics (CFD) simulations and
wind tunnel experiments (EXP) are the two primary methods for obtaining wind pressure data on
building surfaces [Kareem, 2020, Kwok and Hu, 2023]. CFD is widely used due to its flexibility and
low cost, and it can generate high-resolution pressure fields under various configurations [Ding and
Kareem, 2018, Chen et al., 2024]. However, the accuracy of CFD results can be significantly affected
by modeling assumptions [Zhang et al., 2020]. In contrast, wind tunnel experiments provide more
reliable and physically accurate data [Li and Li, 2017], but the measurements are limited to discrete
locations and require significant time and cost to obtain [Ke et al., 2022, Liu et al., 2024b].

Traditional methods such as linear or polynomial interpolation often fail to capture the complex,
nonlinear behavior of wind-induced pressure fields, especially under flow separation and aerodynamic
interference [Hu et al., 2020, Zhou et al., 2021, Chen et al., 2025]. The emerging machine learning
models, such as multilayer perceptrons [Tian et al., 2020], convolutional neural networks [Guo et al.,
2016], or other advanced techniques [Bre et al., 2018, Hu and Kwok, 2020, Gao et al., 2024, Liu et al.,
2024a] have shown promising results in aerodynamic prediction, but their reliance on single-fidelity
data limits their robustness and generalization to unseen configurations or sparse inputs.

To address these challenges, two major research directions have emerged in recent years. Neural op-
erators have been proposed to learn mappings between function spaces rather than finite-dimensional
vectors [Kovachki et al., 2023, Li et al., 2021]. Notably, Lu et al. [2021] proposed the DeepONet
that enables strong generalization across spatial domains and parametric variations by decoupling
functional inputs from specific discretizations. In parallel, multi-fidelity neural network (MFNN)
has been developed to integrate low-fidelity simulations and high-fidelity measurements. Meng and
Karniadakis [2020] introduced hybrid architectures combining linear and nonlinear mappings to fuse
low-fidelity and high-fidelity sources. Furthermore, Wang et al. [2025] utilized a novel multi-fidelity
neural network to enhance the model’s applicability to nonlinear inconsistency issues, which are
commonly seen in transonic aerodynamic problems. In an effort to improve generalization, Howard
et al. [2023] further extended neural operator architectures into multi-fidelity settings, enabling
function-level fusion across spatial resolutions. These advances provide promising tools for wind
pressure reconstruction, enabling models that are both generalizable and data-efficient.

In this work, we propose a dual framework that integrates CFD simulations and wind tunnel ex-
periments to predict surface pressure on buildings. When sparse experimental data is available, we
fuse it with CFD simulations using multi-fidelity learning. We adopt multi-fidelity neural networks
(MFNN) for case-specific training, and multi-fidelity neural operators (MFNO) for generalizable
learning across cases without retraining. We validate our approach on a dataset of 888 CFD–EXP
configurations involving aerodynamic interference between twin square buildings. Dense experimen-
tal measurements serve as the reference, while sparse subsets are used to test the framework’s ability
to reconstruct full-field surface pressures.

2 Data Generation and Collection

This study investigates aerodynamic interference in two buildings. As shown in Figure 1a, the main
building is at the origin. The interference building offers 37 discrete positions, and we also vary
the incident wind direction for aerodynamic characterization. Accordingly, we assembled a dataset
of 888 cases spanning 37 configurations and 24 wind directions (0◦–345◦ at 15◦ increments) using
an automated modeling framework. Position indices are consistent with the Tokyo Polytechnic
University (TPU) aerodynamic database convention 1.In this study, two primary data sources were
employed to obtain wind pressure distributions on building surfaces, particularly under interference
effects between two buildings. The first method involves computational fluid dynamics (CFD)
simulations, while the second method uses experimental wind tunnel data (EXP).

For CFD data, all simulations were performed with a uniform inlet velocity of 1 m/s. The square
building section in the simulation had a characteristic length B of 28 meters, which defines the

1For more information and details of the TPU database, please visit https://wind.arch.t-kougei.ac.
jp/system/eng/contents/code/tpu
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full scale of the building. All computations were carried out using the open-source CFD library
OpenFOAM. A two-dimensional (2D) configuration was adopted to reduce computational cost relative
to 3D while retaining the primary interference mechanisms [Liu et al., 2024a]. Further details of the
automated model-generation pipeline and the numerical setups are provided in Appendix A.

For EXP data, the wind tunnel model was scaled at a 1/400 length scale. The principal building,
which had pressure taps distributed across its surface (70 mm breadth, 70 mm depth, and 280 mm
height in 3D model scale). A total of 252 pressure taps were distributed on the building surfaces,
covering all four sides of the building. It was divided into 9 horizontal layers, representing the 9
different heights of the building. Each layer contained 28 pressure taps, with 7 taps placed along each
row on every side of the building, as shown in Figure 1b

(a) Locations of interference buildings. (b) Pressure points definition.

Figure 1: Locations of interference buildings, wind angle and pressure points definition.

3 Results and Discussions

3.1 Multi-Fidelity Sparse-to-Dense Reconstruction

To reduce reliance on large experimental datasets and enable robust reconstruction under sparse
supervision, the Multi-Fidelity Neural Network (MFNN) framework is introduced, further details of
the model framework are provided in Appendix B. The objective is to reconstruct the full high-fidelity
experimental distribution using only a small number of experimental measurements together with
low-fidelity CFD data. In practice, full-field experimental measurements are rarely available due to
sensor limitations. To address this, we combine dense CFD simulations with sparse experimental
data for reconstruction via MFNN.

Low-fidelity neural network (NNL) is first trained on 28 CFD points to provide a low-fidelity
pressure field. Its predictions at 8 sparse sensor locations, together with their coordinates, are
then corrected using the corresponding experimental data, yielding an accurate reconstruction of
the full-field pressure distribution. As shown in Figure 2a, the reconstructed results match well
with the experimental distribution, including regions without direct observations. The unused 20
experimental points serve as independent validation, confirming that the MFNN generalizes beyond
the observed subset. This setup mimics realistic scenarios where only limited measurements are
available and ensures that reconstruction performance reflects genuine sparse-to-full generalization.
MFNN provides a practical way to exploit low-fidelity CFD fields while calibrating them with minimal
experimental input, enabling accurate full-field predictions under highly constrained measurement
conditions.This reconstruction not only matches the experiment well, but also clearly outperforms
cubic interpolation, which fails to capture the abrupt pressure reversals caused by flow separation
and reattachment. This highlights the effectiveness of AI-assisted sparse measurement recovery in
reducing instrumentation requirements while maintaining accuracy.
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(a) MFNN reconstructed prediction shows close
agreement with experimental measurements (high
and true points), validating accurate full-field re-
covery from sparse sensors.
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(b) MFNO reconstruction for a sample case, showing
close agreement with sparse training sensors and
independent validation data.

Figure 2: MFNN and MFNO reconstruction

3.2 Generalized Multi-Fidelity Neural Operator

To enhance generalization, the MFNN framework is extended to all 888 cases spanning diverse
upstream layouts and wind directions. The low-fidelity neural operator NNL is trained on 888× 28
CFD points to capture shared flow features across the dataset, while the correction network leverages
888× 12 experimental observations with their low-fidelity counterparts. Further details of the model
framework (Multi-Fidelity Neural Operator) are provided in Appendix C.

To better illustrate the progression from MFNN to MFNO, Table 1 provides a side-by-side comparison,
emphasizing the enhanced scope, training strategy, and generalization capacity of MFNO.

Table 1: Comparison between MFNN and MFNO.
Aspect MFNN MFNO
Scope Single-case Multi-case
Inputs CFD pressures + sparse EXP CFD pressures and sparse EXP per

case
Supervision Few EXP points Few EXP points per case
Generali-zation Limited to the given case Transferable across different cases
Output Full-field EXP reconstruction for

one case
Scalable calibrated fields for unseen
cases

As depicted in Figure 2b, an example case (case31 at 150◦) is shown to illustrate the reconstruction
performance. A small subset of experimental points is designated as training labels for the correction
network, while the remaining is held out as independent validation. The MFNO predictions align
well with the EXP sparse and EXP full, substantially correcting the bias in the raw low-fidelity
neural operator. This demonstrates that the framework achieves strong generalization across diverse
configurations, delivering accurate reconstructions without retraining, and thus providing a scalable
surrogate for experimental measurements. More cases of MFNO performance are demonstrated in
Appendix C.

4 Conclusion

This study introduces an AI-enhanced framework for wind pressure prediction and experimental data
reconstruction in complex urban aerodynamic scenarios. By combining CFD simulations with wind
tunnel experiments, the sparse-to-dense multi-fidelity learning is developed, which integrates sparse
experimental measurements with dense CFD simulations to recover full-field high-fidelity pressure
distributions, remaining accurate even under limited sensor availability. Validation on 888 CFD–EXP
configurations demonstrates both robustness and strong generalization, enabling accurate predictions
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without retraining across diverse layouts and wind directions. By enabling low-cost, high-accuracy
estimation of wind-induced pressures under interference conditions, this work contributes to the
advancement of data-efficient and generalizable aerodynamic modeling.

The proposed framework provides a clear path toward deployment in wind engineering practice. In
wind tunnel testing, the multi-fidelity sparse-to-dense reconstruction reduces the number of sensors
required while still recovering full-field pressures with high accuracy. In real-world projects, where
sensor installations are even more limited, the framework can leverage CFD-informed corrections
to provide reliable estimates. The demonstrated generalization across 888 configurations indicates
strong potential for urban-scale aerodynamic assessments, supporting structural safety evaluation,
wind-resistant design, and digital twin development for the built environment.
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A Simulation Process Details

The CFD data was simulated using the open-source computational fluid dynamics library, OpenFOAM.
The model considered cases in two dimensions (2D), which contributed to its relatively fast processing
speed compared to 3D models. Unsteady Reynolds-averaged Navier-Stokes (URANS) simulations
were employed to model the flow field around two buildings and to calculate the wind pressure on
the building surfaces. The pimplefoam algorithm was used to solve the velocity-pressure coupling
problems. Temporal discretization was carried out using a second-order implicit scheme, while spatial
discretization was performed using the Gaussian linear upwind scheme. The boundary conditions
were as follows: the inlet boundary was set as a velocity inlet with a flow speed of 1 m/s, while the
outlet boundary was defined as a pressure outlet. Symmetry boundary conditions were applied to
the lateral boundaries, and a non-slip fixed wall condition was used for the building surfaces. To
facilitate reproducibility and clarity, the automated model-generation pipeline is described in detail in
the following subsection.

I. Model Generation

The dataset for deep learning model training is generated through an automated simulation process.
STL models of the two bluff bodies configuration are automatically generated using signed distance
functions. The simulation process in OpenFOAM is fully automated by executing shell scripts, which
control all aspects of the workflow. The dataset for deep learning model training is generated through
an automated simulation process. STL models of the two bluff bodies configuration are automatically
generated using signed distance functions. The simulation process in OpenFOAM is fully automated
by executing shell scripts, which control all aspects of the workflow.
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II. Geometric Information Extraction

The geometric details of the models are extracted using the SurfaceFeatures tool within OpenFOAM.
This step ensures the correct representation of the model geometry, which is critical for accurate
simulation results.

III. OpenFOAM Setup

The primary simulation parameters are set in OpenFOAM files. These include:

• Solver: pimplefoam algorithm
• Turbulence model: SST k-ω model
• Time discretization: second-order implicit scheme
• Spatial discretization: Gauss linear upwind scheme
• Mesh parameters: time step, mesh division, etc.

These parameters are kept constant throughout the entire simulation loop to ensure consistency and
repeatability. The OpenFOAM configuration is illustrated in Table A1.

IV. CFD Simulation and Post-Processing

Once the CFD control equations are solved, post-processing is performed to calculate the necessary
fluid dynamics parameters. The resulting flow field data is then stored as datasets for the training of
the deep learning model, enabling rapid prediction of flow fields around the bluff bodies.

V. Mesh Generation Using SnappyHexMesh

During the simulation process, the SnappyHexMesh tool is used for mesh generation. This tool, built
into OpenFOAM, creates meshes that fit the model geometry through an iterative process. The steps
involved in mesh generation are:

• Creating the Background Mesh: The blockMesh tool is used to generate a hexahedral
background mesh.

• Extracting Geometric Features: The surfaceFeatures tool is applied to extract geometric
features from the model.

• Setting SnappyHexMeshDict Parameters: Basic parameters are configured in the Snap-
pyHexMeshDict file. These settings are critical for determining the mesh quality. Mesh
refinement is applied in specific regions, particularly around the building surfaces, to enhance
computational accuracy.

• Running SnappyHexMesh in Parallel: The SnappyHexMesh process is executed in parallel,
ensuring efficient mesh generation.

B Multi-Fidelity Neural Network (MFNN) for Sparse Reconstruction

To reduce reliance on large experimental datasets and enable robust reconstruction under sparse su-
pervision, the Multi-Fidelity Neural Network (MFNN) framework is introduced(shown in Figure A1).
The objective is to reconstruct the full high-fidelity experimental distribution using only a small
number of experimental measurements together with low-fidelity CFD data.

Given CFD predictions at m surface points

pL = [p(xL,1), p(xL,2), . . . , p(xL,m)] ∈ Rm,

we first build a low-fidelity surrogate NNL that approximates the CFD pressure field. A sparse set
of k experimental samples

{(xH,i, pH(xH,i))}ki=1, k ≪ m,

is then used for supervision. At these sparse locations, the model combines pL(xH,i) with coordinates
xH,i and applies correction networks to predict experimental pressure. Specifically, MFNN employs

7



Table A1: OpenFOAM simulation setup.
Parameter Value
Cross-section size (B) 28 m
Inlet boundary Velocity inlet
Reference (inlet) speed 1 m/s
Outlet boundary Pressure outlet
Lateral boundaries Symmetry
Walls Nonslip wall
Turbulence model URANS (SST k-ω)
Numerical solver pimpleFoam
V–p coupling PIMPLE-based
Time discretization Second-order implicit
Spatial discretization Gauss linear Upwind scheme

pressure 
pL

[p(xL,1), 
p(xL,2), 

..
p(xL,m)]  

High fidelity 
linear NNH,l 

High fidelity 
non-linear 

NNH,nl 
 

Low 
fidelity 

NNL

[xL,1, 
xL,2, 

..
xL,m]  

[xH,1, 
xH,2, 

..
xH,k]  

pressure 
pH

[p(xH,1), 
p(xH,2), 

..
p(xH,k)]  

Figure A1: MFNN for sparse-to-full reconstruction. Low-fidelity CFD predictions pL are combined
with sparse experimental measurements to train linear and nonlinear correction networks, producing
the full experimental distribution pH .

both a linear mapping NNH,land a nonlinear mapping NNH,nl, yielding the reconstruction as
follows:

pH(x) = NNH,l(x,pL(x)) +NNH,nl(x,pL(x)),

where NNH,l captures the dominant linear correlation between CFD and EXP, such as global scaling
or bias, while NNH,nl accounts for residual nonlinear discrepancies induced by turbulence modeling
or local boundary effects. By combining these two components, MFNN achieves both stability and
flexibility in reconstructing the high-fidelity field from sparse supervision. Training is performed only
on the k sparse points, while the remaining (m− k) experimental data are reserved for validation.
MFNN exploits low-fidelity CFD fields while calibrating them with minimal experimental input,
enabling accurate full-field predictions under highly constrained measurement conditions.

C MFNO: Multi-case Generalization over various Configurations

To further demonstrate generalization, we extend the multi-fidelity framework to a neural operator
(MFNO), as illustrated in Figure A2. In contrast to the MFNN model, which targets a single
configuration, MFNO is trained on a large dataset of 888 cases covering diverse interference locations
and wind directions. This allows the model to learn transferable corrections across configurations
rather than being restricted to one case.
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Low fidelity neural operator subnet 

 

G(pL)(x)

Branch
 net

Trunk 
net

pressure 
pL

[p(xL,1), 
p(xL,2), 

..
p(xL,m)]  

xL
[xL,1, 
xL,2, 

..
xL,m]  

High fidelity neural operator subnet
 

 

Gnl(pL)(xH)

Branch
 net

Trunk 
net

pressure pL
[p(xL,1), 
p(xL,2), 

..
p(xL,m)]

  
xH [xH,1, 
xH,2, 

..
xH,k],

[G(pL)(xH,1),
G(pL)(xH,2),

...
G(pL)(xH,k)]

  

pressure 
pH(xH)
[p(xH,1), 
p(xH,2), 

..
p(xH,k)]  

Figure A2: MFNO framework for multi-case generalization. The model learns a neural operator
that calibrates low-fidelity CFD pressures pL to experimental distributions pH across N diverse
configurations.

The input consists of N (case sample number) ×m (low-fidelity points) CFD pressure values

pL = [p(xL,1), p(xL,2), . . . , p(xL,m)],

which are first mapped by a low-fidelity operator subnet G(pL)(x). For each configuration, a sparse
set of k experimental samples {(xH,i, pH(xH,i))}ki=1 is provided as supervision. The high-fidelity
operator subnet then takes pL, the coordinates xH , and the high-fidelity outputs Gnl(pL)(xH) at
these locations, and produces the corrected prediction

pH(xH) = Gnl(pL)(xH), xH ∈ {xH,1, . . . , xH,k}.

Training is carried out only on the k supervised points per case, while the remaining (m− k) experi-
mental points are reserved for validation. Unlike MFNN, which focuses on a single configuration,
MFNO aggregates information from N = 888 cases covering diverse upstream layouts and wind
directions. More cases of MFNO performance are demonstrated as follows in Figure A3:

This large-scale multi-fidelity training enables the operator to learn both global linear correlations and
residual nonlinear discrepancies between CFD and EXP in a transferable manner. As a result, MFNO
achieves robust and data-efficient calibration of CFD simulations, generalizing across previously
unseen geometries and flow conditions.
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Figure A3: MFNO reconstruction performance
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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:
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.

11



• 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: [No]

Justification: It will be open access upon publication.

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 URLs to data and code is permitted.

6. Experimental setting/details
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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:
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: [No]
Justification: No available now.
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).

• 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: [NA]
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.
• 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).
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9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification:

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).

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

Answer: [Yes]

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).

11. 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:

• 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.
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• 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.

12. 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: [NA]

Justification:

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.

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

Answer: [NA]

Justification:

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.

14. 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:

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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• 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.

15. 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.

16. 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:

• 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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