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Abstract

Recent advances in generative modelling on Euclidean spaces have shown how
to train models that achieve state-of-the-art quality from scratch, while requiring
only few function evaluations. In the meanwhile, data supported on Riemannian
manifolds, such as protein backbones or geological data, has lagged behind:
inference and training on such manifolds remain computationally challenging and
numerically unstable due to the need for manifold-specific operations, and require
numerous evaluations of a potentially expensive model to obtain samples of high
quality. In this paper, we propose Riemannian Flow Maps, a new class of few-step
generative models that generalise the flow map framework [Boffi et al., 2024] to
arbitrary Riemannian manifolds. We port and design three self-distillation-based
training methods: Generalised Lagrange Flow Maps, Generalised Eulerian Flow
Maps, and Generalised Progressive Flow Maps, all of which recover their Euclidean
counterparts. Empirically, we test Generalised Flow Maps on a host of standard
datasets, and achieve, amongst Riemannian generative models, state-of-the-art
sample quality for single- and few-step evaluations, and log-likelihoods.

1 Introduction

Data that can be represented on a Riemannian manifold is ubiquitous, and examples include protein
backbones on SE(3)N [Bose et al., 2024], geological data on S2 [Mathieu and Nickel, 2020], discrete
data using the Fisher-Rao probability simplex [Davis et al., 2024, Cheng et al., 2025]. Currently,
the state-of-the-art methods for modelling these [Chen and Lipman, 2024, Bortoli et al., 2022, Huang
et al., 2022] involve, at inference time, integrating a learnt vector field, requiring either many (100 or
more) integration steps or adaptive samplers, and in some cases even considering stochastic calculus
on Riemannian manifolds [Huang et al., 2022, Bortoli et al., 2022], which is non-trivial in theory and
in practice, as closed-form solutions often lack and are replaced by approximations introducing biases.
As well, each sampling step typically involving a Riemannian operation, such as the exponential
or logarithmic map, each step suffers from the inaccuracies induced by their numerical imprecision,
especially in high dimensions. Therefore, reducing the number of Riemannian operations, while
maintaining this powerful inductive bias, should lead to higher fidelity samples. Concurrently, on
Euclidean spaces, recent advances have shown how to stably train state-of-the-art generative models
from scratch that only require a few (usually less than ten, and down to one) sampling steps [Boffi
et al., 2025, Geng et al., 2025, Zhou et al., 2025, Sabour et al., 2025].

In this work, we propose Generalised flow maps, a method generalising and extending flow
maps [Boffi et al., 2025] to Riemannian manifolds. We present three flavours of self-distillation losses
(i.e., losses that use older parameters as teacher models [Song et al., 2023, Lu and Song, 2025, Sabour
et al., 2025, Geng et al., 2025, Zhou et al., 2025]) that recover the three methods proposed by flow
maps on Euclidean spaces. Moreover, our experiments demonstrate the capabilities of our method
on a host of datasets supported on Riemannian manifolds, and exhibit state-of-the-art performance
for single- and few-step sample quality while achieving competitive negative log-likelihood values.
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2 Background and preliminaries

2.1 Riemannian geometry

A smooth manifold, M ⊆ Rd, d ∈ N⋆, is a smooth topological space. This smoothness naturally
defines tangency of a vector v ∈ TpM to a point p ∈ M, where TpM is the tangent space at point
p. Each TpM being a vector space, endowing it with an inner product, gp, makes TpM an inner
product space. If gp is positive semi-definite, symmetric, and bilinear, and varies smoothly with p,
then the pair (M, g) is said to be a Riemannian manifold, and g a metric. This metric in turn defines,
on the manifold, distance between points, angles and lengths of vectors. The exponential map,
expp : TpM → M, generalises p+ v, and amounts to taking a step in the direction of the vector v.
The logarithmic map, logp : M → TpM, generalises q − p, and provides a vector pointing towards
its argument. The shortest path/geodesic between two points p, q ∈ M is the curve γ : [0, 1] → M,
with γ(0) = p and γ(1) = q, that minimises the energy functional, γ 7→ 1

2

∫ 1

0
∥γ̇(t)∥2γ(t) dt.

2.2 Flow Maps

Let ρ0, ρ1 be distributions over Rd, d ∈ N⋆. A stochastic interpolant is defined by I : [0, 1]× Rd ×
Rd → Rd, (t, x0, x1) 7→ It(x0, x1) = αtx0+βtx1, for some α, β ∈ C1([0, 1], [0, 1]), such that α0 =
1, α1 = 0, β0 = 0 and β1 = 1. Drawing (x0, x1) ∼ ρ(x0, x1) with marginals ρ0 and ρ1, the inter-
polant defines a probability path, (ρt)t∈[0,1], between ρ0 and ρ1. For any x ∈ Rd, t ∈ (0, 1), vt(x) =
E[İt | It = x], ẋt = vt(xt) with x0 ∼ ρ0, defines a valid probability flow. A tractable alternative to
learn vt is to learn the conditional velocity field, vt(·|x0, x1), everywhere along the interpolant path,
which can then be used to transport ρ0 to ρ1 with an ODE [Albergo et al., 2023, Lipman et al., 2023].

Flow maps as introduced in Boffi et al. [2024, 2025] are functions X : [0, 1]2 × Rd → Rd that
satisfy the jump condition: Xs,t(xs) = xt, where (xt)t∈[0,1] is any solution of the probability flow.
One can thus sample from ρ1 by first sampling x0 ∼ ρ0 and then applying X0,1(x0) ∼ ρ1. These
are parametrised as Xs,t(x) = x+ (t− s)vs,t(x). To learn a flow map, we can use any flavour of
self-distillation alongside the typical flow matching loss [Albergo et al., 2023, Tong et al., 2023,
Lipman et al., 2023], L(v̂) = LSD(v̂) + LFM(v̂), and we state all three proposed in Boffi et al.
[2025] in appendix A.1.

3 Method

We are interested in the generative modelling task, where we intend to model a distribution, pdata,
of which we only have n ∈ N⋆ samples, by using a parametric family (pθ)θ∈Θ, where the choice
of parameters θ is typically updated with a variant of gradient descent. Moreover, here, we consider
the support of the distribution to be a known Riemannian manifold, (M, g). Finally, we denote by
sg the stop-gradient operator

We adapt each of the self-distillation objectives to the Riemannian setting. Hereinafter, X̂ and v̂
denote our approximations of X and v respectively, and Is ≡ Is(x0, x1). Following Chen and
Lipman [2024], we constrain our vector field to lie on the tangent plane at the point that it is
evaluated. Specifically, letting fθ : [0, 1]2 × M → Rd be our underlying neural network, we
compute its tangential projection at p ∈ M; that is to say, ∀0 ≤ s ≤ t ≤ 1,∀p ∈ M, vθs,t(p) =

projTpM
(
fθ
s,t(p)

)
. This ensures that all the usual Riemannian manifold operations required are

not ill-defined. Furthermore, we now also re-define X (and by extension X̂) as, for any 0 ≤
s ≤ t ≤ 1, x ∈ M, Xs,t(x) = expx((t − s)vs,t(x)) ∈ M, and similarly, for all x0, x1 ∈ M,
Is(x0, x1) = expx0

(βs logx0
(x1)) (i.e., the geodesic interpolant between x0 and x1). Note that, here,

we cannot any more have arbitrary choices for α and β, as it is unclear what the point αtx0+βtx1, for
arbitrary x0, x1, would correspond to on M, especially when αt ̸≡ (1−βt). We always set β : s 7→ s.

Lagrangian self-distillation. To port Lagrangian self-distillation (LSD), we make the observation
that ∂tX̂s,t(Is) lives on the tangent space of X̂s,t(Is), and so does v̂t,t(X̂s,t(Is)) by construction.
Consequently, any linear combination of those vectors is also a vector in the tangent space. However,
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Figure 1: Ramachandran plots on the General protein dataset. Red dots represent the test-set samples.
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(a) ESD
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(b) LSD
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(c) PSD

−100 0 100

φ

−100

0

100

ψ

−12

−10

−8

−6

−4

−2

0

2

log
likelih

ood

(d) RFM

we need to adapt the loss to incorporate the Riemannian metric in the norm of the resulting vector:

LG-LSD(v̂) = Et,s,x0,x1

[∥∥∥∂tX̂s,t(Is)− sg
(
v̂t,t(X̂s,t(Is))

)∥∥∥2
g

]
. (1)

Eulerian self-distillation. In an analogous manner to LSD, we can instantiate an Eulerian loss for
the Riemannian setting. Specifically, Eulerian self-distillation (ESD), as defined in (5), may seem
challenging to port in its given formulation, but we can generalise it using the differential of the map:

LG-ESD(v̂) = Et,s,u,x0,x1

[∥∥∂sXθ
s,t(xs) + sg

(
d(Xθ

s,t)Is [v
θ
s,s(Is)]

)∥∥2
g

]
. (2)

Note that we also train naively the objective of Mean Flows [Geng et al., 2025], which we refer to as
G-MF.

Progressive self-distillation. Progressive self-distillation (PSD) is arguably the method that is
most natural to port to Riemannian manifolds. Given our redefinition of X using exponential maps,
Xu,t ◦Xs,u ∈ M from (6) is well-defined for all 0 ≤ s ≤ u ≤ t ≤ 1. The only major change is that
in the choice of distance, which should now be d2g . The loss can therefore be rewritten as,

LG-PSD(v̂) = Et,s,u,x0,x1

[
d2g

(
X̂s,t(Is), sg

(
X̂u,t

(
X̂s,u(Is)

)))]
. (3)

For training, we set u = 1
2s+

1
2 t, and apply the stop-gradient operator to the second argument in d2g .

4 Experiments

We test our proposed methods on a few usual datasets: proteins (S1×S1), catastrophic events on Earth
(S2), and a synthetic dataset on SO(3). To evaluate these, alongside qualitative results, we use the neg-
ative log-likelihood (NLL) on the test set, and the MMD using an RBF kernel combined with the dis-
tance on the manifold in question, with a bandwith of γ = 1. To compute the test NLL, we use the in-
stantaneous vector field, v̂t,t(·), and integrate it backwards in time for all test samples. For all tasks, we
use Riemannian Flow Matching (RFM) [Chen and Lipman, 2024] as a baseline. We also re-train RFM
as so to match our lower compute budget (in training time), and for us to be able to evaluate its MMDs.

Protein datasets. We train our model on a protein dataset on the flat 2D and 7D (RNA) tori
(S1 × S1 and (S1)7). The 2D data is from Lovell et al. [2003] and the 7D data from Murray et al.
[2003], compiled together by Huang et al. [2022]. We report our results in figs. 2 and 5 and figs. 1
and 3. We observe that the NLLs produced by all our methods are on par or better, e.g. G-PSD,
than those of RFM, except on the RNA dataset. Most importantly, figs. 2 and 3 show that, for low
NFEs, our methods offer considerable gains, especially G-LSD, which offers an improvement of
up to 22× on the MMD (on “General”) for a single function evaluation. Furthermore, fig. 1 shows
that our methods achieve log-likelihood landscapes comparable to those of RFM. Finally, we can
also see in fig. 3 that not only our methods consistently improve on the MMD for low NFEs, but
that their quality does not degrade or become worse than that of RFM with a high number of NFEs.

Synthetic data on SO(3). We also instantiate our methods on SO(3), using the synthetic dataset
from Huang et al. [2022]. Our results are displayed in table 1. Once more, we can see that all our
methods outperform RFM, while equally precisely capturing the log-likelihoods of the true dataset.
This demonstrates the effectiveness of all our methods on non-trivial manifolds.
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Table 1: Results on the SO(3) test set with stan-
dard deviation estimated over 5 seeds.

MMD (vs. NFE) NLL
1 2 100

RFM 0.147± 0.007 0.083± 0.003 0.042± 0.002 −7.15± 0.03

G-ESD (ours) 0.146± 0.01 0.087± 0.01 0.039± 0.002 −7.15± 0.03
G-LSD (ours) 0.064± 0.007 0.059± 0.005 0.044± 0.008 −7.11± 0.03
G-PSD (ours) 0.121± 0.01 0.073± 0.005 0.039± 0.004 −7.15± 0.03
G-MF (ours) 0.291± 0.007 0.280± 0.015 0.283± 0.014 −6.85± 0.03

Figure 2: Test MMD on protein datasets for 1
NFE. Standard deviation estimated over 5 runs.

General (2D) Glycine (2D) Proline (2D) Pre-Pro (2D) RNA (7D)
RFM 0.45± 0.006 0.27± 0.008 0.52± 0.057 0.47± 0.022 0.68± 0.011

G-LSD (ours) 0.02± 0.003 0.03± 0.004 0.04± 0.012 0.05± 0.004 0.08± 0.007
G-PSD (ours) 0.11± 0.016 0.05± 0.019 0.07± 0.011 0.08± 0.015 0.14± 0.027
G-ESD (ours) 0.29± 0.006 0.12± 0.009 0.44± 0.024 0.24± 0.023 0.50± 0.004
G-MF (ours) 0.11± 0.029 0.04± 0.019 0.09± 0.046 0.09± 0.017 0.20± 0.019

Figure 3: MMD as a function of NFEs on the protein datasets.
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Figure 4: MMD as a function of NFEs on the Earth datasets.
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Figure 5: Test NLL on protein datasets. Standard deviation estimated over 5 runs.

General (2D) Glycine (2D) Proline (2D) Pre-Pro (2D) RNA (7D)
Dataset size 138,208 13,283 7,634 6,910 9,478

RFM 1.01± 0.025 1.90± 0.055 0.15± 0.027 1.18± 0.055 −5.20± 0.067

G-MF (ours) 0.97± 0.01 1.97± 0.01 0.21± 0.04 1.02± 0.04 −3.79± 0.09
G-LSD (ours) 0.99± 0.05 1.99± 0.02 0.24± 0.07 1.11± 0.02 −4.15± 0.09
G-PSD (ours) 0.95± 0.02 1.94± 0.03 0.08± 0.04 1.10± 0.04 −4.40± 0.13
G-ESD (ours) 0.99± 0.01 1.97± 0.04 0.11± 0.07 1.10± 0.04 −4.01± 0.11

Earth datasets. Finally, we evaluate our model on a collection of Earth datasets, living on the
2-sphere, S2; the data was collected by Mathieu and Nickel [2020] from various sources [NOAA,
2020a,b, Brakenridge, 2017, EOSDIS, 2020]. We report our results for our best performing method
in fig. 4 and table 2. Once more, while our method offers log-likelihoods that are on par with RFM
for a similar compute budget, fig. 4 clearly demonstrates the great improvement on MMD our method
offers for low NFEs of 1 or 2 steps, while preserving the quality for higher NFEs.

5 Conclusion

We have shown and generalised, in this work, three self-distillation methods to train few-step
generative models on Riemannian manifolds, which recover their known counterparts when
instantiated on Euclidean spaces. These three methods show state-of-the-art performance on a host of
datasets for single- and few-step generation, while also being on par with the state-of-the-art negative
log-likelihoods. We believe that this work may enable faster and more accurate generative modelling
on Riemannian manifolds. Current limitations include the fact that these manifolds have closed-form
expressions for their usual operations, and we have not considered approximations thereof, such as
meshes. Finally, guidance is also another technique of interest for generative modelling that should
be explored in this context.
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A Appendix

A.1 Flow map matching losses

We state here the three self-distillation losses proposed in Boffi et al. [2024]. The first one, LSD,
amounts to optimising the following loss:

LLSD(v̂) := Et,s,x0,x1

[∥∥∥∂tX̂s,t(Is)− v̂t,t(X̂s,t(Is))
∥∥∥2
2

]
, (4)

where v̂ and X̂ correspond to our approximations of v and X , respectively, and Is ≡ Is(x0, x1); the
second one, ESD, to

LESD(v̂) := Et,s,x0,x1

[∥∥∥∂sX̂s,t(Is) +∇X̂s,t(Is)v̂t,t(Is)
∥∥∥2
2

]
; (5)

and the last one, PSD, based on the semi-group property of flow maps, is

LPSD(v̂) := Et,s,u,x0,x1

[∥∥∥X̂s,t(Is)− X̂u,t

(
X̂s,u(Is)

)∥∥∥2
2

]
. (6)

A.2 Related works

Consistency models. We designate by consistency models, here, the broad class of generative
models that output high quality samples with low NFE, and that are typically trained with an
underlying stochastic (often Gaussian, in the Euclidean case) process, because of the seminal work
of Song et al. [2023]. Those have been found to be unstable to train in their original formulation,
and were therefore refined in Lu and Song [2025], where mostly many multiple training tricks
were proposed to stabilise the training. Geng et al. [2024] have shown a simpler and more stable
objective for consistency models while offering comparable quality. The aforementioned papers were
mostly based around diffusion processes; however, many different classes of consistency models have
emerged since then. For instance, Zhou et al. [2025] model a distribution of paths and minimises
the MMD between these at different times, using old weights at lower times (closer to data) as a
teacher model for the current weights at higher times (closer to noise). Flow maps are also extensively
discussed in the main body of the paper [Boffi et al., 2025, 2024]. Mean Flows model the neural
network as the integral/average of the instantaneous vector field for arbitrary time steps [Geng et al.,
2025]. Shortcut models [Frans et al., 2025] propose a training procedure very similar to the PSD
objective of Boffi et al. [2025], but in discrete time. Finally, consistency trajectory models [Kim et al.,
2024] essentially estimate two-time flow maps. Remark that we are not interested, in this work, by
distillation models, that take a separate teacher model and distil it into another (typically smaller)
model.

Riemannian generative models. Generative modelling on Riemannian manifolds remains a chal-
lenging task with quite a few different proposals that were offered. One of the first formulations
is that of Riemannian Diffusion Models [Huang et al., 2022], where the authors attempted to port
directly the evidence lower bound (ELBO) of Euclidean diffusion models to Riemannian geometry;
moreover, the authors are then faced with stochastic calculus on Riemannian manifolds, which
may namely fail to be simulation-free, naively. Perhaps the most well-known method is that of
RFM [Chen and Lipman, 2024], where the authors have ported usual flow matching [Lipman et al.,
2023] to Riemannian geometries. Flow matching’s formulation using an ODE allows for the same
properties on the manifold as on the Euclidean space, simulation-free. Bortoli et al. [2022] proposed a
method porting denoising score matching [Song and Ermon, 2020, Hyvärinen, 2005] to Riemannian
manifolds. In a similar vain, Mathieu and Nickel [2020] ported continuous normalising flows to
Riemannian manifolds, with the drawbacks of CNFs [Chen et al., 2019] (namely their cost to train
and their lower performance, compared to that of diffusion/flow matching).

A.3 Experimental details

For the earth and protein datasets, we train all models using the same architectures as in RFM, with
the same parameter count, adapted to include two time parameters, with the exact same hyperpa-
rameters, except for the optimiser, where we use AdamW [Loshchilov and Hutter, 2019] instead of
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Table 2: Test NLL on Earth datasets. Standard deviation estimated over 5 runs.
Volcano Earthquake Flood Fire

Dataset size 827 6,120 4,875 12,809

RFM −7.93± 1.67 −0.28± 0.08 0.42± 0.05 −1.86± 0.11
RFM (re-run) −3.88± 0.31 −0.76± 0.032 −0.82± 0.04 −2.80± 0.25

R-MF (ours) −3.44± 0.33 −0.75± 0.31 −0.72± 0.09 −2.51± 0.13

Adam [Kingma and Ba, 2017]. As for the inclusion of the two time parameters, we naively sum the
linear embeddings of both time steps—we believe more architectural work could further improve
the performance of our models. For the SO(3) dataset, we use the same architecture but with less
parameters, still maintained equal across all methods.

In RFM, according to its publicly available repository, and its configuration files, are trained for
1,000,000 training steps. We re-trained all models for about 10× less steps, although the exact
number varies, as we employed early stopping based on the validation NLL.

We ran all our numbers with all the same 5 randomly chosen seeds of 42, 123, 456, 789 and 1337.
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paper’s contributions and scope?
Answer: [Yes]
Justification: Yes, the claims in the abstract, the introduction and in the content in general
reflect the contributions of the paper.
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: We briefly outline in the conclusion the limitations of the current work.
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• The answer NA means that the paper has no limitation while the answer No means that
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violations of these assumptions (e.g., independence assumptions, noiseless settings,
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should reflect on how these assumptions might be violated in practice and what the
implications would be.
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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
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address problems of privacy and fairness.

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

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
Justification: The assumptions are made clear where required, and some details are further
added in the appendix for rigour.
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• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

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

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

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: The code is publicly available and the experiments fully reproducible.
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
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: [Yes]
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Justification: Yes, all instructions are provided in the public repository, and the data is all
publicly available, with instructions available for download and extraction.
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• 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: [Yes]

Justification: Again, the publicly available code contains the exact configurations used for
the training and test settings.
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• 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: [Yes]

Justification: The paper does report error bars gathered over 5 random seeds.
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• 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).
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• It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

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

Answer: [Yes]

Justification: Sufficient details are provided in the appendix.

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: This paper conforms to the Code of Ethics in every respect.

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: [No]

Justification: This work’s scope is more theoretical and its direct applications to nefarious
intents are limited as such.

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.
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• 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: NA

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 authors of each dataset used in this paper have been 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.

• 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.
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• 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: NA
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: NA
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: NA
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
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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 usage of LLMs has been sparse, and has not affected the main body of
text, the methodology or any other “core” aspect of the paper in any significant, direct way.
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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