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Abstract. Recent advancements in reinforcement learning, particularly
through Group Relative Policy Optimization (GRPO), have significantly
improved multimodal large language models for complex reasoning tasks.
However, two critical limitations persist: 1) they often produce unfo-
cused, verbose reasoning chains that obscure salient spatiotemporal cues,
and 2) binary rewarding fails to account for partially correct answers,
resulting in high reward variance and inefficient learning. In this pa-
per, we propose TW-GRPO, a novel framework that enhances visual
reasoning with focused thinking and dense reward granularity. Specifi-
cally, we employ a token weighting mechanism that prioritizes tokens
with high informational density (estimated by intra-group information
entropy), suppressing redundant tokens like generic reasoning prefixes.
Furthermore, we reformulate RL training by shifting from single-choice to
multi-choice QA tasks, where soft rewards enable finer-grained gradient
estimation by distinguishing partial correctness. Additionally, we propose
question-answer inversion, a data augmentation strategy to generate
diverse multi-choice samples from existing benchmarks. Experiments
demonstrate superior performance on several video reasoning and un-
derstanding benchmarks. Notably, under identical training settings, our
method significantly outperforms the Video-R1, achieving an average
improvement of 2.6% across four comparable benchmarks, e.g., +3.8%
on MVBench, +2.4% on TempCompass, and +2.3% on VideoMME. Our
codes are available at |https://github.com/longmalongma/TW-GRPO.

1 Introduction

Recent advances in reinforcement learning (RL) for large language models (LLMs)
have yielded significant improvements in reasoning capabilities. DeepSeek-R1 [13]
demonstrated that pure RL optimization can substantially improve model rea-
soning, while subsequent works [8} 25 27} [42} 52} 53] extended these benefits to
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Fig. 1: TW-GRPO integrates focused thinking and soft multi-level rewards for multi-
choice QA. Unlike vanilla thinking, which assigns uniform token importance, focused
thinking highlights critical tokens to dominate loss calculation. By shifting single-choice
QA’s binary rewards to multi-choice QA’s multi-level rewards, TW-GRPO enables
fine-grained gradient estimation and training efficiency.

multimodal scenarios. Notable examples include Video-R1 [11], which introduced
T-GRPO for spatiotemporal reasoning, VideoRFT [34] that proposes a semantic-
consistency reward to reduce hallucination in reasoning, and VideoChat-R1
that leverages GRPO-based multi-task joint fine-tuning. These improvements
show promising progress in the understanding of fine-grained video details and
multi-step reasoning.

Although RL-based approaches excel in optimizing verifiable metrics, critical
challenges persist in refining reasoning quality and reward granularity for complex
multimodal tasks. First, while chain-of-thought (CoT) reasoning has proven effec-
tive for solving language-based intricate problems [31], its application to MLLMs
often results in verbose, unfocused thinking chains (e.g., overthinking [14]). Build-
ing upon this, current training objectives fail to prioritize semantically critical
spatio-temporal cues, which may obscure pivotal information and hurt learning
efficiency. Second, existing methods rely on sparse, binary rewards derived from
single-choice question-answer (QA) tasks [11} 25} [44]. These rewards assign maxi-
mum credit for fully correct answers and none otherwise, disregarding partial
correctness. Recent work on video grounding [17], shows that soft reward signals
enable finer-grained optimization. However, such approaches remain underex-
plored in mainstream video QA tasks, where single-choice formats lack naturally
defined multi-level reward signals.

To address these limitations, we propose TW-GRPO, a novel framework that
enhances GRPO via token weighting and multi-grained rewards. As shown in
Fig. [, our dynamic weighting mechanism prioritizes tokens with high informa-
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tional density during loss computation. Specifically, we estimate token importance
by analyzing intra-group information entropy across token positions, focusing the
model on content critical to reasoning outcomes rather than generic phrases (e.g.,
prefatory statements and repeated verifications). By prioritizing these tokens,
the model learns to generate concise, task-aware reasoning chains while avoiding
redundant or irrelevant details.

Furthermore, we reformulate RL training using multi-choice QA tasks, re-
placing sparse binary rewards with multi-level ones. Our approach distinguishes
between partially correct and fully incorrect answers, enabling finer-grained gra-
dient estimation and stabilizing policy updates. To mitigate multi-choice data
scarcity, we introduce Question-Answer Inverse (QAI), which converts single-
choice into multi-choice formats by negating questions and inverting answers.

Experiments demonstrate TW-GRPO’s remarkable data efficiency and effec-
tiveness, achieving state-of-the-art (SOTA) performance across multiple video
benchmarks. With only 1K reinforcement learning samples, our model already
achieves SOTA on five benchmarks, outperforming models like VideoChat-R1,
which uses 18 times more data. When trained with 4K samples, our method sur-
passes the heavily pretrained Video-R1 on key benchmarks such as NExT-GQA
and MVBench, with improvements of 2.0% and 1.5% respectively (Table. With
focused thinking, qualitative analysis reveals condensed reasoning chains focused
on critical visual or logical cues. Multi-level rewards also reduce reward variance
during training. Our contributions are summarized as follows:

— We propose token weighting, a mechanism prioritizing tokens with high
informational density during loss computation, enabling concise reasoning.

— We propose multi-grained reward modeling using multi-choice QA with partial
correctness evaluation, improving gradient estimation and policy stability.

— We propose question-answer inverse, a data augmentation converting single-
choice QA into multi-choice formats via question negation and answer inver-
sion, mitigating data scarcity.

2 Related Works

2.1 Enhancing Reasoning in MLLMs

Enhancing LLM reasoning with reinforcement learning frameworks such as
GRPO [31] has become an active research direction. In the multimodal set-
ting, a growing body of work [6} 11} [17} 27} 33} 43} [44} [53] adopts GRPO-style
optimization with verifiable rewards to improve visual reasoning. However, be-
cause GRPO typically ties supervision to final-answer correctness, it suffers from
the uniform credit assignment problem [29]: all tokens in a reasoning chain receive
the same reward, even though many tokens (e.g., generic scaffolding like “Let’s
think...”, as illustrated in Fig. contribute little to task performance. This
mismatch can produce inefficient learning and encourage verbose or redundant
rationales.
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To mitigate coarse token-level supervision, prior work has introduced external
verifiers for image/video captioning [10; 24], or leveraged intrinsic signals for
single-modal reasoning [6; [50]. Despite effectiveness, these methods can be com-
putationally expensive and are often ill-suited for video reasoning, which requires
extracting fine-grained spatio-temporal information. Recently, [47] showed that
position-aligned distributional divergence across samples can serve as a robust
indicator for detecting incorrect reasoning paths. Different from the line of work,
we treat token importance as an explicit training signal rather than merely a
post-hoc indicator, using it to modulate optimization at the token level and
allocate stronger learning signals to more informative tokens. Moreover, to the
best of our knowledge, we are the first to apply token-importance modeling to
multimodal LLMs, enabling a token-level extension of GRPO that better matches
multimodal reasoning dynamics and improves training efficiency.

2.2 MLLMs for Video Understanding

Video understanding is a crucial capability for MLLMs, enabling them to interpret
and reason over dynamic visual content |7} [32; [38} [48} [49]. Recent advancements
have resulted in the development of MLLMs specifically designed to improve
video understanding tasks. Recent models such as VideoLLaMAZ2 [7] improve
video-language alignment through spatiotemporal modeling and multimodal
integration. Building on the success of DeepSeek-R1 [13], the GRPO algorithm
has been widely adopted in video reasoning tasks, such as Video-R1 [11] for
temporal reasoning and VideoRFT [34] for context-aligned reasoning. However,
existing frameworks rely on sparse, binary reward signals [11} [34], offering no
distinction between partially correct and entirely incorrect responses in video
QA. Recently, VideoChat-R1 [17] introduced an IoU-based soft reward for video
grounding, providing continuous feedback that has proven effective in improving
learning stability and precision. But this approach is restricted to video grounding
tasks and cannot be directly applied to the Video-QA task. In this work, we
explore the use of soft reward in Video-QA. Specifically, we reformulate the
RL objective as a multi-choice problem, enabling multi-level assignment and
fine-grained optimization.

3 Methodology

3.1 Preliminary

As shown in Fig. [2, we focus on the task of multi-choice Video-QA, where the
model is required to select the correct answer from a set of candidate options
based on both the video content and the question. To enhance the performance
of MLLMs on this task, GRPO [31] has been introduced. For an input query ¢,
GRPO samples G candidate responses o = {01, ...,0s} from the policy model.
Then, the rule-based reward assesses these responses to obtain reward scores
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Fig. 2: Overview of the TW-GRPO framework. The diagram shows the key steps in
a forward pass, starting from the video input, generating candidate completions, and
computing the reward, with adjustments to the final objective and model updates.
Specifically, a multi-level soft reward is incorporated into the reward calculation to
provide partial correctness feedback. These signals are then integrated into the final
objective, where token-level importance weighting is applied, allowing the model to
prioritize more informative tokens and improve overall performance.
{Ry,...,Rg}. The relative quality of o; is then computed through standardization:
i _ Ri —mean({Ri}{ )
(A G )
std({R:}i21)

(1)

where A; denotes the normalized advantage of the i-th response within the group.
The optimization objective combines response improvement with regularization:
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Despite its efficiency, existing GRPO algorithms do not differentiate between
token positions during optimization, as shown in Equation 2. This leads the
model to expend unnecessary effort on uninformative tokens, such as generic
phrases like “Let’s think...”, which are less useful for policy optimization than
tokens that describe critical spatiotemporal cues. In addition, since QA tasks are
typically formulated as single-choice classification problems, existing approaches

Ti,t(e) =
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often adopt binary reward signals. However, in video grounding tasks [17], such
binary signals have been shown to be less effective than continuous reward.
Nevertheless, how to incorporate multi-level rewards into single-choice QA tasks
remains unexplored.

To address these two issues, we propose the TW-GRPO framework, as
illustrated in Fig. [2. To address the overlooked variation in token importance,
we introduce a token-level importance weighting mechanism in Section that
guides the model to focus on informative tokens. Furthermore, to overcome the
limitations of binary rewards in single-choice QA, we reformulate the task as a
multi-answer setting, where a question may have one or more correct options.
Then, a crafted multi-level soft reward is designed to provide partial credit,
enabling finer-grained policy learning, which is introduced in Section

3.2 Token-Level Importance Weighting

In this section, we address how to model token-level importance, enabling the
policy to distinguish informative tokens better and optimize more effectively.
As usual, the fine-grained assessment of reasoning quality typically requires an
auxiliary critic model [44], which introduces additional parameters and under-
mines one of GRPO’s main advantages. Inspired by recent work [4% [19: [47], which
demonstrates that key reasoning tokens can be identified based on token-level
distributional differences, we propose a lightweight approach grounded in the
concept of information entropy. The key insight is that token positions in which
candidate outputs exhibit greater divergence from the expected distribution
are more likely to carry more information. This allows us to estimate token
importance without introducing extra model components.

Specifically, we propose the token importance weight w; to quantify the
information content of each token position. In detail, the Kullback-Leibler (KL)
divergence Dk, measures the discrepancy between the probability distribution of
the token at position t in the candidate output o; and the expected distribution
at the same position. For token position ¢, we calculate the divergence D; as:

G
D = ZDKL (p(04,0)||E[or]) , (4)

where G denotes the number of candidate outputs, and E[o;] is the expected
probability distribution at token position ¢, which is computed by averaging
the probability distributions of each candidate output, with the missing tokens
filled in using the uniform distribution (V') to account for variable sequence
lengths [15]. This filling process ensures that all token sequences, regardless of
length, contribute equally to the divergence calculation, preventing bias toward
longer sequences and capturing meaningful information in shorter sequences.
The core intuition behind this measurement is that high divergence at specific
token positions reflects greater variability in model predictions. As an empirical
observation, we find that such high-weight positions do not scatter randomly, but
consistently concentrate on key reasoning tokens (e.g., critical entities, actions,
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and logical operators), as visualized in Fig. [5| and Fig. Based on this obser-
vation, our optimization process dynamically allocates stronger learning signals
to these positions, enhancing training efficiency. To ensure numerical stability
and comparable importance scores across different positions, we normalize the
divergence measurements using min-max normalization:

Dt - Dmin

= (1 +a) . Dmax - Dmin.

()
In this formulation, « is a hyperparameter that controls the scaling of token
importance. To ensure comparability, the raw divergence scores are normalized
to a standard range while preserving their relative differences. Moreover, the
addition of the constant offset (14 «) guarantees that tokens with low divergence
retain non-zero weights, thus preventing any position from being entirely ignored
during training. Consequently, the resulting weights w; enable position-sensitive
optimization by modulating the learning signal according to token-level informa-
tiveness. Further details on our normalization and padding strategies are available

in Appendix [E.3.1 and Appendix [E.3.2.
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Here, we normalize the number of outputs |o;| to balance their contributions to
the overall loss [41]. Notably, our method does not require additional evaluation
models to assess each step of the model’s output. It only requires simple distance
calculations to guide the model in applying varying levels of attention to different
reasoning positions, and the computational complexity of this mechanism scales
strictly linearly with the sequence length. After addressing the first issue, we
focus on the second challenge: the need for multi-level reward signals in QA tasks.

(6)

3.3 Multi-Answer Soft Reward

In this section, we address the inefficiency of reward signals in QA tasks caused
by the single-choice formulation. Our solution consists of two main steps. First,
inspired by multi-choice formats in standardized testing, we reformulate the
single-choice QA task as a multi-answer setting, in which each question contains
at least one correct answer, possibly more. Second, leveraging this multi-choice
question, we introduce a multi-level soft reward that assigns partial credit based
on the overlap between the predicted and ground-truth answers. This enables
more informative reward feedback for reinforcement learning. We describe each
component in detail below.

Redefine Multi-choice QA Task. In Video-QA tasks, standard benchmarks such
as NExT-GQA [37] are typically formulated as single-choice questions, where
each question has exactly one correct answer. As a result, evaluation is based
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on 0/1 accuracy, which inherently limits the ability to generate multi-level soft
rewards. Interestingly, multi-answer questions, which are often used in the most
challenging sections of standardized exams, align well with the needs. These
questions offer a suitable level of difficulty and include at least one correct option,
making them well-suited to our training objective. Therefore, we reformulate the
single-choice QA task as a multi-answer one. Unfortunately, this raises a new
challenge: obtaining suitable multi-answer data for training. To the best of our
knowledge, only a limited number of existing datasets, such as the counterfactual
reasoning task in CLEVRER |[39], address multi-choice problems.

To mitigate this scarcity, we introduce question-answer inversion, a novel
data augmentation technique that transforms single-choice questions into multi-
answer questions in general datasets. For example, in the NExT-GQA [37]
dataset, a question such as “Why did the boy pick up one present from the
group and move to the sofa?” is modified by changing "did" to "didn’t," thereby
transforming it from a five-choice, single-answer question into a five-choice,
multiple-answer question. To prevent the model from incorrectly associating
negation with selecting multiple correct answers, we introduce a mechanism that
randomly removes correct options, ensuring that the model remains challenged
and is required to reason more carefully. Finally, by performing random question-
answer inversion on the original dataset, we construct the final multi-choice
NExT-GQA dataset, which may contain more than one correct answer, thereby
increasing task complexity. To validate the quality of QAI, we evaluated 528
inverted samples from 1,000 NExT-QA instances using Qwen3-VL-235B-A22B-
Instruct |2] as an LLM judge, supplemented by a 50-sample human review. We
assessed logical validity (whether the new correct answers represent events
confirmed absent under the negated premise) and spurious artifacts (whether
grammatical shortcuts allow answer selection without video observation). The
LLM judge yields an 86.0% validity rate and a 4.0% artifact rate, consistent with
the 96.0% validity rate observed in the human review. These results confirm that
QAT generates predominantly valid counterfactual training signals. Representative
examples and the complete evaluation prompt are provided in Appendix [B.

However, while introducing multi-choice questions improves the training envi-
ronment for RL, it also presents significant challenges. The increased complexity
causes traditional accuracy-based reward mechanisms, which rely on binary accu-
racy (0 or 1), to exhibit significant reward variance between single-choice and
multi-choice questions. As shown in Fig. [3] the GRPO model trained on the
single-choice dataset (GRPO(single-choice)) exhibits a notably lower reward stan-
dard deviation compared to the GRPO model trained on the multi-choice dataset
(GRPO(fixed reward)). This higher variance complicates model convergence,
making stable improvements in reasoning ability more difficult. Therefore, a key
challenge is to optimize the fixed reward mechanism to mitigate this variance
and ensure consistent progress in reasoning over the multi-choice dataset.

Multi-Level Soft Reward. To address this, we draw inspiration from the IoU
reward used in grounding tasks such as VideoChat-R1 [17], where a continuous-
valued reward reflects the degree of temporal overlap between predicted and
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ground-truth intervals. This soft feedback enables the model to capture partial
correctness and optimize both precision and recall, rather than relying solely on
exact matches. We proposed the multi-level soft reward, which assigns graded
credit to correct predictions partially and penalises incorrect ones, defined as:

ﬂ .
Rsoft = a1 irr g G’ (7)
0, ifPZG.

Here, P denotes the predicted set and G the ground truth set. If P C G, the
reward is |P|/|G|; otherwise, it is 0. As shown in Fig. [, if the ground truth
is {B,D} and the model predicts {B}, the reward is 1/2, reflecting partial
correctness. Predictions that include elements outside G receive a reward of 0,
thereby penalizing false positives. This strict zero-penalty for false positives is
chosen to prevent reward hacking, e.g., a model selecting all available options
to guarantee partial recall. Empirical comparison against softer alternatives
(Fl-score and no-penalty variants) confirms that this design consistently yields
superior performance across benchmarks (Appendix . In this way, multi-
level soft reward ensures that the model is proportionally rewarded for partially
correct answers, improving fine-grained gradient estimation and policy stability.

4 Experiment

4.1 Experiment Setup

We train our model on Qwen2.5-VL-7B using two NVIDIA H800 GPUs with a
lightweight setup of 500 RL steps on 1,000 CLEVRER counterfactual training
datasets, a subset of the Video-R1 dataset [11]. Under this setup, the total
training time of TW-GRPO is only 4 hours, compared to 6 hours for standard
GRPO. For a fair comparison with prior work, we also train a model on the
broader Video-R1 dataset [11], using 1,000 RL steps on 4,000 samples as Video-
R1-Zero [11]. Each frame is processed at a resolution of 128 x 28 x 28 during
training. For reasoning, the frame resolution is increased to 256 x 28 x 28 to
improve performance. Regarding computational overhead, QAI is performed
offline via string matching before training and introduces no additional cost
during the RL process. The token-level importance weighting operates with
O(L) complexity with respect to the output sequence length, adding a negligible
overhead of less than (.01 seconds per training step in practice.

In particular, evaluation is conducted on six multi-choice QA video bench-
marks covering general understanding and reasoning: MVBench [16], TempCom-
pass [21], VideoMME [12], MMVU [51], NExT-GQA [37], and CLEVRER [39].
MVBench, TempCompass, and VideoMME emphasize general video understand-
ing, combining visual perception and temporal comprehension without explicit
reasoning focus. CLEVRER, NExT-GQA, and MMVU assess complex spatiotem-
poral and multimodal reasoning over dynamic videos. Together, these benchmarks
comprehensively evaluate both general video understanding and fine-grained rea-
soning capabilities, ensuring an accurate assessment of the performance.
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For all evaluations, we used the decoding configuration from the official
Qwen2.5-VL demo, with top p = 0.001 and temperature = 0.01. And we
adopted the same experimental settings as in Video-R1 [11], including the prompt
and revolution, and set the batch size to 16. For the NExT-GQA, MMVU,
MVBench, TempCompass, and VideoMME datasets, we used the prompt words
from Video-R1. Detailed settings are provided in Appendix D]

4.2 Main Results

Comparison with State-of-the-Arts. The results presented in Table [T indicate
that our proposed TW-GRPO achieves highly competitive results, including
leading performance on several benchmarks, while requiring significantly fewer
training samples than competing methods. On video reasoning tasks, our method
demonstrates strong capabilities. It outperforms key reinforcement learning base-
lines on reasoning benchmarks such as NExT-GQA and MMVU, and achieves
a high accuracy of 50.4% on CLEVRER. When trained on only 4K samples,
it also achieves top performance on NExT-GQA, with 76.3% accuracy. These
results suggest the effectiveness of our token-level weighting and soft reward
mechanisms for complex reasoning. For general video understanding, TW-GRPO
is highly competitive. It achieves the highest score among all compared methods
on TempCompass at 73.3%. To further highlight its data efficiency, a direct com-
parison with Video-R1-Zero under an identical 4K training data setup shows that
TW-GRPO outperforms it on all comparable benchmarks, including MVBench
(+3.8%) and TempCompass (+2.4%). Crucially, a direct comparison under the 1K
training condition also shows that TW-GRPO significantly improves upon GRPO
across five of the six benchmarks. Importantly, because the Video-R1 dataset
contains only open-ended and single-choice QA formats, the multi-level soft
reward remains inactive during this phase. This naturally isolates the token-level
importance weighted mechanism, demonstrating that it can achieve competitive
performance on its own. These results underscore the data efficiency of our ap-
proach. Enhancing reinforcement learning with token-level importance weighting
and multi-level reward strategies yields more stable policy learning, thereby
boosting model performance across diverse tasks. Additional experiments are
provided in Appendix

Training Dynamics and Convergence Behavior. Fig. [3 illustrates the training
dynamics of different GRPO variants. Fig. a) shows that TW-GRPO achieves
faster convergence in reward standard deviation, indicating more stable learning.
This stability is attributed to the introduction of multi-level soft reward and token-
weighting strategies, which help the model handle ambiguous questions more
effectively. In detail, traditional GRPO suffers from slow convergence on multi-
choice tasks due to fixed accuracy rewards. In contrast, our soft reward strategy
reduces the reward standard deviation, leading to more stable optimization.
Furthermore, the token-level importance weighting mechanism, which helps the
model focus on more informative tokens, thereby improving optimization efficiency
and speeding up convergence. As shown in Fig. b), TW-GRPO produces shorter
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Table 1: Comparison of model performance on video reasoning benchmarks and general
video understanding benchmarks. frepresent training in Video-R1 data [11].

Video reasoning benchmarks

Models Training CLEVRER Next-GQA MMVU i
Baseline

LLaMA-VID [18] - - - -

VideoLLaMA2 [7] - - - 44.8

LongVA-7B [45] - - - _
Video-UTR-7B [40] - - - -
Kangaroo-8B [20] -

Qwen2.5-VL-7B (Zero-Shot) [3] - 30.5 75.9 65.4
Qwen2.5-VL-7B (CoT) [11] - 27.7 73.4 63.0
Supervised Finetuning
Qwen2.5-VL-7B (SFT) [1i] 165K SFT 29.0 69.0 61.3
Reinforcement Learning Finetuned
Video-R1-Zero [11] 4K RL - - 63.8
Video-R1 [11] 165K SFT + 4K RL 31.6 74.3 64.2
VideoRFT [34] 102K SFT + 8K RL 12.8 74.2 64.5
VideoChat-R1 [17] 18K RL 29.2 76.0 64.2
GRPO (Ours) 1K RL 41.1 75.2 65.1
TW-GRPO (Ours) 1K RL 50.4 76.1 65.8
TW-GRPO (Ours)f 4K RL 32.0 76.3 65.6
Video understanding benchmarks
Models Training MVBench TempCompass VideoMME, sub
Baseline
LLaMA-VID [18] - 41.9 45.6 -
VideoLLaMA2 [7] - 54.6 - 47.9
LongVA-7B [45] - - 56.9 52.6
Video-UTR-7B [40] - 58.8 59.7 52.6
Kangaroo-8B [20] - 61.1 62.5 56.0
Qwen2.5-VL-7B (Zero-Shot) [3] - 63.3 72.5 56.5
Qwen2.5-VL-7B (CoT) [11] - 574 72.2 53.1
Supervised Finetuning
Qwen2.5-VL-7B (SFT) [11] 165K SFT 59.4 69.2 52.8
Reinforcement Learning Finetuned
Video-R1-Zero [11] 4K RL 60.4 70.9 53.8
Video-R1 [11]} 165K SFT + 4K RL 62.7 72.6 57.4
VideoRFT [34] 102K SFT + 8K RL 61.4 72.1 54.1
VideoChat-R1 [17] 18K RL 63.1 72.9 52.4
GRPO (Ours) 1K RL 62.8 71.9 55.9
TW-GRPO (Ours) 1K RL 63.3 73.3 55.1
TW-GRPO (Ours)f 4K RL 64.2 73.3 56.1

output sequences, suggesting it learns to reason more concisely. This reflects a
more substantial alignment between the reward objective and the final model
behaviour, confirming the effectiveness of our proposed training design. As a
result of this design, TW-GRPO achieves smoother convergence with fewer tokens
in the generated outputs, reflecting more concise reasoning. Moreover, we provide
an analysis of the dynamics of token weights in Appendices [E.3.4 and

4.3 Ablation Study

To better understand the contributions of each component in our method, we
conducted ablation studies to assess the improvements brought by indeterminate
selection and TW-GRPO. In addition to using accuracy as an evaluation metric,
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Fig. 3: Training dynamics of different GRPO variants. (a) TW-GRPO achieves
faster convergence in reward standard deviation, indicating more stable learning. (b) It
also outputs consistently shorter lengths, reflecting the reasoning effectively.

Table 2: Ablation study on data construction with different sources. We evaluate the
effect of using single/multi-choice questions from CLEVRER, NExT-GQA, and STAR.

Setting Single. Multiple. All MMVU
Acc. Acc. Soft Acc. Acc. Soft Acc. Acc.

CLEVRER: Source

single-choice| 51.5 18.2 50.9 32.6 51.2 62.7

multi-choice 50.4 32.3 55.4 41.1 52.7 65.1

NEzxzT-GQA Source

single-choice|  48.0 12.3 45.5 30.7 45.7 64.3

multi-choice 63.5 9.6 44.9 36.7 54.7 64.6

STAR Source

single-choice| 65.1 2.6 41.4 29.3 51.5 64.8

multi-choice| 65.9 1.5 40.8 29.1 51.5 66.2

we compute soft accuracy based on Equation [7, enabling a more fine-grained
assessment of the model’s performance on multi-choice datasets.

We evaluate the necessity of adding uncertain options by assessing the perfor-
mance of the training model on datasets with different problem types. Specifically,
the multi-choice training data used for the STAR and NExT-GQA datasets are
generated through our question-answer inversion method. As shown in Table
|Z, for datasets such as CLEVRER, NExT-GQA, and STAR [36], multi-choice
training outperforms training with only single-choice questions. The results
demonstrate that incorporating multiple-choice questions increases the complex-
ity of the training set, thereby enhancing the model’s reasoning ability. For
instance, the accuracy of the model trained on multi-choice questions in the
CLEVRER dataset is 41.1%, which is 8.5% higher than that of the GRPO model
trained on single-choice questions. Moreover, the counterfactual QA subset of
CLEVRER [39] includes samples that involve object dynamics and hypothetical
outcome predictions. This provides a more complex training environment.
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Table 3: Ablation study on training type, reward design, and the token weighting. We
evaluate performance on CLEVRER and MMVU under different settings.

Setting Single. Multiple. All MMVU
Acc. Acc. Soft. Acc. Soft. Acc.

Training Problem Type (TW-GRPO)

single-choice 60.4 22.8 55.9 38.9 57.8 63.7

multi-choice 60.9 42.5 64.4 50.4 62.9 65.8

Reward Design (TW-GRPO, multi-choice)

fixed reward 64.9 26.0 54.2 42.6 58.7 65.0

soft reward 60.9 42.5 64.4 50.4 62.9 65.8

Effect of Token Weighting (multi-choice, fized reward)

GRPO 50.4 32.3 55.4 41.1 52.7 65.1

TW-GRPO 64.9 26.0 54.2 42.6 58.7 65.0

Effect of Token Weighting (multi-choice, soft reward)

GRPO 58.3 28.1 57.6 41.2 57.9 64.6

TW-GRPO(a—0) | 64.7 | 36.6 60.5 48.6 62.3 62.1

TW-GRPO 60.9 42.5 64.4 50.4 62.9 65.8

Next, we investigate the effectiveness of TW-GRPO across different training
setups, reward strategies, and token weighting configurations, as summarized
in Table 3. We first observe that training on multi-choice question types yields
better performance than single-choice only settings, especially on CLEVRER,
where multi-choice training improves accuracy by more than 10% compared
to single-choice training. Regarding reward design, soft rewards consistently
outperform fixed rewards across settings, improving soft accuracy by up to 7.8%
in multi-choice tasks. This indicates that multi-answer soft reward provides more
informative and stable supervision signals, especially for ambiguous or partially
correct answers. Finally, we assess the effect of token weighting. In both fixed and
soft reward settings, TW-GRPO shows notable gains over GRPO. For example,
with soft reward, TW-GRPO improves multiple-choice soft accuracy from 57.6%
to 64.4%. When token weights are removed (TW-GRPO) («a = 0)), performance
drops, confirming that token-level importance modeled is crucial for fine-grained
optimization. Detailed analyses, including sensitivity analysis on the weighting
hyperparameter «, are provided in Appendix [E]

4.4 Qualitative Analysis

Qualitative Analysis of Reasoning Path. We compare Video-R1 and TW-
GRPO on a physics-based density estimation task from the MMVU dataset.
As shown in Fig. [4, a stone is first weighed in air (230g) and then submerged
in water, where its apparent weight drops to 138 g. Solving the task requires
applying Archimedes’ principle to derive the displaced volume from the buoyant
force of 92 g and to compute the density as mass over volume.

The baseline Video-R1 model attempts this but incorrectly assumes a volume
of 100 cm? (), leading to a calculated density of 2.3 g/cm3. It then mistakenly
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Video

[ ] EEEEEEEERE [ | [ |
Question: Based on the measurements from the demonstration wdeo whaT is fhe approxtmate densnfy of The stone in
grams per cubic centimeter (g/cm?)?

A.2.0 g/em>. B.2.2 g/cm’.

C.25 g/em®.

D.2.7 g/em?. E. 3.0 g/cm?>.

Video-Rl@ i«<thinksLet me think about this for a moment. From
the video, we know the following:

The mass of the stone is 230 g. The volume of the displaced
water is 100 cm*®.

Using the formula: p=230g9/100cm*=2.3 g/cm?.
Then compares:

A. 2.0 — too low. B. 2.2 — too low.

D. 2.7 — higher. E. 3.0 — much higher.
Oh, T see. The closest value to our calculated density of 2.3
g/cm?® is 2.5. Therefore, the correct answer should be C.
Let's break it down one more time to ensure. The calculated
density is 2.3 g/cm?, which is very close to 2.5 g/cm’. So, the
most accurate choice is C. Final verification: The density of
the stone is approximately 2.5 g/cm?, which matches option C.

C. 2.5 — close.

TW-GRPO %xfhinkﬁhe video shows two key pieces
of information: the weight of the stone when not
in water and its apparent weight when submerged.
The initial weight of the stone is given as 230 g,
which is the mass of the stone. When the stone is
submerged, its apparent weight decreases to 138
g, indicating that some force is acting upwards —
buoyancy ©.

The difference between these weights gives us the
buoyant force: 230 g - 138 g = 92 g.

Since water has a density of 1 g/cm®...means the
stone displaced approximately 92cm? of water®,
Then, using the formula:
Density=Mass/Volume=230g/92cm?*~2 5gm/cm>®

Final answer: C. </think><answer>D </answer> </think><answer>C</answer>

Fig. 4: Comparison of reasoning from Video-R1 and TW-GRPO on MMVU samples.
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Fig. 5: Word cloud of focused tokens.

claims 2.5g/cm? is the closest answer, despite 2.2 g/cm? being numerically closer
@. Although the model attempts to refine its performance through reflection,
it remains anchored to an incorrect conclusion, resulting in substantial token
inefficiency. Moreover, it ultimately selects a value of 2.7g/cm3, contradicting
its prior (and redundant) estimate. In contrast, TW-GRPO trained model ac-
curately extracts the key values from the video, applies physical principles to
infer volume from buoyant force (. This stable logical chain leads to a standard
density computation and precise option matching @@®. This case study clearly
illustrates that TW-GRPO successfully suppresses hallucinated shortcuts, en-
forcing grounded, quantitative, and logically consistent reasoning from dynamic
visual cues. Additional reasoning trajectories are detailed in Appendix

Qualitative Analysis of Focused Thinking. To investigate what the model
prioritizes, we analyze the vocabulary generated at the highest-weighted sequence
positions. Fig. [5 visualizes these terms as a word cloud. A distinct semantic
pattern emerges. Specifically, the prominent vocabulary is densely populated with
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0 steps: Let's analyze the movement of the objects step by ... red Spliei8 moves
into fll@ scene and collides with the purple sphere, [N it away... ]
500 steps: To determine the correct answer ... The red sphere and the purple

sphere collide. The brown [l and collides with the blue sphere ... J
Unimportant | T oportant

Fig. 6: Reasoning change after training.

R

concrete geometric entities (e.g., “sphere”, “cylinder”), dynamic events (e.g., “col-
lide”, “stable”), and temporal markers (e.g., “sequence”, “step”). This phenomenon
strongly validates our core hypothesis. By optimizing solely on positional diver-
gence, the mechanism naturally grounds the model’s attention in the essential
visual and logical cues required for complex reasoning.

Moreover, we observe a distinct progressive learning behavior in the reasoning
chains. Fig. [6] tracks the positional weight distribution of a same sample from 0 to
500 training steps. Over time, the reasoning outputs transition from verbose text
to highly dense structural logic. For instance, the description of a single collision
event is reduced from 15 to 8 words. More importantly, the initially dispersed
positional weights become sharply focused on critical spatiotemporal entities.
This temporal evolution proves that TW-GRPO actively drives the model to
eliminate reasoning redundancy and up-weight essential reasoning steps. Further
visualizations are available in Appendix [F]

5 Conclusions

In this work, we present TW-GRPO, a novel reinforcement learning framework
that advances video reasoning in MLLMs. While prior approaches have improved
model accuracy, two core limitations remain: the inability to distinguish token-
level contributions and the inefficiency of binary reward signals. TW-GRPO
addresses these challenges by incorporating token-level importance weighting
and introducing multi-answer soft rewards that grant partial credit for partially
correct responses. Extensive experiments across six benchmarks, along with
comprehensive ablation studies, validate the effectiveness of our approach. With
only 1K training samples, TW-GRPO achieves leading performance on five out
of six benchmarks, demonstrating strong data efficiency. We hope this insight
provides a foundation for future research in video reasoning with MLLMs.
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