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Abstract

Video generation has been effective in generating visual plans for controlling1

robotic systems. Specifically, given an image observation and a language instruc-2

tion, previous work has generated video plans which are then converted to robot3

controls to be executed. However, a major bottleneck in leveraging video gen-4

eration for control lies in the quality of the generated videos, which often suffer5

from hallucination (e.g., unrealistic physics), resulting in low task success when6

control actions are extracted from the generated videos. In this work, we pro-7

pose VideoAgent to ground video generation in the physical world by integrating8

external feedback. VideoAgent trains a video diffusion model to perform video9

refinement through a novel objective which we call self-conditioning consistency.10

During inference, VideoAgent samples and refines generated video plans under the11

guidance of a vision-language model (VLM) as reward, enabling inference-time12

compute to be turned into better generated video plans. As refined video plans13

are executed, VideoAgent collects additional data from the environment to further14

improve video plan generation. Experiments in simulated robotic manipulation15

from MetaWorld and iTHOR show that VideoAgent drastically reduces hallucina-16

tion, thereby boosting success rate of downstream manipulation tasks. We further17

illustrate that VideoAgent can effectively refine real-robot videos, providing an18

early indicator that robots can be an effective tool in grounding video generation in19

the physical world.120

1 Introduction21

Large text-to-video (T2V) models pretrained on internet-scale data enable generation of creative22

video content (Ho et al., 2022; Hong et al., 2022; Singer et al., 2022), games (Bruce et al., 2024),23

animations (Wang et al., 2019), and movies (Zhu et al., 2023). Recent work demonstrates their24

potential as real-world simulators (Yang et al., 2023b; Brooks et al., 2024) and as policies with unified25

observation and action space (Du et al., 2024; Ko et al., 2023; Du et al., 2023). These advances26

can lead to internet-scale knowledge transfer and progress toward generalist agents—a single policy27

for controlling multiple robots across various morphologies, environments and tasks. Nevertheless,28

T2V models have only had limited success in downstream applications in reality. For instance, in29

video generation as policy (Du et al., 2024; Ko et al., 2023), when an observation image and a30

language instruction are given to a video generation model, generated videos often hallucinate (e.g.,31

objects randomly appear or disappear) or violate physical laws (e.g., a robot hand going through an32

object) (Yang et al., 2023b; Brooks et al., 2024). Such issues have led to low task success rate when33

generated videos are converted to control actions through inverse dynamics models, goal conditioned34

policies, or other action extraction mechanisms (Wen et al., 2023; Yang et al., 2024; Ajay et al.,35

2024). While scaling up dataset and model size can be effective in reducing hallucination in large36

1See code and examples in supplemental material.
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Figure 1: The VideoAgent Framework. VideoAgent generates a video plan conditioned on an initial image and
task description, similar to (Du et al., 2023). It then (1) iteratively refines this plan using VLM feedback, (2) the
VLM selects the best refined video, converting to control actions via optical flow, and (3) executes these actions
in an environment, collects real-world feedback and additional online data to further improve the generation.

language models (LLMs) (Hoffmann et al., 2022), it is more difficult in video generation as language37

labels for videos are labor intensive to curate and we have not yet converged to an architecture that38

is more favourable to scaling (Yang et al., 2024). Scaling aside, two major directions to improve39

generation in LLMs have been to incorporate external feedback (Ouyang et al., 2022b) and to scale40

search with increased inference time compute (Snell et al., 2024; Wu et al., 2024). It is therefore41

natural to wonder what kind of feedback and inference-time compute can be leveraged to improve42

T2V generations.43

To answer this question, we explore two types of feedback that are natural to obtain for video44

generation models, namely AI feedback from a vision-language model (VLM) and real-world45

execution feedback when generated videos are converted to motor controls. To utilize these feedback46

for self-improvement, we propose VideoAgent. Different from video generation as policy, which47

directly turns a generated video into control actions (Du et al., 2023; Ko et al., 2023), VideoAgent is48

trained to refine a generated video plan iteratively using feedback from a pretrained VLM. During49

inference, VideoAgent queries the VLM to select the best refined video plan, allowing inference-time50

compute to be turned into better generated video plans, followed by execution of the plan in the51

environment. During online execution, VideoAgent observes whether the task was successfully52

completed, and further improves the video generation model based on the execution feedback from53

the environment and additional data collected from the environment. The improvement to the54

generated video plan comes in three folds: First, we propose self-conditioning consistency for video55

diffusion model inspired by consistency models (Song et al., 2023; Heek et al., 2024), which enables56

low-quality samples from a video diffusion model to be further refined into high-quality samples.57

Second, VLM feedback combined with more inference-time compute leads to better video plans.58

Lastly, when online access to the environment is available, VideoAgent executes the current video59

plan and collects additional successful trajectories to further finetune the video generation model. A60

visual illustration of VideoAgent is shown in Figure 1.61

We first evaluate VideoAgent in two simulated robotic manipulation environments, Meta-World (Yu62

et al., 2020) and iTHOR (Kolve et al., 2017), and show that VideoAgent improves task success63

across all environments and tasks evaluated. We additionally provide ablation studies on the effect of64

different components in VideoAgent, including different types of feedback from the VLM and the65

amount of inference-time compute spent.Lastly, we illustrate that VideoAgent can iteratively improve66

real-robot videos, providing early signal that robotics can be an important mean to ground video67

generation models in the real world.68

2 Background69

In this section, we provide the background on video generation as policy in a decision making70

process (Du et al., 2023). We also introduce consistency models (Song et al., 2023; Heek et al., 2024;71

Daras et al., 2024), which VideoAgent builds upon for self-refinement.72

2.1 Video as Policy in Sequential Decision Making73

We consider a predictive decision process similar to (Du et al., 2024): P := ⟨X ,G,A, H, E ,R⟩,74

where X denotes an image-based observation space, G denotes textual task description space, A75

denotes a low-level motor control action space, and H ∈ R denotes the horizon length. We denote76
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π(·|x0, g) : X × G 7→ ∆(XH)2 as the language conditioned video generation policy, which models77

the probability distribution over H-step image sequences x = [x0, ..., xH ] determined by the first78

frame x0 and the task description g. Intuitively, x ∼ π(·|x0, g) correspond to possible visual79

paths for completing a task g. Given a sampled video plan x, one can use a learned mapping80

ρ(·|x) : XH 7→ ∆(AH) to extract motor controls from generated videos through a goal-conditioned81

policy (Du et al., 2023), diffusion policy (Black et al., 2023), or dense correspondence (Ko et al.,82

2023). Once a sequence of motor controls a ∈ AH are extracted from the video, they are sequentially83

executed in the environment E , after which a final rewardR : AH 7→ {0, 1} is emitted representing84

whether the task was successfully completed. For simplicity, we only consider finite horizon, episodic85

tasks. Given a previously collected dataset of videos labeled with task descriptions D = {(x, g)},86

one can leverage behavioral cloning (BC) (Pomerleau, 1988) to learn π by minimizing87

LBC(π) = E(x,g)∼D[− log π(x|x0, g)]. (1)
Equation 1 can be viewed as maximizing the likelihood of the videos in D conditioned on the initial88

frame and task description.89

2.2 Consistency Models90

Diffusion models (Ho et al., 2020; Song et al., 2020b) have emerged as an important technique for91

generative modeling of high-dimensional data. During training, a diffusion model learns to map noisy92

data (at various noise levels) back to clean data in a single step. Concretely, let x(0) denote a clean93

image and x(t) denote the noisy image at noise level t, where t ∈ [0, T ], the training objective for a94

diffusion model fθ(x(t), t) can be written as95

Ldiffusion(θ) = Ex(0),ϵ,t

[
∥fθ(x(t), t)− x(0)∥2

]
, (2)

where ϵ ∈ N (0, I) is the added noise, and x(t) =
√
αtx

(0)+
√
1− αtϵ where αt are time-dependent96

noise levels. Although diffusion models have achieved high-quality image/video generation, they97

require hundreds or thousands of denoising steps during inference, which induces tremendous com-98

putational cost. To overcome the slow sampling speed of diffusion models, consistency models (Song99

et al., 2023; Song & Dhariwal, 2023) were initially proposed by enforcing a consistency loss across100

different noise levels, i.e.,101

Lconsistency(θ) = Ex(0),ϵ,t1,t2

[
∥fθ(x(t1), t1)− stopgrad

(
fθ(x

(t2), t2)
)
∥2
]
, (3)

which encourages the output of the single-step map between different noise levels to be similar. In102

fact, both the diffusion loss in Equation 2 and the consistency loss in Equation 3 can be understood103

as exploiting the structure of the denoising procedure which corresponds to an ordinary differential104

equation (ODE). Specifically, as introduced in Song et al. (2023, 2020a), the backward denoising105

procedure of a diffusion model can be characterized by an ODE, i.e.,106

dx(t)

dt
= −t · s(x(t), t), (4)

with s(x(t), t) is some score function. During the entire path along t ∈ (ϵ,∞], following this ODE107

should always map x(t) to x(0). If we parametrize the model f(x(t), t) as the simulation following108

the ODE governed by s(x(t), t), we obtain the diffusion loss (2). Meanwhile, for all t, t′ ∈ (ϵ,∞],109

we have f(x(t), t) = f(x(t′), t′) along the simulation path, which induces the consistency loss (3).110

Therefore, we can combine the diffusion loss and consistency loss together for model training, i.e.,111

L(θ) = Ldiffusion(θ) + λ · Lconsistency(θ), (5)
where λ denotes consistency regularization hyperparameter across different noise levels.112

3 Video Generation as An Agent113

In this section, we introduce VideoAgent, a framework for improving video plan generation. In114

Section 3.1, we develop self-conditioning consistency to iteratively refine generated video plans.115

In Section 3.2, we describe how a diffusion model trained with self-conditioning consistency can116

leverage inference-time compute to select the best video plans. Finally, in Section 3.3, we illustrate117

how VideoAgent closes the self-improvement loop by collecting additional online data to further118

enhance video generation and refinement.119

3.1 Refinement through Self-Conditioning Consistency120

2We use ∆(·) to denote a probability simplex function
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Figure 2: An illustration of Self-Conditioning Con-
sistency. The horizontal direction represents regular de-
noising process. The two rows represent two refinement
iterations. x̂i denotes generated video plan at refinement
iteration i. We condition the refinement iteration i+ 1
on generated video from the previous iteration x̂i.

We consider first-frame-and-language condi-121

tioned video generation following Du et al.122

(2023); Ko et al. (2023), which generates a se-123

quence of image frames to complete the task124

described by the language starting from the ini-125

tial image. In practice, generated videos of-126

ten contain hallucinations (Yang et al., 2023b).127

While such inaccuracies may prevent a video128

plan from fully completing the task, the gener-129

ated video may still make meaningful progress130

towards completing the task. Thus, instead of in-131

dependently sampling many videos hoping that132

one may be free from hallucinations, we propose133

refining previously generated videos iteratively.134

Specifically, let x(0) denote the ground truth135

video and x̂ a generated video from the original136

T2V diffusion model. We introduce a self-conditioning consistency model, f̂θ(x̂,x(t), t), which takes137

a generated video x̂ and a noisy version of the ground truth x(t) as inputs to predict the clean video.138

This formulation enables iterative refinement by conditioning the model on its previous predictions,139

as illustrated in Figure 2. We denote video samples from the refinement model after the i-th iteration140

as x̂i. Self-conditioning is inspired by a reparameterization of the implicit ODE solver for Equation 4141

(Song et al., 2020a; Lu et al., 2022; Zhang & Chen, 2022; Chen et al., 2022). For instance, Song et al.142

(2020a) considered the first-order ODE solver for Equation 4 following:143

x(t−1) =
√
αt−1x

(0) +
√
1− αt−1 − σ2

t · s(x(t), t). (6)

In VideoAgent, we adapt Equation 6 by replacing the x(0) term with x̂, the previously generated144

video sample, as illustrated in Figure 2. In standard DDIM-based methods (Song et al., 2020a), x(0)145

is typically obtained as an intermediate estimate from x(t) within the same iteration. In contrast,146

our approach reuses x̂ from a previous iteration, allowing for a self-conditioning mechanism that147

improves temporal coherence. By enforcing consistency across iterations, our method enables the148

denoising process to correct potential failures more effectively.149

We learn the ODE solver through self-conditioning consistency by directly predicting the clean video150

x̂i+1 using:151

LSC-consistency(θ) = Ex̂,x(0),t

[
∥f̂θ(x̂,x(t), t)− x(0)∥2

]
+ µEx̂1,x̂2,t

[
∥f̂θ(x̂1,x

(t), t)− f̂θ(x̂2,x
(t), t)∥2

]
. (7)

The first term in Equation 7 represents the standard diffusion loss with the additional conditioning152

on x̂, while the second term regularizes the similarity between different refinement iterations (x̂1153

and x̂2) to promote coherence across iterations. This iterative refinement process distinguishes154

self-conditioning consistency from traditional consistency models. Combined with the standard155

objective for video diffusion:156

Lvideo-diffusion(θ) = Ex(0),ϵ,t

[
∥fθ(x(t), t)− x(0))∥2

]
, (8)

the overall objective for training a self-conditioning-consistent video diffusion model thus becomes:157

L(θ) = Lvideo-diffusion(θ) + λLSC-consistency(θ). (9)

Note that while the video generation model fθ and the video refinement model f̂θ have different158

input arguments (first frame versus previously generated video), we can share their parameters to159

train a single unified model for both video generation and refinement tasks. This parameter-sharing160

approach allows us to leverage the same model architecture for generating initial video plans and161

iterative refinement. The training process for fθ and f̂θ is detailed in Algorithm 1 in Appendix B.162

Feedback Guided Self-Conditioning Consistency. While we can refine videos only from previ-163

ously generated samples, it may be desirable to condition the refinement process on any additional164

feedback for the previously generated video that is available (e.g., feedback from humans or vision165

language models critiquing which part of the generated video is unrealistic). When such feedback is166

available, we can have the refinement model f̂ further take the additional feedback as input, combined167
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with the task description, to guide the refinement process, i.e.,168

f̂θ(x,x
(t), t|feedback), (10)

which can be plugged into our framework for learning feedback-guided self-refinement using Equa-169

tion 9.170

3.2 Inference-Time Planning through VLM-Guided Video Generation.171

After training the video generation model fθ and the video refinement model f̂θ described in172

Equation 8 and Equation 7, we can sample from fθ and iteratively apply f̂θ for video refinement.173

Specifically, let η be the step size for the noise schedule, σt be a time dependent noise term,174

VideoAgent first generates a video plan through175

x(t−1) = x(t) − η · ∇θfθ(x
(t), t) + σt · ϵ. (11)

The sample x̂ after T denoising steps corresponds to the generated video. Next, we can iteratively176

apply f̂θ to refine the generated video sample177

x̂i+1 = f̂θ(x̂i,x
(t), t), (12)

where i denotes the video refinement iteration, with x̂0 = x̂ = x(T ). We denote the final video after178

refinement as x̂refined. A natural question is when to stop the iterative video refinement process. We179

use a VLM as a proxy for the environment’s reward to assess whether a refined video is likely to180

lead to successful execution in the environment. Specifically, we denote a VLM as R̂, which takes a181

refined video x̂i and returns a binary value {0, 1} to determine whether a video is acceptable based182

on overall coherence, adherence to physical laws, and task completion (See prompt for VLM in183

Appendix C). With R̂, the refinement stops when the VLM decides that the refined video is acceptable.184

Namely, we have185

x̂refined = x̂i∗ , where i∗ = min
{
i : R̂(x̂i) = 1

}
(13)

Algorithm 2 in Appendix B shows details for video plan generation, refinement, and selection during186

inference.187

3.3 Self-Improvement through Online Finetuning188

In addition to video refinement through self-conditioning consistency and inference-time compute189

as described in Section 3.1 and Section 3.2, we can further characterize the combination of video190

generation and video refinement as a policy, which can be improved by training on additional data191

collected from the environment during online interaction. Specifically, the goal is to maximize the192

expected returns of a policy through trial-and-error interaction with the environment:193

Jonline(θ) = E [R(a) |πθ, ρ, E ] , (14)
where R is the true reward function, E is the interactive environment, and πθ corresponds to the194

combination of fθ and f̂θ.195

A broad array of reinforcement learning methods (Sutton & Barto, 2018) such as policy gradi-196

ent (Schulman et al., 2017) can be employed to maximize the objective in Equation 14. For simplicity,197

we consider the setup of first executing the policy in the environment, then filtering for successful198

trajectories, continuing finetuning the video policy using additional online data, and executing the199

finetuned policy again to collect more data. Specifically, each online iteration constructs an additional200

dataset by rolling out the policy πθ at the current online iteration201

Dnew = {x̂refined ∼ πθ(x0, g) | R(ρ(x̂refined)) = 1} , (15)
where ρ is the optical flow model that maps the refined video to low-level control actions. See202

Algorithm 3 in Appendix B for details of online policy finetuning.203

4 Experiments204

In this section, we evaluate the performance of VideoAgent. First, we measure the end-to-end task205

success rate of VideoAgent against the baselines in Section 4.1, and study the effect of different206

components of VideoAgent in Section 4.2. Finally, we show that VideoAgent is effective in improving207

the quality of real robotic videos in Section 4.3.208

Evaluation Setup. We follow the evaluation setup of AVDC (Ko et al., 2023), a method for209

controlling simulated robots using dense action correspondence extracted from generated videos.210

We follow AVDC and perform evaluation in three environments: Meta-World (Yu et al., 2020),211

iTHOR (Kolve et al., 2017), and BridgeData V2 (Walke et al., 2023) (see detailed dataset description212

in Appendix E). We compare variants of VideoAgent, including VideoAgent with only self-refinement213
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Table 1: Meta-World Results. Mean success rates of baselines and VideoAgent on 11 simulated robot
manipulation environments from Meta-World. VideoAgent consistently outperforms baselines across all tasks.

door-open door-close basketball shelf-place btn-press btn-press-top

AVDC 30.7% 28.0% 21.3% 8.0% 34.7% 17.3%
AVDC-Replan 72.0% 89.3% 37.3% 18.7% 60.0% 24.0%

VideoAgent 40.0% 29.3% 13.3% 9.3% 38.7% 18.7%
VideoAgent-Online (Iter1) 48.0% 40.0% 24.0% 12.0% 42.7% 36.0%
VideoAgent-Online (Iter2) 58.7% 50.7% 28.0% 18.7% 53.3% 41.3%
VideoAgent-Online-Replan 82.7% 97.3% 40.0% 26.7% 73.3% 44.0%

faucet-close faucet-open handle-press hammer assembly Overall

AVDC 12.0% 17.3% 41.3% 0.0% 5.3% 19.6%
AVDC-Replan 53.3% 24.0% 81.3% 8.0% 6.7% 43.1%

VideoAgent 46.7% 12.0% 36.0% 0.0% 1.3% 22.3%
VideoAgent-Online (Iter1) 53.3% 28.0% 52.0% 1.3% 5.3% 31.2%
VideoAgent-Online (Iter2) 58.7% 36.0% 64.0% 1.3% 9.3% 38.2%
VideoAgent-Online-Replan 74.7% 46.7% 86.7% 8.0% 10.7% 53.7%

(Section 3.1), VideoAgent-Online (Section 3.3), and VideoAgent-Replan against AVDC and AVDC-214

Replan (replanning when movement stalls) from Ko et al. (2023). More detailed descriptions of the215

baselines and the VideoAgent variants are provided in Appendix F.216

4.1 End-to-End Task Success217

Meta-World. We report the task success rates of baselines and VideoAgent in Table 1. Following Ko218

et al. (2023), we evaluate performance across three camera poses with 25 seeds per pose. Without219

online environment access, VideoAgent improves the overall success rate through self-conditioning220

consistency alone from 19.6% (AVDC) to 22.3%. For certain difficult tasks, e.g., faucet-close,221

VideoAgent improves performance from 12.0% to 46.7%. With online data collection, VideoAgent-222

Online further improves success rates with each additional online iteration of rolling out the policy,223

collecting successful trajectories, and finetuning. VideoAgent-Online can be further combined with224

replanning, achieving 53.7% overall success, surpassing prior state-of-the-art on this benchmark.225

Detailed baseline comparisons are provided in Appendix G.2, and qualitative improvements in refined226

videos are shown in Figure 9 in Appendix K.227

Table 2: iThor Success Rates comparing VideoA-
gent with the AVDC baseline. VideoAgent outper-
forms AVDC across all four rooms averaged over
all three objects in each room.

Room AVDC VideoAgent

Kitchen 26.7% 28.3%
Living Room 23.3% 26.7%
Bedroom 38.3% 41.7%
Bathroom 36.7% 40.0%

Overall 31.3% 34.2%

iTHOR. Next, we evaluate VideoAgent on iThor.228

Due to the high computational cost of running the229

iThor simulator(approx. 20 minutes per roll-out),230

we focus only on evaluating self-conditioning consis-231

tency (without online access). We follow the same232

setup as (Ko et al., 2023), where we measure the av-233

erage success rate across four rooms each with three234

objects using 20 seeds. As shown in Table 2, VideoA-235

gent consistently outperforms the AVDC baseline,236

demonstrating the effectiveness of self-conditioning237

consistency in producing more plausible video plans238

for first-person view navigation (i.e., what iThor mea-239

sures).240

4.2 Effect of Different Components in VideoAgent241

Table 3: Effect of Different Feedback used to
train the refinement model. Descriptive feedback
from the VLM leads to higher improvement in task
success.

Overall

AVDC 19.6%

VideoAgent 22.3%
VideoAgent-Binary 23.8%
VideoAgent-Suggestive 26.6%

In this section, we aim to understand the effect of dif-242

ferent components of VideoAgent. Specifically, we243

focus on the effect of (1) different types of feedback244

given to the refinement model, (2) the number of re-245

finement and online iterations, and (3) the quality of246

the VLM feedback.247

4.2.1 Effect of Different VLM Feedback248

In the previous section, we only used VLM during249

inference to determine when to stop refining a gen-250

erated video. However, it is natural to wonder if251
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Figure 3: Effect of Refinement Iterations. The
accuracy of downstream tasks generally increases as
the number of refinement iteration increases.

Figure 4: Effect of Online Iterations. The overall
task success of VideoAgent increases as the number
of online iterations increases.

information-rich feedback from the VLM, such as language descriptions of which part of a generated252

video to improve, might lead to better refined videos. To answer this question, we propose a few253

variants of VideoAgent according to the feedback available when training the video refinement model254

as in Equation 10. Specifically, we use VideoAgent to denote training the video refinement model only255

conditioned on the original task description. VideoAgent-Binary denotes additionally conditioning256

on whether a generated video is determined to be successful by the VLM. VideoAgent-Suggestive257

denotes conditioning additionally on language feedback from the VLM on which part of the video258

needs improvement and how the video can be improved. We train these three versions of the video259

refinement model, and report the overall task success from Meta-World in Table 3. We see that260

VideoAgent-Binary improves upon the base VideoAgent, while training with descriptive feedback in261

VideoAgent-Suggestive leads to even better performance. This suggests that richer feedback from the262

VLM can facilitate better training of the video refinement model. Improvement for each individual263

task can be found in the Appendix I.264

4.2.2 Effect of the Number of Iterations.265

Next, we want to understand whether more refinement iterations and online finetuning iterations lead266

to higher task success. We found that while different tasks require a different number of refinement267

and online iterations to achieve the best performance, VideoAgent does perform better as the number268

of refinement and online iterations increases, as shown in Figure 3 and Figure 4. During video269

refinement, specific tasks such as handle-press and faucet-close continue to show improvement even270

at the fifth refinement iteration. Faucet-close especially benefits from more refinement iterations,271

bringing success rate from 24.0% to 58.7% after five refinement iterations. The improved task success272

rates across refinement and online iterations suggests that self-conditioning consistency discussed in273

Section 3.1 and online interaction discussed in Section 3.3 can indeed effectively reduce hallucination274

and improve physical plausibility in the generated videos.275

4.2.3 Accuracy of VLM feedback276

Table 4: VLM Performance measured according to
whether a VLM considers a generated video as acceptable
using human label as the ground truth.

Precision Recall F1-Score Accuracy

Unweighted 0.65 0.89 0.76 0.69
Weighted 0.92 0.58 0.71 0.75

Without Cam 3 0.91 0.71 0.80 0.79

Since VideoAgent heavily relies on a VLM277

to select video plans during inference, it is278

crucial to understand whether the VLM can279

in fact achieve a reasonable accuracy in pro-280

viding feedback for video generation. To281

quantify the performance of a VLM, we use282

human labels on whether a generated video283

is acceptable as the ground truth, and mea-284

sure precision, recall, F1-score, and accu-285

racy based on whether GPT-4 Turbo thinks the generated video is acceptable according to trajectory286

smoothness (consistent across sequential frames), physical stability, and achieving the goal (See full287

prompt in Appendix C). We report the average result across 36 generated videos from the Meta-World288

dataset in Table 4. We see that the original prompt we used (Unweighted, meaning not emphasizing289

reduction of false positives) achieves 69% accuracy, suggesting that the VLM is able to somewhat290

judge generated videos but not always accurately. Since VideoAgent uses multiple refinement itera-291

tions, we want to avoid false positives where a bad video is accidentally accepted. We can achieve292
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this by penalizing false positives through reweighing its cost in the prompt, which leads to the VLM293

rejecting videos when the VLM is uncertain about the video’s acceptability. This adjustment results294

in a significant increase in precision as shown in Table 4. This weighted version of the prompt is used295

in the experiments in Section 4.1.296

Partial Observability. In the AVDC experimental setup, center cropping the third camera (what is297

used in the pipeline) often results in most of the robot arm being outside of the frame. We found that298

the accuracy of the VLM is affected by such partial observability. As shown in Table 4, removing the299

third camera from the prompt leads to much higher accuracy.300

Descriptive Feedback. While VLM can provide binary feedback on whether a generated video is301

acceptable, we also measure the accuracy of the VLM in giving more descriptive feedback such as302

identifying the issue and providing suggestions on how to improve the video. We use three examples303

with human written language feedback as prompt for in-context learning. GPT-4 Turbo achieves304

73.5% accuracy on identification and 86.1% accuracy on suggestion, as evaluated by humans. This305

result is highly encouraging and opens up future directions of leveraging descriptive feedback from306

VLMs to improve video generation.307

4.3 Evaluating Self-Refinement on Real-World Robot Videos308

Table 5: BridgeData-V2 Results. Quantitative metrics comparing
AVDC and VideoAgent on generated Bridge data. VideoAgent
outperforms the baseline according to all except for one metric.

Metrics AVDC Video Agent

Clip Score 22.39 22.90
Flow Consistency 2.48 ± 0.00 2.59 ± 0.01

Visual Quality 1.97 ± 0.003 2.01 ± 0.003
Temporal Consistency 1.48 ± 0.01 1.55 ± 0.01
Dynamic Degree 3.08 ± 0.01 3.07 ± 0.02
Text to Video Alignment 2.26 ± 0.003 2.30 ± 0.03
Factual Consistency 2.02 ± 0.004 2.07 ± 0.01

Average Video Score 2.16 ± 0.01 2.20 ± 0.01

Qualitative Eval on Task Success 42.0% 64.0%

In this section, we evaluate VideoA-309

gent’s ability to refine real-world310

videos, which often contain higher311

variability, intricate details, nuanced312

behaviors, and complex interactions.313

We study the effect of video refine-314

ment using both quantitative metrics315

and qualitatively for holistic evalua-316

tion.317

We report the average across 2250318

videos generated from the AVDC319

baseline and from VideoAgent in Ta-320

ble 5. VideoAgent performs better321

according to all metrics except for322

Dynamic Degree from Video-Score323

(which shows similar performance be-324

tween VideoAgent and AVDC). Notably, the gain is significant for metrics critical for instruction325

following and real-world videos, such as CLIP Score, Factual Consistency, and Text-to-Video Align-326

ment. Improvement in Flow Consistency and Temporal Consistency suggests that VideoAgent327

produces smoother and more physically plausible videos that adhere better to the physical constraints328

of the real-world. This directly translates to better performance in real-world robotic tasks in Table 1.329

Qualitative Evaluation. Next, we qualitatively evaluate generated videos from the AVDC baseline330

and from VideoAgent. We collect 50 generated videos from each model and conduct qualitative331

evaluation on whether a generated video looks realistic. Videos with refinement from VideoAgent332

improves the acceptance rate by 22% as shown in Table 5. We further show an example video with333

and without refinement in Figure 8 which we provide in Appendix K, where the baseline (middle row)334

hallucinates (the bowl disappears) whereas VideoAgent produces the video that completes the task335

(bottom row). We also present a more fine-grained analysis of Visual Quality, Temporal Consistency,336

Dynamic Degree, Text to Video Alignment, and Factual Consistency evaluated qualitatively in the337

Appendix J with the metrics in Table 9, which further echos the results of qualitative evaluations338

presented in Table 5.339

Quantitative Evaluation. Following previous literature on video generation, we consider two340

reference-free metrics, CLIP Score (Hessel et al., 2021) and Flow Consistency (Teed & Deng, 2020),341

as well as a set of Video-Scores (He et al., 2024) for evaluation. CLIP Score measures the cosine342

similarity between frame feature and text prompt, whereas Flow Consistency measure the smoothness343

and coherence of motion in the videos calculated from the RAFT model. Video-Scores use five344

sub-metrics with a focus on correlation with qualitative evaluation and real-world videos.345

5 Related Work346

Feedback and Self-improvement in LLMs. Incorporating feedback and preference signals from347

feedback into the finetuning process of LLMs, has led to the enormous popularity and practical348
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usability of the current versions of LLMs as chatbots (Casper et al., 2023). Preference feedback from349

humans or other AI systems (Ouyang et al., 2022a; Lee et al., 2023; Kaufmann et al., 2023) are first350

collected to train a reward model to guide the LLM’s generation or do implicit policy optimization351

(Schulman et al., 2017; Rafailov et al., 2024). Furthermore LLMs have shown the ability to further352

improve by iterative refinement during finetuning and inference (Zelikman et al., 2022; Yuan et al.,353

2024; Tian et al., 2024). We incorporate this reward driven improvement mechanism in our work,354

but unlike the LLM setting where the feedback came from a reward model or some proxy of this355

preference model, focus on improving video generation using feedback from action execution.356

Image and Video Generation and Editing. With the advent of large scale foundation models357

pretrained on internet scale data (Bommasani et al., 2021), generation of super realistic multimodal358

content has become easier. Text generation, image or video generation, and cross-modal generation359

(OpenAI et al., 2024; Reid et al., 2024; Wu et al., 2021; Ho et al., 2022; Singer et al., 2022; Yang360

et al., 2023a; Blattmann et al., 2023) has seen major advancements leveraging the autoregressive and361

diffusion based models architectures. And moving beyond simple generation, these models have362

been leveraged for guided text, image or video editing and enhancement (Huang et al., 2024) to363

improve textual and visual aesthetics applied mostly to generative media (Zhang et al., 2023). But364

none of these existing methods focus on grounding a generative simulator in the real world to perform365

more complex interactive multi-turn agentic and physical tasks needing both perception and control.366

To solve this bottleneck, we propose VideoAgent to self-improve or edit generated plan based on367

grounded feedback from real-world to execute robot manipulation tasks.368

Scaling Inference-Time Compute. Beyond pretraining, increasing inference-time compute offers a369

complementary path to improve model performance. In LLMs, this includes enhanced planning via370

multiple generations and verifier-guided decoding (Xie et al., 2024; Gandhi et al., 2024; Lightman371

et al., 2023; Snell et al., 2024). Similar strategies have extended to diffusion models, such as372

increasing denoising steps to boost generation quality (Karras et al., 2022; Song et al., 2020a,b). Our373

method combines these test-time refinements with further training the model to self-improve, enabling374

the model to learn to improvement through both gradient-based updates while also leveraging extra375

compute at inference to further refine video plans.376

Video Generation for Robot Learning. Video-based learning for robotics (Nair et al., 2022; Bahl377

et al., 2022; Shao et al., 2021; Chen et al., 2021; Pari et al., 2022) has enabled visual representation378

learning, goal extraction, planning (Finn & Levine, 2017; Kurutach et al., 2018), and imitation379

from expert actions (Fang et al., 2019; Wang et al., 2023; Mani et al., 2024). Recent works reframe380

decision-making as video generation, enabling policy learning from video predictions (Du et al.,381

2024; Ko et al., 2023; Wen et al., 2023; Du et al., 2023; Ajay et al., 2024), and use generative models382

to simulate agent-environment interactions (Yang et al., 2023b). While some methods replan during383

test time (Bu et al., 2024), VideoAgent refines video plans during training incorporating feedback384

from failed executions grounded in real-world and further refines the mistakes during test time via385

self-iteration and replanning.386

6 Conclusion, Limitations and Future Work387

We have presented VideoAgent, where a video generation model acts as an agent by generating and388

refining video plans, converting video plans into actions, executing the actions in an environment,389

and collecting additional data for further self improvement. Through interaction with an external390

environment, VideoAgent provides a promising direction for grounding video generation in the real391

world, thereby reducing hallucination and unrealistic physics in the generated videos according to392

real-world feedback.393

Limitations and Future Work. VideoAgent needs to overcome a few limitations. In the online394

setting, it only considers filtering for successful trajectories for further finetuning, though exploring395

algorithms such as online reinforcement learning remains promising. VideoAgent currently utilizes396

optical flow for action extraction, but alternative approaches like inverse dynamics models or image-397

goal-conditioned diffusion policies may offer improved performance. While we measured end-to-end398

task success in simulated robotic settings, evaluating VideoAgent in real robotic systems is an399

important direction for future work. As additional data is collected online, not only the video400

prediction model but also the action extraction module (flow model) and the VLM feedback model401

can be finetuned using this data, which we defer to future exploration. Moreover, VideoAgent trades402

off inference-time compute for better performance by iteratively refining generated video plans under403

VLM guidance, and investigating alternative inference-time search strategies may further enhance404

video quality.405
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Appendix594

A Impact Statement595

VideoAgent introduces a novel self-conditioning consistency mechanism that enables iterative refine-596

ment of generated video plans, significantly improving long-horizon task completion. By leveraging597

previously generated video segments for refinement, VideoAgent mitigates hallucinations and en-598

hances temporal consistency without requiring extensive interaction with the environment. This599

reduces the need for costly and time-consuming data collection while still achieving state-of-the-art600

success rates in simulated robotic environments. Furthermore, VideoAgent ’s ability to refine plans601

without relying on replanning makes it highly adaptable to real-world applications, including robotics,602

autonomous systems, and video-based reinforcement learning. This work advances scalable and603

generalizable video generation techniques, contributing to the broader goal of AI agents that can604

reason and act through visual understanding.605

B Algorithms606

Algorithm 1: Training of Video Generation and Refinement Models with VLM Feedback
Input: Dataset D, learning rate γ, total training iterations N , initial model parameters θ, video

generation model fθ, video refinement model f̂θ, VLM R̂
for iteration = 1 to N do

Sample {(x(0), g)} ∼ D and t ∼ Uniform({0, 1, . . . , T});
Compute vanilla diffusion loss:
Lvideo-diffusion =

∥∥fθ(x(t), t)− x(0)
∥∥2;

Generate x̂ following Equation 11 and sample feedback ∼ R̂(·|x̂);
Compute consistency loss:

LSC-consistency =
∥∥∥f̂θ(x̂,x(t), t |feedback)− x(0)

∥∥∥2;
Update parameters:

θ ← θ − γ∇θ (Lvideo-diffusion + LSC-consistency);

607

Algorithm 2: VLM Guided Replan

Input: Initial frame x0, task description g, RewardR, Environment E , VLM R̂,
max_refine_iterations, max_replans

for replan_count = 1 to max_replans do
x̂← πθ(x0, g);
for i = 0 to max_refine_iterations do

response← R̂(x̂(i), g);
if response == ACCEPT then break;
x̂(i+1) ← πθ(x̂(i), x0, g);

success← R(ρ(x̂refined));
if success then break;
x0 ← E .get_state();

608

Algorithm 3: Online Finetuning of Video Generation and Refinement Models
Input: Dataset D, policy πθ, RewardR, Environment E
for iteration i = 1 to N do
Dnew ← ∅;
for each (·, g) in D do

x0 ← E .reset(g);
x̂refined ∼ πθ(x0, g);
ifR(ρ(x̂refined)) then
Dnew ← Dnew ∪ (x̂refined, g);

D ← D ∪Dnew;
Finetune θ using Algorithm 1 on D;

609
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C Prompt Structure for VLM Feedback610

C.1 Binary Classification611

We employ a structured prompting strategy to provide feedback on video sequences for the zero-shot612

classification. The process consists of one Query-Evaluation Phase, each with distinct sub-goals.613

BINARY CLASSIFICATION

Task: You are a video reviewer evaluating a sequence of actions presented as seven consecutive
image uploads, which together represent a single video. You are going to accept the video if it
completes the task and the video is consistent without glitches.
Query-Evaluation Phase:
• Inputs Provided:

– Textual Prompt: Describes the task the video should accomplish.
– Conditioning Image: Sets the fixed aspects of the scene.
– Sequence of Images (7 Frames): Represents consecutive moments in the video to be

evaluated.
• Evaluation Process:

– View and Analyze Each Frame: Examine each image in sequence to understand the
progression and continuity of actions.

– Assess Overall Coherence: Determine if actions transition smoothly and logically from
one image to the next.

– Check for Physical Accuracy: Ensure adherence to the laws of physics, identifying any
discrepancies.

– Verify Task Completion: Confirm the sequence accomplishes the task described in the
textual prompt.

– Identify Inconsistencies: Detect inconsistencies in object movement or overlaps that do
not match the conditioning image.

• Evaluation Criteria:
– Accept the sequence if it is a coherent video that completes the task.
– Reject the sequence if any frame fails to meet the criteria, showing inconsistencies or not

achieving the task. Be very strict, rejecting even minor errors.
• Response Requirement:

– Provide a single-word answer: Accept or Reject. Do not give reasoning.
• Additional Notes:

– No further clarification can be requested.
– Elements from the conditioning image must match those in each frame of the sequence.

614

C.2 Identification and Suggestion:615

We employ a structured prompting strategy to provide descriptive feedback on video sequences via616

an in-context few-shot classification setup. The process consists of one Query-Evaluation Phase, each617

with distinct sub-goals.618
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IDENTIFICATION AND SUGGESTION

Task: You are a video reviewer tasked with evaluating a series of actions depicted through eight
consecutive image uploads. These images together simulate a video. This task is structured as a
few-shot learning exercise, where you will first review three examples and then apply learned
principles to new queries. Query-Evaluation Phase:

• Inputs Provided:
– Textual Prompt: Describes the intended outcome or task the video aims to

accomplish.
– Conditioning Image: Establishes the fixed elements of the scene.
– Sequence of Images (7 Frames): Illustrates consecutive moments in the video,

representing the action sequence.
• Evaluation Process:

– Frame-by-Frame Analysis: Carefully examine each of the seven images to
understand the progression and continuity of actions.

– Assess Overall Coherence: Evaluate the sequence as a whole to determine if the
actions transition smoothly from one frame to the next while maintaining logical
progression.

– Check for Physical Accuracy: Ensure each frame complies with the laws of
physics, identifying any discrepancies in movement or positioning.

– Verify Task Completion: Confirm if the sequence as a whole accomplishes the
task described in the textual prompt.

– Identify Inconsistencies: Detect inconsistencies in object movement or overlaps
that contradict the fixed scene elements depicted in the conditioning image.

• Evaluation Criteria:
– Descriptive Feedback: Based on your evaluation, provide a concise, construc-

tive sentence suggesting specific improvements. Focus on enhancing physical
accuracy and task fulfillment based on identified inconsistencies or discrepancies.

• Response Requirement:
– Feedback must be derived from your observations during the evaluation and not

exceed 20 words.
• Additional Notes:

– No further clarification can be requested.
– Elements from the conditioning image must match those in each frame of the

sequence.
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D Task Descriptions and In-Context Examples for VLM Feedback619

TASK DESCRIPTION AND SUCCESS CRITERIA

• door-open: The robot arm has to open the door by using the door handle.
• door-close: The robot arm has to close the door by pushing the door or the handle.
• basketball: The robot arm has to pick up the basketball and take it above the hoop.
• shelf-place: The robot arm has to pick up the blue cube and place it on the shelf.
• button-press: The robot arm has to press the red button from the side by pushing it

inside.
• button-press-topdown: The robot arm has to press the red button from the top by

pushing it downward.
• faucet-close: The robot arm has to use the red faucet handle and turn it anti-clockwise.
• faucet-open: The robot arm has to use the red faucet handle and turn it clockwise.
• handle-press: The robot arm has to press the red handle downward.
• hammer: The robot arm has to grip and pick up the hammer with a red handle and hit

the peg on the box inside.
• assembly: The robot arm has to pick up the ring and place it into the red peg.

620

Figure 5: Few-Shot Examples given to VLM: We provide some examples to the VLM and corresponding
feedback to teach the VLM in-context how to critic the generated videos for task completion and success or
failure.

E Dataset Descriptions in Detail621

E.1 Datasets and Environments.622

We follow the same evaluation setting as (Ko et al., 2023), which considers three datasets: Meta-623

World (Yu et al., 2020), iTHOR (Kolve et al., 2017), and BridgeData V2 (Walke et al., 2023).624

Meta-World consists of 11 robotic manipulation tasks performed by a simulated Sawyer arm, with625

video demonstrations captured from three distinct camera angles. iTHOR is a simulated 2D ob-626

ject navigation benchmark, where an agent searches for specified objects across four room types.627

BridgeData V2 is a real-world dataset of robotic manipulation.628
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Figure 6: Environments and Datasets that we work with: Meta-World, iThor, and BridgeData-V2

Meta-World (Yu et al., 2020) is a simulation benchmark that uses a Swayer robotic arm to perform a629

number of manipulation tasks. In our experiments, we make use of 11 tasks as shown in Table 1. We630

capture videos from three distinct camera angles for each task and use the same camera angles for631

both the training and testing phases. We gather five demonstration videos per task for each camera632

angle. During the evaluation, we tested on each of the three camera angles with 25 seeds per camera633

angle. The position of the robot arm and the object is randomized at the beginning of each seed to634

ensure variability. A trajectory is considered successful if the Video Agent reaches within a really635

close threshold of the goal state.636

iTHOR (Kolve et al., 2017) is another popular 2D simulated benchmark that focuses on embodied637

common sense reasoning. We evaluate the Video as Agent framework on the object navigation tasks,638

where an agent is randomly initialized in a scene and tasked with finding an object of a specified639

type (e.g., toaster, television). At each time step, the agent can take one of the four possible actions640

(MoveForward, RotateLeft, RotateRight, or Done), and observes a 2D scene to operate in. We641

selected 12 objects ((e.g. toaster, television) to be placed in 4 different room types (e.g. kitchen,642

living room, bedroom, and bathroom). Again, the starting position of the agent is randomized at the643

start of each episode. During evaluation, we test the agent across 12 object navigation tasks spread644

across all 4 room types, 3 tasks per room. A trajectory is successful if the agent views and reaches645

within 1.5 meters of the target object before reaching the maximum environment step or predicting646

Done.647

To test the usefulness of our framework across different videos types, we also use the BridgeData V2648

dataset (Walke et al., 2023), a large and diverse dataset of real world robotic manipulation behaviors649

designed to facilitate research in scalable robot learning. It contains 60,096 trajectories collected650

across 24 environments using a publicly available low-cost WidowX 250 6DOF robot arm. The651

dataset provides extensive task and environment variability, enabling skills learned from the data to652

generalize across environments and domains.653

E.2 Additional trajectories per iteration during online training654

We collect 15 successful trajectories for each task during every iteration. This standardization helps655

address task imbalance, as task success rates are higher for certain tasks compared to others. By656

ensuring a fixed number of successful trajectories per task, we prevent overfitting to easier tasks and657

maintain balanced model performance across the entire task set. The set of seeds used for training658

and collecting additional trajectories are different from the seeds used for evaluation.659

F Baselines and VideoAgent Variants.660

We consider the following methods for comparison:661

• AVDC (baseline). This is the Actions from Video Dense Correspondences (Ko et al., 2023) baseline,662

which synthesizes a video and predicts optical flow to infer actions.663

• AVDC-Replan (baseline). When the movement stalls, AVDC-replan re-runs video generation and664

action extraction from the flow model to execute a new plan.665

• VideoAgent. Our proposed video refinement model through self-conditioning consistency as666

introduced in Section 3.1. VideoAgent generates video and iteratively refines a video plan. We use667

GPT-4 Turbo for selecting the best video plan during inference (Section 3.2).668

• VideoAgent-Online. As actions are executed in the online environment, successful trajectories are669

collected and used to continue training the video generation and refinement model, as described in670

Section 3.3.671
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Table 6: Meta-World Results. The mean success rates of baselines and VideoAgent on 11 simulated robot
manipulation environments from Meta-World. VideoAgent consistently outperforms baselines across all tasks.

door-open door-close basketball shelf-place btn-press btn-press-top

BC-Scratch 21.3% 36.0% 0.0% 0.0% 34.7% 12.0%
BC-R3M 1.3% 58.7% 0.0% 0.0% 36.0% 4.0%
UniPi (with Replan) 0.0% 36.0% 0.0% 0.0% 6.7% 0.0%
AVDC 30.7% 28.0% 21.3% 8.0% 34.7% 17.3%
VLP 33.3% 28.0% 17.3% 8.0% 36.0% 18.7%
Diffusion Policy 45.3% 45.3% 8.0% 0.0% 40.0% 18.7%
AVDC-Replan 72.0% 89.3% 37.3% 18.7% 60.0% 24.0%
AVDC-IS-Replan 66.7% 93.3% 40.0% 21.3% 65.3% 29.3%

VideoAgent 40.0% 29.3% 13.3% 9.3% 38.7% 18.7%
VideoAgent (Iter2) 48.0% 40.0% 24.0% 12.0% 42.7% 36.0%
VideoAgent (Iter3) 58.7% 50.7% 28.0% 18.7% 53.3% 41.3%
VideoAgent-Replan 82.7% 97.3% 40.0% 26.7% 73.3% 44.0%

faucet-close faucet-open handle-press hammer assembly Overall

BC-Scratch 18.7% 22.7% 28.0% 0.0% 0.0% 15.4%
BC-R3M 18.7% 17.3% 37.3% 0.0% 1.3% 16.2%
UniPi (with Replan) 4.0% 9.3% 13.3% 4.0% 0.0% 6.1%
AVDC 12.0% 17.3% 41.3% 0.0% 5.3% 19.6%
VLP 30.7% 10.7% 33.3% 0.0% 1.3% 19.8%
Diffusion Policy 22.7% 58.7% 21.3% 4.0% 1.3% 24.1%
AVDC-Replan 53.3% 24.0% 81.3% 8.0% 6.7% 43.1%
AVDC-IS-Replan 48.0% 28.0% 78.7% 10.7% 0.0% 43.8%

VideoAgent 46.7% 12.0% 36.0% 0.0% 1.3% 22.3%
VideoAgent (Iter2) 53.3% 28.0% 52.0% 1.3% 5.3% 31.2%
VideoAgent (Iter3) 58.7% 36.0% 64.0% 1.3% 9.3% 38.2%
VideoAgent-Replan 74.7% 46.7% 86.7% 8.0% 10.7% 53.7%

• VideoAgent-Replan. This variant incorporates online filtering of successful trajectories with the672

replanning mechanism, where replanning is conducted first, and more successful trajectories after673

replanning are added back to the training data.674

G Extended Experiments675

G.1 Videos to action conversion676

We employ the GMFlow optical flow model to predict dense pixel movements across frames. These677

predicted flows serve as the foundation for reconstructing both object movements and robot motions678

depicted in the video. The flow predictions allow us to interpret the temporal evolution of the679

video in terms of actionable physical dynamics. The optical flow essentially provides a dense680

correspondence of pixel movements between consecutive frames, which is then used to infer the681

relative motion of objects and the robot. This mapping bridges the gap between the high-dimensional682

video representation and the low-level control commands required to execute the tasks in a simulated683

or real environment.684

This method ensures that the generated video plans are actionable and aligned with the task-specific685

dynamics, making the video generation process directly relevant to downstream policy learning and686

execution.687

G.2 Baseline experiments on Metaworld688

We conduct experiments on additional baselines including, Behavioral Cloning (BC), UniPi (with689

replan), VLP, AVDC-IS-Replan and Diffusion policy. Table 6 consists of these results. VLP follows690

a training setup similar to ours, but does not incorporate the proposed self-consistency loss. AVDC-691

IS-Replan refers to the baseline AVDC model with replanning and a straightforward inference-time692

scaling strategy, wherein the number of denoising time-steps is increased from 100 to 500 during693

inference. Our method surpasses all the above baselines considered.694

G.3 Further Analysis of VideoAgent-Online695

We train VideoAgent-Online for multiple iterations and observe that after 2 iterations, the results start696

to stabilize. The extra results for iteration 3 are also shown in table 7.697
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door-open door-close basketball shelf-place btn-press btn-press-top

AVDC 30.7% 28.0% 21.3% 8.00% 34.7% 17.3%

VideoAgent 40.0% 29.3% 13.3% 9.3% 38.7% 18.7%
VideoAgent-Online (Iter1) 48.0% 40.0% 24.0% 12.0% 42.7% 36.0%
VideoAgent-Online (Iter2) 58.7% 50.7% 28.0% 18.7% 53.3% 41.3%
VideoAgent-Online (Iter3) 58.7% 52.0% 26.7% 17.3% 54.7% 40.0%

faucet-close faucet-open handle-press hammer assembly Overall

AVDC 12.0% 17.3% 41.3% 0.00% 5.30% 19.6%

VideoAgent 46.7% 12.0% 36.0% 0.0% 1.3% 22.3%
VideoAgent-Online (Iter1) 53.3% 28.0% 52.0% 1.3% 5.3% 31.2%
VideoAgent-Online (Iter2) 58.7% 36.0% 64.0% 1.3% 9.3% 38.2%
VideoAgent-Online (Iter3) 56.3% 36.0% 66.7% 1.3% 10.7% 38.22%

Table 7: Meta-World Result. The mean success rates of VideoAgent combined with successive rounds of data
collection via Online Iterations and Replan modules as compared to AVDC baseline.

H Architectural Details of VideoAgent698

H.1 Video Diffusion training details699

We use the same video diffusion architecture as the AVDC baseline. For all models, we use700

dropout=0, num head channels=32, train/inference timesteps=100, training objective=predict v,701

beta schedule=cosine, loss function=l2, min snr gamma=5, learning rate=1e-4, ema update steps=10,702

ema decay=0.999. All of our models and experiments were run on Nvidia A6000 GPUs.703

H.2 Inference time speed704

In our current setup, during inference, our video generation model produces a new video within 10705

seconds on a single A6000 GPU at a resolution of 128×128 for Meta-World. The process of mapping706

this generated video to an action takes, on average, an additional 25 seconds. This action-mapping707

stage involves calculating optical flow, receiving feedback from the vision-language model (VLM),708

and converting the video into an action sequence based on the computed flow.709

I VLM Feedback for Correction710

door-open door-close basketball shelf-place btn-press btn-press-top

AVDC 30.7% 28.0% 21.3% 8.00% 34.7% 17.3%

VideoAgent 40.0% 29.3% 13.3% 9.3% 38.7% 18.7%
VideoAgent-Binary 46.7% 32.0% 14.7% 6.7% 38.7% 21.3%
VideoAgent-Suggestive 46.7% 33.3% 18.7% 12.0% 41.3% 22.7%
VideoAgent-Online-Suggestive 52.0% 28.0% 21.3% 16.0% 46.7% 22.7%

faucet-close faucet-open handle-press hammer assembly Overall

AVDC 12.0% 17.3% 41.3% 0.00% 5.30% 19.6%

VideoAgent 46.7% 12.0% 36.0% 0.00% 1.3% 22.3%
VideoAgent-Binary 46.7% 17.3% 32% 0.00% 5.3% 23.8%
VideoAgent-Suggestive 48.7% 17.3% 46.7% 0.00% 5.3% 26.6%
VideoAgent-Online-Suggestive 45.3% 20.0% 48.0% 2.7% 5.3% 27.4%

Table 8: Meta-World: VideoAgent-Feedback Guided Results The mean success rates for various tasks,
comparing different VideoAgent-Feedback Guided variants and the AVDC baseline.

J Details of Qualitative Evaluation on BridgeData V2711

Qualitative Evaluation. Next, we qualitatively evaluate video generation quality using the five712

Video-Score dimensions: Visual Quality (VQ) for clarity and resolution, Temporal Consistency713

(TC) for smooth frame transitions, Dynamic Degree (DD) for capturing accurate object/environment714

changes, Text-to-Video Alignment (TVA) for matching the video to the prompt, and Factual Con-715

sistency (FC) for adherence to physical laws and real-world facts. Videos are rated on a 4-point716

scale based on the metric in He et al. (2024): 1 (Bad), 2 (Average), 3 (Good), and 4 (Perfect). Our717

evaluation is based on 50 generated videos from a held-out set.718
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Table 9: Task Success and Other Fine-grained Qualitative Evaluation Metrics on BridgeData-V2

Metrics AVDC Video Agent
Task Success via Qualitative Eval 42.0% 64.0%

Holistic Assessment via Qualitative Eval

Visual Quality 1.74 1.84
Temporal Consistency 1.58 1.76

Dynamic Degree 3.14 2.98
Text to Video Alignment 2.66 3.04

Factual Consistency 3.22 3.30

Qualitative Eval Average 2.47 2.98

In terms of VQ and TC, both the baseline AVDC and our VideoAgent generate average quality videos719

(graded 2), with AVDC hallucinating more and generating some choppy jumps in videos temporally720

(we grade such videos as 1) and Video Agent fixing some of these upon video conditioned iterative721

refinement. The reason for AVDC baseline having higher DD is attributed to unruly movements722

that cause higher DD scores compared to VideoAgent, where movements are smoother. This also723

explains the result in fifth row of Table 5, and upon closer examination of the generated videos and724

their corresponding individual scores, we observed similar traits in videos having higher DD due to725

unnatural robot arm movements and object impermanence. TVA shows trends similar to ClipScore726

in Table 5 due to the better instruction following ability of VideoAgent leading to more controlled727

generation. FC is a very crucial metric for deployment of video generation agents as policy for728

task completion in robotics, scene navigation, and so on. Improved visual quality does not imply729

adherence to correct physical laws and real-world constraints, FC particularly checks for this aspect730

and due to video conditioned self-refinement, VideoAgent has better FC compared to AVDC.731
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K Examples732

Additional video examples are provided in the supplementary material.733

K.1 Zero-shot generalization on real-world scenes734

VideoAgent trained on Bridge dataset demonstrates strong performance on zero shot video generation735

for natural distribution shifts and longer language instructions. Some examples of the synthesized736

videos can be found in Fig. 7.737

Figure 7: Zero-shot generalization of VideoAgent: VideoAgent generalizes fairly well to natural distribution
shifts and is able to generate successful trajectories on data it has not been trained on.

K.2 Improvements on real-world scenes738

We show an example video with and without refinement in Figure 8, where the baseline (middle row)739

hallucinates (the bowl disappears) whereas VideoAgent produces the video that completes the task740

(bottom row).

Figure 8: Correcting Hallucinations in Video Generation: The AVDC model hallucinates after the second
frame, removing the colander and placing the banana on the table. In contrast, VideoAgent accurately retains the
colander’s position and correctly places the banana inside.

741
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K.3 Improvements in Meta-World742

Figure 9: Correcting Hallucinations in Video Generation: The goal prompt is “Assembly” as shown in the
Target Video. The AVDC model has problem of object permanence and action incomplete in last frame. In
contrast, our VideoAgent model accurately object permanence and correctly places the inside the peg properly.

K.4 Improvements in iThor743

Figure 10: Correcting Hallucinations in Video Generation: The goal prompt is “Television” as shown in the
Target Video, the goal is for the navigator to locate the object and reach near it. The AVDC model has difficulty
reconstructing and navigating in the livingroom to find the television. In contrast, our VideoAgent model solves
the initial frame hallucinations and accurately reaches near the television correctly.
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K.5 Identification and Suggestive Feedback Examples744

Figure 11: Detailed VLM Feedback: We show the efficacy of VLMs to provide useful feedback even in the
absence of access to a simulator or real-world execution environment. The VLM acts as a proxy reward model
to condition VideoAgent on useful corrective signals, leading to improved performance as described in Table 3.
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NeurIPS Paper Checklist745

1. Claims746

Question: Do the main claims made in the abstract and introduction accurately reflect the747

paper’s contributions and scope?748

Answer: [Yes]749

Justification: The main claims in the abstract and introduction are that (1) current video750

generation models for robotic planning suffer from hallucinations and unrealistic physics,751

(2) external feedback can be used to refine these plans, and (3) the proposed method,752

VideoAgent, introduces self-conditioning consistency as a self-improvement operator and753

VLM-guided refinement to iteratively improve video plans, leading to improved downstream754

task performance. These claims are supported by both the technical methods in Sections 3755

and the experimental results in Sections 4.756

Guidelines:757

• The answer NA means that the abstract and introduction do not include the claims758

made in the paper.759

• The abstract and/or introduction should clearly state the claims made, including the760

contributions made in the paper and important assumptions and limitations. A No or761

NA answer to this question will not be perceived well by the reviewers.762

• The claims made should match theoretical and experimental results, and reflect how763

much the results can be expected to generalize to other settings.764

• It is fine to include aspirational goals as motivation as long as it is clear that these goals765

are not attained by the paper.766

2. Limitations767

Question: Does the paper discuss the limitations of the work performed by the authors?768

Answer: [Yes]769

Justification: The paper includes a dedicated discussion of limitations in Section 6.770

Guidelines:771

• The answer NA means that the paper has no limitation while the answer No means that772

the paper has limitations, but those are not discussed in the paper.773

• The authors are encouraged to create a separate "Limitations" section in their paper.774

• The paper should point out any strong assumptions and how robust the results are to775

violations of these assumptions (e.g., independence assumptions, noiseless settings,776

model well-specification, asymptotic approximations only holding locally). The authors777

should reflect on how these assumptions might be violated in practice and what the778

implications would be.779

• The authors should reflect on the scope of the claims made, e.g., if the approach was780

only tested on a few datasets or with a few runs. In general, empirical results often781

depend on implicit assumptions, which should be articulated.782

• The authors should reflect on the factors that influence the performance of the approach.783

For example, a facial recognition algorithm may perform poorly when image resolution784

is low or images are taken in low lighting. Or a speech-to-text system might not be785

used reliably to provide closed captions for online lectures because it fails to handle786

technical jargon.787

• The authors should discuss the computational efficiency of the proposed algorithms788

and how they scale with dataset size.789

• If applicable, the authors should discuss possible limitations of their approach to790

address problems of privacy and fairness.791

• While the authors might fear that complete honesty about limitations might be used by792

reviewers as grounds for rejection, a worse outcome might be that reviewers discover793

limitations that aren’t acknowledged in the paper. The authors should use their best794

judgment and recognize that individual actions in favor of transparency play an impor-795

tant role in developing norms that preserve the integrity of the community. Reviewers796

will be specifically instructed to not penalize honesty concerning limitations.797
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3. Theory assumptions and proofs798

Question: For each theoretical result, does the paper provide the full set of assumptions and799

a complete (and correct) proof?800

Answer: [NA]801

Justification: The paper does not contain formal theoretical results or theorems requiring802

assumptions and proofs. Instead, we propose a novel self-improvement framework for video803

generation and support it through mathematical formulations (e.g., consistency losses and804

refinement updates) and empirical evaluations.805

Guidelines:806

• The answer NA means that the paper does not include theoretical results.807

• All the theorems, formulas, and proofs in the paper should be numbered and cross-808

referenced.809

• All assumptions should be clearly stated or referenced in the statement of any theorems.810

• The proofs can either appear in the main paper or the supplemental material, but if811

they appear in the supplemental material, the authors are encouraged to provide a short812

proof sketch to provide intuition.813

• Inversely, any informal proof provided in the core of the paper should be complemented814

by formal proofs provided in appendix or supplemental material.815

• Theorems and Lemmas that the proof relies upon should be properly referenced.816

4. Experimental result reproducibility817

Question: Does the paper fully disclose all the information needed to reproduce the main ex-818

perimental results of the paper to the extent that it affects the main claims and/or conclusions819

of the paper (regardless of whether the code and data are provided or not)?820

Answer: [Yes]821

Justification: The paper provides detailed descriptions of the model architecture, training822

objectives (Equations in Sections 2, 3), experimental setup (Section 4), baselines, and823

evaluation metrics (Tables 1–5). Algorithms for training, inference, and online finetuning824

and hyperparameters are explicitly presented in Appendix B, and prompt structures used825

with the VLM are outlined in Appendix C.826

Guidelines:827

• The answer NA means that the paper does not include experiments.828

• If the paper includes experiments, a No answer to this question will not be perceived829

well by the reviewers: Making the paper reproducible is important, regardless of830

whether the code and data are provided or not.831

• If the contribution is a dataset and/or model, the authors should describe the steps taken832

to make their results reproducible or verifiable.833

• Depending on the contribution, reproducibility can be accomplished in various ways.834

For example, if the contribution is a novel architecture, describing the architecture fully835

might suffice, or if the contribution is a specific model and empirical evaluation, it may836

be necessary to either make it possible for others to replicate the model with the same837

dataset, or provide access to the model. In general. releasing code and data is often838

one good way to accomplish this, but reproducibility can also be provided via detailed839

instructions for how to replicate the results, access to a hosted model (e.g., in the case840

of a large language model), releasing of a model checkpoint, or other means that are841

appropriate to the research performed.842

• While NeurIPS does not require releasing code, the conference does require all submis-843

sions to provide some reasonable avenue for reproducibility, which may depend on the844

nature of the contribution. For example845

(a) If the contribution is primarily a new algorithm, the paper should make it clear how846

to reproduce that algorithm.847

(b) If the contribution is primarily a new model architecture, the paper should describe848

the architecture clearly and fully.849
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(c) If the contribution is a new model (e.g., a large language model), then there should850

either be a way to access this model for reproducing the results or a way to reproduce851

the model (e.g., with an open-source dataset or instructions for how to construct852

the dataset).853

(d) We recognize that reproducibility may be tricky in some cases, in which case854

authors are welcome to describe the particular way they provide for reproducibility.855

In the case of closed-source models, it may be that access to the model is limited in856

some way (e.g., to registered users), but it should be possible for other researchers857

to have some path to reproducing or verifying the results.858

5. Open access to data and code859

Question: Does the paper provide open access to the data and code, with sufficient instruc-860

tions to faithfully reproduce the main experimental results, as described in supplemental861

material?862

Answer: [Yes]863

Justification: We include all the code to generate data, train models and perform inference864

to reproduce our experimental results in the supplemental material.865

Guidelines:866

• The answer NA means that paper does not include experiments requiring code.867

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/868

public/guides/CodeSubmissionPolicy) for more details.869

• While we encourage the release of code and data, we understand that this might not be870

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not871

including code, unless this is central to the contribution (e.g., for a new open-source872

benchmark).873

• The instructions should contain the exact command and environment needed to run to874

reproduce the results. See the NeurIPS code and data submission guidelines (https:875

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.876

• The authors should provide instructions on data access and preparation, including how877

to access the raw data, preprocessed data, intermediate data, and generated data, etc.878

• The authors should provide scripts to reproduce all experimental results for the new879

proposed method and baselines. If only a subset of experiments are reproducible, they880

should state which ones are omitted from the script and why.881

• At submission time, to preserve anonymity, the authors should release anonymized882

versions (if applicable).883

• Providing as much information as possible in supplemental material (appended to the884

paper) is recommended, but including URLs to data and code is permitted.885

6. Experimental setting/details886

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-887

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the888

results?889

Answer: [Yes]890

Justification: All details are provided in Section 3 and Section 4 with further details in891

Appendix B and Appendix C.892
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• The answer NA means that the paper does not include experiments.894
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Answer: [Yes]902

Justification: In our work the primary metric is discrete and its the success rate (count903

of number of successful plans out of all performed rollouts). We thus do not report error904

bars following previous related works evaluation setup and in the case of the fine-grained905

metrics for bridge dataset the errors have been shown in Table 5. Also for our setup there906

isn’t a training and testing distribution per say and its just evaluates different seed in these907

environments to make sure there in no overlap between the generated data for training the908

models and the test time environment rollouts.909

Guidelines:910

• The answer NA means that the paper does not include experiments.911

• The authors should answer "Yes" if the results are accompanied by error bars, confi-912

dence intervals, or statistical significance tests, at least for the experiments that support913

the main claims of the paper.914

• The factors of variability that the error bars are capturing should be clearly stated (for915

example, train/test split, initialization, random drawing of some parameter, or overall916

run with given experimental conditions).917

• The method for calculating the error bars should be explained (closed form formula,918

call to a library function, bootstrap, etc.)919

• The assumptions made should be given (e.g., Normally distributed errors).920

• It should be clear whether the error bar is the standard deviation or the standard error921

of the mean.922

• It is OK to report 1-sigma error bars, but one should state it. The authors should923

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis924

of Normality of errors is not verified.925

• For asymmetric distributions, the authors should be careful not to show in tables or926

figures symmetric error bars that would yield results that are out of range (e.g. negative927

error rates).928

• If error bars are reported in tables or plots, The authors should explain in the text how929

they were calculated and reference the corresponding figures or tables in the text.930

8. Experiments compute resources931

Question: For each experiment, does the paper provide sufficient information on the com-932

puter resources (type of compute workers, memory, time of execution) needed to reproduce933

the experiments?934

Answer: [Yes]935

Justification: In the paper we clearly mention the details of compute resources used for936

all our experiments, models used and api calls made for feedback analysis. All details are937

present in Section 4 and in Appendix G and H.938

Guidelines:939

• The answer NA means that the paper does not include experiments.940

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,941

or cloud provider, including relevant memory and storage.942

• The paper should provide the amount of compute required for each of the individual943

experimental runs as well as estimate the total compute.944

• The paper should disclose whether the full research project required more compute945

than the experiments reported in the paper (e.g., preliminary or failed experiments that946

didn’t make it into the paper).947

9. Code of ethics948

Question: Does the research conducted in the paper conform, in every respect, with the949

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?950

Answer: [Yes]951

Justification: The paper presents VideoAgent, a framework to self improve video generation952

by refining video plans using grounded external feedback, significantly reducing halluci-953

nations and enhancing task success. We show specific applications in simulated robotic954
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manipulation tasks. All the models, datasets and environments we consider are publicly955

available and widely used in academic research. There are no human participants used in956

this study. The LLM feedback we used is available via the OpenAI API. While the specific957

approach and application considered in this paper does not hold potential for negative958

societal impact, there are still many nefarious ways in which the underlying video models959

and LLMs can be used ways which have been well documented in the previous papers960

(Bommasani et al., 2021), hence we do not specifically highlight them here.961
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• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.963

• If the authors answer No, they should explain the special circumstances that require a964

deviation from the Code of Ethics.965

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-966

eration due to laws or regulations in their jurisdiction).967

10. Broader impacts968

Question: Does the paper discuss both potential positive societal impacts and negative969

societal impacts of the work performed?970

Answer: [Yes]971

Justification: The primary goal of this paper is a research study of using a novel self-972

conditioned consistency loss as a self-improvement operator to improve pre-trained video973

generation models for real world robot manipulation tasks by grounding them in feedback.974

While the specific application we consider does not demonstrate any potential for negative975

societal impact, the use of video generation models and LLMs/VLMs for feedback can976

have some positive and negative impacts which have been highlighted at length in various977

pervious works (Bommasani et al., 2021). We have mentioned our impact statement in978

Appendix A.979

Guidelines:980

• The answer NA means that there is no societal impact of the work performed.981

• If the authors answer NA or No, they should explain why their work has no societal982

impact or why the paper does not address societal impact.983

• Examples of negative societal impacts include potential malicious or unintended uses984

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations985

(e.g., deployment of technologies that could make decisions that unfairly impact specific986

groups), privacy considerations, and security considerations.987

• The conference expects that many papers will be foundational research and not tied988

to particular applications, let alone deployments. However, if there is a direct path to989

any negative applications, the authors should point it out. For example, it is legitimate990

to point out that an improvement in the quality of generative models could be used to991

generate deepfakes for disinformation. On the other hand, it is not needed to point out992

that a generic algorithm for optimizing neural networks could enable people to train993

models that generate Deepfakes faster.994

• The authors should consider possible harms that could arise when the technology is995

being used as intended and functioning correctly, harms that could arise when the996

technology is being used as intended but gives incorrect results, and harms following997

from (intentional or unintentional) misuse of the technology.998

• If there are negative societal impacts, the authors could also discuss possible mitigation999

strategies (e.g., gated release of models, providing defenses in addition to attacks,1000

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from1001

feedback over time, improving the efficiency and accessibility of ML).1002

11. Safeguards1003

Question: Does the paper describe safeguards that have been put in place for responsible1004

release of data or models that have a high risk for misuse (e.g., pretrained language models,1005

image generators, or scraped datasets)?1006

Answer: [NA]1007
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Justification: We generate simulated robot manipulation data from academic open-source1008

environments and use them to train small scale task specific video models that do not pose1009

any particular risk of misuse.1010

Guidelines:1011

• The answer NA means that the paper poses no such risks.1012

• Released models that have a high risk for misuse or dual-use should be released with1013

necessary safeguards to allow for controlled use of the model, for example by requiring1014

that users adhere to usage guidelines or restrictions to access the model or implementing1015

safety filters.1016

• Datasets that have been scraped from the Internet could pose safety risks. The authors1017

should describe how they avoided releasing unsafe images.1018

• We recognize that providing effective safeguards is challenging, and many papers do1019

not require this, but we encourage authors to take this into account and make a best1020

faith effort.1021

12. Licenses for existing assets1022

Question: Are the creators or original owners of assets (e.g., code, data, models), used in1023

the paper, properly credited and are the license and terms of use explicitly mentioned and1024

properly respected?1025

Answer: [Yes]1026

Justification: We have used publicly available simulation environments and robot manipula-1027

tion video datasets which are free to use. We have cited the original work for each of these1028

and the license and terms are respected.1029

Guidelines:1030

• The answer NA means that the paper does not use existing assets.1031

• The authors should cite the original paper that produced the code package or dataset.1032

• The authors should state which version of the asset is used and, if possible, include a1033

URL.1034

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.1035

• For scraped data from a particular source (e.g., website), the copyright and terms of1036

service of that source should be provided.1037

• If assets are released, the license, copyright information, and terms of use in the package1038

should be provided. For popular datasets, paperswithcode.com/datasets has1039

curated licenses for some datasets. Their licensing guide can help determine the license1040

of a dataset.1041

• For existing datasets that are re-packaged, both the original license and the license of1042

the derived asset (if it has changed) should be provided.1043

• If this information is not available online, the authors are encouraged to reach out to1044

the asset’s creators.1045

13. New assets1046

Question: Are new assets introduced in the paper well documented and is the documentation1047

provided alongside the assets?1048

Answer: [Yes]1049

Justification: We are providing the code for data generation, training and inference with1050

details on how to re-run experiments in our supplementary material. Model checkpoints will1051

also be open-sourced soon.1052

Guidelines:1053

• The answer NA means that the paper does not release new assets.1054

• Researchers should communicate the details of the dataset/code/model as part of their1055

submissions via structured templates. This includes details about training, license,1056

limitations, etc.1057

• The paper should discuss whether and how consent was obtained from people whose1058

asset is used.1059
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• At submission time, remember to anonymize your assets (if applicable). You can either1060

create an anonymized URL or include an anonymized zip file.1061

14. Crowdsourcing and research with human subjects1062

Question: For crowdsourcing experiments and research with human subjects, does the paper1063

include the full text of instructions given to participants and screenshots, if applicable, as1064

well as details about compensation (if any)?1065

Answer: [NA]1066

Justification: The paper does not involve any crowdsourcing or research with human subjects.1067

Guidelines:1068

• The answer NA means that the paper does not involve crowdsourcing nor research with1069

human subjects.1070

• Including this information in the supplemental material is fine, but if the main contribu-1071

tion of the paper involves human subjects, then as much detail as possible should be1072

included in the main paper.1073

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,1074

or other labor should be paid at least the minimum wage in the country of the data1075

collector.1076

15. Institutional review board (IRB) approvals or equivalent for research with human1077

subjects1078

Question: Does the paper describe potential risks incurred by study participants, whether1079

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)1080

approvals (or an equivalent approval/review based on the requirements of your country or1081

institution) were obtained?1082

Answer: [NA]1083

Justification: The paper does not involve any crowdsourcing or research with human subjects.1084

Guidelines:1085

• The answer NA means that the paper does not involve crowdsourcing nor research with1086

human subjects.1087

• Depending on the country in which research is conducted, IRB approval (or equivalent)1088

may be required for any human subjects research. If you obtained IRB approval, you1089

should clearly state this in the paper.1090

• We recognize that the procedures for this may vary significantly between institutions1091

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the1092

guidelines for their institution.1093

• For initial submissions, do not include any information that would break anonymity (if1094

applicable), such as the institution conducting the review.1095

16. Declaration of LLM usage1096

Question: Does the paper describe the usage of LLMs if it is an important, original, or1097

non-standard component of the core methods in this research? Note that if the LLM is used1098

only for writing, editing, or formatting purposes and does not impact the core methodology,1099

scientific rigorousness, or originality of the research, declaration is not required.1100

Answer: [Yes]1101

Justification: In the paper we use LLMs/VLMs as proxy reward and feedback models to1102

improve our video generations.1103

Guidelines:1104

• The answer NA means that the core method development in this research does not1105

involve LLMs as any important, original, or non-standard components.1106

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/1107

LLM) for what should or should not be described.1108
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