


Motivation & Challenge in Video Reasoning RL

Reinforcement learning (RL) has shown strong potential for enhancing reasoning in multimodal large language 

models, yet existing video reasoning methods often rely on coarse sequence-level rewards or single-factor token 

selection, neglecting fine-grained links among visual inputs, temporal dynamics, and linguistic outputs, limiting both 

accuracy and interpretability.

Beyond the 80/20 Rule: High-Entropy Minority Tokens Drive 
Effective Reinforcement Learning for LLM Reasoning

Video-R1: Reinforcing Video Reasoning in MLLMs Reinforcing Video Reasoning with Focused Thinking

Many approaches overlook explicit temporal dependencies and 

causal structures—essential for effective reasoning. Even token-

level RL prioritizing high-uncertainty tokens via entropy (Wang 

et al., 2025b) often lack modality awareness, limiting their 

ability to capture visual–temporal dependencies. The absence of 

precise token level correspondence across modalities not only 

reduces reasoning accuracy but also limits interpretability.



Video-KTR Methodology

We propose a modality-aware attribution framework that jointly captures visual dependence, temporal sensitivity, and 
predictive uncertainty, enabling precise identification of key reasoning tokens:

Visual-aware Tokens: To identify these visual-aware tokens, we introduce a visual attribution mechanism based on 
counterfactual perturbation, which quantifies each token’s sensitivity to visual input by masking the video and 
measuring the resulting shift in logits. 
Temporal-aware Tokens: To identify temporal-aware tokens, we disrupt the input’s temporal order by shuffling the 
video frames, thereby breaking the original event sequence, and compute the resulting token-wise logit shifts. 
Uncertainty-aware Tokens: While visual and temporal attributions capture modality-specific dependencies, they may 
miss reasoning-critical tokens unrelated to perception or sequence. Thus, we incorporate predictive entropy as a 
logic-aware criterion to identify low-confidence tokens.



Video-KTR Performance We evaluate Video-KTR against a diverse set 

of video reasoning models on three reasoning 

and two general video understanding 

benchmarks.

Video-KTR consistently achieves state-of-the-

art results. On Video-Holmes—which targets 

high-level temporal and social reasoning in 

short films—our model attains 42.7%, 

surpassing all open-source baselines and 

closely matching proprietary models like GPT-

5 and Gemini-2.5-Pro.

On knowledge-intensive benchmarks, i.e., 

MMVU(mc) and VideoMMMU, VideoKTR 

achieves 66.6% and 53.1%, respectively, 

highlighting its strength in complex reasoning. 

Video-KTR also delivers competitive 

performance on general video understanding, 

showing that improved reasoning does not 

compromise broad comprehension. Notably, 

accuracy increases steadily with more input 

frames (16 to 64), underscoring the scalability 

and robustness of our token-aware RL for 

longer temporal sequences.



Ablations on RL Methods

To isolate the effect of training data and recipe, we conduct a controlled study where all models are trained under 

an identical dataset and training recipe. Depicted in Figure 3a, Video-KTR consistently outperforms vanilla GRPO, 

T-GRPO, and TW-GRPO, demonstrating its effectiveness independent of data quality or quantity. Figure 3b reports 

Video-Holmes results by subtask. Video-KTR achieves marked gains in Timeline Analysis (TA) and Core Theme 

Inference (CTI), tasks that require advanced temporal reasoning and holistic content understanding. The results 

confirm that our method enhances both temporal and structural reasoning, validating the token-aware training 

design. 



Ablations on Different Attribution Signals

To assess the impact of different attribution signals, we ablate the three token types—entropy-aware (E), visual-aware (V), 

and temporal-aware (T)—as shown in Table 2. Each signal individually outperforms vanilla GRPO, with temporal-aware 

tokens giving the largest gain on Video-Holmes, reflecting their importance for sequence reasoning. Pairwise combinations 

yield further improvements, and the full E+V+T setup consistently achieves the best results across benchmarks.



Analysis on Selective Updating Effectiveness

To assess how these components contribute to parameter updates, we compare the directional agreement between each aggregated gradient 

and the full gradient. Rather than considering only their magnitudes, we evaluate whether two gradients point in similar directions in 

parameter space. 

As shown in Figure 11, Video-KTR produces larger, cleaner, and more directionally consistent gradient updates compared to vanilla GRPO. 

The mean gradient norm of the selected critical tokens is 4.50, which is roughly three times higher than that of the masked tokens. Likewise, 

the directional agreement with the full gradient is substantially stronger: the cosine similarity of critical-token gradients averages 0.862, 

compared with 0.572 for the masked-token gradients. These results indicate that the selected tokens dominate the effective update magnitude 

and align far more closely with the model’s underlying optimization trajectory. In contrast, gradients from residual masked tokens are both 

much weaker and directionally inconsistent, suggesting that they contribute little meaningful learning signal and instead introduce noisy 

perturbations into the optimization process.
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