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Abstract

Video-based world models hold significant potential for generating high-quality
embodied manipulation data. However, current video generation methods struggle
to achieve stable long-horizon generation: classical diffusion-based approaches
often suffer from temporal inconsistency and visual drift over multiple rollouts,
while autoregressive methods tend to compromise on visual detail. To solve
this, we introduce LongScape, a hybrid framework that adaptively combines
intra-chunk diffusion denoising with inter-chunk autoregressive causal genera-
tion. Our core innovation is an action-guided, variable-length chunking mechanism
that partitions video based on the semantic context of robotic actions. This en-
sures each chunk represents a complete, coherent action, enabling the model
to flexibly generate diverse dynamics. We further introduce a Context-aware
Mixture-of-Experts (CMoE) framework that adaptively activates specialized ex-
perts for each chunk during generation, guaranteeing high visual quality and
seamless chunk transitions. Extensive experiments on two embodied benchmarks
demonstrate that our method achieves state-of-the-art generation performance.
Notably, LongScape can support stable and temporally consistent long-horizon
generation over sequences exceeding 1,000 frames. Our code is available at:
https://anonymous.4open.science/r/AMSVVD-fdg245,

1 Introduction

Video-based world models have become a prominent research direction in embodied intelligence [[1,
2, 3, 4]. By learning environmental dynamics from embodied video data, these models function
as powerful synthetic data engines capable of generating large-scale simulated experience to train
downstream embodied policy models (such as VLA), thereby alleviating the data scarcity problem in
embodied learning [5, 16, [7]]. However, current world models are predominantly limited to generating
only very short video clips. For more long-horizon embodied tasks in the real world, these models
struggle to provide stable generation quality, posing a major challenge to their practical deployment.

Existing video world models broadly fall into diffusion-based, autoregressive, and hybrid categories,
each with inherent limitations for long-horizon generation. Diffusion models [8} 2] lack explicit causal
structure and often suffer from temporal drift over extended rollouts. Autoregressive models [9} [10]
preserve temporal causality but compromise on visual fidelity. Hybrid approaches [[11} [12} [13]
combine diffusion denoising with autoregressive generation, yet existing methods rely on fixed-
length chunks that arbitrarily segment semantically continuous actions or conflate distinct motion
patterns (e.g., locomotion and manipulation) into a single chunk. This semantic ambiguity misguides
next-chunk prediction and degrades long-range temporal coherence.

To address these challenges, we introduce LongScape, an embodied world model designed for long-
horizon video generation. Our framework adopts a hybrid approach combining intra-chunk diffusion
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denoising with inter-chunk autoregressive causal generation. The key innovation is a context-adaptive,
variable-length chunking mechanism guided by robot action priors: frames with gripper state changes
or substantial effector motion are partitioned into shorter chunks for fine-grained manipulation, while
frames with minimal motion form longer chunks for efficient generation. We pre-process embodied
datasets with this action-based rule to create chunks of four distinct granularities, and train multiple
Diffusion Transformer (DiT) experts, each specializing in a specific temporal dynamic (e.g., fine
manipulation vs. locomotion). Unlike conventional MoE architectures [[14}|15] that emphasize load
balancing, our experts are explicitly specialized by task context. A context-based dynamic router,
conditioned on text instructions and current visual features, selects the appropriate expert at each
rollout step, ensuring semantic coherence and causal consistency throughout the generated sequence.

We conduct extensive experiments on the LIBERO [16] and AGIBOT-World [17] benchmarks.
Our model achieves state-of-the-art performance in video generation quality compared to existing
diffusion, autoregressive, and hybrid baselines, maintaining visual coherence and stability over 50
rollouts and 1000 frames. Our primary contributions are:

* We propose LongScape, a novel embodied world model with adaptive chunk rollout that enables
stable long-horizon video generation.

* We introduce an action-prior-guided chunk partitioning scheme that ensures semantic coherence of
video chunks for effective causal autoregressive generation.

» Extensive experiments demonstrate state-of-the-art long-horizon generation quality with sustained
stability in visual quality and motion correctness.

2 Related Works

2.1 Video Generation Models

Video generation has been approached through diffusion models, autoregressive models, and hybrid
frameworks. Diffusion models [[18} 19,20} 21] iteratively denoise latent representations and achieve
high visual fidelity but lack explicit temporal causality, leading to drift over long sequences. Autore-
gressive models [7]] formulate generation as next-token prediction, which preserves causality but
often yields lower visual quality. Hybrid models [[L1} [12] combine diffusion denoising within an
autoregressive chain to balance both aspects. However, existing hybrid methods employ fixed-length
chunks that ignore the varying temporal dynamics of embodied tasks, where manipulation and
locomotion demand different temporal granularities.

2.2 Long-Horizon Video Generation

Long-video generation approaches can be grouped into divide-and-conquer strategies (e.g., hierar-
chical keyframe planning [22| 23| 24]]) and temporal autoregressive methods that generate chunk-
by-chunk [25} 12} [13]]. Both families share a common limitation: fixed temporal granularity. This
rigidity prevents adaptation to the heterogeneous motion patterns inherent in embodied tasks. Our
LongScape framework introduces adaptive variable-length chunking driven by action priors, applying
fine-grained diffusion to short chunks during critical interactions and efficient generation to longer
chunks during stable periods.

2.3 Embodied World Models

Embodied world models learn environmental dynamics to support synthetic data generation and
policy learning [26]]. They broadly follow two paradigms: video generation-based methods that adapt
foundation models for text- or action-conditioned synthesis [10} 2 27} 5 [3| 4], and latent prediction
methods that forecast compact state representations for planning 28, 29]. Our work belongs to the
text-conditioned video generation paradigm, with a focus on enabling stable long-horizon synthesis
for embodied scenarios.

2
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Figure 1: Action-guided chunk partitioning mechanism. This mechanism leverages embodied actions
to partition the video, ensuring each chunk contains a distinct semantic unit. It divides the stream
into short segments for active manipulation (e.g., significant movement or end-effector state changes)
and longer segments for subtle locomotion dynamics.

3 Methodology

3.1 Autoregressive video generation with chunk-wise diffusion

Embodied world models broadly fall into two paradigms: action-driven models for online interactive
control, and text-driven models for offline data synthesis. LongScape belongs to the latter, targeting
stable long-horizon text-conditioned generation as a foundation for embodied data augmentation
(validated in Section [4.4).

Inspired by the next-token-prediction autoregressive paradigm of LLMs, we approach video gen-
eration by treating a video as a sequence of temporal chunks, with each chunk (single or multiple
frames) functioning as a “token”. This enables a token-by-token rollout to generate videos, a causal
paradigm that inherently preserves causality and helps enforce physical consistency. The full video
can be represented as V = (S1,Ss, ..., Sy), where S; is the video chunk with a timestamp ¢. The
objective is to predict the next chunk based on the preceding history:

N-1

p(V) =p(S1) H P(Se41[S1,- -+, Se), ey
t=1

where S; is the video chunk at time step ¢. The central task then becomes modeling the single-step
generation process p(S¢4+1/S1, . .., S¢). Two primary paradigms exist to address this.

The first is to handle visual information similarly to language, using a tokenizer to discretize the image
into patches and then extracting discrete representations. These are then arranged in spatiotemporal
order to form the chunk’s overall token: X;, where X; = Tokenizer(S;). A transformer-based model
is then trained on a next-token prediction task to predict the subsequent chunk token X 1. While
this approach is generally efficient, the discretization of continuous visual information can lead to a
reduction in generated image quality.

The second paradigm is diffusion-based continuous generation, where the next video chunk, S; 41, is
produced through a conditional denoising process guided by the previous chunk, S;. Operating within
a continuous latent space (often from a VAE), the model starts with a noisy latent representation
of the target chunk, z;; 1 k. This representation is then iteratively refined over K steps. At each
denoising step k, a model, typically a U-Net or a Diffusion Transformer (DiT), predicts and removes
noise from the current noisy sample, z;41 ;. This operation is conditioned on the preceding chunk
S, following the process: z;1 51 = Denoise(z;41,%,S:). This refinement ultimately yields a
clean latent representation, z;41 0, which is then decoded into the final video chunk, S; ;. This
approach preserves finer local visual details, mitigates error accumulation and drift during long-range
autoregressive rollout, and benefits from the powerful generative capabilities of modern full-sequence
diffusion models. Given these advantages, we adopt a hybrid framework that combines local chunk-
based diffusion denoising with global autoregressive generation. In the following section, we elaborate
on our design of adaptive chunk partitioning to enable more efficient long-horizon video generation
within this framework.
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Figure 2: Training paradigm of LongScape. Different types of video chunks are used to train
specialized DiT experts, while a context-based dynamic router learns to allocate the next chunk to the
appropriate expert based on textual instruction and visual context.

3.2 Action-guided video chunk partition

Our design for the Context-aware Mixture-of-Experts (CMoE) in embodied video generation stems
from the observation that different phases of a robotic task involve distinct dynamic patterns. For
instance, long-range navigation toward an object requires the model to capture locomotion patterns,
while precise manipulation demands an understanding of fine-grained dynamics. Accordingly, we
propose to partition video sequences using action-state changes as a structural prior.

We focus on embodied manipulation scenarios, where robotic actions are naturally characterized by
the gripper state and end-effector pose, where the gripper state indicates the interaction events, while
the end-effector pose captures motion magnitude and direction. Concretely, we posit that robotic
action labels provide a reliable signal for video chunk partitioning, based on two key factors: (1)
changes in the gripper state reveal whether the robot is interacting with an object, and (2) motion
magnitude can be quantified with end-effector pose changes. The video is first divided into non-
overlapping base chunks of 8 frames. A final chunk is then formed by grouping 1 to 4 consecutive
base chunks, resulting in variable-length chunks of 8, 16, 24, or 32 frames.

The partitioning algorithm processes the video sequentially from the initial frame. Starting with
the first unassigned base chunk, it iteratively evaluates a candidate chunk consisting of the next n
consecutive base chunks (1 < n < 4). The partitioning steps proceed as follows:

1. Substantial Motion Detection: If the range of motion in any dimension within the candidate
chunk exceeds 6, (6, is empirically set to half of the global motion amplitude), all n base chunks
are grouped into a single chunk.

2. Maximum Length Check: If n = 4, the candidate chunk is immediately assigned as a chunk to
avoid exceeding the maximum allowed length.

3. Gripper State Change Detection: If the gripper state changes in the last base chunk of the
candidate chunk, the first n — 1 base chunks form one chunk, and the last base chunk is treated as
a separate chunk.

4. Continue Expansion: If none of the above conditions are met, n is incremented by 1, and the
process repeats—unless n already equals 4.

This approach ensures that video segments with significant motion or critical gripper state changes
are assigned shorter chunks, while segments with less dynamic activity are assigned longer chunks.
The overall process is formalized in Algorithm [I]
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Table 1: Quantitative comparison of different video world models in terms of video visual quality on
LIBERO and AGIBOT-World datasets.

LIBERO AGIBOT-World
Method
Subject Background Subject Background
PSNRT  LPIPS|  SSIMf  FVD| ConsistencyT  Consistency? PSNRT  LPIPS|  SSIMt  FVD| ConsistencyT  Consistency?
CogVideoX 19.315  0.1402  0.7729 184.69 0.8974 0.9582 15.800 0.4028 0.6733 267.39 0.8224 0.8874
Genie 19.300 0.2192  0.7267 383.82 0.9098 0.9592 16.166  0.3620  0.6058  480.45 0.8743 0.9180
Cosmos-Predict 2.5 10.047  0.5005 0.1587 413.53 0.7068 0.8832 12,523 04212 0.5331 268.71 0.8597 0.9093
NOVA 13.007 0.4483 0.4262 34691 09114 0.9580 16.043 04201 0.6998 273.60 0.8148 0.9018
MAGI-1 15330 0.3520 04721 541.39 0.8847 0.9353 14448 04849 0.5961 490.53 0.9092 0.9265
CausVid 19915 0.1383  0.7860 276.25 0.9160 0.9566 15873  0.4934 0.6920 358.33 0.6965 0.8378
Genie-Envisioner 18.204 0.2832 0.6848 417.55 09175 0.9569 14468 0.5193 0.6323 49593 0.9054 0.9192
Ours 19.977  0.1231 0.7883 153.72 0.9297 0.9622 16.493  0.3613 0.7015 256.16 0.9207 0.9341

3.3 Context-aware MoE for adaptive rollout

Following the partitioning of video into chunks of varying lengths, we introduce a Context-aware
Mixture-of-Experts (CMoE) framework to reconcile specialized DiT networks for denoising each
chunk type. This approach mitigates conflicts and forgetting issues that arise from training on diverse
motion patterns, e.g., large-scale locomotion versus fine-grained object manipulation. Our model
employs a set of K DiT experts, denoted as & = {&1, &, ..., Ex }. Each expert is initialized from the
parameters of a pre-trained CogVideoX [19]. In our implementation, we set K = 4, corresponding to
four distinct chunk types. Each expert network is composed of a stack of transformer blocks, featuring
3D full attention layers and feed-forward networks connected by Adaptive Layer Normalization
(AdaL.N) layers. We train each expert &; to perform a denoising task on its corresponding chunk type,
optimizing the objective function:

L= Ezo,ewN(O,I),TN[l,T] HE - 52'(277 T,C, St)”2 s (2)

where z is the clean latent representation of the target chunk S; 1, € is the added noise, z is the
noisy latent at diffusion time step 7, 7' is the total number of diffusion steps, c is the global text
condition, and S; is the preceding video chunk. The expert model &; predicts the noise € to be
removed, conditioned on the text prompt and the preceding visual context.

To enable adaptive inference-time expert selection, we introduce a dynamic contextual router
‘R, which is implemented by a single cross-attention transformer network, taking the global text
instruction c and visual features from the current video chunk S; as input, predicting which expert to
activate for the next chunk S; ;. The router is trained using a cross-entropy loss:

»Crouter = E(C,St,i) [_ lng(Z|C, St)] ) (3)
where 1 is the ground-truth expert index. The training process of experts and the router is presented in
Figure 2] and this process is highly efficient, requiring only a small subset of partitioned video chunks
and their corresponding chunk length labels.

The inference pipeline is illustrated in Figure[3] At each rollout step, the global text prompt and visual
features from the last frame of the current chunk are fed into the router to predict the appropriate
expert:

i* = argmax (R(c,St):) - “4)
i€{1,....K}
The activated expert ;- then generates the next chunk of the corresponding length Sy ;:
St+1 = &‘* (St, C). (5)

Although the current design focuses on robotic manipulation scenarios, the proposed CMoE frame-
work is generally applicable to long-horizon video generation with structured dynamics, and can be
extended to other action-annotated domains such as mobile navigation and human motion. We leave
large-scale validation on general long-form video benchmarks to future work.

4 Experiments

4.1 Experimental Setup

Datasets. We conduct experiments on LIBERO [16] and AGIBOT-World [17], both focusing on
long-horizon composite embodied manipulation tasks (e.g., folding clothes). Detailed descriptions

are provided in Appendix
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Figure 3: Inference pipeline of LongScape. At each autoregressive step, the dynamic router leverages
the global text instruction and the visual features of the current chunk to select the appropriate DiT
expert. The selected expert then generates the subsequent video chunk via diffusion denoising, with
this iterative process continuing to produce a long video sequence.
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Figure 4: Qualitative comparison on AGIBOT-World dataset with text instruction “grasp the lower
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we select several models with good results and sample six frames from the generated long video
sequences for better presentation.

NOVA

CausVid

GT

Baselines. We compare LongScape against three categories of state-of-the-art models:

 Foundational Video Generation Models: CogVideoX [19], Genie [9]], Cosmos-Predict 2.5 [77]],
and NOVA [11]].

 Long-Horizon Video Generation Models: MAGI-1 [12] and CausVid [13]].

« Embodied World Models: Genie-Envisioner [2].

This selection covers both general video generation architectures and specialized long-horizon
methods. Further model details are in Appendix [A3]
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Figure 5: Visualization of the ablation study on AGIBOT-World dataset. We compare LongScape with
variants using only fixed-length chunks. These fixed-length approaches often exhibit discontinuous
or physically implausible actions. In contrast, LongScape, by incorporating an adaptive expert
mechanism, ensures action coherence and stable generation.

Table 2: Ablation study of using various fixed-length chunk generation and the MoE designs.

LIBERO AGIBOT-World
Method
Subject Background Subject Background
PSNRT  LPIPS|  SSIMt  FVD] Consistency?  Consistency? PSNRT  LPIPS|  SSIMt FVD| Consistency?  Consistency?
LongScape 19.977  0.1231 0.7883 153.72 0.9297 0.9622 16.493  0.3613 0.7015 256.16 0.9207 0.9341
32-frame chunk  19.755  0.1285 0.7845 180.31 0.9091 0.9610 15.641  0.4286 0.6702 282.38 0.8535 0.9111
24-frame chunk  19.620  0.1314  0.7798 191.02 0.9104 0.9620 15.903  0.4034 0.6814 303.75 0.8952 0.9328
16-frame chunk  19.640  0.1388  0.7783  176.55 0.9129 0.9614 15.894 03852  0.6917 373.50 0.9090 0.9328
8-frame chunk  18.893  0.1629  0.7518 229.71 0.8999 0.9599 15.578  0.4052  0.6669 387.49 0.8789 0.9178
Unified Expert ~ 12.895  0.4277  0.4387 365.35 0.9028 0.9583 - - - - - -

Metrics. We evaluate using PSNR, SSIM, LPIPS, FVD, subject consistency, and background
consistency (see Appendix [A-4).

Implementation. Each DiT expert has 5.57B parameters; the router has 108.57M (AGIBOT-World)
and 71.35M (LIBERO) parameters. All models are trained on 30,000 clips sampled at 10 Hz. Full
training configurations and resource requirements are detailed in Appendix [A.3]

4.2 Main results

Quantitative comparison. Quantitative evaluations in Table|l|demonstrate that our model achieves
superior performance across all four metrics on both the LIBERO and AGIBOT-World datasets.
These benchmarks focus on long-horizon composite embodied manipulation tasks (each task
lasting approximately 20 seconds), which generally require multiple rollout steps to generate the full
video sequence. Compared with the most competitive baseline, LongScape achieves an average 8.6%
improvement on LIBERO dataset and 5.8% improvement on AGIBOT-World dataset. For diffusion-
based models such as CogVideoX, we generate the entire long frame sequence in a single forward
pass. For autoregressive and hybrid models, long sequences were produced through iterative rollouts.
However, these methods have significant drawbacks. Diffusion models often generate physically
implausible content due to their parallel frame generation mechanism, while the autoregressive
models suffer from error accumulation, where early inaccuracies propagate and amplify over time.
These limitations hinder both baseline types from producing coherent long-range videos. Our model’s
architecture avoids these issues by flexibly generating chunks with full semantic integrity. This
approach ensures high-quality generation within each chunk and maintains strong causal relationships
between them, making our model exceptionally well-suited for long-horizon generation tasks.
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Table 3: Per-frame generation time (in seconds) on LIBERO dataset.

32-frame 24-frame 16-frame 8-frame
chunk chunk chunk chunk

Time/Frame (s)  0.5598 0.6189 0.7323 1.0912 0.7974

Method LongScape

Table 4: Quantitative comparison of different models on out-of-domain tasks on AGIBOT-World
dataset.

Subject Background

Method  PSNRT LPIPS| SSIM{ FVD| il o o eneyt

CogVideoX 15.528 0.3877 0.6465 301.80 0.8649 0.8916
Genie 11.863  0.6234  0.2716 385.78 0.8186 0.9028
NOVA 13.167 0.5406 0.4601 435.50 0.7816 0.8895

CausVid 9.833  0.6754 0.2376 470.38 0.7585 0.8449

LongScape 15936  0.3717  0.6585 297.16 0.9172 0.9167

Qualitative results. To provide a more intuitive comparison of our method’s effectiveness against
the baselines, we offer a set of visualizations of the generated results. Figure ] presents a challenging
cloth-folding task from the AGIBOT-World dataset. This task requires a high level of spatiotemporal
coherence and a strong understanding of physical laws. Here, CogVideoX produces blurry artifacts.
NOVA suffers from objects disappearing from the scene. By comparsion, our model consistently
maintains a plausible deformation of the cloth and generates a continuous, coherent motion sequence
even with multiple rollouts. Figure [6] shows the generation of a complex manipulation task from the
LIBERO dataset. This task involves multiple steps, such as picking and placing objects and closing a
drawer.

As shown in the visualization, CogVideoX suffers from ghosting artifacts in later frames. CausVid
again blurs subject. NOVA misinterprets the instruction, picking up the wrong object, while Genie
fails in the very first pickup action. In contrast, our model maintains coherent actions across multiple
rollouts, producing a logical and successfully executed task sequence.

4.3 Ablation Study

Effectiveness of the context-based MoE. Effectiveness of the context-based MoE. To validate our
MOoE design, we compare LongScape against four variants each using a single expert trained on fixed-
length chunks (8, 16, 24, or 32 frames). As shown in Table[2] all fixed-length variants underperform
our CMoE on both datasets. Longer chunks (e.g., 32 frames) perform slightly better than shorter ones
(e.g., 8 frames), which we attribute to very short chunks failing to capture semantically complete
actions.

To disentangle variable-length chunking from additional model capacity, we further compare against
a Unified Expert baseline: a single DiT trained on mixed chunks of all four lengths. The Unified
Expert achieves substantially worse performance (e.g., 12.895 vs. 19.977 PSNR on LIBERO) and
even underperforms the best fixed-length expert, confirming that a single model cannot effectively
learn all temporal granularities simultaneously. Multi-expert specialization is therefore necessary to
realize the benefits of variable-length chunking.

Qualitative results (Figure[5|and Figure[7) further illustrate that fixed-length designs suffer from mode
collapse: long-chunk models produce only coarse locomotion, while short-chunk models exhibit
poor motion dynamics. Our CMoE flexibly handles both patterns, producing consistently coherent
generation.

Effectiveness of the dynamic router. We evaluate the router as a four-class classification task on
12,700 LIBERO test samples, achieving 91.4% accuracy. We also examine the effect of routing errors
during autoregressive rollout: when an incorrect expert is selected, the transition remains visually
plausible due to high overlap between adjacent contexts, and such errors do not accumulate—the
visual features of the newly generated frame naturally steer the router back within a few steps,
preserving long-range stability.
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Table 5: Downstream policy success rates (%) on LIBERO_10 when training 70.5 with varying
amounts of LongScape-generated data. Short video augmentation (CogVideoX, 5 s) is shown for
comparison.

Real Data Augmented Data Success Rate (%)
500 0 (baseline) 58.4
500 500 long (LongScape) 62.8
500 1000 long (LongScape) 66.0
500 1500 long (LongScape) 68.2
500 1500 short (CogVideoX) 44.6

We further verify the robustness of our action-guided chunking by conducting a sensitivity analysis
on the motion threshold 6,. Across 64 € [0.3,0.7], LongScape consistently outperforms the best
fixed-length expert (details in Appendix [A.6). We use 6; = 0.5 throughout.

Throughput analysis of the MoE architecture. Table |3| reports per-frame generation time on
LIBERO. Fixed-chunk models become slower as chunk length decreases; LongScape achieves
0.7974s per frame, an intermediate value balancing fine-grained detail and parallel efficiency. The
multi-expert design incurs negligible overhead: training uses data-parallel fine-tuning (total compute
equals one full fine-tune), inference activates only one expert at a time, and storing four experts
requires approximately 42 GB in half precision—feasible on a single NVIDIA RTX 4090D GPU.

Out-of-Domain Generalization on Unseen Tasks. We evaluate generalization by training exclu-
sively on “cloth folding” and testing on “pick-and-place” in an unseen supermarket environment. As
shown in Table ] LongScape outperforms all baselines across all metrics, confirming its ability to
learn task-agnostic dynamics.

4.4 Generated Data for Downstream Policy Learning

To verify that LongScape’s long-horizon generation translates to practical embodied learning benefits,
we evaluate its synthetic data in downstream policy training. Using 70.5 on LIBERO_10, we augment
a baseline set of 500 real demonstrations with LongScape-generated trajectories of varying sizes. We
also compare with an equal volume of short clips (approx. 5 s) from CogVideoX, representing typical
short-horizon generation.

As shown in Table 5] LongScape-generated long videos consistently improve policy success rate,
reaching a 9.8% absolute gain over the real-data-only baseline. Conversely, short video augmentation
degrades performance to 44.6%, likely because truncated clips fail to capture the full temporal
dynamics of real manipulation tasks. These results confirm that LongScape’s stable long-horizon
generation directly benefits embodied policy learning, rather than serving merely as a video quality
benchmark.

5 Conclusion and Future Works

In this work, we introduce LongScape, a novel framework for long-horizon embodied world modeling
that adaptively integrates diffusion denoising with autoregressive generation. Our method leverages
action priors to guide video chunk partitioning and employs a dynamic router to activate specialized
generation experts. This approach enables the production of video tailored to the semantic context of
each chunk, significantly enhancing visual quality and coherence. Experimental results demonstrate
that LongScape outperforms existing approaches by maintaining stable and coherent video generation
over extended horizons.

Despite these advancements, several directions merit further exploration. First, while the current
action-guided chunking mechanism relies on heuristic rules, future work could investigate learning-
based chunking strategies to achieve more flexible and task-aware video partitioning. Second,
extending LongScape to support multi-view camera inputs would further enhance its applicability in
complex real-world scenarios.
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A Appendix

A.1 Reproducibility statement

To ensure reproducibility, we have made our code and some visualization cases available
in the following anonymous repository for review: https://anonymous.4open.science/r/
AMSVVD-fdg245..

A.2 Details of Datasets

We conduct experiments on LIBERO and AGIBOT-World datasets, both focusing on long-horizon
composite embodied manipulation tasks.

* LIBERO [16]l: A benchmark for lifelong robot learning, including 130 diverse manipulation
tasks organized into specialized suites (LIBERO-Spatial, LIBERO-Object, LIBERO-Goal, and
LIBERO-100) to study knowledge transfer across variations in object spatial relationships, object
types, and task goals. In our experiments, we performed training and evaluation on each of the 130
tasks individually.

* AGIBOT-World [17]]: A large-scale real-world dataset collected with a wheeled dual-arm robot. It
covers over 100 real-world scenarios across five core environments (household, catering, industrial,
commercial, office) and contains a high proportion of long-horizon tasks. Our experiments utilize a
subset focusing on two representative long-horizon task categories: folding clothes and pick-and-
place operations.

A.3 Details of Baselines

We compare our approach with seven advanced video generation world models, covering purely
diffusion-based, autoregressive, and combined diffusion-autoregressive architectures, which are
detailed as follows.

* CogVideoX [19]: An advanced open-source diffusion-based text-to-video model. Its core innova-
tion is a DiT-based expert transformer that employs 3D full attention to effectively model complex
spatiotemporal relationships, achieving high visual fidelity. We use the 5B parameter version for a
fair comparison.

* Genie [9]]: A large-scale autoregressive foundation world model. It operates by encoding video
frames into discrete tokens and employs a spatial-temporal transformer for next-token prediction.
As a seminal work, it demonstrates the potential of scaling autoregressive paradigms for diverse
video generation tasks.

* Cosmos-Predict 2.5 [7]: An autoregressive world model for physical scene reasoning. Built upon a
Llama 3-style architecture, it is specifically designed to predict the future states of dynamic scenes,
making it a strong baseline for tasks requiring physical consistency and long-horizon forecasting.

* NOVA [L1]: A hybrid diffusion-autoregressive model designed for streaming video generation. It
integrates per-frame diffusion denoising within an autoregressive framework, ensuring both high
intra-frame detail and robust inter-frame temporal coherence across long sequences.

* MAGI-1 [12]: A state-of-the-art hybrid model for long video generation. It performs fixed-
length diffusion denoising within an autoregressive chain, effectively balancing the visual quality
advantages of diffusion models with the long-range consistency of autoregressive approaches.

» CausVid [13]: A video generation model that emphasizes causal consistency. It employs a teacher-
student distillation framework, which transfers the knowledge from a pre-trained diffusion model
to a fast autoregressive generator for efficient streaming generation.

* Genie-Envisioner [2]]: A unified world foundation platform specifically designed for embodied
scenarios. It facilitates realistic video prediction for robotic manipulation by supporting multi-view
camera inputs and action conditioning, serving as a strong baseline in the domain of embodied Al

A.4 Details of Metrics

We evaluate the generated videos using the following metrics:
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* PSNR: It evaluates the pixel-level similarity between generated and ground-truth frames.
» LPIPS: It measures the image feature similarity of generated and ground truth frames.

» SSIM: It assesses the brightness, contrast, and structural consistency between generated and ground
truth frames.

* FVD: It measures the distance between real and generated video feature distributions.

* Subject Consistency: It measures the perceptual stability of the main subject across the video
frames, following VBench [30] protocol..

» Background Consistency: It assesses the temporal coherence and invariance of the background
scene throughout the video, following VBench [30]] protocol.

A.5 Details of Implementation

For both datasets, each DiT expert contains 5.57B parameters, initialized from the CogVideoX-5B
checkpoint [19]]. The dynamic router has 108.57M parameters for AGIBOT-World and 71.35M
parameters for LIBERO. We sample videos at 10 Hz from LIBERO and AGIBOT-World, yielding
approximately 30,000 training clips from each source. Each expert is fine-tuned independently on
its designated chunk type for 2 epochs using 4 NVIDIA H20 GPUs, requiring around 24 hours per
expert. The router is trained for a similar duration (24 hours) on 4 NVIDIA H20 GPUs. Inference
throughput measurements are conducted on a single NVIDIA GeForce RTX 4090D GPU.

Algorithm 1 Algorithm of chunk partition

Input: Video frames F', action sequence A for each frame
Output: Partitioned chunks set S = {S1,52,...,5%}

1: Divide video into base chunks C' of 8 frames each

2: Calculate action thresholds 6, for each dimension d € {z, y, z, pitch, yaw, roll}
3: while not all base chunks processed do:

Check candidate chunk C'.,, of length n (1-4 base chunks):

if AAg 1., > 0q then: add Cy., to S

else if n=4 then: add C7.,, to S

else if gripper state changes in C,, then: add C;.,_1 and C), to S

else: increase n and continue checking

[ AN AN

A.6 Sensitivity Analysis of Motion Threshold 6,

We evaluated 64 € {0.3,0.5,0.7} on the complete LongScape pipeline. All three settings outperform
the best single fixed-length expert, with §; = 0.5 yielding the optimal trade-off.

Table 6: Performance across different 8, values on LIBERO.

0, PSNRt LPIPS| SSIMt? FVDJ
0.3 19.865 0.1246  0.7883 158.93
0.5 19.977 0.1231 0.7883 153.72
0.7 19.923  0.1243  0.7856 172.74

Best single DiT  19.755  0.1285 0.7845 180.31
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Figure 6: Qualitative comparison on LIBERO dataset with text instruction “put the chocolate pudding
in the top drawer of the cabinet and close it”. Here we select several models with good results and
sample eight frames from the generated long video sequences for better presentation.
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Figure 7: Visualization of the ablation study on LIBERO dataset. We compare LongScape with
variants using only fixed-length chunks. These fixed-length approaches often exhibit discontinuous
or physically implausible actions. In contrast, LongScape, by incorporating an adaptive expert
mechanism, ensures action coherence and stable generation.
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B Limitations

Despite the strong performance of LongScape, several limitations merit discussion.

Heuristic chunking. Our action-guided chunk partitioning relies on manually defined rules (gripper
state changes and motion thresholds). While we have verified its robustness across a wide range of
64 values (see Appendix [A.6), the heuristic nature may limit applicability to domains where such
structured action labels are unavailable, such as in-the-wild human demonstration videos. Extending
LongScape with learned or vision-based chunking strategies is a promising direction for future work.

Text-driven paradigm. LongScape is designed as a text-conditioned generative world model for
offline data synthesis, rather than an action-conditioned interactive world model. It does not natively
support real-time closed-loop control or online correction during rollout. Extending the architecture
to incorporate explicit action conditioning is feasible but has not been validated in this work.

Domain scope. Our experiments focus on robotic manipulation tasks (LIBERO and AGIBOT-World).
While we demonstrate zero-shot transfer between manipulation task categories, performance on other
embodied domains (e.g., navigation, quadruped locomotion) remains unexplored.

Computational storage. Although inference activates only one expert at a time, storing all four
DiT experts requires approximately 42 GB in half precision. This is manageable for server-grade
hardware but may be burdensome for resource-constrained deployments.

We believe these limitations represent meaningful directions for future investigation rather than
fundamental flaws, and we openly discuss them to guide subsequent research.

C Broader Impacts

Positive societal impacts. LongScape advances the capability of embodied world models to generate
long, coherent video trajectories from text instructions. This can lower the cost and improve the safety
of training robotic agents by providing high-quality synthetic data for simulation-based learning,
potentially reducing the need for expensive and potentially hazardous real-world data collection.
Applications in assistive robotics, manufacturing automation, and accessible robot learning tools
could benefit from this line of research.

Negative societal impacts and risks. As with any technology that generates realistic visual sequences,
there are potential risks. First, LongScape-generated videos, while visually coherent, may contain
physically implausible or unsafe actions that are not immediately apparent. If used directly for policy
training without sufficient real-world validation, this could lead to policy failures when deployed on
physical robots. Second, the ability to synthesize plausible manipulation sequences could be misused
to create misleading demonstrations of robotic capabilities, e.g., generating videos that falsely suggest
a robot can perform a dangerous or unethical task. Third, over-reliance on synthetic data could reduce
incentives for collecting real-world safety-critical data.

Mitigation strategies. We encourage the following safeguards: (i) all policies trained on LongScape-
generated data should undergo rigorous real-world validation before deployment; (ii) generated
videos should be clearly labeled as synthetic when shared; (iii) evaluation protocols for physical
plausibility and safety should complement standard visual quality metrics. We will release our model
checkpoint with a responsible use guideline that outlines these considerations.

Intended use. LongScape is a research prototype intended for academic investigation of world mod-
eling and simulation-based learning. It is not designed or validated for direct real-world deployment
without comprehensive safety testing.
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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: The abstract and introduction clearly state our contribution of LongScape,
an action-guided variable-length chunking framework with context-aware MoE for long-
horizon embodied video generation, and all claims are supported by the experimental
results.

Guidelines:

e The answer [N/A| 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 or
[IN/A] 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.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: A dedicated “Limitations” section iscusses the heuristic chunking rules, text-
driven paradigm, domain scope, and storage cost. We also outline directions for future
mitigation. See

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer 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
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A]
Justification: The paper does not include theoretical results.
Guidelines:

» The answer [N/A] 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.

. 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: We provide anonymized code (link in abstract and Appendix [A.T), detailed
model architectures, training configurations, and hyperparameters in Section 4.T|and Ap-
pendix[A.5] The datasets used are publicly available.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.
* If the paper includes experiments, a 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.
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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]

Justification: Justification: An anonymous code repository is provided, containing scripts
for data preprocessing, training, and evaluation. The datasets (LIBERO, AGIBOT-World)
are publicly available.

Guidelines:

* The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.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 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 !
//neurips.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, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: Training details (sampling rate, number of clips, expert/routing training epochs,
GPU type, batch size, learning rate schedules) are described in Section|.T|and Appendix[A.5]

Guidelines:

* The answer [N/A] 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.

. 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: Error bars are not reported. Due to the high computational cost of training
multiple DiT experts and performing long-horizon rollouts, each experiment was run once
with a fixed random seed. We do not claim statistical significance based on multiple runs,
and our main conclusions are drawn from consistent improvements across two datasets and
multiple metrics.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.
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8.

10.

* The authors should answer [Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

o 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).

e 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: Section 4.1 and Appendix specify the GPU models (NVIDIA H20, RTX
4090D), training time (approx. 24h per expert), and inference throughput (Table [3).

Guidelines:

* The answer [N/A] 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: Justification: We have reviewed the NeurIPS Code of Ethics and confirm that
our research adheres to it. No human subjects were involved, and we discuss potential
societal impacts in the Impact Statement.

Guidelines:
* The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.
o If the authors answer , 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?
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11.

12.

Answer: [Yes]

Justification: The “Broader Impacts™ section discusses positive impacts (e.g., safer robotic
simulation, data augmentation) and negative risks (e.g., physical implausibility, misleading
demos, reduced real-world data collection), along with mitigation strategies and intended
use. See

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

o If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

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

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

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

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., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A].

Justification: We do not release a new pre-trained model or scraped dataset with high misuse
risk. Our model is a fine-tuned version of an existing open-source video model for research
purposes only.

Guidelines:

e The answer [N/A] means that the paper poses no such risks.

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

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

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

Licenses for existing assets

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

Answer: [Yes]

Justification: All datasets (LIBERO, AGIBOT-World) and baseline models (CogVideoX,
etc.) are properly cited. We have respected their licenses for academic research.
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13.

14.

15.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

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

Answer: [Yes]

Justification: We provide an anonymized code repository with documentation on how to
run the experiments. The code includes the data preprocessing, training, and evaluation
pipelines.

Guidelines:

* The answer [N/A] 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 or research with human subjects.
Guidelines:

* The answer [N/A]| 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?
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806 Answer: [N/A]

807 Justification: The paper does not involve research with human subjects.
808 Guidelines:
809 » The answer [N/A] means that the paper does not involve crowdsourcing nor research
810 with human subjects.
811 * Depending on the country in which research is conducted, IRB approval (or equivalent)
812 may be required for any human subjects research. If you obtained IRB approval, you
813 should clearly state this in the paper.
814 * We recognize that the procedures for this may vary significantly between institutions
815 and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
816 guidelines for their institution.
817 * For initial submissions, do not include any information that would break anonymity (if
818 applicable), such as the institution conducting the review.
819 16. Declaration of LLM usage
820 Question: Does the paper describe the usage of LLMs if it is an important, original, or
821 non-standard component of the core methods in this research? Note that if the LLM is used
822 only for writing, editing, or formatting purposes and does not impact the core methodology,
823 scientific rigor, or originality of the research, declaration is not required.
824 Answer: [N/A]
825 Justification: LLMs were used solely for writing assistance and do not form any part of the
826 core method or scientific contribution.
827 Guidelines:
828 * The answer [N/A] means that the core method development in this research does not
829 involve LLMs as any important, original, or non-standard components.
830 * Please refer to our LLM policy in the NeurIPS handbook for what should or should not
831 be described.
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