Video Models Can Reason with Verifiable Rewards
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Abstract

Video diffusion models have made rapid progress in perceptual realism and tempo-
ral coherence, but they remain primarily optimized for plausible generation rather
than verifiable reasoning. This limitation is especially pronounced in tasks where
generated videos must satisfy explicit spatial, temporal, or logical constraints.
Inspired by the role of reinforcement learning with verifiable rewards (RLVR) in
reasoning-oriented language models, we introduce VideoRLVR, a practical recipe
for optimizing video diffusion models with rule-based feedback. VideoRLVR
formulates video reasoning as the generation of verifiable visual trajectories and
consists of an SDE-GRPO optimization backbone, dense decomposed rewards,
and an Early-Step Focus strategy for efficient training. The Early-Step Focus
strategy restricts policy optimization to the early denoising phase, reducing training
latency by about 40% while preserving performance. We evaluate VideoRLVR
on Maze, FlowFree, and Sokoban, three procedurally generated domains with
objective success criteria. Across these tasks, VideoRLVR consistently improves
over supervised fine-tuning baselines, with dense decomposed rewards proving
especially important in low-success-rate settings. Our RL-optimized model also
outperforms the evaluated proprietary and open-source video generation models on
these verifiable reasoning benchmarks and out-of-domain benchmarks. These re-
sults suggest that verifiable RL can move video models beyond perceptual imitation
toward more reliable rule-consistent visual reasoning.

1 Introduction

Recent progress in large language models (LLMs) has reshaped the role of generative models from
content producers into increasingly capable reasoning systems [11}133}16]. A key intuition behind this
shift is that the model can externalize the problem-solving process by generating intermediate states
rather than only a final answer. This raises a natural question for video generation: if language models
can reason through sequences of tokens, can video models reason through sequences of frames?
Videos provide an appealing foundation for this idea, where each frame can represent an intermediate
visual state in a goal-directed process. In domains such as navigation [7]], puzzle solving [14], and
embodied planning [28]], a generated video can therefore be viewed not merely as motion synthesis,
but as a temporally ordered chain of visual states [40] that encodes a visual reasoning trajectory.

Despite this potential, current video diffusion models are still primarily optimized for perceptual
quality, temporal coherence, and plausible motion [[13| 146} 137]. While large-scale video models
have begun to show signs of visual reasoning [40, [12, 38]], these abilities remain difficult to elicit
reliably and verify under standard training objectives. The core challenge is the mismatch between
perceptual plausibility and objective correctness. Supervised fine-tuning (SFT) on ground-truth
solution videos can teach the model the visual form of valid trajectories, yet it does not directly
optimize the correctness of sampled outputs. As a result, models may imitate solution-like patterns
while failing to satisfy the underlying rules that make those solutions valid [9,29]. This suggests an
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Figure 1: Evolution towards verifiable video reasoning. 7op: Comparison between perception-
focused generation and reasoning-intensive tasks. Bottom: We introduce VideoRLVR, the missing
puzzle in the training paradigm for video reasoning models.

analogy to reasoning-oriented LLMs where pre-training provides broad generative competence, SFT
teaches the format of reasoning traces, Reinforcement Learning with Verifiable Rewards (RLVR) is
the essential third stage required to optimize objective correctness, as illustrated in Figure [T}

In this work, we introduce VideoRLVR, a systematic recipe for applying reinforcement learning with
verifiable rewards to video models. Our framework has three main components. First, we adopt an
SDE-GRPO optimization backbone [24] for optimizing flow-matching video models. Second, we
propose an Early-Step Focus strategy for efficient video RL. Instead of applying stochastic exploration
and backpropagation across the entire denoising trajectory, this strategy concentrates optimization on
the early denoising phase, where coarse structure and long-range planning are largely determined [39].
Finally, we design dense decomposed rewards that break sparse task success into verifiable structural
components, providing informative feedback even when full success is rare. To acquire dense
reward signals, we construct verifiable video reasoning data by generating solution trajectories with
rule-based planners and aligning each logical transition with the video frame sequence.

We evaluate our RLVR recipe on a multi-task suite designed for rule-based verification, including
Maze, FlowFree, and Sokoban. Our experiments show that VideoRLVR improves video reasoning
beyond supervised imitation. Across all three domains, the RL-optimized model consistently achieves
higher success rates than the SFT checkpoint used to initialize training, with gains of 6.1%, 5.5%,
and 3.2% on Maze, FlowFree, and Sokoban, respectively. Compared with continued supervised
training, VideoRLVR yields larger gains on harder tasks, suggesting that verifiable rewards provide an
optimization signal beyond what can be captured by imitation alone. We further evaluate VideoRLVR
on the out-of-domain split of VBVR [38]], where VideoRLVR shows improved transfer beyond
the training domains. Our ablations further show that dense decomposed rewards are crucial in
low-success-rate domains, and that Early-Step Focus reduces training time by about 40% while
maintaining nearly the same performance. Finally, VideoRLVR outperforms several proprietary and
open-source video generation models on our verifiable reasoning benchmarks, indicating that targeted
verifiable RL can substantially improve the logical correctness of generated visual trajectories.

In summary, our contributions are as follows:

1. We introduce VideoRLVR, a reinforcement learning framework that optimizes video diffu-
sion models with verifiable rewards, including dense decomposed reward functions to provide
informative feedback for rule-verifiable visual trajectories.

2. We introduce a scalable training pipeline that combines rule-based trajectory generation, SDE-
GRPO optimization, and an Early-Step Focus strategy that reduces training time by about 40%
while preserving the performance.

3. We show that VideoRLVR improves over supervised fine-tuning and competitive proprietary and
open-source video generation models on Maze, FlowFree, and Sokoban, while also demonstrating
improved out-of-domain transfer on VBVR.
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