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Abstract. Recent advancements in multimodal reasoning models have
shown promising results, but these models often inherit a language-centric
reasoning bias and fall short in true multimodal understanding. In long
video understanding, a core challenge in multimodal reasoning, such
models tend to generate lengthy and reflective chain-of-thought (CoT)
outputs that do not meaningfully contribute to video comprehension.
Moreover, the excessive token generation during reasoning leads to ineffi-
ciencies in further training. To address these issues, we propose a simple
post-training framework for building efficient video reasoning models.
Specifically, to mitigate the text-biased reasoning patterns inherited from
language models, we first distill an Instruction multimodal model using
the video reasoning trajectories of a native multimodal reasoning model,
allowing it to learn dynamic video reasoning. During the reinforcement
learning stage, to improve data efficiency, we leverage the instruction-
tuned model to filter long-form video question-answering data, retaining
only a compact set of high-quality training samples. For reward design, we
introduce a hybrid mechanism that incorporates both short-term and long-
term rewards, optimized via group relative policy optimization (GRPO).
Extensive experiments on diverse video benchmarks demonstrate that,
through our post-training framework, the Qwen3-VL-Instruct-8B model
is transformed into a more accurate and efficient video reasoning model,
significantly outperforming the open-source Qwen3-VL-Thinking-8B base-
line. Our framework highlights the importance of dynamic reasoning and
efficient reward design, paving a new path for advancing multimodal
reasoning in videos.

1 Introduction

Recently, multimodal reasoning models based on multimodal large language mod-
els (MLLMs) have made great progress in image reasoning and video reasoning
tasks [5,(6411,|43,/44]. Existing methods mainly first perceive images or videos,
and then use reinforcement learning (RL) to incentivize linguistic reasoning
ability [11L|39]. This kind of paradigm has shown promising results for image
reasoning [51,61], but for more complex video reasoning, it is unable to effectively
reason about the spatio-temporal information in videos. To delve into the impact
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Fig. 1: Comparison of the instruct and thinking models of Qwen3-VL |3| on 128 video
frames with a maximum of 2048 output tokens.

of reasoning ability in video understanding, we conducted a detailed comparison
of the thinking version and the instruction version of the state-of-the-art model
Qwen3-VL on six mainstream video understanding benchmarks, as shown
in Figure [T} The results show that the thinking model performs worse on five
benchmarks, with improvements observed only on MMVU . While MMVU de-
mands greater expert knowledge and internal reasoning capability, the significant
and widespread performance decline across other benchmarks is unsatisfactory,
indicating that the thinking model still has major limitations in general video
understanding.

Regarding the underperformance of the Qwen3-VL-Thinking model on video
tasks, it is important to note that its training methodology follows the paradigm
we previously identified: “First perceive images or videos, and then use RL
for linguistic reasoning." Specifically, while the model undergoes supervised
fine-tuning (SFT) and long chain-of-thought (CoT) SFT on video data, the
subsequent RL stage is trained exclusively on image data. This highlights a key
insight: incorporating dynamic video data is crucial during both the long-CoT
SFT and RL phases. Current approaches to video CoT construction also exhibit
limitations. Some methods, such as Video-R1 , rely on non-thinking MLLMs
(e.g., Qwen2.5-VL-72B) for CoT annotation. However, forcing non-thinking
models to generate reasoning chains often compromises accuracy, as prior work
shows that such practices lead to significant performance degradation in video
understanding [11},22,[44]. Other methods, like VideoRFT [39], use linguistic
thinking models (e.g., DeepSeek-R1) for annotation in constructing textual CoTs.
Using the linguistic thinking model, which depend solely on MLLM outputs or
clip captions, fail to adequately capture the spatiotemporal information essential
for video reasoning. To address these issues, we propose to utilize a state-of-the-art
multimodal thinking model, Seed1.8 @, which dynamically adjusts its reasoning
chain based on video content and queries. Unlike prior methods that generate
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uniformly long CoTs regardless of task complexity, this dynamic approach enables
more efficient and context-aware reasoning.

Regarding the dynamics of video data used in the RL stage, the key factor
lies in data difficulty. Although prior works [11,/39] collect large amounts of video,
they ultimately use only a small subset for training. This is because continuously
introducing more data tends to cause instability during reinforcement learning.
To mitigate this degradation, some studies [16,/52] adjust the reward design based
on the difficulty of training samples. Inspired by [3], we adopt a different strategy:
for each query, we perform multiple pre-sampling passes to generate several
reasoning trajectories and compute their accuracy, filtering out samples where
the baseline model already achieves extremely high accuracy while retaining
those that are more beneficial for reinforcement learning exploration.

Beyond data quality, most existing video RL training methods rely solely on
final outcomes for reward evaluation, failing to leverage process-level reasoning
that captures video dynamics. Our second key insight is that incorporating
reward evaluation on the reasoning process itself is crucial for video RL training.
Recent works [3}/11}[12] only use verifiable multiple-choice questions or compute
result similarity for open-ended questions to obtain outcome rewards. A recent
approach [39] introduces a semantic-consistency reward to measure alignment
between the reasoning trace and the input video. However, it extracts only video
description sentences from the trace, uses separate text and image encoders to
compute cosine similarity between text features and averaged video features. This
method cannot evaluate rewards for reasoning steps beyond video descriptions,
nor can it assess the contribution of these steps toward arriving at the correct
outcome.

To address this issue, we propose a novel method for measuring process
rewards, enabling reward computation at any token after the reasoning process
begins in the thinking model. Specifically, at any point in the reasoning token
sequence, we take the existing reasoning trace as context, append a simple prompt,
and feed it into the current policy model to obtain an immediate answer. This
answer can be directly compared with the ground truth, allowing us to compute
an accurate reward that reflects the importance of the current reasoning trace in
reaching the correct outcome. During RL training, we select a reward from an
early reasoning stage as the short-term reward and a reward from a later stage as
the long-term reward. We then design a reward function with prior knowledge to
compute the final reward for each sampled trajectory, and apply group relative
policy optimization [14] to calculate advantages and optimize the model.

Overall, our proposed video reasoning training framework consists of two
stages. In the long-CoT SFT stage, we curate 22k video question-answer samples
to enhance foundational reasoning capabilities, and leverage dynamic CoT data
generated by the multimodal thinking model Seed1.8 to distill dynamic reasoning
from a stronger model to the base model. In the RL stage, we introduce a multiple
pre-sampling method to filter low-quality samples, yielding 500 high-quality video
QA instances for RL training. We then propose a novel approach to accurately
measure process rewards and design a prior-knowledge-based reward function,
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followed by group relative policy optimization for model update. Comprehensive
experiments on video understanding and reasoning benchmarks demonstrate that
our framework can effectively build stable and highly accurate video reasoning
models.

2 Related Work

2.1 Multimodal Large Language Models

MLLMs |2,3,5},6}/9/17,/68] have achieved significant advancements in multimodal
tasks, such as image and video understanding. For image understanding, the early
method [21] uses Q-Former to aggregate visual tokens to inject visual information
into large language models. Then, the mainstream method to build MLLMs is
to train a simple MLP projector with a pretraining stage and an instruction
tuning stage [20}24125]. For video understanding, a simple way is to treat video
input as a sequence of images, and leverage the existing MLLMs trained on
image data [25] to a zero-shot video understanding model, or further fine-tune
the model on video data to achieve better video understanding capabilities |63].
Also, there are some works [34146,59] that introduce Q-Former to aggregate
temporal information and reduce the video tokens, or use simple MLP projectors
for effectively injecting video information into large language models [2629].

To enhance temporal awareness in video understanding, some works propose
explicit temporal textual prompts [34], temporal modules [58], and MRoPE tech-
niques [4]. As for video training, many work adopt a hybrid data training strategy.
For example, LLaVA-OneVision [19|, InternVL2.5 [8], and Qwen2.5-VL [4] are
trained on a combination of single images, multi-frame image sequences, and
videos. Additionally, post-training techniques are widely used to improve video
reasoning performance [3,[4,/15,/68|, such as continue training, strong-to-weak
distillation [1], preference learning 33|, and reinforcement learning [14]. In par-
allel, video benchmarks have been introduced to assess the various MLLMs,
such as general video understanding tasks [13,|40/50,/67] and video reasoning
tasks [35}/55,/65]. More recently, the research frontier has shifted toward rein-
forcement learning-based reasoning enhancement [11,/12}[39}/44], tool-integrated
video agents |60,|69], and evolving into video agents [57,62] are the cutting-edge
directions for the development of MLLMSs towards more powerful and intelligent
video understanding.

2.2 Multimodal Reasoning Models

Large language reasoning models have achieved great success in reasoning and
instruction-following tasks, such as mathematics, coding, and agentic tasks.
This success is driven by techniques including Chain-of-Thought (CoT) rea-
soning [48|, test-time scaling |18], RL [36], and agentic RL, etc. Inspired by
DeepSeek-R1 [14436], which show that large-scale RL with verifiable rewards
unlocks emerging reasoning abilities in LLMs, there has been growing interest
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in incorporating reasoning into MLLMs. This direction has shown encouraging
progress, particularly through a line of research [27,32,411|53,/56] investigating
RL for image-based reasoning tasks. To explore the multimodal reasoning effect
for complex video understanding tasks, some works focus on step-by-step rea-
soning [10], CoT training [45], and RL training [44]. For video reasoning models’
RL training, several work [11}/39,/44] introduce GRPO training for MLLM to
reasoning for fully understanding the video-language relationship before the final
answer. More generally, recent RL training frameworks typically incorporate
both offline and online training stages. Seed1.5-VL [15], for example, integrates
video data into pretraining and designs a post-training phase that combines SFT
with RL. Keye-VL-1.5 [54] uses a slow-fast video encoder with iterative SF'T
and RL training, while InternVL3.5 [42] proposes a cascade RL framework that
consists of a mixed preference optimization and an online RL stage. Qwen3-VL 3]
designs long-CoT cold start, strong-to-weak distillation, general and reasoning
RL training strategies to build multimodal reasoning models. Recent works, such
as OneThinker [12], have made progress by collecting image and video data across
diverse visual tasks to build unified reasoning models. However, these approaches
largely transfer image-based reasoning paradigms to video, overlooking the unique
challenges of dynamic video reasoning. In contrast, this work specifically targets
dynamic video reasoning by designing a more efficient reinforcement learning
method tailored for long-form video content.

3 Method

Currently, video reasoning models are that the models can first reason (textual
reasoning or multimodal reasoning) and then finalize the answer. This is different
from Instruct models, which directly output the answer and are proficient in
doing so, but are not good at reasoning. Given a video V and a query @, the
model M can generate the reasoning content T3p;nr and answer Ty, as follows:

[Tthink; Tans] ~ P(T ‘ V7 Q), (1)

where P denotes the conditional probability distribution implicitly modeled

by model M, and the reasoning content is enclosed within special tags (such
as <think> and < /think>), while the answer is enclosed within special tags
(such as <answer> and < /answer>). Meanwhile, the result tokens are the output
results of the model conditioned on the original input and the existing reasoning
content:

Tans ~ P( ‘ MQaTthink)' (2)

Regarding the benefits of the reasoning content, one is to provide the interpretabil-
ity of the model for perception, and the other is to enhance the multimodal
understanding ability through reasoning, which can solve more complex tasks.
Although there are thinking-version video reasoning models available in
open-source models at present (such as Qwen3-VL-Thinking [3]), due to the
complexity of the post-training process involved, it is difficult to further enhance



6 Wang et al.

|
Naive Thinking MLLM —] -
I ]
= g B A | > MLM
Video queries ILong video queries __-==* ﬁ
= mEFET e Pass rate
filtering mmam 22K ! 5k = -< 90% A o
Answer . | o o o 500
= 3 2
CoTs ' 2|8 2 mmm RL queries 7R - I
o e | < < <
distill l e ,—'-
¢ 4 - a6 il
1 olicy i) t100 b0 Es12 T Reward
ML [ e L
512 L
L J I L J
T T
Long-CoT SFT Stage Long Video RL Stage

Fig. 2: The proposed framework to train a video reasoning model.

the capabilities based on this version. Therefore, the industry consensus is that the
construction of reasoning capabilities in the Instruct model is more common and
effective. Hence, the purpose of the framework proposed in this paper is to start
from the Instruct model and build a more flexible and effective video reasoning
model. Our proposed framework has a long-CoT SFT stage with dynamic video
data, and an RL stage with short and long-term rewards as shown in Figure [2]

3.1 Long-CoT SFT Stage with Dynamic Video Data

Long-CoT SFT, as a cold start stage, is a fundamental stage that establishes the
basic reasoning abilities for multimodal models. Existing methods use relatively
fixed video annotation data, such as using non-thinking models or using linguistic
thinking models for annotation. Video-R1 uses a non-thinking model Qwen2.5-
VL-72B to generate CoT rationales for every image and video. Video-RFT first
prompts GPT-40-mini to generate textual descriptions for every video, then uses
a linguistic thinking model, DeepSeek-R1, to answer the question and reason
step by step, and finally collects the reasoning CoTs. These methods do not
take into account the dynamics of video data and tend to execute very long
CoT for each video question. The dynamic nature of video data lies in the fact
that if the video content is simple or the question is simple, then the CoT will
be shorter. However, if the video content or the question is complex, a longer
CoT is required. To introduce the dynamic capability of reasoning, we chose
to use a native multimodal thinking model, Seed1.8 [6] as the strong model,
and used its reasoning trajectory to distill the base model. The video data is
collected from several public sources, including PerceptionTest [31], STAR [49],
LLaVA-Video-178k [64], and we only use multi-choice video QA data.

We leverage a native multimodal thinking model, Seed1.8, which can adjust
the reasoning effort as needed. There are four modes (minimal, low, medium,
and high). We set the highest mode as "high" so that it can conduct an in-depth
analysis of complex videos. After the annotation process, we extract the reasoning
content and the answers, and filter out the samples that did not match the ground
truth answers. Ultimately, we obtain 22k CoT annotation data. The video source
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Fig. 3: Statistical data of Video CoT data. (a) Sources of video data. (b) Distribution
of CoT text length.

of our collected videos is shown in the left figure in Figure |3] The distribution of
the text length of the reasoning content is shown in the right figure in Figure [3]
Based on these video CoT data with dynamic thinking content, we fine-tune the
model by maximizing the log-likelihood of the annotated reasoning CoT and
answer (Tihink, Tans) given the input (V,Q), where the conditional distribution
P(T | V,Q) is defined in Eq. (). The model used here is Qwen3-VL-Instruct-8B.
At this stage, not only does the model learn how to perform video reasoning, but
it also enables it to think dynamically based on different levels of difficulty.

3.2 RL Stage with Short and Long-term Rewards

The RL stage is an effective way to enhance the reasoning ability of thinking
models. For example, the RL algorithms Group Relative Policy Optimization
(GRPO) and Decoupled Clip and Dynamic Sampling Policy Optimization (DAPO)
are widely used to incentivize linguistic reasoning and multimodal reasoning
abilities. Regarding video reasoning reinforcement learning training, the existing
methods do not adequately take into account the characteristics of videos when
designing the algorithms or rewards. Qwen3-VL only used image data in the RL
stage and did not utilize video data. During the training of its reasoning ability,
it was prone to neglect the spatiotemporal information of videos. Recent work
in RL training has incorporated image and video data, but only used outcome
rewards, or considered semantic-consistency rewards for reasoning CoT. The
reward for the reasoning process has not been fully explored.

To address this issue, we design a novel and effective way to measure the
reward of reasoning CoT. When video model reason the t, token T}, ., to
evaluate the importance of the current reasoning CoT tokens, we regard output
tokens [Ttohmk, o, Th ] as the context, and we re-input the video V and query
@ along with context to model M to obtain a intermediate answer use the
following template:
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System-message <STOP>

User:

The assistant first thinks about the reasoning process in the mind
and then provides the user with the answer.

Question: {V} {Q} <STOP>

Assistant:

[Ttohink7 e aTtthink]

The most correct option is:

Table 1: The input template used to prompt video reasoning models for intermediate
answer.

The intermediate answer is the next predicted token Taom. The intermediate
reward is compared with the ground truth answer A:

1, 70 =A
r= . 3)
0, otherwise

In this way, we can effectively measure the reward of existing reasoning content
at any time, and this reward is closely related to the expected answers, reflecting
the importance of the reasoning content to the final outcome.

Further, we consider the short-term reward 4 and long-term reward r; to
comprehensively evaluate the final reward R to the trajectory. We define the
final reward as follows:

R=2(r;—rs)+2(r —0.5)(r; — s + 2) (4)

This final reward definition incorporates prior knowledge about the reasoning
process: as reasoning unfolds, some steps contribute positively to arriving at
the correct answer, while others detract from it. Based on this idea, we define
the final reward values as shown in Table [2| Specifically, when the intermediate
reward transitions from 0 to 1 as the reasoning progresses, we interpret this as
the model reflecting on and correcting its reasoning—and thus assign a higher
reward to such trajectories. Conversely, a transition from 1 to 0 indicates errors
emerging in the reasoning content, which warrants a negative reward.

Table 2: Reward values for different combinations of rs and r;.

(rs,r) | (0,0) | (0,1) | (1,0) | (1,1)
R | 20 | 50 | -30 | 20

In this way, we first sampling multi trajectories {71, T3, - , T} from a single
video query, and we use the final reward function to score the trajectories, yielding
G rewards {R1, Ry, , Rg}. Inspired by GRPO, we use the group normalized
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reward as the advantages for all tokens, i.e., A; ; = w
are then incorporated into the model update following the same optimization
approach as GRPO. During the training process, we observed that the accuracy
on many samples was excessively high—meaning that the trajectories obtained
from multiple samplings were mostly correct. This led to the issue of gradient
vanishing. While this phenomenon does not theoretically hinder the model’s
learning capability, it significantly affects the stability of the training process
and results in considerable fluctuations in model performance. We propose to
collect high-quality video data for RL training. We choose LongVideo-Reason |[7]
training set as the data source, which has long video samples. We use the
Qwen3-VL-8B-Instruct model to generate 16 responses per video query and
filtered out any samples with an average accuracy exceeding 90%. We used the
remaining 0.5k samples for training, which encouraged the model to engage
in more exploration. The presence of both accurate and inaccurate sampled
trajectories provided valuable feedback for model training. Additionally, as we
focused on RL training over long videos, the spatiotemporal information in long
videos is progressively reasoned through step-by-step reasoning tokens. This
aligns well with our approach of coordinating short-term and long-term rewards,
ultimately making the model training more effective.

. These advantages

4 Experiment

4.1 Setup

We use Qwen3-VL-8B-Instruct as the base model, with all parameters of the
MLLM fully fine-tuned. We use SWIFT [66] as the codebase to perform mul-
timodal SFT and RL training. All experiments are conducted on H20 GPUs.
We sample 128 frames per video for both the training and inference stages. For
thinking models, we set the maximum number of output tokens to 2048. In the
Long-CoT SFT stage, the model was fine-tuned on CoT samples for 3 epochs,
which takes 48 hours. In the RL stage, it was fine-tuned on RL samples for 1 epoch,
taking 10 hours. We evaluate our models and state-of-the-art models on 5 video
general understanding benchmarks, including Video-MME |[13], LongVideoBench
(LongVB) [50], MLVU [67], LVBench [40], VideoEval-Pro(VEP) [28], and on 4
video reasoning benchmarks including VSI-Bench [55], MMVU 65|, LongVideo-
Reason-eval |7] and Tomato [35]. More details can be found in the Appendix.

4.2 Main Results

Video Generation Understanding. We provide the quantitative comparison with
state-of-the-art models in Table [3] These benchmarks evaluate general compre-
hension capabilities for long videos, among which Video-MME also assesses un-
derstanding abilities for short and medium-length videos. Qwen3-VL-Thinking [3]
is an open-source multimodal thinking model, but it needs denser frames and
more reasoning tokens to achieve comparable performance. OneThinker [12]
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Table 3: Results on video understanding benchmarks compared with state-of-the-art
models. Bold indicates the best performance in the Thinking Models.

Model \ Benchmark |LVBench LongVB MLVU VEP Video-MME

‘ val M-Avg mcq Short Medium Long Overall

Non-Thinking Models

Qwen2-VL-Base [38| - 53.7 - - 70.3  59.5 49.6 59.8
Qwen2-VL-Ins |38 40.9 57.1 65.1 447 727 614 51.7 619
Qwen2.5-VL-Ins |4 43.3 59.3 67.7 444 764 652 54.0 63.2
Qwen3-VL-Ins 3] 46.1 62.9 71.1 516 804 69.0 59.1 69.5
Thinking Models

Video-R1-7B |11] 38.6 49.7 63.0 422 722 594 47.0 595
VideoChat-R1-7B [22] X . . - . - 60.0
LongVILA-R1-7B [7| - 58.0 - - 719 62.0 53.3 624
Open-03 Video |30| - - - - - - 54.9 63.6
VideoRFT-7B |39 41.4 56.5 65.6 44.8 76.0 64.2 52.7 64.3
Qwen3-VL-Thinking |3 40.4 55.1 63.6 48.1 772 653 539 655
OneThinker-8B [12] - 61.7 - - - - - 66.5
AdaTooler-V-7B |37 - - - - - - - 66.7
Qwen3-VL-Ins (Force-think, base)|  42.2 58.2 66.5 474 782 66.9 54.8 66.6
GRPO |14] 45.1 60.8 69.0 50.0 79.0 684 54.7 674
Ours 47.3 63.1 70.3 52.5 81.3 71.2 57.2 69.9

also uses Qwen3-VL-8B-Instruct as the base model, and it trains a reasoning
model on multiple image and video understanding tasks. From the same base
model, our framework builds a thinking model that is consistently better than
OneThinker and GRPO on all benchmarks. In thinking models, our model shows
promising results and achieves the best results on all benchmarks. Compared to
non-thinking models, our model outperforms Qwen3-VL-8B-Ins on four out of
five benchmarks. Compared to the open-source Qwen3-VL-Thinking, our model
demonstrates stronger general video understanding capabilities under the same
maximum output token limit.

Video Reasoning. In Table [ we show a comprehensive comparison of 4 main-
stream video reasoning benchmarks. These benchmarks assess capabilities in
video reasoning, including specialized knowledge, complex reasoning, spatial
reasoning, and temporal reasoning. Based on the Qwen3-VL-8B-Instruct model,
our proposed method consistently outperforms GRPO on 4 video reasoning
benchmarks. On VSI-Bench and MMVU, our method still does not surpass
the Qwen3-VL-8B-Thinking model. The reason may be that longer chains of
thought bring significant performance improvements on such benchmarks, as
Qwen3-VL-8B-Thinking can output up to 2048 tokens in some cases, whereas our
model typically outputs a maximum of only 512 tokens. On LongVideo-Reason
and Tomato, our model achieves the best performance compared with existing
thinking models and non-thinking models. This demonstrates the superiority of
our model in long-video reasoning and temporal reasoning capabilities.
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Table 4: Performance on public video reasoning benchmarks compared to previous
models. Bold indicates the best performance in the Thinking Models.

VSI-Bench MMVU LongVideo-Reason Tomato

Model \Benchmark
mc eval

Non-Thinking Models
LLaVA-OV-7B 32.4 49.2 - 25.5
ViLA-1.5-8B 28.9 49.2 - -

VideoTree - 54.2 - -

LLaVA-Video-7B 36.2 60.2 - 24.9
Qwen2-VL-7B-Ins [38] 33.4 63.5 - 30.1
Qwen2.5-VL-7B-Ins 38.1 68.8 - 25.6
Qwen3-VL-8B-Ins 59.4 70.0 72.2 32.9

Thinking Models
Video-R1-7B 37.8 64.3 68.1 26.9
VideoRFT 36.8 68.5 75.3 24.9
Qwen3-VL-8B-Thinking 56.6 78.1 71.5 31.2
Qwen3-VL-Ins (Force-think, base) 52.0 68.6 73.4 33.0
54.1 70.4 75.8 33.0
Ours 54.4 71.0 76.1 33.6

- --- -
LHE SMURE SIGNAL THE HOMING PIGEON LHE FUNY EAFKESS

A "HISTORY" OF M
COMMUNICATION T

£ -

InpstuF koNNEKT

THE SEMAPHORE FLAG THE TELEGRAPH TTHE TELEPHONE

User: What kind of ication is listed before A. B. Homing pigeon. C. Telegraph. D. Pony express.

VideoR1: <think>Let's break down the sequence of communication methods shown in the video:\n\n1. The video starts with \"The Smoke Signal,\" which is an early form of
communication.\n2. Next, it shows \"The Homing Pigeon,\" indicating that this method comes after the smoke signal.\n3. Then, we see \"The Pony Express,\" which follows

the homing pigeon.\nd. After the pony express, there is \"The Flag.\"\nS. Following the semaphore flag, the video shows \"The Telegraph.\"\n\nSo, the order of
communication methods in the video is: Smoke Signal -> Homing Pigeon -> Pony Express -> Semaphore Flag -> Telegraph.\n\nNow, the question asks what kind of

ication is listed before hore. From the above sequence, the ication listed immediately before hore is the Pony Express.\n\nTherefore, the correct
answer should be the Pony Express.\n\nLet's verify if any other options fit:\n- A. Telephone: This s not mentioned before hore.\n- B. Homing pigeon: This is

d before but not i diately before.\n- C. : This is ioned after hore.\n\nThe most accurate and immediate predecessor to
Semaphore is the Pony Express.</think>\n<answer>B</answer>

VideoRFT: <think>To determine the correct answer, I need to recall the sequence of communication methods presented in the video. The video begins with \"The Smoke
Signal\" followed by \"The Homing Pigeon.\" Next, it shows \"The Pony Express,\" then \"The Semaphore Flag,\" and finally \"The Telegraph.\" Therefore, the order is:
Smoke Signal — Homing Pigeon — Pony Express — Semaphore Flag — Telegraph.\n\nGiven this sequence, the method listed immediately after \"The Homing Pigeon\" is
\"The Pony Express.\" Thus, the correct answer is D. Pony Express.\n\nTo confirm, the video's sequence is: Smoke Signal — Homing Pigeon — Pony Express — Semaphore
Flag — Telegraph. This confirms that the method listed right after Homing Pigeon is indeed Pony Express.</think>\n<answer>D</answer>

Ours: <think>Got it, let's check the video sequence. First, the order is: Smoke Signal, Homing Pigeon, Pony Express, Semaphore Flag. So before Semaphore (Semaphore
Flag, which is at 28-31 seconds), the one before is Pony Express (21-27 seconds). Let's confirm the options: D is Pony express.</think><answer>D</answer>

Fig. 4: Comparison of reasoning results on short video questions.
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Table 5: Ablation study on proposed components. The baseline without any training
uses Qwen3-VL-8B-Instruct to force thinking. CoT-SFT denotes the long-CoT SFT
stage. We also conducted ablation experiments on three components in RL: data filtering
(filter), using the default outcome reward (outcome), and the combination of short-term
and long-term rewards (short-long).

CoT-SFT RL LVBench LongVB MLVU VEP Video-MME
filter outcome short-long‘ val M-Avg mcq overall
42.2 58.2 66.5 474 66.6
v 44.6 58.1 67.4 49.1 67.1
v 44.6 59.9 67.0 50.0 67.1
v v v 45.1 60.8 69.0 50.0 67.4
v v v v 47.3 63.1 70.3 52.5 69.9

Table 6: Ablation study on different short-term and long-term rewards.

LVBench LongVB MLVU VEP Video-MME

Short term Long term val M-Avg meq overall

400 512 45.2 60.4 69.1 51.0 69.3
300 512 45.6 60.9 69.0 51.8 69.7
200 512 46.0 61.5 69.7  50.5 68.8
100 512 47.3 63.1 70.3 52.5 69.9

Qualitative comparison. Figure [@] shows the results of video reasoning on short
videos. In this scenario, our model does not output lengthy reasoning processes
like other models, but instead performs concise and accurate reasoning. Figure [5]
shows the reasoning results on long videos. For more complex videos and questions,
our model also performs detailed reasoning to arrive at the correct answer.

4.3 Ablation Study

The effect of proposed components. In Table [5] we evaluate the effectiveness of
both the long-CoT SFT stage and RL stage. The first row is the base model,
Qwen3-VL-8B-Instruct, which is forced to think without any training. The second
row is that without the long-CoT SFT and directly fine-tune the base model by RL
training with outcome reward on randomly sampled video data. The third row is
that only fine-tunes the base model through the long-CoT SFT stage. Comparing
these two standalone training approaches, the results across five benchmarks
consistently demonstrate that long-CoT SFT yields better performance gains
than RL, which is also consistent with the current consensus in the field. The
fourth row represents first going through the CoT SFT stage, followed by RL
training with outcome reward using filtered RL data. Attributed to our data
filtering approach, using the basic GRPO reinforcement learning algorithm can
further enhance the performance of the CoT model. Further employing our
proposed combination of short-term and long-term rewards leads to significant
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Table 7: Generalization results on Qwen2.5-VL-7B-Instruct model. Bold indicates the
best performance in the Thinking Models.

Video-MME

Model \Benchmark ‘LVBench LongVB MLVU VEP
val M-Avg mcq Short Medium Long Overall

Non-Thinking Models
Qwen2.5-VL-Ins [4] ‘ 43.3 59.3 67.7 444 764 652 54.0 63.2

Thinking Models

VideoR1-7B |11] 38.6 49.7 63.0 42.2 722 594 47.0 595
VideoRFT-7B [39| 41.4 56.5 65.6 44.8 76.0 64.2 52.7 64.3
Qwen2.5-VL-Ins (Force-think, base) 39.0 44.7 57.0 422 727 625 49.7 61.6
GRPO |14] 40.9 49.2 61.5 419 736 63.5 512 628
Ours 42.5 57.2 64.8 44.7 75.8 64.1 54.1 64.7

10 Quintillion
Solar Masses

User: What s NOT described in the video? A. The role of dark matter in the formation of the Great Attractor.
supercluster, Laniakea. C. The challenges posed by the Zone of Avoidance in studying the Great Attractor. D. Observ:
Attractor region.

. Its gravitational influence on the local galaxy
ational history and methods used to investigate the Great

VideoR1: <think>Let's break down the options one by one:\n\nA. The role of dark matter in the formation of the Great Attractor. - This seems relevant because the video
likely discusses the gravitational effects of dark matter, which is crucial for understanding the formation of structures like the Great Attractor.\n\nB. Its gravitational influence
on the local galaxy supercluster, Laniakea. - This also appears relevant as the video probably talks about the gravitational interactions between galaxies and the formation of
larger structures like the Laniakea supercluster.\n\nC. The challenges posed by the Zone of Avoidance in studying the Great Attractor. - This is less likely to be discussed in
the video. While the Zone of Avoidance is a real phenomenon, it is not mentioned in the context provided in the video summary.\n\nD. Observational history and methods
used to investigate the Great Attractor region. - This is also relevant as the video likely covers the historical observations and techniques used to study this region.\n\nAfter
analyzing all the options, it is clear that the challenge posed by the Zone of Avoidance in studying the Great Attractor is not explicitly described in the video. The video
focuses more on the gravitational influences and observational methods rather than the specific challenges faced due to the Zone of Avoidance.\n\nTherefore, the aspect NOT
described in the video is the challenges posed by the Zone of Avoidance.</think>\n<answer>C</answer>

VideoRFT: <think>To determine which aspect is not described in the video, let's review the content step-by-step.\n\nThe video begins with a view of space, featuring a
galaxy and stars, and then zooms into Earth from space. It transitions to a black screen with text about the Great Attractor, followed by a depiction of the Milky Way and its
surroundings. The video then shows a diagram of the Local Group and other nearby galaxies, including the Virgo Cluster and M87. It also includes a map of the cosmic web
and a discussion of the Great Attractor’s gravitational influence on the local supercluster, Laniakea.\n\nNext, the video covers the Zone of Avoidance, explaining how it
affects our ability to study galaxies behind the Milky Way. It mentions the use of X-ray telescopes like ROSAT and the Anglo-Australian Telescope to identify hidden
galaxies. The video also discusses the Shapley Supercluster and the Hercules-Corona Borealis Great Wall, as well as the Vela Supercluster.\n\nNow, let's evaluate each
option:\n\nOption A: The role of dark matter in the formation of the Great Attractor. The video does not explicitly mention dark matter's role in the formation of the Great
Attractor. While it discusses the Great Attractor's gravitational influence, there is no detailed explanation of dark matter's contribution to its formation.\n\nOption B: Its
gravitational influence on the local galaxy supercluster, Laniakea. The video clearly shows the Great Attractor's gravitational influence on the local supercluster, Laniakea,
using diagrams and text.\n\nOption C: The challenges posed by the Zone of Avoidance in studying the Great Attractor. The video explicitly discusses the Zone of Avoidance
and its impact on studying galaxies behind the Milky Way, g the use of X-ray to identify hidden galaxies.\n\nOption D: Observational history and
methods used to investigate the Great Attractor region. The video covers observational history, including the use of X-ray telescopes and the Anglo-Australian Telescope, and
discusses the methods used to identify hidden galaxies.\n\nBased on this analysis, Option A is the aspect that is not described in the video.</think>\n<answer>A</answer>

Ours: <think>Got it, let's analyze each option. \n\nFirst, option A: The video doesn't mention dark matter's role in forming the Great Attractor. The video talks about the
Great Attractor's gravitational pull, the Zone of Avoidance, observational methods (like X-ray surveys, telescopes), and its influence on Laniakea (the supercluster). But dark
matter's specific role in its formation isn't described.\n\nOption B: The video shows the Great Attractor’s influence on Laniakea (the supercluster the Local Group is in), so
that's covered.\n\nOption C: The Zone of Avoid: joned as a challenge, since it's obscured by the Milky Way, making observation hard. That's in the
video.\n\nOption D: The video covers observational history (like the CIZA project, ROSAT, Anglo-Australian Telescope, etc.), so that's covered.\n\nSo the one not described
is A.</think><answer>A</answer>

Fig. 5: Comparison of reasoning results on long video questions.
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performance improvements on all benchmarks compared to using only outcome
rewards. These ablation studies validate the effective contributions of our used
long-CoT SFT, data filtering, and reward design methods to the overall approach.

The impact of different short- and long-term rewards. As shown in Figure [6] we
evaluate the short-term reward at positions 100, 200, 300, and 400, while keeping
the position at 512 fixed as it corresponds to the outcome reward—which we con-
sider as the long-term reward. Experimental results on LVBench, LongVideoBench,
and MLVU show that as the short-term reward position increases, the model’s
reasoning accuracy consistently decreases. This suggests that for long video under-
standing tasks, leveraging both an early short-term reward and the final outcome
reward is most effective. When the token positions for calculating the two rewards
are closer together, the benefits brought by the rewards gradually diminish. On
short and medium video benchmarks, as well as on challenging benchmarks like
VideoEvalPro, specific reward combinations also yield strong reasoning accuracy.
For instance, the combination of positions 300 and 512 achieves competitive
performance on Video-MME and VideoEvalPro, approaching the results of our
default configuration (100 and 512).

4.4 Generalization Experiments.

In Table [7} we validate the generalization ability of our method on a widely
used foundation model, Qwen2.5-VL-7B-Instruct. First, comparing our method
with GRPO on the baseline model shows that our approach brings significant
and consistent performance improvements across all benchmarks. All thinking
models in the table are based on the same base model, ensuring a fair comparison.
Our model achieves the best performance on LVBench, LongVideoBench, and
Video-MME. On MLVU, our model performs slightly below VideoRFT, while on
VideoEvalPro and the short and medium subtasks of Video-MME, the results are
closely matched. Notably, our method uses significantly fewer training samples
than VideoRFT.

5 Conclusion

In this work, we identify that existing multimodal reasoning models inherit a
language-centric bias, leading to inefficient and ineffective reasoning in long
video understanding tasks. To address this, we propose a simple yet effective
post-training framework that transforms Instruction multimodal models into
efficient video reasoning models. Our framework consists of two key components:
Long-CoT SFT to equip the model with dynamic video reasoning capabilities,
followed by RL with a hybrid short-term and long-term reward mechanism to
further optimize reasoning accuracy and efficiency. Extensive experiments on
diverse video benchmarks show that our framework efficiently trains the Qwen3-
VL-Instruct-8B model into a high-performing video reasoning model, significantly
outperforming the Qwen3-VL-Thinking-8B. This highlights the effectiveness of
our framework in building accurate and efficient video reasoning models.
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