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Abstract

Video-based world models hold significant potential for generating high-quality1

embodied manipulation data. However, current video generation methods struggle2

to achieve stable long-horizon generation: classical diffusion-based approaches3

often suffer from temporal inconsistency and visual drift over multiple rollouts,4

while autoregressive methods tend to compromise on visual detail. To solve5

this, we introduce LongScape, a hybrid framework that adaptively combines6

intra-chunk diffusion denoising with inter-chunk autoregressive causal genera-7

tion. Our core innovation is an action-guided, variable-length chunking mechanism8

that partitions video based on the semantic context of robotic actions. This en-9

sures each chunk represents a complete, coherent action, enabling the model10

to flexibly generate diverse dynamics. We further introduce a Context-aware11

Mixture-of-Experts (CMoE) framework that adaptively activates specialized ex-12

perts for each chunk during generation, guaranteeing high visual quality and13

seamless chunk transitions. Extensive experiments on two embodied benchmarks14

demonstrate that our method achieves state-of-the-art generation performance.15

Notably, LongScape can support stable and temporally consistent long-horizon16

generation over sequences exceeding 1,000 frames. Our code is available at:17

https://anonymous.4open.science/r/AMSVVD-fdg245.18

1 Introduction19

Video-based world models have become a prominent research direction in embodied intelligence [1,20

2, 3, 4]. By learning environmental dynamics from embodied video data, these models function21

as powerful synthetic data engines capable of generating large-scale simulated experience to train22

downstream embodied policy models (such as VLA), thereby alleviating the data scarcity problem in23

embodied learning [5, 6, 7]. However, current world models are predominantly limited to generating24

only very short video clips. For more long-horizon embodied tasks in the real world, these models25

struggle to provide stable generation quality, posing a major challenge to their practical deployment.26

Existing video world models broadly fall into diffusion-based, autoregressive, and hybrid categories,27

each with inherent limitations for long-horizon generation. Diffusion models [8, 2] lack explicit causal28

structure and often suffer from temporal drift over extended rollouts. Autoregressive models [9, 10]29

preserve temporal causality but compromise on visual fidelity. Hybrid approaches [11, 12, 13]30

combine diffusion denoising with autoregressive generation, yet existing methods rely on fixed-31

length chunks that arbitrarily segment semantically continuous actions or conflate distinct motion32

patterns (e.g., locomotion and manipulation) into a single chunk. This semantic ambiguity misguides33

next-chunk prediction and degrades long-range temporal coherence.34

To address these challenges, we introduce LongScape, an embodied world model designed for long-35

horizon video generation. Our framework adopts a hybrid approach combining intra-chunk diffusion36
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denoising with inter-chunk autoregressive causal generation. The key innovation is a context-adaptive,37

variable-length chunking mechanism guided by robot action priors: frames with gripper state changes38

or substantial effector motion are partitioned into shorter chunks for fine-grained manipulation, while39

frames with minimal motion form longer chunks for efficient generation. We pre-process embodied40

datasets with this action-based rule to create chunks of four distinct granularities, and train multiple41

Diffusion Transformer (DiT) experts, each specializing in a specific temporal dynamic (e.g., fine42

manipulation vs. locomotion). Unlike conventional MoE architectures [14, 15] that emphasize load43

balancing, our experts are explicitly specialized by task context. A context-based dynamic router,44

conditioned on text instructions and current visual features, selects the appropriate expert at each45

rollout step, ensuring semantic coherence and causal consistency throughout the generated sequence.46

We conduct extensive experiments on the LIBERO [16] and AGIBOT-World [17] benchmarks.47

Our model achieves state-of-the-art performance in video generation quality compared to existing48

diffusion, autoregressive, and hybrid baselines, maintaining visual coherence and stability over 5049

rollouts and 1000 frames. Our primary contributions are:50

• We propose LongScape, a novel embodied world model with adaptive chunk rollout that enables51

stable long-horizon video generation.52

• We introduce an action-prior-guided chunk partitioning scheme that ensures semantic coherence of53

video chunks for effective causal autoregressive generation.54

• Extensive experiments demonstrate state-of-the-art long-horizon generation quality with sustained55

stability in visual quality and motion correctness.56

2 Related Works57

2.1 Video Generation Models58

Video generation has been approached through diffusion models, autoregressive models, and hybrid59

frameworks. Diffusion models [18, 19, 20, 21] iteratively denoise latent representations and achieve60

high visual fidelity but lack explicit temporal causality, leading to drift over long sequences. Autore-61

gressive models [7] formulate generation as next-token prediction, which preserves causality but62

often yields lower visual quality. Hybrid models [11, 12] combine diffusion denoising within an63

autoregressive chain to balance both aspects. However, existing hybrid methods employ fixed-length64

chunks that ignore the varying temporal dynamics of embodied tasks, where manipulation and65

locomotion demand different temporal granularities.66

2.2 Long-Horizon Video Generation67

Long-video generation approaches can be grouped into divide-and-conquer strategies (e.g., hierar-68

chical keyframe planning [22, 23, 24]) and temporal autoregressive methods that generate chunk-69

by-chunk [25, 12, 13]. Both families share a common limitation: fixed temporal granularity. This70

rigidity prevents adaptation to the heterogeneous motion patterns inherent in embodied tasks. Our71

LongScape framework introduces adaptive variable-length chunking driven by action priors, applying72

fine-grained diffusion to short chunks during critical interactions and efficient generation to longer73

chunks during stable periods.74

2.3 Embodied World Models75

Embodied world models learn environmental dynamics to support synthetic data generation and76

policy learning [26]. They broadly follow two paradigms: video generation-based methods that adapt77

foundation models for text- or action-conditioned synthesis [10, 2, 27, 5, 3, 4], and latent prediction78

methods that forecast compact state representations for planning [28, 29]. Our work belongs to the79

text-conditioned video generation paradigm, with a focus on enabling stable long-horizon synthesis80

for embodied scenarios.81
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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 Methodology82

3.1 Autoregressive video generation with chunk-wise diffusion83

Embodied world models broadly fall into two paradigms: action-driven models for online interactive84

control, and text-driven models for offline data synthesis. LongScape belongs to the latter, targeting85

stable long-horizon text-conditioned generation as a foundation for embodied data augmentation86

(validated in Section 4.4).87

Inspired by the next-token-prediction autoregressive paradigm of LLMs, we approach video gen-88

eration by treating a video as a sequence of temporal chunks, with each chunk (single or multiple89

frames) functioning as a “token”. This enables a token-by-token rollout to generate videos, a causal90

paradigm that inherently preserves causality and helps enforce physical consistency. The full video91

can be represented as V = (S1,S2, . . . ,SN ), where St is the video chunk with a timestamp t. The92

objective is to predict the next chunk based on the preceding history:93

p(V) = p(S1)

N−1∏
t=1

p(St+1|S1, . . . ,St), (1)

where St is the video chunk at time step t. The central task then becomes modeling the single-step94

generation process p(St+1|S1, . . . ,St). Two primary paradigms exist to address this.95

The first is to handle visual information similarly to language, using a tokenizer to discretize the image96

into patches and then extracting discrete representations. These are then arranged in spatiotemporal97

order to form the chunk’s overall token: Xt, where Xt = Tokenizer(St). A transformer-based model98

is then trained on a next-token prediction task to predict the subsequent chunk token Xt+1. While99

this approach is generally efficient, the discretization of continuous visual information can lead to a100

reduction in generated image quality.101

The second paradigm is diffusion-based continuous generation, where the next video chunk, St+1, is102

produced through a conditional denoising process guided by the previous chunk, St. Operating within103

a continuous latent space (often from a VAE), the model starts with a noisy latent representation104

of the target chunk, zt+1,K . This representation is then iteratively refined over K steps. At each105

denoising step k, a model, typically a U-Net or a Diffusion Transformer (DiT), predicts and removes106

noise from the current noisy sample, zt+1,k. This operation is conditioned on the preceding chunk107

St, following the process: zt+1,k−1 = Denoise(zt+1,k,St). This refinement ultimately yields a108

clean latent representation, zt+1,0, which is then decoded into the final video chunk, St+1. This109

approach preserves finer local visual details, mitigates error accumulation and drift during long-range110

autoregressive rollout, and benefits from the powerful generative capabilities of modern full-sequence111

diffusion models. Given these advantages, we adopt a hybrid framework that combines local chunk-112

based diffusion denoising with global autoregressive generation. In the following section, we elaborate113

on our design of adaptive chunk partitioning to enable more efficient long-horizon video generation114

within this framework.115
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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 partition116

Our design for the Context-aware Mixture-of-Experts (CMoE) in embodied video generation stems117

from the observation that different phases of a robotic task involve distinct dynamic patterns. For118

instance, long-range navigation toward an object requires the model to capture locomotion patterns,119

while precise manipulation demands an understanding of fine-grained dynamics. Accordingly, we120

propose to partition video sequences using action-state changes as a structural prior.121

We focus on embodied manipulation scenarios, where robotic actions are naturally characterized by122

the gripper state and end-effector pose, where the gripper state indicates the interaction events, while123

the end-effector pose captures motion magnitude and direction. Concretely, we posit that robotic124

action labels provide a reliable signal for video chunk partitioning, based on two key factors: (1)125

changes in the gripper state reveal whether the robot is interacting with an object, and (2) motion126

magnitude can be quantified with end-effector pose changes. The video is first divided into non-127

overlapping base chunks of 8 frames. A final chunk is then formed by grouping 1 to 4 consecutive128

base chunks, resulting in variable-length chunks of 8, 16, 24, or 32 frames.129

The partitioning algorithm processes the video sequentially from the initial frame. Starting with130

the first unassigned base chunk, it iteratively evaluates a candidate chunk consisting of the next n131

consecutive base chunks (1 ≤ n ≤ 4). The partitioning steps proceed as follows:132

1. Substantial Motion Detection: If the range of motion in any dimension within the candidate133

chunk exceeds θd (θd is empirically set to half of the global motion amplitude), all n base chunks134

are grouped into a single chunk.135

2. Maximum Length Check: If n = 4, the candidate chunk is immediately assigned as a chunk to136

avoid exceeding the maximum allowed length.137

3. Gripper State Change Detection: If the gripper state changes in the last base chunk of the138

candidate chunk, the first n− 1 base chunks form one chunk, and the last base chunk is treated as139

a separate chunk.140

4. Continue Expansion: If none of the above conditions are met, n is incremented by 1, and the141

process repeats—unless n already equals 4.142

This approach ensures that video segments with significant motion or critical gripper state changes143

are assigned shorter chunks, while segments with less dynamic activity are assigned longer chunks.144

The overall process is formalized in Algorithm 1.145
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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.

Method LIBERO AGIBOT-World

PSNR↑ LPIPS↓ SSIM↑ FVD↓ Subject
Consistency↑

Background
Consistency↑ PSNR↑ LPIPS↓ SSIM↑ FVD↓ Subject

Consistency↑
Background
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 0.4212 0.5331 268.71 0.8597 0.9093
NOVA 13.007 0.4488 0.4262 346.91 0.9114 0.9580 16.043 0.4201 0.6998 273.60 0.8148 0.9018

MAGI-1 15.330 0.3520 0.4721 541.39 0.8847 0.9353 14.448 0.4849 0.5961 490.53 0.9092 0.9265
CausVid 19.915 0.1383 0.7860 276.25 0.9160 0.9566 15.873 0.4934 0.6920 358.33 0.6965 0.8378

Genie-Envisioner 18.204 0.2832 0.6848 417.55 0.9175 0.9569 14.468 0.5193 0.6323 495.93 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 rollout146

Following the partitioning of video into chunks of varying lengths, we introduce a Context-aware147

Mixture-of-Experts (CMoE) framework to reconcile specialized DiT networks for denoising each148

chunk type. This approach mitigates conflicts and forgetting issues that arise from training on diverse149

motion patterns, e.g., large-scale locomotion versus fine-grained object manipulation. Our model150

employs a set of K DiT experts, denoted as E = {E1, E2, . . . , EK}. Each expert is initialized from the151

parameters of a pre-trained CogVideoX [19]. In our implementation, we set K = 4, corresponding to152

four distinct chunk types. Each expert network is composed of a stack of transformer blocks, featuring153

3D full attention layers and feed-forward networks connected by Adaptive Layer Normalization154

(AdaLN) layers. We train each expert Ei to perform a denoising task on its corresponding chunk type,155

optimizing the objective function:156

Li = Ez0,ϵ∼N (0,I),τ∼[1,T ]

[
∥ϵ− Ei(zτ , τ, c,St)∥2

]
, (2)

where z0 is the clean latent representation of the target chunk St+1, ϵ is the added noise, zτ is the157

noisy latent at diffusion time step τ , T is the total number of diffusion steps, c is the global text158

condition, and St is the preceding video chunk. The expert model Ei predicts the noise ϵ to be159

removed, conditioned on the text prompt and the preceding visual context.160

To enable adaptive inference-time expert selection, we introduce a dynamic contextual router161

R, which is implemented by a single cross-attention transformer network, taking the global text162

instruction c and visual features from the current video chunk St as input, predicting which expert to163

activate for the next chunk St+1. The router is trained using a cross-entropy loss:164

Lrouter = E(c,St,i) [− log p(i|c,St)] , (3)
where i is the ground-truth expert index. The training process of experts and the router is presented in165

Figure 2 and this process is highly efficient, requiring only a small subset of partitioned video chunks166

and their corresponding chunk length labels.167

The inference pipeline is illustrated in Figure 3. At each rollout step, the global text prompt and visual168

features from the last frame of the current chunk are fed into the router to predict the appropriate169

expert:170

i∗ = argmax
i∈{1,...,K}

(R(c,St)i) . (4)

The activated expert Ei∗ then generates the next chunk of the corresponding length St+1:171

St+1 = Ei∗(St, c). (5)

Although the current design focuses on robotic manipulation scenarios, the proposed CMoE frame-172

work is generally applicable to long-horizon video generation with structured dynamics, and can be173

extended to other action-annotated domains such as mobile navigation and human motion. We leave174

large-scale validation on general long-form video benchmarks to future work.175

4 Experiments176

4.1 Experimental Setup177

Datasets. We conduct experiments on LIBERO [16] and AGIBOT-World [17], both focusing on178

long-horizon composite embodied manipulation tasks (e.g., folding clothes). Detailed descriptions179

are provided in Appendix A.2.180
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Figure 3: Inference pipeline of LongScape. At each autoregressive step, the dynamic router leverages
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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
pant leg and waistband of denim shorts and fold them over the upper pant leg and waistband”. Here
we select several models with good results and sample six frames from the generated long video
sequences for better presentation.

Baselines. We compare LongScape against three categories of state-of-the-art models:181

• Foundational Video Generation Models: CogVideoX [19], Genie [9], Cosmos-Predict 2.5 [7],182

and NOVA [11].183

• Long-Horizon Video Generation Models: MAGI-1 [12] and CausVid [13].184

• Embodied World Models: Genie-Envisioner [2].185

This selection covers both general video generation architectures and specialized long-horizon186

methods. Further model details are in Appendix A.3.187
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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.

Method LIBERO AGIBOT-World

PSNR↑ LPIPS↓ SSIM↑ FVD↓ Subject
Consistency↑

Background
Consistency↑ PSNR↑ LPIPS↓ SSIM↑ FVD↓ Subject

Consistency↑
Background
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 0.3852 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 background188

consistency (see Appendix A.4).189

Implementation. Each DiT expert has 5.57B parameters; the router has 108.57M (AGIBOT-World)190

and 71.35M (LIBERO) parameters. All models are trained on 30,000 clips sampled at 10 Hz. Full191

training configurations and resource requirements are detailed in Appendix A.5.192

4.2 Main results193

Quantitative comparison. Quantitative evaluations in Table 1 demonstrate that our model achieves194

superior performance across all four metrics on both the LIBERO and AGIBOT-World datasets.195

These benchmarks focus on long-horizon composite embodied manipulation tasks (each task196

lasting approximately 20 seconds), which generally require multiple rollout steps to generate the full197

video sequence. Compared with the most competitive baseline, LongScape achieves an average 8.6%198

improvement on LIBERO dataset and 5.8% improvement on AGIBOT-World dataset. For diffusion-199

based models such as CogVideoX, we generate the entire long frame sequence in a single forward200

pass. For autoregressive and hybrid models, long sequences were produced through iterative rollouts.201

However, these methods have significant drawbacks. Diffusion models often generate physically202

implausible content due to their parallel frame generation mechanism, while the autoregressive203

models suffer from error accumulation, where early inaccuracies propagate and amplify over time.204

These limitations hinder both baseline types from producing coherent long-range videos. Our model’s205

architecture avoids these issues by flexibly generating chunks with full semantic integrity. This206

approach ensures high-quality generation within each chunk and maintains strong causal relationships207

between them, making our model exceptionally well-suited for long-horizon generation tasks.208
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Table 3: Per-frame generation time (in seconds) on LIBERO dataset.

Method 32-frame
chunk

24-frame
chunk

16-frame
chunk

8-frame
chunk LongScape

Time/Frame (s) 0.5598 0.6189 0.7323 1.0912 0.7974

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

Method PSNR↑ LPIPS↓ SSIM↑ FVD↓ Subject
Consistency↑

Background
Consistency↑

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 15.936 0.3717 0.6585 297.16 0.9172 0.9167

Qualitative results. To provide a more intuitive comparison of our method’s effectiveness against209

the baselines, we offer a set of visualizations of the generated results. Figure 4 presents a challenging210

cloth-folding task from the AGIBOT-World dataset. This task requires a high level of spatiotemporal211

coherence and a strong understanding of physical laws. Here, CogVideoX produces blurry artifacts.212

NOVA suffers from objects disappearing from the scene. By comparsion, our model consistently213

maintains a plausible deformation of the cloth and generates a continuous, coherent motion sequence214

even with multiple rollouts. Figure 6 shows the generation of a complex manipulation task from the215

LIBERO dataset. This task involves multiple steps, such as picking and placing objects and closing a216

drawer.217

As shown in the visualization, CogVideoX suffers from ghosting artifacts in later frames. CausVid218

again blurs subject. NOVA misinterprets the instruction, picking up the wrong object, while Genie219

fails in the very first pickup action. In contrast, our model maintains coherent actions across multiple220

rollouts, producing a logical and successfully executed task sequence.221

4.3 Ablation Study222

Effectiveness of the context-based MoE. Effectiveness of the context-based MoE. To validate our223

MoE design, we compare LongScape against four variants each using a single expert trained on fixed-224

length chunks (8, 16, 24, or 32 frames). As shown in Table 2, all fixed-length variants underperform225

our CMoE on both datasets. Longer chunks (e.g., 32 frames) perform slightly better than shorter ones226

(e.g., 8 frames), which we attribute to very short chunks failing to capture semantically complete227

actions.228

To disentangle variable-length chunking from additional model capacity, we further compare against229

a Unified Expert baseline: a single DiT trained on mixed chunks of all four lengths. The Unified230

Expert achieves substantially worse performance (e.g., 12.895 vs. 19.977 PSNR on LIBERO) and231

even underperforms the best fixed-length expert, confirming that a single model cannot effectively232

learn all temporal granularities simultaneously. Multi-expert specialization is therefore necessary to233

realize the benefits of variable-length chunking.234

Qualitative results (Figure 5 and Figure 7) further illustrate that fixed-length designs suffer from mode235

collapse: long-chunk models produce only coarse locomotion, while short-chunk models exhibit236

poor motion dynamics. Our CMoE flexibly handles both patterns, producing consistently coherent237

generation.238

Effectiveness of the dynamic router. We evaluate the router as a four-class classification task on239

12,700 LIBERO test samples, achieving 91.4% accuracy. We also examine the effect of routing errors240

during autoregressive rollout: when an incorrect expert is selected, the transition remains visually241

plausible due to high overlap between adjacent contexts, and such errors do not accumulate—the242

visual features of the newly generated frame naturally steer the router back within a few steps,243

preserving long-range stability.244
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Table 5: Downstream policy success rates (%) on LIBERO_10 when training π0.5 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 analysis245

on the motion threshold θd. Across θd ∈ [0.3, 0.7], LongScape consistently outperforms the best246

fixed-length expert (details in Appendix A.6). We use θd = 0.5 throughout.247

Throughput analysis of the MoE architecture. Table 3 reports per-frame generation time on248

LIBERO. Fixed-chunk models become slower as chunk length decreases; LongScape achieves249

0.7974s per frame, an intermediate value balancing fine-grained detail and parallel efficiency. The250

multi-expert design incurs negligible overhead: training uses data-parallel fine-tuning (total compute251

equals one full fine-tune), inference activates only one expert at a time, and storing four experts252

requires approximately 42 GB in half precision—feasible on a single NVIDIA RTX 4090D GPU.253

Out-of-Domain Generalization on Unseen Tasks. We evaluate generalization by training exclu-254

sively on “cloth folding” and testing on “pick-and-place” in an unseen supermarket environment. As255

shown in Table 4, LongScape outperforms all baselines across all metrics, confirming its ability to256

learn task-agnostic dynamics.257

4.4 Generated Data for Downstream Policy Learning258

To verify that LongScape’s long-horizon generation translates to practical embodied learning benefits,259

we evaluate its synthetic data in downstream policy training. Using π0.5 on LIBERO_10, we augment260

a baseline set of 500 real demonstrations with LongScape-generated trajectories of varying sizes. We261

also compare with an equal volume of short clips (approx. 5 s) from CogVideoX, representing typical262

short-horizon generation.263

As shown in Table 5, LongScape-generated long videos consistently improve policy success rate,264

reaching a 9.8% absolute gain over the real-data-only baseline. Conversely, short video augmentation265

degrades performance to 44.6%, likely because truncated clips fail to capture the full temporal266

dynamics of real manipulation tasks. These results confirm that LongScape’s stable long-horizon267

generation directly benefits embodied policy learning, rather than serving merely as a video quality268

benchmark.269

5 Conclusion and Future Works270

In this work, we introduce LongScape, a novel framework for long-horizon embodied world modeling271

that adaptively integrates diffusion denoising with autoregressive generation. Our method leverages272

action priors to guide video chunk partitioning and employs a dynamic router to activate specialized273

generation experts. This approach enables the production of video tailored to the semantic context of274

each chunk, significantly enhancing visual quality and coherence. Experimental results demonstrate275

that LongScape outperforms existing approaches by maintaining stable and coherent video generation276

over extended horizons.277

Despite these advancements, several directions merit further exploration. First, while the current278

action-guided chunking mechanism relies on heuristic rules, future work could investigate learning-279

based chunking strategies to achieve more flexible and task-aware video partitioning. Second,280

extending LongScape to support multi-view camera inputs would further enhance its applicability in281

complex real-world scenarios.282
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A Appendix379

A.1 Reproducibility statement380

To ensure reproducibility, we have made our code and some visualization cases available381

in the following anonymous repository for review: https://anonymous.4open.science/r/382

AMSVVD-fdg245..383

A.2 Details of Datasets384

We conduct experiments on LIBERO and AGIBOT-World datasets, both focusing on long-horizon385

composite embodied manipulation tasks.386

• LIBERO [16]: A benchmark for lifelong robot learning, including 130 diverse manipulation387

tasks organized into specialized suites (LIBERO-Spatial, LIBERO-Object, LIBERO-Goal, and388

LIBERO-100) to study knowledge transfer across variations in object spatial relationships, object389

types, and task goals. In our experiments, we performed training and evaluation on each of the 130390

tasks individually.391

• AGIBOT-World [17]: A large-scale real-world dataset collected with a wheeled dual-arm robot. It392

covers over 100 real-world scenarios across five core environments (household, catering, industrial,393

commercial, office) and contains a high proportion of long-horizon tasks. Our experiments utilize a394

subset focusing on two representative long-horizon task categories: folding clothes and pick-and-395

place operations.396

A.3 Details of Baselines397

We compare our approach with seven advanced video generation world models, covering purely398

diffusion-based, autoregressive, and combined diffusion-autoregressive architectures, which are399

detailed as follows.400

• CogVideoX [19]: An advanced open-source diffusion-based text-to-video model. Its core innova-401

tion is a DiT-based expert transformer that employs 3D full attention to effectively model complex402

spatiotemporal relationships, achieving high visual fidelity. We use the 5B parameter version for a403

fair comparison.404

• Genie [9]: A large-scale autoregressive foundation world model. It operates by encoding video405

frames into discrete tokens and employs a spatial-temporal transformer for next-token prediction.406

As a seminal work, it demonstrates the potential of scaling autoregressive paradigms for diverse407

video generation tasks.408

• Cosmos-Predict 2.5 [7]: An autoregressive world model for physical scene reasoning. Built upon a409

Llama 3-style architecture, it is specifically designed to predict the future states of dynamic scenes,410

making it a strong baseline for tasks requiring physical consistency and long-horizon forecasting.411

• NOVA [11]: A hybrid diffusion-autoregressive model designed for streaming video generation. It412

integrates per-frame diffusion denoising within an autoregressive framework, ensuring both high413

intra-frame detail and robust inter-frame temporal coherence across long sequences.414

• MAGI-1 [12]: A state-of-the-art hybrid model for long video generation. It performs fixed-415

length diffusion denoising within an autoregressive chain, effectively balancing the visual quality416

advantages of diffusion models with the long-range consistency of autoregressive approaches.417

• CausVid [13]: A video generation model that emphasizes causal consistency. It employs a teacher-418

student distillation framework, which transfers the knowledge from a pre-trained diffusion model419

to a fast autoregressive generator for efficient streaming generation.420

• Genie-Envisioner [2]: A unified world foundation platform specifically designed for embodied421

scenarios. It facilitates realistic video prediction for robotic manipulation by supporting multi-view422

camera inputs and action conditioning, serving as a strong baseline in the domain of embodied AI.423

A.4 Details of Metrics424

We evaluate the generated videos using the following metrics:425
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• PSNR: It evaluates the pixel-level similarity between generated and ground-truth frames.426

• LPIPS: It measures the image feature similarity of generated and ground truth frames.427

• SSIM: It assesses the brightness, contrast, and structural consistency between generated and ground428

truth frames.429

• FVD: It measures the distance between real and generated video feature distributions.430

• Subject Consistency: It measures the perceptual stability of the main subject across the video431

frames, following VBench [30] protocol..432

• Background Consistency: It assesses the temporal coherence and invariance of the background433

scene throughout the video, following VBench [30] protocol.434

A.5 Details of Implementation435

For both datasets, each DiT expert contains 5.57B parameters, initialized from the CogVideoX-5B436

checkpoint [19]. The dynamic router has 108.57M parameters for AGIBOT-World and 71.35M437

parameters for LIBERO. We sample videos at 10 Hz from LIBERO and AGIBOT-World, yielding438

approximately 30,000 training clips from each source. Each expert is fine-tuned independently on439

its designated chunk type for 2 epochs using 4 NVIDIA H20 GPUs, requiring around 24 hours per440

expert. The router is trained for a similar duration (24 hours) on 4 NVIDIA H20 GPUs. Inference441

throughput measurements are conducted on a single NVIDIA GeForce RTX 4090D GPU.442

Algorithm 1 Algorithm of chunk partition
Input: Video frames F , action sequence A for each frame
Output: Partitioned chunks set S = {S1, S2, . . . , Sk}

1: Divide video into base chunks C of 8 frames each
2: Calculate action thresholds θd for each dimension d ∈ {x, y, z, pitch, yaw, roll}
3: while not all base chunks processed do:
4: Check candidate chunk C1:n of length n (1-4 base chunks):
5: if ∆Ad,1:n > θd then: add C1:n to S
6: else if n=4 then: add C1:n to S
7: else if gripper state changes in Cn then: add C1:n−1 and Cn to S
8: else: increase n and continue checking

A.6 Sensitivity Analysis of Motion Threshold θd443

We evaluated θd ∈ {0.3, 0.5, 0.7} on the complete LongScape pipeline. All three settings outperform444

the best single fixed-length expert, with θd = 0.5 yielding the optimal trade-off.

Table 6: Performance across different θd values on LIBERO.
θd PSNR↑ LPIPS↓ SSIM↑ FVD↓
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

445
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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 Limitations446

Despite the strong performance of LongScape, several limitations merit discussion.447

Heuristic chunking. Our action-guided chunk partitioning relies on manually defined rules (gripper448

state changes and motion thresholds). While we have verified its robustness across a wide range of449

θd values (see Appendix A.6), the heuristic nature may limit applicability to domains where such450

structured action labels are unavailable, such as in-the-wild human demonstration videos. Extending451

LongScape with learned or vision-based chunking strategies is a promising direction for future work.452

Text-driven paradigm. LongScape is designed as a text-conditioned generative world model for453

offline data synthesis, rather than an action-conditioned interactive world model. It does not natively454

support real-time closed-loop control or online correction during rollout. Extending the architecture455

to incorporate explicit action conditioning is feasible but has not been validated in this work.456

Domain scope. Our experiments focus on robotic manipulation tasks (LIBERO and AGIBOT-World).457

While we demonstrate zero-shot transfer between manipulation task categories, performance on other458

embodied domains (e.g., navigation, quadruped locomotion) remains unexplored.459

Computational storage. Although inference activates only one expert at a time, storing all four460

DiT experts requires approximately 42 GB in half precision. This is manageable for server-grade461

hardware but may be burdensome for resource-constrained deployments.462

We believe these limitations represent meaningful directions for future investigation rather than463

fundamental flaws, and we openly discuss them to guide subsequent research.464

C Broader Impacts465

Positive societal impacts. LongScape advances the capability of embodied world models to generate466

long, coherent video trajectories from text instructions. This can lower the cost and improve the safety467

of training robotic agents by providing high-quality synthetic data for simulation-based learning,468

potentially reducing the need for expensive and potentially hazardous real-world data collection.469

Applications in assistive robotics, manufacturing automation, and accessible robot learning tools470

could benefit from this line of research.471

Negative societal impacts and risks. As with any technology that generates realistic visual sequences,472

there are potential risks. First, LongScape-generated videos, while visually coherent, may contain473

physically implausible or unsafe actions that are not immediately apparent. If used directly for policy474

training without sufficient real-world validation, this could lead to policy failures when deployed on475

physical robots. Second, the ability to synthesize plausible manipulation sequences could be misused476

to create misleading demonstrations of robotic capabilities, e.g., generating videos that falsely suggest477

a robot can perform a dangerous or unethical task. Third, over-reliance on synthetic data could reduce478

incentives for collecting real-world safety-critical data.479

Mitigation strategies. We encourage the following safeguards: (i) all policies trained on LongScape-480

generated data should undergo rigorous real-world validation before deployment; (ii) generated481

videos should be clearly labeled as synthetic when shared; (iii) evaluation protocols for physical482

plausibility and safety should complement standard visual quality metrics. We will release our model483

checkpoint with a responsible use guideline that outlines these considerations.484

Intended use. LongScape is a research prototype intended for academic investigation of world mod-485

eling and simulation-based learning. It is not designed or validated for direct real-world deployment486

without comprehensive safety testing.487
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NeurIPS Paper Checklist488

1. Claims489

Question: Do the main claims made in the abstract and introduction accurately reflect the490

paper’s contributions and scope?491

Answer: [Yes]492

Justification: The abstract and introduction clearly state our contribution of LongScape,493

an action-guided variable-length chunking framework with context-aware MoE for long-494

horizon embodied video generation, and all claims are supported by the experimental495

results.496

Guidelines:497

• The answer [N/A] means that the abstract and introduction do not include the claims498

made in the paper.499

• The abstract and/or introduction should clearly state the claims made, including the500

contributions made in the paper and important assumptions and limitations. A [No] or501

[N/A] answer to this question will not be perceived well by the reviewers.502

• The claims made should match theoretical and experimental results, and reflect how503

much the results can be expected to generalize to other settings.504

• It is fine to include aspirational goals as motivation as long as it is clear that these goals505

are not attained by the paper.506

2. Limitations507

Question: Does the paper discuss the limitations of the work performed by the authors?508

Answer: [Yes]509

Justification: A dedicated “Limitations” section iscusses the heuristic chunking rules, text-510

driven paradigm, domain scope, and storage cost. We also outline directions for future511

mitigation. See B.512

Guidelines:513

• The answer [N/A] means that the paper has no limitation while the answer [No] means514

that the paper has limitations, but those are not discussed in the paper.515

• The authors are encouraged to create a separate “Limitations” section in their paper.516

• The paper should point out any strong assumptions and how robust the results are to517

violations of these assumptions (e.g., independence assumptions, noiseless settings,518

model well-specification, asymptotic approximations only holding locally). The authors519

should reflect on how these assumptions might be violated in practice and what the520

implications would be.521

• The authors should reflect on the scope of the claims made, e.g., if the approach was522

only tested on a few datasets or with a few runs. In general, empirical results often523

depend on implicit assumptions, which should be articulated.524

• The authors should reflect on the factors that influence the performance of the approach.525

For example, a facial recognition algorithm may perform poorly when image resolution526

is low or images are taken in low lighting. Or a speech-to-text system might not be527

used reliably to provide closed captions for online lectures because it fails to handle528

technical jargon.529

• The authors should discuss the computational efficiency of the proposed algorithms530

and how they scale with dataset size.531

• If applicable, the authors should discuss possible limitations of their approach to532

address problems of privacy and fairness.533

• While the authors might fear that complete honesty about limitations might be used by534

reviewers as grounds for rejection, a worse outcome might be that reviewers discover535

limitations that aren’t acknowledged in the paper. The authors should use their best536

judgment and recognize that individual actions in favor of transparency play an impor-537

tant role in developing norms that preserve the integrity of the community. Reviewers538

will be specifically instructed to not penalize honesty concerning limitations.539

3. Theory assumptions and proofs540
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Question: For each theoretical result, does the paper provide the full set of assumptions and541

a complete (and correct) proof?542

Answer: [N/A]543

Justification: The paper does not include theoretical results.544

Guidelines:545

• The answer [N/A] means that the paper does not include theoretical results.546

• All the theorems, formulas, and proofs in the paper should be numbered and cross-547

referenced.548

• All assumptions should be clearly stated or referenced in the statement of any theorems.549

• The proofs can either appear in the main paper or the supplemental material, but if550

they appear in the supplemental material, the authors are encouraged to provide a short551

proof sketch to provide intuition.552

• Inversely, any informal proof provided in the core of the paper should be complemented553

by formal proofs provided in appendix or supplemental material.554

• Theorems and Lemmas that the proof relies upon should be properly referenced.555

4. Experimental result reproducibility556

Question: Does the paper fully disclose all the information needed to reproduce the main ex-557

perimental results of the paper to the extent that it affects the main claims and/or conclusions558

of the paper (regardless of whether the code and data are provided or not)?559

Answer: [Yes]560

Justification: We provide anonymized code (link in abstract and Appendix A.1), detailed561

model architectures, training configurations, and hyperparameters in Section 4.1 and Ap-562

pendix A.5. The datasets used are publicly available.563

Guidelines:564

• The answer [N/A] means that the paper does not include experiments.565

• If the paper includes experiments, a [No] answer to this question will not be perceived566

well by the reviewers: Making the paper reproducible is important, regardless of567

whether the code and data are provided or not.568

• If the contribution is a dataset and/or model, the authors should describe the steps taken569

to make their results reproducible or verifiable.570

• Depending on the contribution, reproducibility can be accomplished in various ways.571

For example, if the contribution is a novel architecture, describing the architecture fully572

might suffice, or if the contribution is a specific model and empirical evaluation, it may573

be necessary to either make it possible for others to replicate the model with the same574

dataset, or provide access to the model. In general. releasing code and data is often575

one good way to accomplish this, but reproducibility can also be provided via detailed576

instructions for how to replicate the results, access to a hosted model (e.g., in the case577

of a large language model), releasing of a model checkpoint, or other means that are578

appropriate to the research performed.579

• While NeurIPS does not require releasing code, the conference does require all submis-580

sions to provide some reasonable avenue for reproducibility, which may depend on the581

nature of the contribution. For example582

(a) If the contribution is primarily a new algorithm, the paper should make it clear how583

to reproduce that algorithm.584

(b) If the contribution is primarily a new model architecture, the paper should describe585

the architecture clearly and fully.586

(c) If the contribution is a new model (e.g., a large language model), then there should587

either be a way to access this model for reproducing the results or a way to reproduce588

the model (e.g., with an open-source dataset or instructions for how to construct589

the dataset).590

(d) We recognize that reproducibility may be tricky in some cases, in which case591

authors are welcome to describe the particular way they provide for reproducibility.592

In the case of closed-source models, it may be that access to the model is limited in593

some way (e.g., to registered users), but it should be possible for other researchers594

to have some path to reproducing or verifying the results.595
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5. Open access to data and code596

Question: Does the paper provide open access to the data and code, with sufficient instruc-597

tions to faithfully reproduce the main experimental results, as described in supplemental598

material?599

Answer: [Yes]600

Justification: Justification: An anonymous code repository is provided, containing scripts601

for data preprocessing, training, and evaluation. The datasets (LIBERO, AGIBOT-World)602

are publicly available.603

Guidelines:604

• The answer [N/A] means that paper does not include experiments requiring code.605

• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/606

public/guides/CodeSubmissionPolicy) for more details.607

• While we encourage the release of code and data, we understand that this might not608

be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not609

including code, unless this is central to the contribution (e.g., for a new open-source610

benchmark).611

• The instructions should contain the exact command and environment needed to run to612

reproduce the results. See the NeurIPS code and data submission guidelines (https:613

//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.614

• The authors should provide instructions on data access and preparation, including how615

to access the raw data, preprocessed data, intermediate data, and generated data, etc.616

• The authors should provide scripts to reproduce all experimental results for the new617

proposed method and baselines. If only a subset of experiments are reproducible, they618

should state which ones are omitted from the script and why.619

• At submission time, to preserve anonymity, the authors should release anonymized620

versions (if applicable).621

• Providing as much information as possible in supplemental material (appended to the622

paper) is recommended, but including URLs to data and code is permitted.623

6. Experimental setting/details624

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-625

rameters, how they were chosen, type of optimizer) necessary to understand the results?626

Answer: [Yes]627

Justification: Training details (sampling rate, number of clips, expert/routing training epochs,628

GPU type, batch size, learning rate schedules) are described in Section 4.1 and Appendix A.5.629

Guidelines:630

• The answer [N/A] means that the paper does not include experiments.631

• The experimental setting should be presented in the core of the paper to a level of detail632

that is necessary to appreciate the results and make sense of them.633

• The full details can be provided either with the code, in appendix, or as supplemental634

material.635

7. Experiment statistical significance636

Question: Does the paper report error bars suitably and correctly defined or other appropriate637

information about the statistical significance of the experiments?638

Answer: [No]639

Justification: Error bars are not reported. Due to the high computational cost of training640

multiple DiT experts and performing long-horizon rollouts, each experiment was run once641

with a fixed random seed. We do not claim statistical significance based on multiple runs,642

and our main conclusions are drawn from consistent improvements across two datasets and643

multiple metrics.644

Guidelines:645

• The answer [N/A] means that the paper does not include experiments.646
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• The authors should answer [Yes] if the results are accompanied by error bars, confidence647

intervals, or statistical significance tests, at least for the experiments that support the648

main claims of the paper.649

• The factors of variability that the error bars are capturing should be clearly stated (for650

example, train/test split, initialization, random drawing of some parameter, or overall651

run with given experimental conditions).652

• The method for calculating the error bars should be explained (closed form formula,653

call to a library function, bootstrap, etc.)654

• The assumptions made should be given (e.g., Normally distributed errors).655

• It should be clear whether the error bar is the standard deviation or the standard error656

of the mean.657

• It is OK to report 1-sigma error bars, but one should state it. The authors should658

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis659

of Normality of errors is not verified.660

• For asymmetric distributions, the authors should be careful not to show in tables or661

figures symmetric error bars that would yield results that are out of range (e.g., negative662

error rates).663

• If error bars are reported in tables or plots, the authors should explain in the text how664

they were calculated and reference the corresponding figures or tables in the text.665

8. Experiments compute resources666

Question: For each experiment, does the paper provide sufficient information on the com-667

puter resources (type of compute workers, memory, time of execution) needed to reproduce668

the experiments?669

Answer: [Yes]670

Justification: Section 4.1 and Appendix A.5 specify the GPU models (NVIDIA H20, RTX671

4090D), training time (approx. 24h per expert), and inference throughput (Table 3).672

Guidelines:673

• The answer [N/A] means that the paper does not include experiments.674

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,675

or cloud provider, including relevant memory and storage.676

• The paper should provide the amount of compute required for each of the individual677

experimental runs as well as estimate the total compute.678

• The paper should disclose whether the full research project required more compute679

than the experiments reported in the paper (e.g., preliminary or failed experiments that680

didn’t make it into the paper).681

9. Code of ethics682

Question: Does the research conducted in the paper conform, in every respect, with the683

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?684

Answer: [Yes]685

Justification: Justification: We have reviewed the NeurIPS Code of Ethics and confirm that686

our research adheres to it. No human subjects were involved, and we discuss potential687

societal impacts in the Impact Statement.688

Guidelines:689

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of690

Ethics.691

• If the authors answer [No], they should explain the special circumstances that require a692

deviation from the Code of Ethics.693

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-694

eration due to laws or regulations in their jurisdiction).695

10. Broader impacts696

Question: Does the paper discuss both potential positive societal impacts and negative697

societal impacts of the work performed?698
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Answer: [Yes]699

Justification: The “Broader Impacts” section discusses positive impacts (e.g., safer robotic700

simulation, data augmentation) and negative risks (e.g., physical implausibility, misleading701

demos, reduced real-world data collection), along with mitigation strategies and intended702

use. See C.703

Guidelines:704

• The answer [N/A] means that there is no societal impact of the work performed.705

• If the authors answer [N/A] or [No], they should explain why their work has no societal706

impact or why the paper does not address societal impact.707

• Examples of negative societal impacts include potential malicious or unintended uses708

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations709

(e.g., deployment of technologies that could make decisions that unfairly impact specific710

groups), privacy considerations, and security considerations.711

• The conference expects that many papers will be foundational research and not tied712

to particular applications, let alone deployments. However, if there is a direct path to713

any negative applications, the authors should point it out. For example, it is legitimate714

to point out that an improvement in the quality of generative models could be used to715

generate Deepfakes for disinformation. On the other hand, it is not needed to point out716

that a generic algorithm for optimizing neural networks could enable people to train717

models that generate Deepfakes faster.718

• The authors should consider possible harms that could arise when the technology is719

being used as intended and functioning correctly, harms that could arise when the720

technology is being used as intended but gives incorrect results, and harms following721

from (intentional or unintentional) misuse of the technology.722

• If there are negative societal impacts, the authors could also discuss possible mitigation723

strategies (e.g., gated release of models, providing defenses in addition to attacks,724

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from725

feedback over time, improving the efficiency and accessibility of ML).726

11. Safeguards727

Question: Does the paper describe safeguards that have been put in place for responsible728

release of data or models that have a high risk for misuse (e.g., pre-trained language models,729

image generators, or scraped datasets)?730

Answer: [N/A].731

Justification: We do not release a new pre-trained model or scraped dataset with high misuse732

risk. Our model is a fine-tuned version of an existing open-source video model for research733

purposes only.734

Guidelines:735

• The answer [N/A] means that the paper poses no such risks.736

• Released models that have a high risk for misuse or dual-use should be released with737

necessary safeguards to allow for controlled use of the model, for example by requiring738

that users adhere to usage guidelines or restrictions to access the model or implementing739

safety filters.740

• Datasets that have been scraped from the Internet could pose safety risks. The authors741

should describe how they avoided releasing unsafe images.742

• We recognize that providing effective safeguards is challenging, and many papers do743

not require this, but we encourage authors to take this into account and make a best744

faith effort.745

12. Licenses for existing assets746

Question: Are the creators or original owners of assets (e.g., code, data, models), used in747

the paper, properly credited and are the license and terms of use explicitly mentioned and748

properly respected?749

Answer: [Yes]750

Justification: All datasets (LIBERO, AGIBOT-World) and baseline models (CogVideoX,751

etc.) are properly cited. We have respected their licenses for academic research.752

20



Guidelines:753

• The answer [N/A] means that the paper does not use existing assets.754

• The authors should cite the original paper that produced the code package or dataset.755

• The authors should state which version of the asset is used and, if possible, include a756

URL.757

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.758

• For scraped data from a particular source (e.g., website), the copyright and terms of759

service of that source should be provided.760

• If assets are released, the license, copyright information, and terms of use in the761

package should be provided. For popular datasets, paperswithcode.com/datasets762

has curated licenses for some datasets. Their licensing guide can help determine the763

license of a dataset.764

• For existing datasets that are re-packaged, both the original license and the license of765

the derived asset (if it has changed) should be provided.766

• If this information is not available online, the authors are encouraged to reach out to767

the asset’s creators.768

13. New assets769

Question: Are new assets introduced in the paper well documented and is the documentation770

provided alongside the assets?771

Answer: [Yes]772

Justification: We provide an anonymized code repository with documentation on how to773

run the experiments. The code includes the data preprocessing, training, and evaluation774

pipelines.775

Guidelines:776

• The answer [N/A] means that the paper does not release new assets.777

• Researchers should communicate the details of the dataset/code/model as part of their778

submissions via structured templates. This includes details about training, license,779

limitations, etc.780

• The paper should discuss whether and how consent was obtained from people whose781

asset is used.782

• At submission time, remember to anonymize your assets (if applicable). You can either783

create an anonymized URL or include an anonymized zip file.784

14. Crowdsourcing and research with human subjects785

Question: For crowdsourcing experiments and research with human subjects, does the paper786

include the full text of instructions given to participants and screenshots, if applicable, as787

well as details about compensation (if any)?788

Answer: [N/A]789

Justification: The paper does not involve crowdsourcing or research with human subjects.790

Guidelines:791

• The answer [N/A] means that the paper does not involve crowdsourcing nor research792

with human subjects.793

• Including this information in the supplemental material is fine, but if the main contribu-794

tion of the paper involves human subjects, then as much detail as possible should be795

included in the main paper.796

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,797

or other labor should be paid at least the minimum wage in the country of the data798

collector.799

15. Institutional review board (IRB) approvals or equivalent for research with human800

subjects801

Question: Does the paper describe potential risks incurred by study participants, whether802

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)803

approvals (or an equivalent approval/review based on the requirements of your country or804

institution) were obtained?805
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Answer: [N/A]806

Justification: The paper does not involve research with human subjects.807

Guidelines:808

• The answer [N/A] means that the paper does not involve crowdsourcing nor research809

with human subjects.810

• Depending on the country in which research is conducted, IRB approval (or equivalent)811

may be required for any human subjects research. If you obtained IRB approval, you812

should clearly state this in the paper.813

• We recognize that the procedures for this may vary significantly between institutions814

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the815

guidelines for their institution.816

• For initial submissions, do not include any information that would break anonymity (if817

applicable), such as the institution conducting the review.818

16. Declaration of LLM usage819

Question: Does the paper describe the usage of LLMs if it is an important, original, or820

non-standard component of the core methods in this research? Note that if the LLM is used821

only for writing, editing, or formatting purposes and does not impact the core methodology,822

scientific rigor, or originality of the research, declaration is not required.823

Answer: [N/A]824

Justification: LLMs were used solely for writing assistance and do not form any part of the825

core method or scientific contribution.826

Guidelines:827

• The answer [N/A] means that the core method development in this research does not828

involve LLMs as any important, original, or non-standard components.829

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not830

be described.831
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