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Abstract

Healthcare requires AI that is predictive, reliable, and data-efficient. However,
recent generative models lack physical foundation and temporal reasoning required
for clinical decision support. As scaling language models show diminishing re-
turns for grounded clinical reasoning, world models are gaining traction because
they learn multimodal, temporally coherent, and action-conditioned representa-
tions that reflect the physical and causal structure of care. This paper reviews
World Models for healthcare systems that learn predictive dynamics to enable
multistep rollouts, counterfactual evaluation and planning. We survey recent work
across three domains: (i) medical imaging and diagnostics (e.g., longitudinal tu-
mor simulation, projection-transition modeling, and Joint Embedding Predictive
Architecture i.e., JEPA-style predictive representation learning), (ii) disease pro-
gression modeling from electronic health records (generative event forecasting at
scale), and (iii) robotic surgery and surgical planning (action-conditioned guidance
and control). We also introduce a capability rubric: L1 temporal prediction, L2
action-conditioned prediction, L3 counterfactual rollouts for decision support, and
L4 planning/control. Most reviewed systems achieve L1–L2, with fewer instances
of L3 and rare L4. We identify cross-cutting gaps that limit clinical reliability;
under-specified action spaces and safety constraints, weak interventional validation,
incomplete multimodal state construction, and limited trajectory-level uncertainty
calibration. This review outlines a research agenda for clinically robust prediction-
first world models that integrate generative backbones (transformers, diffusion,
VAE) with causal/mechanical foundation for safe decision support in healthcare.

1 Introduction

Healthcare systems are under tremendous pressure from aging populations, chronic diseases, and
shortages of workers. Populations are rapidly aging (projected 1 in 6 over 60 by 2030) [1], and global
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Figure 1: Conceptual schematic of world models for healthcare. Multimodal clinical inputs are
encoded into a latent state; a latent dynamics predictor models transitions p(st+1 | st, at); predicted
futures support downstream tasks across imaging, EHR trajectories, drug discovery, surgical robotics,
and digital twins. The JEPA-style objective (bottom) trains a predictor fθ to map context embeddings
Ectx(xctx) and latent dynamics z to match target embeddings Etgt(xtgt).

health workers are estimated to exceed 10 million by 2030 [1]. This results in ever-growing clinical
data, underscoring the importance of AI-driven solutions to improve the quality and efficiency of
care. During the past decade, AI in healthcare has evolved from traditional statistical models to deep
learning and, more recently, large generative models. Deep neural networks delivered breakthroughs
in medical imaging and diagnostics, leading to a broader use in fields such as radiology, pathology, and
similar areas[2, 3, 4, 5, 6, 7]. Large Language Models (LLMs) based on transformer architectures now
demonstrate strong performance on clinical NLP tasks (e.g., near-expert USMLE performance) [8].
In parallel, image-generative models have emerged as powerful tools; diffusion models synthesize
realistic MRI/CT for augmentation and anonymization [9, 10, 11], while VAEs and related frameworks
generate synthetic patient data across modalities [12]. These advances illustrate how transformers,
diffusion models, and VAEs are reshaping research and practice, enabling improved prediction, data
augmentation, and discovery.

However, generative models are insufficient for high-stakes medicine. They lack grounding in the
physical, spatial, and causal structure of clinical reality, and can produce plausible but incorrect
outputs (“hallucinations”) with dangerous consequences [8]. This motivates a prediction-first, world-
based alternative in which the model learns predictive dynamics - often formalized as p(st+1 | st, at)
or via future-latent predictive objectives (e.g. JEPA) [13]. In this paradigm, a world model (WM)
is an explicit generative model of state dynamics that supports internal simulation, counterfactual
evaluation, and planning. Early works show that agents can learn compact latent ’worlds’ and train
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policies inside them before successful transfer to the real world [14], and recent medical AI has begun
to explore such ideas in clinical imaging and surgical simulation [15].

This paper presents the first focused review of world models in healthcare, covering medical imaging
and diagnostics, disease progression modeling, and robotic surgery/surgical planning. To compare het-
erogeneous methods, we introduce a capability rubric: L1 temporal prediction; L2 action-conditioned
prediction; L3 counterfactual rollouts for decision support; L4 planning/control. We analyze how
these works adapt concepts from generative modeling and model-based reasoning, assess the extent of
current progress, and identify open challenges. Because WMs in medicine are still in an early phase,
a systematic synthesis can guide research efforts, highlight opportunities, and clarify the trajectory of
this emerging area of clinical AI.

2 Background and Foundations

A WM in machine learning refers to a system that learns an internal generative model of the
dynamics of the environment, enabling the prediction of future states given current observations
and potential actions. Formally, a WM approximates the transition distribution p(st+1 | st, at),
where st denotes the state at time t and at is an action taken by the agent as shown in figure 1. This
contrasts with discriminative or purely generative models that focus on classification or static sample
generation; WMs emphasize learning predictive dynamics that allow simulation, counterfactual
reasoning, and planning. The idea has roots in reinforcement learning (RL), most notably in Sutton’s
Dyna architecture [16], which combined real experience with updates from a learned model to
accelerate policy learning. The concept was revitalized in deep learning through a WM framework
[17], demonstrating that compact latent representations of environments, learned with generative
recurrent neural networks, could serve as internal simulators where agents learn policies ’in their
dreams’.

Since 2018, WM research has expanded significantly, with architectures such as Dreamer [18],
SimCore [19], and MuZero [20] demonstrating the advantages of model-based reasoning in complex
and high-dimensional domains. More recently, the Joint Embedding Predictive Architecture (JEPA)
has been proposed as a unifying framework for predictive learning [13]. JEPA emphasizes learning
representations by predicting future latent embeddings rather than raw observations, making it
particularly suitable for high-dimensional data such as video or multimodal medical records. These
developments reflect a broader trajectory: from early model-based RL with hand-crafted features, to
latent-variable generative models capable of internal simulation and planning.

WMs are closely linked with advances in large generative architectures. Variational autoencoders
(VAE) [21] enable compression of high-dimensional inputs (e.g., imaging data) into structured latent
spaces that can be rolled forward in time. Diffusion models [22] offer powerful generative capabilities
with uncertainty quantification, increasingly applied to imaging tasks, including the synthesis of
medical data. Transformers [23] excel at modeling long-range dependencies and multimodal fusion,
making them natural backbones for WMs in clinical settings where data span temporal, textual,
and visual modalities. In this sense, WMs can be viewed as an extension of generative AI. Instead
of generating only text or images, they generate trajectories of states and outcomes, providing a
predictive simulator for decision support.

Healthcare is a particularly compelling domain for WMs. Clinical problems are inherently multimodal,
temporal, and causal: disease trajectories unfold over time, interventions alter patient states, and
data sources range from imaging to electronic health records (EHRs) to genomics. Traditional
discriminative models, even large generative ones, struggle to capture these dynamics in a way that
supports clinical reasoning. WMs can integrate multimodal patient data into a unified latent state,
simulate how that state evolves under different interventions, and thus enable critical what-if analyses
for decision making. By grounding predictions in learned representations of medical reality, WMs
have the potential to overcome the brittleness and lack of physical grounding observed in current
generative AI systems [13, 24].

3 Findings and Discussion

Recently, several studies have pushed toward world-model–style learning in healthcare. For clarity,
we group the literature by application area: Medical Imaging and Diagnostics, Disease Progression
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Figure 2: Capability map of reviewed papers across four levels: L1 (temporal prediction), L2 (action-
conditioned prediction), L3 (counterfactual rollouts for decision support), L4 (planning/control).
Colors denote domains (Imaging, EHR, Robotics). Dashed borders indicate methods spanning
adjacent levels (e.g., TaDiff and Surgical Vision WM at L2–L3).

Modeling (EHR), and Robotic Surgery & Surgical Planning, and briefly summarize each study’s
contribution in Table 1.

Medical Imaging and Diagnostics: Imaging is a natural testbed for learned dynamics because
anatomical states evolve and interventions alter future observations. Medical World Model (MedWM)
formulates treatment planning as an action-conditioned simulation: A vision language policy proposes
interventions and a generative dynamics model predicts posttreatment tumor states for protocol
selection [25]. Mi-GAN predicts future 3D brain MRI volumes to model Alzheimer’s progression
from a baseline scan using a multi-information GAN [26]. CheXWorld uses a JEPA-style predictive
objective with context/target encoders and a predictor to learn radiograph representations that capture
local anatomy, global layout, and domain variation [27]. Xray2Xray learns projection-transition
dynamics at all acquisition angles to encode latent 3D chest volume for downstream risk and
diagnostic tasks [28]. Treatment-aware diffusion (TaDiff) conditions longitudinal MRI generation
and tumor segmentation in therapy to forecast diffuse glioma evolution under alternative treatment
plans [29].

Disease Progression Modeling: Longitudinal EHRs are event streams in which generative models
simulate trajectories and forecast future outcomes. Foresight is a generative transformer that converts
clinical text to coded concepts and auto-regressively forecasts future disorders, procedures, substances,
and findings in large hospital cohorts [30]. Generative Medical Event Models Improve with Scale
(CoMET) trains decoder-only transformers on billions of medical events (Epic Cosmos), showing
scaling laws and improved multitask predictions while simulating patient-timeline event sequences
[31].

Robotic Surgery & Surgical Planning: Guidance and control require models that couple the
visual state with action-conditioned dynamics. EchoWorld pre-trains a motion-aware WM for
echocardiography that encodes anatomy and the effect of probe motion, reducing plane-guidance
error on large-scale ultrasound data [32]. Cardiac Copilot introduces a WM ’Cardiac Dreamer’ whose
latent spatial features provide a navigation map for real-time probe guidance, improving navigation
error on clinical scans [33]. Surgical Vision World Model (SurgWM) adapts action-controllable
video generation (latent action inference + dynamics) to synthesize controllable surgical video from
unlabeled data [34].

Figure 2 summarizes the distribution of the reviewed works along a capability ladder from L1
(temporal prediction) to L4 (planning/control). The literature is concentrated at L1–L2: radiograph
and longitudinal MRI papers emphasize future prediction in observation or latent space (e.g., future-
latent predictive objectives or generation conditioned by therapy), while EHR models largely auto-
regress event sequences without explicit actions. L3–L4 capabilities counterfactual rollouts used for
decision support and closed-loop control are comparatively rare, emerging primarily in treatment-
aware imaging simulators and robotic/surgical systems. This pattern aligns with the arguments that
clinically useful systems must move from sample generation to prediction-first, world-grounded
modeling of dynamics and interventions (for example, learning p(st+1 | st, at) or future latent
prediction) rather than language-only next-token modeling [24, 13].

Domain effects are visible in the map. Imaging/diagnostics spans L1–L3: predictive representation
learning supports transfer (L1), projection/longitudinal dynamics enable interventional “what-if”
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Table 1: Representative works at the intersection of large generative models and world modeling in
healthcare. Short names are shown in bold; citations refer to the bibliography.

Year Paper Category Description

2025 MeWM [25] Imaging & Planning Action-conditioned 3D generator simulates post-treatment tumor from CT/EHR
for protocol selection.

2025 CoMET [31] EHR Trajectories Scalable generative event model forecasting multi-horizon clinical timelines.
2021 mi–GAN [26] Imaging (Neuro) Multi-information GAN predicts future 3D MRI to model Alzheimer’s progres-

sion.
2025 CheXWorld [27] Radiography JEPA-style latent prediction for local anatomy, global layout, and domain shifts.
2025 EchoWorld [32] Ultrasound Guidance Motion-aware world modeling under probe motion improves echo plane guidance.
2025 Surg-VM [34] Surgical Video Sim Action-controllable surgical video generation with latent actions for training.
2024 WM-Grasp [35] Surgical Grasping World-model RL for general surgical grasping robust to object varia-

tion/disturbance.
2024 Cardiac Copilot [33] Ultrasound Guidance World-model (“Cardiac Dreamer”) encodes cardiac spatial structure for probe

navigation.
2025 Xray2Xray [28] Radiography (Vol) World model learns 3D volumetric context by modeling projection transitions.
2023 TaDiff [29] Neuro MRI Treatment-aware diffusion predicts longitudinal MRIs and tumor masks under

therapies.
2024 Foresight [30] EHR Forecasting Generative transformer forecasting future medical events from patient timelines.

simulation (L2–L3), yet few studies close the loop with planning. EHR work concentrates at L1,
reflecting strong timeline forecasting on scale but limited action semantics and limited counterfactual
validation. Robotics/surgical planning naturally advances to L2 and beyond because actions
(probe/tool motion) are explicit; instances of L3 appear where controllable video generation is used
for simulated outcomes and L4 is reached when learned dynamics drive control policies. Across
domains, large generative backbones (transformers, diffusion, VAE) are common, but the defining
step toward “world modeling” is the use of learned dynamics for rollouts under interventions—not
generative fluency per se.

Two cross-cutting gaps explain why many methods remain at L1–L2. First, action semantics
and constraints are underspecified outside robotics: therapy, protocol, dose, or timing are rarely
formalized as action variables with units and safety limits. Second, the interventional validity is
weakly measured: simulated futures may be realistic, but incorrect about treatment effects. Progress
on these fronts, together with multimodal state construction, trajectory-level uncertainty calibration,
and decision-aligned evaluation, will be decisive in advancing toward clinically reliable L3–L4
WMs [24].

4 Future Work

Although world–modeling approaches are beginning to deliver predictive representations and simula-
tion capabilities in healthcare, advances are needed in various aspects. Here, we present the gaps and
outline directions to address them.

• From L1 to L2: formalize actions. Define clinically meaningful action spaces per domain:
imaging (protocol/angle/contrast), EHR (drug, dose, timing), robotics (tool pose / force) —-
and encode safety constraints within the model and interface of implementation.

• From L2 to L3: establish counterfactual correctness. Evaluate “what-if” rollouts for
interventional validity via multi-site holdouts, matched cohorts or natural experiments, and
clinician adjudication; favor decision-centric endpoints (e.g., survival, adverse events) over
perceptual or token-level metrics.

• From L3 to L4: close the loop. Couple learned dynamics with model-based RL/MPC and
reliable off-policy evaluation; stage prospective, small-N pilots prior to deployment, with
uncertainty-aware planning and explicit abstention policies.

• Multimodal integrated state at scale. Learn unified latent states fusing imaging, EHR,
waveforms, and genomics under missingness and irregular sampling; characterize scaling
laws linking data/model size to rollout fidelity and decision value.

• Trajectory-level uncertainty and robustness. Provide calibrated predictive distributions
over entire trajectories (e.g., conformal bands for longitudinal imaging/EHR), stress-test
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out-of-distribution shifts (scanner/site, demographics), and assess subgroup fairness of
recommended actions.

• Causal and mechanistic grounding. Combine learned dynamics with causal identification
(adjustment sets, instrumental variables, transportability checks) and embed mechanis-
tic priors (projection geometry, tumor growth or PK–PD, anatomy/physics) to improve
extrapolation and safety.

• Evaluation and reporting standards. Adopt shared capability benchmarks aligned with the
ladder in Figure 2; standardize horizon lengths, action definitions, counterfactual protocols,
and ablations isolating action-conditioning and planning components.

• Tooling, privacy, and governance. Release reference implementations and lightweight sim-
ulators (imaging acquisition, EHR counterfactual sandboxes, surgical video) for reproducibil-
ity; define governance for simulation-based recommendations with privacy-preserving
training and audited synthetic data.

• Efficiency and deployability. Use distillation, amortized planning, and latent-space MPC
for real-time robotics and bedside decision support; report latency, compute, and energy
alongside accuracy.

5 Conclusion

This review aimed to clarify what constitutes a world model for healthcare and review recent work
within a capability-oriented rubric. We distinguished world modeling from generic generative AI by
its focus on predictive dynamics, often formalized as p(st+1 | st, at) or future-latent prediction that
enable rollouts, counterfactual evaluation, and planning. Surveying diagnostic imaging, EHR disease
progression, and robotic surgery, we found that most methods currently achieve L1–L2 capabilities
(temporal prediction, action-conditioned prediction), with fewer instances of L3 counterfactual
decision support and rare L4 closed-loop planning/control. The field has focused around large
generative backbones (transformers, diffusion, VAEs) paired with latent dynamics learning (e.g.,
JEPA-style objectives), but the defining ingredient is the use of learned dynamics to reason under
interventions rather than generative fluency alone.

Our synthesis highlights the central obstacles to progress: underspecified clinical action spaces
(and associated safety constraints) outside robotics; limited evaluation of interventional validity
for simulated futures; incomplete construction multimodal state in EHR, imaging and signals; and
lack of standardized, decision-aligned evaluation protocols. Addressing these gaps is essential for
moving beyond accurate forecasting toward reliable counterfactual reasoning and clinically actionable
planning. WMs that integrate principled action semantics, calibrated trajectory uncertainty, and
causal/mechanistic grounding can elevate healthcare AI from pattern recognition to faithful simulation
and safe decision support. As community benchmarks converge on a capability ladder (L1–L4), and
as open tooling, governance, and privacy-preserving training mature, we anticipate a shift toward
L3–L4 systems that meaningfully assist clinicians: simulating treatment alternatives, guiding imaging
and procedures, and closing the loop in safety-critical settings. Realizing this vision will require
sustained collaboration across machine learning, clinical science, and health systems engineering; the
works reviewed here provide the scaffolding on which the next generation of clinically robust WMs
will be built.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The claims made in the abstract and introduction reflect the paper’s contribu-
tions and scope
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: [NA]
Justification: Given the nature of the review, we only focused on providing a brief insight
into the field. So limitations are not applicable.
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?

10



Answer: [Yes]

Justification: Please check the abstract and first paragraph of the introduction. Every
theoretical result is either cited or given with proof.

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: [NA]

Justification: Given the nature of the work, reproducibility is not applicable.

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 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
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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: [NA]
Justification: Given the nature of the work, access to data and code is not applicable.
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
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: [NA]
Justification: Given the nature of the review work, the experimental setting/details are not
applicable.
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: [NA]
Justification: Given the nature of the review work, the experimental statistical significance
is not applicable.
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).
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• 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: Did not require any computation.

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).

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: We conducted the review work keeping the NeurIPS Code of Ethics in consid-
eration.

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: [NA]

Justification: Since this is a review work, there are no positive or negative impacts.

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.
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• 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: Since this is a review work, no data or model is involved.
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.

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: [Yes]
Justification: The papers are properly cited.
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.
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• 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: There are no new assets introduced in the paper.
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: There were no experiments or 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 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: There were no human subject involved.
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.
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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: LLM was used just for paraphrasing.
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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