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Figure 1: Given a single image of a flower at any growth stage, our model generates the full 4D
growth sequence from sprout to full bloom. Our method also recovers past growth states from the
same image. By composing the generated object states, we obtain high-fidelity long-horizon 4D
dynamic scenes, as shown in the animated results on lour project page.

Abstract

What is the right representation for 4D (3D + time) generation of graphics assets
conditioned on their current states? In this setting, an ideal 4D representation
should support flexible geometric structure, empower long-horizon modeling, and
utilize training data efficiently. We study this problem by considering a sufficiently
challenging setting to stress test those properties: learning the generative distribu-
tion of the entire 4D lifespan of a plant, conditioned on a snapshot of its growth. We
curate a large-scale dataset and benchmark for this setting, on which most existing
4D representations and accompanying generative models fail to deliver promising
results. We analyze the pitfalls of existing representations and point out that the
capacity of existing models is bounded by their representations: they are mostly
augmenting a temporal dimension to an existing geometric representation, without
a semantically-meaningful low-dimensional state representation. Instead, we argue
for a framework for designing 4D representations by separately considering 3D
state representations and temporal state transitions. We propose an instantiation
of this framework using latent spaces of 3D foundation models and a transformer-
based state transition model, effectively forming a finite state machine on a latent
3D space. Therefore, we name this instantiation a latent state machine and compare
it against existing generative models on the proposed benchmark. Our evaluation
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shows that our model achieves state-of-the-art performance in expressiveness, data
efficiency, and rendering quality, surpassing existing methods by a large margin.
Project page: https://yuegao.me/lsm.

1 Introduction

Looking at a bud just sprouting from a pot in Fig. [T} how would its 3D appearance evolve, grow,
and wither? Such curiosity stems from humans’ desire to understand our dynamic natural world,
and it fuels the need for machines to model the generative distribution of a temporally evolving
graphics asset of an object conditioned on a single observed snapshot, a task we define as predictive
4D generation in this paper.

Until recently, this task was intractable for both the machine learning and graphics communities,
primarily because long-horizon 4D data is scarce. Yet, with the emergence of large-scale 4D
datasets [[1H3] and the viability of distillation from 2D foundation models [4-6], recent work [7, |8]]
attempts to tackle adjacent tasks with similar structures. However, most of these are limited to
relatively contrived settings, such as a fixed geometric topology, or generation of a short temporal
window with a limited number of frames.

Assuming abundant 4D data, is it possible to tackle predictive 4D generation with minimal assump-
tions, and to generate 4D graphics assets of arbitrary geometric structure and temporal horizon,
conditioned on a single snapshot? This paper studies the problem by considering a potentially
extreme case of such settings: generating the lifespan of a flower given only one snapshot as input.
This setting poses unique challenges for model design, because flower growth involves flexible
topology changes over a long horizon. This setting also captures common traits of natural dynamic
processes, because challenging natural dynamics are both topology-varying (e.g., candle burning)
and long-horizon (e.g., animal evolution).

To meet the data requirements for the chosen natural phenomenon and to make it feasible to benchmark
different 4D generative pipelines, we build a scalable 4D data generation pipeline. Specifically, we
manually curate procedural models of the flower growth process and design a data generation pipeline
that produces a benchmark of 120k rollouts for generative models to learn from.

Our study on this benchmark shows that existing 4D generative models do not scale well to this
challenging setting. We observe that the failure stems from how these pipelines define 4D repre-
sentations. Most existing work considers a 4D representation as a 3D geometric representation
augmented by a temporal dimension, yielding representations like deformable meshes [9411]], 3DGS
or NeRF with deformation fields [|6, [12} [13]], and temporally evolving implicit fields [4, [S)]. This
“temporal-augmenting” choice also implicitly forces models to generate fixed-length 4D sequences
with a limited number of frames, rather than long-horizon dynamic rollouts. Furthermore, it models
the generative dynamics directly in the high-dimensional geometric space, wasting representation
capacity on generative modeling.

Motivated by this observation, we argue for a representation-centric design principle in 4D gener-
ative modeling. Inspired by the literature on learning-based dynamic models in robotics [14] and
control [[15], we argue that a 4D representation in generative modeling should be defined as the
combination of 3D state representation and temporal state transitions, where the first term defines a
state space in which dynamic modeling occurs, and the latter term defines the predictive model of
the next state given the current state. Under this umbrella, most existing work parameterizes the 3D
state representation using a raw, uncompressed geometric representation, and uses a fixed array of
deformation fields to model state transitions.

Instead, we give another instantiation under this framework. We argue that the state space of a 4D
representation should be compact, semantic, and structured. We therefore leverage the semantic
features of a 3D foundation model [16] to instantiate our state representation. We design our
state transitions with minimal inductive bias in mind, and we therefore adopt a transformer-based
architecture to model the state transition process from data. This design echoes the term “finite state
machine” from the theory-of-computation literature, and we therefore name our model the Latent
State Machine (LSM).

Our model achieves state-of-the-art performance on the proposed benchmark. With a state design
that does not assume topology invariance, it captures the drastic structural changes of the flower
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Table 1: Categorization of 4D generation methods by 3D state representation and temporal state
transition. Existing methods augment a raw 3D representation (mesh or 3D Gaussians) with a
temporal mechanism, locking topology to the initial reconstruction and the rollout to a short horizon.
LSM decouples the two: the state is the structured latent of a 3D foundation model, and a transformer-
based transition predicts the next state, enabling topology changes and arbitrary-horizon rollouts.

Method ‘ State Representation Temporal Modeling ‘ Topology Change Long Horizon
Free4D (17 Explicit 3D Gaussians Video diffusion models X X
DreamGaussian4D [18] | Explicit 3D Gaussians Video diffusion models X X
AnimateAnyMesh [7] Explicit mesh vertices Vertex displacement X X
ODE-GS [19] Explicit 3D Gaussians Neural ODE X v
GaussianPrediction [20] | Explicit 3D Gaussians Keypoint-GCN motion X v
LSM (Ours) ‘ Implicit structured 3D latent Latent state transition ‘ v v

growth process. It is scalable and efficient, owing to its semantically rich latent state representation.
It predicts rollouts of hundreds of frames, significantly outperforming prior work in 4D generation.

2 Related Work

Geometry-Inherited 4D Representations. The choice of representation is the first step in a gen-
erative modeling problem. While 3D representation is well-studied and has converged into a small
set of geometric primitives such as meshes, radiance fields [21], and Gaussian primitives [22], the
study of 4D representations remains relatively underexplored. Most existing works approach 4D
generation by simply augmenting an existing 3D representation with a temporal dimension, yielding
deformable meshes [9H11]], radiance fields with a deformation field [13} 23], 3D Gaussian primitives
with deformation [6} [12] |18} [24H35]], or temporally changing implicit fields [4} 5, [36-39]]. While
effective in specific settings, these methods treat the temporal dimension as interchangeable with
the three spatial dimensions, leading to wasted representational power for dynamic modeling in a
high-dimensional geometric space. Moreover, by augmenting an existing geometric representation,
these methods often assume that the underlying 3D object’s topology remains fixed, which prevents
them from modeling complex dynamic phenomena. Instead, we propose to model 4D processes with
a learned state representation and transition function, addressing the issues above.

Low-Dimensional 4D Representations. More broadly, ours is not the first work to formulate 4D
generation in a low-dimensional space. In domains with strong category priors, it is in fact the default
choice. Human motion generation, for example, has long worked in the pose space of a parametric
body skeleton [40-42]. The same is true of face [43H49]] and animal [S0] modeling. However, these
methods all assume a category-specific template, and thus do not scale to the category-agnostic
setting. Instead, we learn a state representation in the category-agnostic setting, which extends this
approach to general 4D modeling. Recent work [S1-H54]] has also attempted to learn a state-based
representation from data, but focuses on the representation-learning side, not generative modeling.

4D Generation. Our work falls under the broad umbrella of 4D generation. Most existing work
tackle the problem from two different perspectives. One dominant line of work [4-H6, 913 [18| 231
20, 28136/ 1381 139] splits the pipeline into 2D video generation followed by reconstruction, naturally
limiting themselves to modeling fixed frame length 4D sequences. While effective in specific settings,
they suffer from slow optimization or struggle with occlusion. Our work belongs to another emerging
paradigm of directly modeling the 4D content distribution [[7, 18, 55| [56], and achieves the best
balance between expressivity, generation speed, and scalability. SS4D [57] also builds on a 3D-native
latent, but treats time as an axis of a structured spacetime latent, so the sequence length is fixed and
generation is conditioned on an input video. The concurrent 4DSTAR [58] is also autoregressive,
but it reconstructs 4D from monocular observations with a fixed set of deformable Gaussians and
predicts only forward in time. We instead keep the latent purely 3D and model time as a learned
transition, decoding a new 3D state at each step in both directions. To our knowledge, our method is
the first to use the generative latent space of a 3D foundation model as the state space of a learned
dynamical system.

Learning-Based Dynamic Models. In machine-learning terminology, 4D generation can be viewed
as learning a dynamic model for graphics assets. We therefore draw on prior work in this area.
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Figure 2: Method overview. (a) TRELLIS 3D VAE encoders map a 4D sequence to structured latent
states. (b) A state-transition flow transformer denoises the next sparse-structure latent Py from
‘P:, with a learnable direction embedding d for forward or backward rollout; a structure decoder
yields the voxel set {p; }++1. (¢) A sparse flow transformer predicts per-voxel features conditioned on
DINOV2 image features, and decoders produce meshes and 3D Gaussians [22].

We organize this prior work along two axes: how the state is defined, and how the state evolves.
For state definition, some methods operate directly in the raw geometric space [S9H61], while
others [14} [15] 62H64] first learn a compressed representation. Our method falls in the second
category, using representations from pretrained 3D foundation models as the state. For state transition,
prior work uses end-to-end models [14}59H61} 165H69]], physics-based structures [[70-75]], or neural
ODEs [76H79]]. We assume no physical priors and learn the state transition end-to-end. Most work on
learning-based dynamic models pays little attention to rendering fidelity, whereas we extend dynamic
modeling into the 4D generation of graphics assets, where rendering quality is a primary concern.

3 Methodology

3.1 Task

This paper studies predictive 4D generation, an extended variant of 4D generation that explicitly
conditions on one given state of an object and predicts a long-horizon 4D trajectory that maintains
consistency with this input. Formally, given an input state of an object o (e.g., a flower) parameterized
by its RGB image observation I at timestamp ¢, our goal is to generate a 4D trajectory O:

0= {Ot | te [tmin;tmax}}u (1)

where each O, represents a renderable graphics asset encompassing the complete 3D geometry
and appearance of the object at time . We do not assume any shared geometric structures among
timestamps, and ¢, and £, can be given arbitrarily, yielding a varying total length of trajectory.

This task setting generalizes 4D dynamic process modeling and captures several recurring challenges
of natural dynamic phenomena. First, it imposes no fixed frame count, requiring models to handle
4D sequences of arbitrary length. Moreover, it does not assume a shared geometric structure (e.g.,
shared topology), since natural phenomena such as flower growth and candle burning routinely add
and remove structural elements. Finally, it requires methods to capture large-magnitude motion, a
long-standing challenge for the 4D modeling community.

3.2 Dataset and Benchmark

To evaluate existing methods in this task setting, we need a benchmark with enough training data.
However, 4D data is much scarcer than other data sources [3], and existing datasets [1, 2] mostly
have a limited temporal horizon and topological variation.

We therefore select plant growth, a natural long-horizon phenomenon with many publicly available
procedural-generation assets. We construct five kinds of flower-growth animations in Blender (rose,
lily, hibiscus, daisy, and dahlia) and randomize the parameters of the procedural programs, obtaining



a dataset of 120k 4D dynamic rollouts of high-quality graphics assets (Sec. [A). This dataset and
benchmark provide abundant data for generative models to learn from, and have sufficient complexity
to test the upper bound of these models.

3.3 4D Representation and Our Instantiation

We evaluate existing 4D generative methods [7, [I7H20] on this benchmark. As shown in Sec. 4] none
of these methods successfully handle the challenges of our setting.

Analyzing their model design, we trace these failures to representation design, the first step of
any generative modeling problem. Most existing methods treat 4D representations as temporally
augmented 3D representations, omitting the low-dimensional and semantic nature of the spatial
content.

Instead, we decompose 4D representations into two components: the 3D state representation and the
temporal state transition. Formally, a 3D state representation is a tuple (P, E/, D), where P is a latent
state space, P; € P is the implicit state at frame ¢, the encoder F/ maps an explicit geometric state to
its latent code P, = E(O;), and the decoder D inverts this map as O; = D(P;).

Temporal state transitions form a bidirectional dynamic process over the latent state space. Specifi-
cally, this process comprises two prediction functions, Fryg and Fywg. The forward function Fiyqg
models the future state Py1,, ~ Fiwa(: | Pt, -+ , Pean—1). The backward function F,,q models the
previous state Py, ~ Fowd (- | Pty Prent1)-

Under this formulation, existing representations decompose into these two components, as illustrated
in Tab. For example, the deformable Gaussian Splatting representation [18] takes Gaussian
primitives directly as the state space (so E and D are identity mappings) and models state transitions
through a fixed array of deterministic deformations. However, this geometry-inherited instantiation
has limited expressiveness for topology and fails on long-horizon generation. As a result, it performs
poorly on our benchmark.

We propose an alternative instantiation of this formulation. As illustrated in Fig. 2] we train a
variational autoencoder [80] to encode the 3D state space into a semantically structured latent space
(Sec. and model temporal state transitions with a scalable, flexible diffusion process (Sec. [3.3).
This design forms a finite state machine over an implicit latent space, so we name our model Latent
State Machine (LSM).

3.4 Latent State Representation

The 3D state representation in an ideal 4D representation needs to be flexible, compact, and semanti-
cally meaningful. Recent 3D foundation generative models [16]] are trained on a large amount of data
and therefore contain a semantically meaningful space of 3D geometric representations. Inspired by
this observation, we base our state representation on the pre-trained latent representation of TREL-
LIS [16]] and show that such a space provides a competitive design for the 3D state representation in
predictive 4D generation.

Following TRELLIS, our encoder E encodes a 3D object O into P:
P = {(pi,z1) ey, P = REFOXL, &)

where p; € R3 denotes the spatial position of the i-th active voxel, and z; € R is its corresponding
latent feature with dimension C. Here, L is the total number of active voxels.

During decoding, our decoder D decodes P into meshes for graphics rendering. We finetune from the
pretrained weights of TRELLIS on the provided training data in our benchmark to obtain £ and D.

3.5 Latent State Transition

To capture expressive dynamics over long horizons, we model the state transition as an autoregressive
process. Without loss of generality, we describe the forward process Fyq in this section.

Formally, F#yq models the state transition as a conditional generation problem. We instantiate it as a
one-step transition model conditioned on the previous state P, and on the input frame P, (the
latter motivated below as a “global anchor” against drift). We use a conditional flow transformer



Table 2: Quantitative comparison of reconstruc- Table 3: Ablation studies of the main components.
tion metrics on our collected dataset across differ- “GA” denotes the Global Anchor. “DF” stands for
ent methods. “CD” denotes Chamfer distance. diffusion forcing [82].

Geometry Appearance
Voxel IoUT MeshCD | | SSIMT PSNRT LPIPS |

Geometry Appearance
Voxel IoU1 MeshCD | | SSIMT PSNRT LPIPS |

AnimateAnyMesh [7

- 0.03267 0.8453 20.85 0.1233
Free4D [I7 0.0365 0.09543 | 07576 1621  0.1657 w/o DF 0.1963 0.07618 0.7961 14.28 0.2843
ODE-GS [19 0.0965 0.08457 0.8601 21.07 0.0911 w/o GA 0.6964 0.01907 0.8275 26.43 0.1291
GaussianPrediction [20 0.1169 0.08261 0.8525  21.85 0.0821 LSM (Full) 0.8987 0.01412 0.9553 31.13 0.0407
LSM (Ours) 0.8987 0.01412 0.9553 3113 0.0407

structurally similar to TRELLIS [16]] to model this distribution. To specify the temporal direction
(forward or backward), we add a learnable embedding as an extra condition. We train our models
with classical flow-matching objectives [81]].

Diffusion forcing for long-horizon prediction. We notice that directly using the above-mentioned
model will yield drifting trajectories when predicting long-horizon trajectories. Inspired by litera-
ture in video modeling, we adopt Diffusion forcing [82] during training to mitigate this problem.
Specifically, we apply another noise level to P;,,_1, while we denoise P p,.

Global anchor. We notice that modeling Fiyq as a purely Markovian process Pty ~ Frwa(: |
Pitn—1) will lead to drifting in the generated textures in long-horizon sequences. To fix this, we
propose to add the input frame P; to the conditioning, a technique we name “global anchor”. Our
ablation study shows the importance of this design.

4 Evaluations
4.1 Experiment Setup

Datasets. As described in Sec. we construct our dataset to contain five types of plant growth
process. The training split contains 120k rollouts of diverse plant types. The test split is generated by
the same procedural pipeline and contain 450 unseen rollouts (~ 42k frames). Test rollouts retain the
full lifespan length of their species and are never observed during training of any component. Please
refer to Sec. [Alfor more details.

Baselines. We compare against representative 4D generation methods that differ in their state
representation and temporal state transition mechanism (Tab. [T). Free4D [17] and DreamGaussian4D
(DG4D) [18] drive per-asset dynamic 3D Gaussians with a generated video, and Animate AnyMesh [7]]
predicts an animated mesh from a single static input. ODE-GS [19] and GaussianPrediction [20] are
dynamics-based baselines built on dynamic 3DGS [22]: ODE-GS extrapolates per-Gaussian state
with neural ODEs, while GaussianPrediction predicts keypoint motion with GCNs. We train all
models on the training set of our benchmark (Sec. [A).

Metrics. We compare how the outputs of each method align with the desired trajectory as specified in
the dataset both visually and geometrically. For geometry quality, we report Chamfer Distance (CD)
on the extracted mesh and Voxel IoU on the predicted sparse structure. For 3DGS-based methods,
we compute both geometry metrics by treating 3DGS centers as geometry points. For appearance
quality, we report PSNR, SSIM [83]], and LPIPS [84]] on multi-view renders.

We report results across both forward (growth) and reverse (de-growth) settings in Tab.|2|and Fig.
LSM outperforms baselines on every metric compared, demonstrating the effectiveness of our design.

To analyze how design choices of different representation affect the performance of the generative
pipeline, we ask the following two questions along the two design axes: whether the state representa-
tion should be explicit or implicit, and how the temporal transition should be modeled. We detail
those two questions in the following sections.

4.2 3D State Representation: Explicit or Implicit?

Based on our results in Tab.[2]and Fig.[3] we analyze different design choices of 3D state representation
for different methods. The dominant design in existing 4D generative models is to use geometry-
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Figure 3: Qualitative comparison of different 4D representations for 4D generation. Existing
methods struggle to handle topology changes and long temporal horizon, while our model achieves
the best generation fidelity.

inherited representations for state representation, such as explicitly deformed meshes or Gaussian
Splattings, and they have different failure modes.

Failure mode of deformable meshes. Methods like AnimateAnyMesh deform a mesh with a fixed
topology, so they cannot insert or remove primitives when plant growth adds new petals, leaves, and
stem segments.

Failure modes of deformable GS. ODE-GS and GaussianPrediction freeze the set of Gaussian
primitives at initialization and predict only their state evolution. ODE-GS degrades significantly
outside the observed time window, and GaussianPrediction produces near-canonical outputs across
all frames (Sec. [C.3).

In contrast, LSM decodes a fresh latent state at every step, so the geometry evolves with time. This
decoupling of state representation from state transition is what enables our model to grow new petals,
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drop old leaves, and otherwise change topology over a 120-frame rollout while preserving identity
from the input image.

4.3 Temporal State Transition: Fixed-frame modeling or Latent State Transition?

The second axis is how temporal state transition is modeled. Video-diffusion-driven 4D pipelines
lift a generated 2D video into a per-asset 4D representation; their rollout length is bounded by the
I2V model’s training horizon, and any 2D hallucination is fixed into the lifted 3D content. LSM
instead models time directly in the structured 3D latent space as a Markovian state transition, so
rollout length is bounded only by the autoregressive horizon, not by the training length of any single
2D video model.

As a result, Free4D and DreamGaussian4D are bounded by the rollout horizon of the 12V model,
and Free4D struggles to recover plausible geometry (Sec.[C.3). LSM instead models the temporal
transition with autoregressive generation, yielding long-horizon sequences without drifting.

Video-to-4D methods and long-horizon rollouts. LSM also outperforms the video-to-4D recon-
struction methods SV4D [13]], SV4D 2.0 [23]], and GVFDiffusion [8]] across all metrics (Sec.[C.4).
On sequences of up to 360 frames, performance degrades gradually but does not collapse, and models
trained on only part of each lifespan extrapolate beyond their training horizon (Sec. [C.3).



Table 4: Quantitative results on candle burning and animal evolution.

Candle burning Animal evolution
IoUT CDJ PSNRt | IoUt CDJ] PSNR?

DGA4D [18] 0.6238  0.1352 24.15 0.6874  0.154 22.38
AnimateAnyMesh [7] | 0.164  0.1125 23.52 0.158  0.1273 21.75
LSM (Ours) 0.9108 0.0129 33.28 0.9464  0.0093 34.31

Table 5: Generalization beyond the procedural training distribution (forward / backward).

| IoU 1 CDh | PSNR 1
Non-procedural datasets
DyMesh 0.892/0.892  0.0020/0.0079 33.5/33.1
ObjXL4D 0.988/0.987 0.0062/0.0067 34.7/34.9

In-distribution \ 0.909/0.905 0.0140/0.0139 31.7/31.7
Beyond the training range

Petal count 0.900/0.899 0.0146/0.0148 31.2/31.3
Size scale 0.901/0.901 0.0141/0.0144 31.0/31.0
Color/material | 0.909/0.904 0.0140/0.0141 31.6/31.6
All parameters | 0.898/0.894 0.0152/0.0149 30.9/30.8

4.4 Generalization

Our problem formulation and training recipe are universal and generalizable, and can be applied
to diverse domains without domain-specific redesign. We show such results of fitting different 4D
representations to other phenomena in Fig. d which comprises the burning lifespan of a candle and
the evolutionary stages of animals. Other baselines exhibit similar issues as in the plant growth
experiment. As shown in Tab.[d] LSM substantially outperforms both baselines on all metrics.

With the same recipe, LSM also performs well on the non-procedural datasets DyMesh [7] and
ObjXLA4D [2,130], so the formulation is not specific to our procedural benchmark. It also remains
competitive on procedural parameters outside the training ranges (Tab.[5). Evaluated zero-shot on
sunflower, a held-out sixth species, the model achieves an IoU of 0.6295 and a Chamfer distance
of 0.0914. A single model trained jointly on all five flower species and both temporal directions
performs comparably to the per-species models (Sec. [C.6).

4.5 Real Image to 4D

Although our model is trained on synthetic data, it can generalize to real images successfully. As
shown in Figure[6] our method produces plausible 4D growth sequences from real inputs that are not
seen during training. This demonstrates that the model learns transferable representations of plant
structure and dynamics rather than overfitting to the synthetic domain.

4.6 Ablation Studies

We analyze the contributions of two key components in our framework: (1) Diffusion Forcing
(DF) [82]], used to train the latent state machine, and (2) Global Anchor (GA), which enforces
consistent structure-latent generation across the entire growth sequence.

Effect of diffusion forcing. As shown in Figure[5|and Table 3] removing diffusion forcing leads to
severe degradation in both geometric and appearance quality (e.g., IoU 0.1963 vs. 0.8987, PSNR
14.28 vs. 31.13), indicating the critical role of DF in stable autoregressive generation. DF mitigates

. Y 5
p & l 'i= o o T — "l X
Input: Single Image Output: Generated 4D Growth Input: Single Image Output: Generated 4D Reverse Growth

Figure 6: Qualitative results on two real samples.
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Table 6: Ablation study of transition design vari- Table 7: Analysis of contribution of TRELLIS
ants on rose. pretraining.

Forward Backward
IoUT PSNR T IoUT PSNR 1T

Direction-specific models | 0.9106 32.47 0.9153 32.80

From scratch Full model
Species, direction | IToUT PSNR?T | IToUT PSNR T

ControlNet-style branch | 0.7858  28.45 | 0.7631  28.62 Rose, forward 0.9043  31.82 | 09106  32.47
Residual propagation 0.6108  27.13 | 06196  26.96 Rose, backward 0.9025 3048 | 09153  32.80
2-state history cache 0.8877  30.60 | 0.8814  31.32 Lily, forward 0.9015 30.01 0.9139 30.17
4-state history cache 0.8906 30.11 0.8905 31.79 Lily, backward 0.8965 30.03 0.9073 31.58
Raw occupancy-grid state | 0.6906 24.11 0.6146  24.58
LSM (Ours) 09198 3298 | 0.9191  32.58

the training—inference mismatch (i.e., exposure bias) by aligning the conditioning distribution during
training with that at inference time. Without DF, the model is trained on clean latent states but must
rely on its own predictions during autoregressive generation, leading to error accumulation; the latent
state progressively drifts and eventually collapses after a few steps. Because our latent is sparse and
two-stage, we adapt diffusion forcing with independent noise levels on the conditioning state in both

stages (Sec. [A).

Effect of global anchor. Removing GA results in noticeable inconsistencies across frames, par-
ticularly in appearance, where color drift and identity mismatch are observed. This is reflected
quantitatively by degraded perceptual quality (LPIPS 0.1291 vs. 0.0407). Without GA, small feature
errors accumulate and the appearance drifts; anchoring every step to the input frame bounds this drift.
With GA, a global conditioning signal stabilizes structure-latent generation across time, enabling
consistent object identity and appearance throughout the growth sequence.

Transition design and pretraining. Standard alternatives, including transition strategies inspired by
4DSTAR [58]], all perform worse under matched training on rose (Tab. @, so the transition formulation
is a nontrivial technical component of the method. The model trained from scratch without TRELLIS
weights retains strong performance (Tab.[7), and the shared bidirectional model performs comparably
to two direction-specific models (Sec. [C.7).

5 Conclusion

Existing 4D generative models are competitive on a limited class of problems but fall well short of
faithfully modeling dynamic 4D worlds. We broaden the problem setting and contribute a large-scale
4D long-horizon trajectory dataset and benchmark, on which existing models struggle.

Representation design is central to 4D generation in this setting. We propose a design principle that
decouples state representation from state transition for 4D generative models. Under this principle,
our instantiation of Latent State Machine (LSM) shows promising results on these challenging cases.
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A Datasets and Implementation Details

Implementation details. We build LSM on TRELLIS [16,[85]]. The state machine operates on the
16 x 16 x 16 x 8 structure latent and the 64 x 64 x 64 active-voxel grid of TRELLIS’ two-stage VAE.
The state-transition flow and the global anchor flow are fully finetuned for 280k and 100k iterations,
respectively; the image-to-structure flow, the structure-to-SLat flow, the SLat VAE encoder, and the
(3DGS, mesh) SLat decoders are LoRA-finetuned for 10k iterations each. We use AdamW [86] with
learning rate 10~* throughout.

Diffusion forcing on the two-stage latent. The latent is sparse and two-stage (active-voxel structure
plus per-voxel features), so a small error at one step changes which voxels are active and the next step
compounds it through both stages. Diffusion forcing therefore has to be adapted rather than applied
directly: we add independent noise levels on the conditioning state in both stages, so inference-time
self-conditioning matches training.

Dataset details. We construct a procedural flower-growth benchmark covering five species rendered
in Blender: rose, lily, hibiscus, daisy, and dahlia. Each rollout has 120 frames for rose, 100 for lily
and dahlia, and 80 for daisy and hibiscus. We scale up the dataset by randomizing the geometry-node
parameters of each procedural model. As far as we know, plant growth is the only natural long-horizon
dynamic phenomenon that has many procedural-generation assets publicly available online.

The training split contains 50k procedurally-generated rollouts of rose, 20k each of lily, dahlia,
and daisy, and 10k of hibiscus, summing to 120k rollouts. The test split is generated by the same
procedural pipeline with disjoint random seeds: 50 rose rollouts (120 frames each), 100 lily and 100
dahlia rollouts (100 frames each), and 100 daisy and 100 hibiscus rollouts (80 frames each), totaling
450 unseen rollouts (~42k frames).

For each frame we render 15 views to extract the DINOv2 [87]] dense 3D features. For each active
voxel grid in the sparse structure, we have the mean unproject image features from DINOv2.

Baseline implementation details. For Free4D [17] and DG4D [18]], we use their public codebases
with Wan2.2-12V [88] finetuned on our flower videos as the driving signal. For AnimateAnyMesh [7]],
we follow the official code and finetune on our data, uniformly downsampling each mesh to 4096
vertices. ODE-GS [19] and GaussianPrediction’s [20] original setup observes most of the time
window and forecasts a short suffix; we modify it to observe the first half (0 <¢ < 0.5) with 14
training views and forecast the second half (0.5 <¢<1.0). ODE-GS and GaussianPrediction require
multi-frame observations to fit scene-specific dynamics and cannot operate from a single image. All
methods are evaluated on the same held-out second half. We tried to compare with SS4D [57]: only
its inference code and VAE decoder weights are public, so we could not finetune it on our data;
its pretrained model shows a clear domain gap on our scenes, and its short training clips leave the
sequences covering only part of the lifespan.

B Computational Resources

Table 8: Computational resources per pipeline stage.

Stage Time

Dataset rendering (5x8 TITAN RTX + 3x8 2080Ti + 2x8 L40S; all 5 species) 60 hrs
TRELLIS VAEs + image-conditioned flow LoRA finetuning (4x RTX 6000 Blackwell; per flower, 10k iter. each) 10 hrs
State-transition flow training (4 x RTX 6000 Blackwell; per flower, 280k iter.) 140 hrs
Global anchor flow training (4 x RTX 6000 Blackwell; per flower, 100k iter.) 50 hrs

Table 8| reports the GPU hours for each stage of our pipeline. Dataset rendering is a one-time cost
that covers all five flower species; LSM training (LoRA finetuning of the pretrained TRELLIS
components, full finetuning the state-transition and the global anchor flow matching model) is
performed independently per flower.
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Table 9: Comparison under the observe-half-then-forecast protocol. ODE-GS and GaussianPrediction
observe the first half of each trajectory; LSM receives only the boundary frame. All methods are
evaluated on the same held-out second half.

Method Input | IoU 1 CD| PSNR?T
ODE-GS [19] Half trajectory, 14 views | 0.1038  0.08314 22.31
GaussianPrediction [20]  Half trajectory, 14 views | 0.1219  0.08056 22.64
LSM (Ours) Single boundary image | 0.9199  0.01503 31.76

Table 10: Distributional spread of the generated rollouts. We sample several times and report
population statistics per species: bloom size (active-voxel count), color (circular hue and saturation
statistics of the flower region), stem thickness, and orientation tilt.

Species \ Size mean + std Hue mean/ std (deg)  Saturation Stem size Tilt (deg)
Dahlia 4195.5 £957.1 70.7/129.2 0.328 0.022 £ 0.005 1.6t1.5
Daisy 1916.6 4 420.0 86.7/97.4 0.375 0.032 £0.010 105435
Hibiscus 3249.8 4 369.0 351.6/36.8 0.416 0.017 £0.006 7.2+£25
Lily 2161.3 +348.1 334.1/86.8 0.224 0.026 =0.005 22.7+5.4
Rose 1699.4 + 495.9 356.4/83.9 0.597 0.014 £0.002 7.7+£26
Sunflower | 1978.2 +217.9 51.7/14.0 0.653 - -

C Additional Results

C.1 Observe-Half-Then-Forecast Protocol

The conditioning asymmetry favors the baselines: ODE-GS and GaussianPrediction observe the
first half of each trajectory with 14 views, while LSM receives only the boundary frame. Under this
protocol, LSM still surpasses both baselines significantly (Tab. [9).

C.2 Distributional Evaluation

We sample several times using our generative model and quantify the distributional spread of the
generated rollouts with population statistics per species: bloom size (active-voxel count), color
(circular hue and saturation statistics of the flower region), stem thickness, and orientation tilt. The
results in Tab. [T0[show that our generation has a commendable diversity.

C.3 Failure Modes of the Baselines

Deformable meshes. Deformable meshes used in AnimateAnyMesh assume a fixed topology through-
out the generation, while real natural phenomena like plant growth involves the appearance of new
petals, leaves, and stem segments, which requires inserting and removing primitives — an operation
such representation cannot express. AnimateAnyMesh’s reliance on a small set of mesh control nodes
further restricts its ability to capture complex local geometry changes.

Deformable GS. The deformable GS representations used in ODE-GS and GaussianPrediction both
freeze the set of Gaussian primitives at initialization and predict only their state evolution. ODE-GS
produces reasonable reconstructions within the observed time window, where its 3DGS representation
behaves as a per-frame fit, but its predictions degrade significantly outside this window — an
extrapolation failure that compounds with the topology-fixedness of the underlying representation.
GaussianPrediction collapses further: it fails to capture temporal dynamics at all and produces
near-canonical outputs across all frames, indicating that its keypoint-GCN motion model is unable to
drive the kind of large-magnitude topological change present in flower growth.

Video-diffusion-driven pipelines. Free4D struggles to recover plausible geometry in its final 4DGS
optimization process, especially on textureless renderings, and its rollout horizon is bounded by the
underlying 12V model. DreamGaussian4D shares similar issue in rollout horizon because of the
video-lifting design, with limited topology variation due to its deformation-based state representation.
LSM instead models the temporal transition with autoregressive generation, yielding long-horizon
sequences without drifting.
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Table 11: Comparison with video-to-4D methods.

Geometry Appearance
Method Input IoU 1 CDhJ| SSIMT PSNR1 LPIPS |
SV4D [13] GT-rendered video | 0.0103 0.11141 | 0.8894 21.57 0.2107
Wan 2.2 video 0.0109 0.10215 | 0.8796 19.69 0.2510
SV4D 2.0 23] GT-rendered video | 0.0110 0.11893 | 0.8877 21.74 0.1642
Wan 2.2 video 0.0130  0.11315 | 0.8937 20.96 0.1977
GVFDiffusion [8] GT-rendered video | 0.0328 0.07755 | 0.8982 22.04 0.2444
Wan 2.2 video 0.0203  0.10094 | 0.9030 20.32 0.2387
LSM (Ours) Single image | 0.9069 0.01397 | 0.9603 31.71 0.0408

Table 12: Voxel IoU along longer rollouts. Table 13: Voxel IoU beyond the training horizon.

Rollout Forward Backward Rollout Training horizon
frame Rose Lily Rose Lily offset | First1/4 First1/2  Full

10 0.9606 0.9477 | 0.9588 0.9537 10 0.9551 0.9548 09532
100 0.9344 09195 | 09331 0.9183 30 0.9431 0.9429  0.9416
160 09138 0.8970 | 0.9266 0.8814 60 0.8608 09171  0.9167

220 0.9026 0.8647 | 0.9158 0.8570 90 0.7934 0.8235  0.8997

280 0.8674 0.8202 | 0.8781 0.8176 120 0.7438 0.7648  0.8886

360 0.7922 - 0.7831 -

C.4 Comparison with Video-to-4D Methods

We further compare with SV4D [13], SV4D 2.0 [23]], and GVFDiffusion [8]. These methods operate
under a different setup: they take videos as input and perform 4D reconstruction. We therefore
evaluate them using (1) videos generated by the same fine-tuned Wan 2.2 model used for Free4D and
DG4D, and (2) ground-truth rendered videos. As shown in Tab. [TT| LSM outperforms all baselines
across all metrics.

C.5 Long-Horizon Rollouts

The lifespan endpoints are fixed states of each phenomenon, so sequences cannot be extended beyond
them. To obtain quantitative ground truth for longer sequences, we re-render the same lifespans at a
finer temporal resolution, producing sequences of up to 360 frames, and retrain the models under
otherwise identical settings. We report voxel IoU along the rollout in Tab.[T2] Performance degrades
gradually with rollout length but does not collapse.

We further train models on only the first 1/4 or 1/2 of each lifespan and roll them out over the full
lifespan. Every offset beyond the prefix boundary therefore lies outside the training horizon, with
ground truth available at each frame. As shown in Tab.[T3] the model can extrapolate beyond its
training horizon, although performance gradually degrades with longer rollouts.

C.6 Generalization

Our generality claim is on the problem formulation and training recipe, not a single trained model
(Sec.f.4). Each trained model instantiates this common recipe, and its performance is limited by the
amount and coverage of training data. We use procedural generation because it is currently the only
way to obtain long-horizon, topology-changing 4D sequences with full 3D ground truth. The method
only takes rendered sequences as input, and our results also cover settings beyond procedural flower
growth.

Non-plant domains. We evaluate candle burning and animal evolution under the same protocol as
Tab. 2] As shown in Tab.[d] LSM substantially outperforms both baselines on all metrics, showing
that the proposed formulation also applies to non-plant dynamic processes.

Non-procedural datasets. We train and evaluate on DyMesh [[7] and ObjXLA4D [2} 30] with the same
recipe (Tab.[3] top). These results show that the proposed formulation is not specific to our procedural
flower benchmark. OOD procedural parameters. We generate test sequences with procedural
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Table 14: Unified model versus per-species models.

Forward Backward
IoU 1 CDh | PSNR 1 | ToU? CD | PSNR 1

0.9085 0.01394 31.41 0.9095 0.01434 31.19
0.9093  0.01403 31.67 0.9046  0.01391 31.74

Unified
Per-species models

Table 15: Shared bidirectional model versus two direction-specific models.

Forward Backward
IoUT PSNR1T | ToUT PSNR 1

0.9093 31.67 0.9046 31.74
0.9059 31.46 0.9057 31.69

LSM (Ours)
Direction-specific models

parameters outside the training ranges (Tab. [5} bottom). The performance of our model remains
competitive under these parameter shifts.

Held-out species. We create a sixth species, sunflower, using the same procedural pipeline and
evaluate the model zero-shot, without training on sunflower sequences. The model achieves an IoU
of 0.6295 and a Chamfer distance of 0.0914, demonstrating transfer to an unseen species.

Unified model. For Fig. |4 we train a separate model for each category or phenomenon. We also train
a single unified model jointly on all five flower species and both temporal directions. Its performance
is comparable to that of the per-species models (Tab.[T4). These results show that LSM can model
multiple species and both temporal directions within a single checkpoint, without species-specific
architectures.

Real images. We apply the model to real images without finetuning. Real photos have no 4D ground
truth, so we measure agreement between two independently trained models on the same real inputs:
0.985 mesh IoU. These results support a capability that, to our knowledge, no existing method
provides: train on procedural or reconstructed 4D data, then predict the complete bidirectional
lifespan of a real object from a single photo.

C.7 Transition Design, TRELLIS Pretraining, and Shared Bidirectional Transition

Transition design. Since 4DSTAR [58] is a preprint and its official implementation is not yet available,
we implement several transition strategies inspired by 4DSTAR within our framework: a residual
propagation transition (static content plus per-step offsets) and 2-state and 4-state history caches.
Our design achieves the best performance across all variants. Our transition design is specific to this
setting rather than a standard choice in prior dynamic modeling work.

Contribution of TRELLIS pretraining. To isolate the contribution of TRELLIS pretraining, we
retrain the model from scratch without initializing from pretrained TRELLIS weights. The model
trained from scratch retains strong performance (Tab. [7), showing that the gains are not solely due to
TRELLIS pretraining and that our formulation itself is effective.

Shared bidirectional transition. Forward and backward refer to temporal direction, i.e., from ¢ — 1
tot or from ¢ to ¢t — 1, rather than to the semantic type of evolution. Petals falling off, for example,
is still forward dynamics because it occurs as time progresses in the physical world. Thus, both
directions describe transitions between nearby states of the same physical process, differing only
in temporal direction. The direction embedding is not merely a fixed shift added to the latent
representation. Instead, it serves as a conditioning input to the transition transformer, allowing the
shared model to represent two distinct conditional distributions. It selects the temporal direction in
the same way that a class label conditions a class-conditional diffusion model. To evaluate whether
this shared model has sufficient capacity, we also train two direction-specific models and compare
them with our bidirectional model. The shared bidirectional model performs comparably to the two
direction-specific models (Tab.[I3]), showing that it has sufficient capacity to model both directions.
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Table 16: Inference time and peak VRAM on a single RTX PRO 6000 Blackwell GPU. All baselines
are rerun on the same GPU.

| Time]  Peak VRAM |

LSM, per AR step (structure + SLat flows, 25 + 25 steps) 245s 9.6 GB
LSM, decode per frame (gaussian + mesh) 0.05s 12.6 GB
LSM, 120-frame rollout 4.9 min 9.6 GB
Free4D [17], per scene (10k iterations) 14.1 min 12.4 GB
DG4D [18], per scene (2000 iterations) 20.8 min 30.3 GB
ODE-GS [19], per scene 28.1 min 3.8 GB
GaussianPrediction [20], per scene 15.6 min 8.8 GB

Table 17: Parameters and checkpoint size of each component of LSM.

| Parameters |  Checkpoint size |

SS VAE encoder 59.3M 119 MB
SS VAE decoder 73.7TM 148 MB
SLat VAE encoder 85.8M 173 MB
SLat VAE Gaussian Splatting decoder 85.4M 171 MB
SLat VAE Mesh decoder 90.9M 182 MB
SS state transition flow (bidirectional) 559.7M 1120 MB
SLat global-anchor transition flow 600.4M 1201 MB
Total \ 1555.2M 3114 MB

C.8 Efficiency

Our efficiency claims are comparative. Inference-time computation. As an amortized model, LSM is
more efficient than the optimization-based baselines. All measurements were obtained on a single
RTX PRO 6000 Blackwell GPU. We reran all baselines on the same GPU to measure peak memory
usage. As shown in Tab.[16] our method generates the full sequence faster than all baselines while
maintaining moderate peak memory usage.

Data efficiency. Even after finetuning on the same rollouts, a 14B-parameter pretrained video model
achieves about 10 dB lower PSNR than LSM. In contrast, LSM uses no video pretraining and learns
the dynamics solely from these rollouts. The parameters and checkpoint size of each component are
listed in Tab.

D Broader Impacts

Our model can lower the cost of producing dynamic visual content for film, games, education,
and scientific visualization, where current pipelines rely on expensive capture or manual authoring.
Learned models of natural growth and decay may also offer differentiable proxies for slow biological
and physical processes that are hard to observe directly, with potential use in biology, agriculture, and
ecology research.

Several risks also exist. Generated rollouts may be mistaken for real measurements if used outside
the trained domain, so provenance disclosure is important. Models trained on procedural data inherit
the biases of the underlying programs and will under-represent species, conditions, and dynamics
absent from the training set. Finally, training large 4D models carries energy costs that should be
weighed against the application scope.

E Limitations

Our method relies on the assumption of extensive training data. Therefore, for natural phenomena
that currently lack sufficient data, our model may fail to train successfully. One way to mitigate this
is to distill from video generative models [6], which we leave for future work. This paper does not
aim to solve the broader problem of 4D data scarcity. Instead, we show that the proposed setting
remains challenging for existing methods even when sufficient training data are available. This is a
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forward-looking problem, as advances in 4D reconstruction and procedural generation are likely to
make such data increasingly available. Our work also partly addresses data availability. We show that
procedural generation provides an efficient way to produce large-scale 4D data and may be further
scaled through agentic pipelines. We also contribute a large-scale benchmark. Moreover, our state
transition model is purely learned from data; therefore, there might be non-conserved energy and
momentum in some of the rollouts. We will incorporate physically inspired models [71] into our
dynamic model to improve its physical plausibility in future work.
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NeurlIPS 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: Yes, the claims made accurately reflect the contributions and scope.
Guidelines:

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

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

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

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

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Yes. Please refer to the limitation paragraph in the appendix.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

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

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

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

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

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

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

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A]
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Justification: This paper does not include theoretical contributions.

Guidelines:

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

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

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

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

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

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

Answer: [Yes]

Justification: Yes. Please refer to our experiment section.

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?
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Answer:
Justification: Code and data used for experiments will be released 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 URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: Yes, please check our experiment section.
Guidelines:

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

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

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

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

Answer:

Justification: It is not widely used in this community to report error bar. Also for some
baselines, running one experiment is expensive so it is infeasible to run several experiments.

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).
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8.

10.

« 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.
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: Yes, please check our experiment section.
Guidelines:

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

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

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: Yes, we conform with 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).
Broader impacts

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

Answer: [Yes]

Justification: We discuss broader impacts in relevant sections in the introduction and
supplementary material.

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.

26


https://neurips.cc/public/EthicsGuidelines

11.

12.

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

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

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

Safeguards

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

Answer: [N/A]
Justification: There is no risk for misuse.
Guidelines:

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

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

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

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

Licenses for existing assets

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

Answer: [N/A]
Justification: The paper does not use existing assets.
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.

New assets

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

Answer: [Yes]
Justification: Yes. Please refer to relevant sections.
Guidelines:

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

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

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

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

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

Answer: [N/A]
Justification: The paper does not involve crowdsourcing.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

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

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

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

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

Answer: [N/A]
Justification: The paper does not involve crowdsourcing.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage
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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: [N/A]
Justification: The core methods does not involve LLM.
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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