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Abstract

Chain-of-Thought (CoT) is a key technique for enhancing the
reasoning capabilities of Vision Language Models (VLMs).
Existing methods often employ Reinforcement Learning (RL)
with external constraints to align the model’s reasoning pro-
cess with human cognitive patterns. However, we argue that
the model’s intrinsic reasoning paths may differ from human
cognition, and that forcing such alignment can constrain
the model’s potential and even degrade its performance. To
address this, we propose leveraging the model’s intrinsic
self-evaluation to guide its optimization. We hypothesize
that a model’s self-generated confidence scores are effective
indicators of its reasoning quality. Based on this evaluation
metric, we design two novel reward functions: (1) Sequen-
tial Confidence Rigorous Evaluation (SCRE) for challenging
problems that demand strict logical reasoning, and (2) Intra-
group Score Re-ranking (IGSR) for general-purpose, open-
ended scenarios. We name our method Video-RAISE (Rea-
soning Alignment through Intrinsic Self-Evaluation). Com-
prehensive experiments on six video understanding bench-
marks demonstrate that Video-RAISE achieves state-of-the-
art (SOTA) performance, significantly outperforming previ-
ous methods and even proprietary models, e,g. GPT-4o. For
instance, on the VideoMMMU benchmark, our Video-RAISE
achieves a new SOTA accuracy of 52.8%, outperforming the
previous best model by a significant 3.0%. In addition,
our method achieves a reasoning path consistency of 90%,
which is double that of the Qwen2.5-VL-Instruct and even
surpasses the performance of supervised fine-tuning.

1. Introduction
Video understanding seeks to enable machines to compre-
hend complex video streams by analyzing not only static
objects and scenes but also their temporal dynamics, such as
actions, interactions, and causal relationships. This capacity
for in-depth spatio-temporal reasoning makes video under-
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Figure 1. Performance comparison on six video understanding
benchmarks. Our method, Video-RAISE, achieves SOTA per-
formance across all benchmarks. All methods are evaluated at 32
FPS. More results and analysis are provided in experiment section.

standing fundamental to a wide array of applications, in-
cluding surveillance [20, 31, 32], recommendation systems
[5, 15, 22], and human-computer interaction [14, 25, 26].

The paradigm of post-training with Reinforcement Learn-
ing (RL) has recently emerged as a powerful technique to
unlock the reasoning capabilities of foundation models. Pi-
oneered in Large Language Models (LLMs) with methods
like Group Relative Policy Optimization (GRPO) [9], this
approach was rapidly and successfully extended to multi-
modal domains [24, 28]. In video understanding, this trend
continued with methods like Video-R1 [11], which enforces
temporal logic, and GRPO-Care [7], which aligns reasoning
with high-quality rationales. However, a common thread
unites these advancements: they all rely on imposing exter-
nal, human-defined constraints to guide the model. Whether
enforcing a correct temporal order or rewarding alignment
with prescribed reasoning steps, these methods are funda-
mentally anchored to the assumption that optimal perfor-
mance is achieved by mimicking human cognitive patterns.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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What did Toby say after Sheldon said don't forget genetic predisposition towards addiction?

A. be quiet      B. How do you know that?     C. That‘s not true.      D. Never been proven.      E. Oh yea I almost forgot.

       Answer: D

Response 1: <think>Options A, B, and C suggest more direct engagement or skepticism. Option D stands out becau-
se it indicates a skeptical stance by stating "Never been proven," which is a valid counter-argument, especially in th-
e realm of genetics and medical research. It seems the most fitting response would be someone who wants to delv-
e into the specifics or needs more information. </think> <answer>D</answer>

Response 2: <think>I can see Toby might respond with disbelief or skepticism if he fundamentally disagreed, but the 
best option here appears to reflect a neutral to slightly critical viewpoint without outright dismissing the idea. "Nev-
er been proven" directly addresses the scientific backing of the statement, suggesting a level of skepticism that alig-
ns well with potential discussions of such a topic. </think> <answer>D</answer>

GRPO:

Reward: 0.76

Reward: 0.52

GRPO:

Figure 2. Illustration of response quality evaluation. GRPO’s evaluation based on textual accuracy yields a sparse 0/1 reward, offering
a weak learning signal. Our method, Video-RAISE, instead constructs a continuous reward from answer token probabilities, which allows
for a more fine-grained distinction between high- and low-quality reasoning for more effective training.

We contend that this forced alignment is a critical bottle-
neck. By constraining the model to human-like reasoning
paths, such approaches may prevent the discovery of more
effective, non-human-like reasoning strategies and can even
degrade performance. In this work, we challenge this pre-
vailing paradigm. We introduce an approach that shifts the
focus from external alignment to intrinsic self-evaluation,
empowering the model to discover its own optimal reason-
ing paths. As evidenced in Figure 1, our method, Video-
RAISE, establishes a new state-of-the-art across six video
understanding benchmarks.

To enable model self-evaluation, we hypothesize that
a high-quality reasoning path allows the model to exhibit
higher confidence when generating the final answer. We
quantify this confidence using the probabilities of the an-
swer tokens and convert it into a reward signal for RL. Rec-
ognizing that different problems require different evaluation
criteria, we categorize tasks into two types: strict logical
reasoning and general-purpose scenarios. For the former,
which involves problems with unique answers requiring ex-
act matches, we propose Sequential Confidence Rigorous
Evaluation (SCRE). SCRE operates on two dimensions: it
penalizes uncertainty by considering the lowest token prob-
ability in the sequence, and it assesses overall fluency and
confidence through the entire probability distribution. For
the latter, which focuses more on semantic quality, we intro-
duce Intragroup Score Re-ranking (IGSR). IGSR first per-
forms an initial grouping of multiple generated candidates
using text-based metrics to ensure that samples within each
group have similar semantic quality. Subsequently, within
each semantically similar group, IGSR allocates a higher

reward to the candidate for which the model shows higher
intrinsic confidence (i.e., a higher answer probability). As
illustrated in Figure 2, in contrast to the standard GRPO
which relies solely on the binary correctness of the final an-
swer, our approach transforms model’s intrinsic confidence
into a continuous learning signal. This enables a more fine-
grained optimization of the VLM’s reasoning process.

To evaluate our proposed Video-RAISE, we conduct ex-
periments on six mainstream video understanding bench-
marks following previous methods [7, 11]. Video-RAISE
demonstrates leading performance across all benchmarks.
Notably, its advantage is more pronounced under the more
demanding 16 Frames setting, which requires a stronger
temporal understanding from the model due to fewer sam-
pled frames. For instance, on the VideoMMMU benchmark,
Video-RAISE surpasses the previous SOTA by a margin of
3.0 % in accuracy. The main contributions of this paper are
summarized as follows:

• We propose an optimization paradigm for VLMs that
leverages intrinsic evaluation of its reasoning paths, in-
stead of external constraints, to guide learning process.

• We propose two reward strategies tailored for different
problem types, namely, SCRE and IGSR, which convert
the model’s intrinsic confidence into a continuous and
fine-grained learning signal to guide the optimization.

• Validated on six benchmarks, our method Video-RAISE
sets a new state-of-the-art in video understanding. It not
only excels in accuracy but also achieves a remarkable
90% reasoning consistency, a result surpassing even SFT.
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Figure 3. An illustration of the training pipeline for our Video-RAISE. For a given video-question input, the model first samples a set
of candidate responses. Subsequently, it computes an initial reward via a rule-based function and concurrently extracts the corresponding
answer probabilities from a reference model. Finally, these rewards are selectively refined using either the IGSR or SCRE strategy.

2. Related Works

2.1. Video Understanding with VLMs

The technical approach to video understanding has rapidly
evolved from early CNN [10, 13] and Transformer-based
models [1, 3] to the current paradigm dominated by Large
Language Models (LLMs) [16, 36]. To overcome the infor-
mation bottleneck inherent in traditional cascaded video-to-
text pipelines, the field has converged on end-to-end Vision-
Language Models (VLMs) such as Qwen2.5-VL [2] and
GPT-4o [12]. These models directly project rich visual
features into the LLM’s semantic space, enabling unified
cross-modal reasoning and setting the state-of-the-art across
major benchmarks. Our work, Video-RAISE, builds upon
this modern framework, employing reinforcement learning
to further enhance the reasoning capabilities.

2.2. Reinforcement Learning for Post-Training

Reinforcement Learning (RL) has become a cornerstone for
enhancing the reasoning abilities of Vision-Language Mod-
els (VLMs) in post-training [6, 33]. Prevailing methods
adapt the GRPO [9] by engineering task-specific rewards.
For instance, Video-R1 [11] introduces a reward for tem-
poral logic, while GRPO-CARE [7] adds a consistency-
aware bonus to align reasoning with answers. However,
these approaches are fundamentally tethered to a common
paradigm: dependency on external, handcrafted rules. This
reliance on manually specified rewards not only makes the
system brittle and difficult to scale but also presupposes that
human-defined heuristics are the optimal path to improving
model reasoning. In sharp contrast, Video-RAISE departs
from this paradigm of manual rule specification. Our work
introduces a method that leverages the model’s own intrin-

sic confidence during inference as a more authentic and
scalable alignment signal. This design circumvents need
for task-specific reward engineering and instead empowers
model to optimize based on its own emergent cognitive

3. Method

3.1. Overview and Motivation

Overview. Figure 3 illustrates the training pipeline of ours
Video-RAISE. First, for each input video-question pair, we
use the policy model to sample a set of token sequences.
Subsequently, similar to GRPO, we employ a rule-based
matching method to conduct a preliminary evaluation of the
generated text and assign initial rewards. For responses that
fail this match, the final reward is directly set to zero. For
all other responses, we utilize a reference model to calculate
the generation probability of their corresponding token se-
quences and then extract the probability value of the answer
portion. This probability is then processed by either the
IGSR or SCRE, depending on the question type, to generate
a continuous, fine-grained reward. Finally, we use these re-
wards to calculate advantages, which are then used to update
the policy model. The pseudocode for SCRE and IGSR is
provided in Algorithm 1 and 2, respectively (see Appendix
A). The appendix also includes theoretical proofs, as well as
background details on reinforcement learning.

Motivation. Our core hypothesis is that a model’s intrin-
sic confidence (i.e., answer probability) serves as a proxy
for its reasoning quality. To validate this, our analysis (Fig-
ure 4) reveals that the intuitive average sequence confidence
(right plot) is an ambiguous and insufficient signal due to
significant overlap between correct (blue) and incorrect (or-
ange) answers. This ambiguity compels us to examine the
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Figure 4. Model confidence distributions for correct (blue) vs.
incorrect (orange) answers. (Left) Confidence distribution at the
answer tokens, showing clear polarization for incorrect answers.
(Right) Confidence distribution at the sequence token, showing
significant overlap. Further details are provided in the Appendix.

more granular answer-token level (left plot). Here, we find a
clearer, more complex pattern: correct answers are sharply
concentrated at 1.0 confidence, while incorrect answers ex-
hibit a distinct polarization: (1) A tall spike near 0.0 (guess-
ing due to uncertainty). (2) A significant peak near 1.0
(onfidently wrong due to flawed, yet internally consistent,
reasoning). This discovery shows the true signal lies at the
token level, motivating our core design: applying special-
ized strategies tailored to different problem types based on
these observed phenomena. For strict-logic tasks, which are
highly sensitive to guessing (the 0.0-peak) and require per-
fect consistency, we apply SCRE. It is designed as a rigorous
filter, targeting this extreme lack of confidence by penalizing
both the lowest probability and the confidence variance. For
general-purpose scenarios, the primary challenge is to re-
fine a set of high-quality, high-confidence answers. For this,
we apply IGSR, which addresses the challenge of ranking
semantically similar, high-quality candidates by rewarding
those with the highest, most stable confidence (targeting the
1.0-peak of the correct distribution).

3.2. Sequential Confidence Rigorous Evaluation
(Figure 5, Top) For tasks demanding strict correctness,
where a single incorrect token can invalidate entire answer,
a reward signal is required that identifies the confidence
bottleneck of the answer sequence. We term this strategy
Sequential Confidence Rigorous Evaluation (SCRE). Given
a video-question pair, we first use policy model to sample
𝐺 candidate sequences. To obtain a stable signal, we utilize
reference model 𝜋ref

1 to compute token-wise probabilities:

𝑝𝑖, 𝑗 = 𝜋ref (𝑜𝑖, 𝑗 | 𝑞, 𝑜𝑖,< 𝑗 ), (1)

where 𝑞 represents the input video-question query and 𝑜𝑖, 𝑗
is the 𝑗-th token of the 𝑖-th token sequence. 𝑜𝑖,< 𝑗 refers to

1Both the policy model and the reference model achieve strong perfor-
mance. The reference model is the base Qwen2.5-VL without SFT, updated
via exponential moving average (EMA) during training. Further details are
provided in the experiment section and Appendix.
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Figure 5. An illustration of the SCRE (Top) and IGSR (Bot-
tom). SCRE targets exact-match tasks, considering both the min-
imum probability and variance. IGSR targets general questions,
prioritizing accuracy while rewarding greater confidence.

the prefix of the 𝑖-th sequence before the 𝑜𝑖, 𝑗 . Furthermore,
𝑝𝑖, 𝑗 is the probability of generating 𝑜𝑖, 𝑗 , 𝑝𝑖, 𝑗 ∈ [0, 1]. Then,
we extract the probability of the answer portion by locating
its corresponding token span within the generated sequence:

𝑝𝑖 = Match(𝑝𝑖 , <answer>...</answer>), (2)

where, Match(·, ·) denotes the operation of matching and ex-
tracting the corresponding probabilities. To transform each
answer sequence into a reward value, a simple averaging of
these probabilities (mean) would be insufficient, as it could
mask the impact of a single, low-confidence (and likely in-
correct) token. Thus, we propose a reward function based
on the weighted product of the answer probabilities. This
formulation is highly sensitive to any single low probability,
effectively penalizing sequences with a weak token:

𝑟 𝑖 =
∏ | 𝑝𝑖 |

𝑗=1 𝑝
𝑤 𝑗

𝑖, 𝑗
, 𝑤 𝑗 = 𝑒−𝜂 𝑗 , (3)

where | · | denotes the length of the token sequence. 𝑤 𝑗

represents a position-based decay factor for the 𝑗-th token.
The weighting scheme, controlled by hyperparameter 𝜂 > 0,
serves a distinct purpose: it assigns greater importance to
tokens at earlier positions. This promotes the generation
of well-formed outputs from the start, as the confidence
of initial tokens has a larger impact on the final reward.
Finally, to encourage a stable and consistent level of con-
fidence throughout the answer, we give a variance penalty.
This discourages outputs with erratic confidence scores:

𝑟𝑖 = 𝑟 𝑖 · 𝑒−𝜆𝜎
2
, 𝜎2 =

1
|𝑝𝑖 |

∑ | 𝑝𝑖 |
𝑗=1 (𝑝𝑖, 𝑗 − mean(𝑝𝑖))2, (4)

where the hyperparameter 𝜆 serves as a scaling factor.
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Table 1. Comparison of our method with previous state-of-the-art (SOTA) methods on benchmarks for video reasoning and general
understanding. Frame refers to the number of sampled frames per video. Note that for this evaluation, to ensure a fair comparison, we use
only the multiple-choice subset of MMVU and do not use subtitles for VideoMME. The implementation details are given in Appendix.

Video Reasoning Benchmark Video General Benchmark
Method Pub Frame VSI-Bench VideoMMMU MMVU MVBench TempCompass VideoMME

• Proprietary Models
GPT-4o - - 34.0 61.2 75.4 - - 71.9
Gemini 1.5 Pro - - - 53.4 71.2 - - 75.0

• SFT & Agent Models
LLaMA-VID [18] ECCV 24 - - - - 41.9 45.6 -
VideoLLaMA2 [8] arXiv 24 - - - 44.8 54.6 - 47.9
LongVA-7B [37] arXiv 24 - 29.2 23.9 - - 56.9 52.6
LLaVA-OneVision [17] TMLR 24 - 32.4 33.8 49.2 56.7 - 58.2
Kangaroo-8B [21] Arxiv 24 - - - - 61.1 62.5 56.0
ShareGPT4Video [4] NeurIPS 24 - - - - 51.2 - 39.9
VILA-1.5-8B [19] CVPR 24 - 28.9 20.8 - - 58.8 -
VILA-1.5-40B [19] CVPR 24 - 31.2 34.0 - - - 60.1
Video-UTR-7B [35] ICLR 25 - - - - 58.8 59.7 52.6
VideoTree (GPT 4) [30] CVPR 25 64 - 47.8 54.2 - - 56.1
mPLUG-Owl3-8B [34] ICLR 25 - - - - 54.5 - 53.5

• R1 Models
RRPO-7B [27] NeruIPS 25 16 - - - 59.0 44.3 -
ReAgent-V [38] NeruIPS 25 16 33.1 47.9 63.0 61.4 70.3 54.2
Video-R1-7B [11] NeruIPS 25 16 34.6 49.8 64.2 62.7 72.6 57.4
Video-RAISE-7B - 16 34.8 52.8 66.4 64.3 74.7 57.4
Video-R1-7B [11] NeruIPS 25 32 35.8 52.3 63.8 63.9 73.2 59.3
CARE-7B [7] Arxiv 25 32 35.8 50.4 65.8 65.1 73.5 59.6
Video-RAISE-7B - 32 36.6 53.0 65.9 65.9 75.1 60.7
Video-R1-7B [11] NeruIPS 25 64 37.1 52.4 63.8 64.8 73.2 61.4
Video-RTS-7B [29] EMNLP 25 64 - 52.7 66.3 - - -
Video-RAISE-7B - 64 38.7 53.6 66.9 65.9 75.0 62.6

3.3. Intragroup Score Re-ranking

(Figure 5, Bottom) For tasks that permit diversity in answer,
such as open-ended question answering, a strict token-by-
token matching like SCRE is unsuitable. Such strategies
penalizes correct responses that are semantically consistent
with the reference answer but simply use different word-
ing. To address this issue, we propose Intra-group Score
Re-ranking (IGSR). The core design of IGSR is based on
two principles. First, it provides a reward bonus to higher-
confidence responses within a group of semantically equiv-
alent candidates. Second, it introduces a novel cross-group
reward constraint that sets a reward upper bound by utilizing
the relationships between groups at different accuracy levels.
This design aims to balance semantic accuracy, generation
confidence, and content diversity in model’s responses.

To implement this, we first assess the semantic match
between each candidate response and the reference answer

by calculating an accuracy score (e.g., using ROUGE-L).
Based on these scores, candidates are clustered into discrete
groups using a fixed interval size 𝜏. Candidates in the same
group are thus considered semantically similar:

𝑔 = Group(𝑟 (𝑡), 𝜏), 𝑡 = Decode(𝑜), (5)

where Group(·, ·) and Decode(·) respectively denote the op-
erations of grouping into fixed intervals and decoding tokens
into text. 𝑟 (𝑡) represents the text-based accuracy reward and
𝜏 is the grouping interval. Since the differences in average
confidence among semantically similar candidates within
the same group are perhaps small and difficult to distinguish,
we amplify these differences to enable a robust, fine-grained
re-ranking of these candidates by calculating average nega-
tive log-probability for each candidate:

𝑒𝑖 =
1
|𝑝𝑖 |

∑ | 𝑝𝑖 |
𝑗=1−log(𝑝𝑖, 𝑗 + 𝛿), (6)
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Table 2. Analysis of Reasoning Paths. The prompt templates and examples used for this analysis are shown in the Appendix. Match
indicates the consistency (exact match) between the LLM-generated answer and the original VLMs answer, while Answer measures the
correctness of the LLM-generated answer. Our Video-RAISE demonstrates a significant lead on both metrics.

Method
Video Reasoning Benchmark Video General Benchmark

VSI-Bench VideoMMMU MMVU MVBench TempCompass VideoMME
Answer Match Answer Match Answer Match Answer Match Answer Match Answer Match

Qwen2.5-VL 10.0 17.2 46.9 46.7 54.2 55.5 24.0 35.9 63.4 87.8 36.8 25.0
Qwen2.5-VL-SFT 16.3 41.2 47.4 87.8 61.9 52.3 52.2 86.6 65.4 93.5 49.6 90.5
Qwen2.5-VL-GRPO 18.5 41.4 40.4 34.0 45.7 47.2 29.1 26.9 47.3 43.7 32.9 37.3
Ours: Video-RAISE 30.3 84.9 55.3 87.9 66.7 94.9 63.5 95.5 73.5 95.9 56.1 93.4

where 𝛿 represents a small value used to avoid the undefined
log(0) operation. Within each group 𝑔, we aim to reward
candidates with higher confidence (i.e., lower average neg-
ative log-probability 𝑒𝑖). To achieve this, we first establish
a representative reward for the group, 𝑟 (𝑚) , defined as the
median of all candidate rewards within that group. We then
compute an adjustment bonus for each candidate 𝑖 ∈ 𝑔{𝑘}

based on its relative confidence compared to its peers:

𝑎𝑖 =

(
(𝑟 {𝑘+1}

(𝑚) − 𝑟
{𝑘}
(𝑚) ) − 𝜕

(
1 − 1/(|𝑔{𝑘} | + 1)

))
·(

(max(𝑒{𝑘}) − 𝑒
{𝑘}
𝑖

)/(max(𝑒{𝑘}) − min(𝑒{𝑘}))
)

(7)

where 𝑟
{𝑘+1}
(𝑚) − 𝑟

{𝑘}
(𝑚) is the reward gap between group 𝑘

and the subsequent group 𝑘 + 1 (for the last group, we set
the next stage to 1.0). 𝑒{𝑘} represents the negative log-
probability within group. To enhance stability, we subtract a
penalty, 𝜕

(
1 − 1/(|𝑔{𝑘} | + 1)

)
, which dynamically reduces

the bonus range for larger, potentially noisier groups. We
use the hyperparameter 𝜏 to serve a dual role. It not only
defines the grouping interval but also acts as the minimum
threshold for the adjustment bonus. The rationale is that
𝜏 represents the minimum resolution of semantic accuracy
in our scheme; therefore, any reward adjustment 𝑎𝑖 with a
magnitude less than 𝜏 is considered negligible noise and is
filtered out. The final re-ranked reward is computed by:

𝑟𝑖 =

√︂
𝑟
{𝑘}
(𝑚) ·

(
𝑟
{𝑘}
(𝑚) + 𝑎𝑖 · 1(𝑎𝑖 ≥ 𝜏)

)
, (8)

where 1(·) is an indicator function that equals 1 if the condi-
tion is met, and 0 otherwise. This geometric mean ensures
a smooth adjustment proportional to the group’s baseline
reward. Ultimately, IGSR thus effectively re-ranks candi-
dates within each semantic group while, at the same time,
maintaining stable inter-group reward separation.

4. Experiments
The Appendix provides detailed settings, further particulars,
and a description of additional experiments.
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Figure 6. Comparison of Probability. Bars indicate the mean,
while error bars represent the standard deviation. On high-
consistency datasets, SFT performs similarly to Video-RAISE.

4.1. Main Results
Table 1 presents a detailed comparison of our Video-RAISE
against current SOTA methods on all benchmarks.

Comparison with SFT/Agent Methods. As shown
in Table 1, our approach significantly outperforms pre-
vious SFT and agent-based SOTA models. On Video-
MMMU (16-frame), Video-RAISE (52.8) surpasses the
agent-based VideoTree [30] (47.8) and other SFT methods
like Kangaroo-8B [21] by a 19.0-point margin. This robust
lead extends to general benchmarks, such as outperforming
Video-UTR-7B [35] on TempCompass by 15.0 points.

Comparison with RL-based Methods. More impor-
tantly, Video-RAISE shows comprehensive leadership over
other RL-based SOTA methods. In the 16-frame setting,
it outperforms Video-R1 [11] by +3.0 points on Video-
MMMU and +2.1 points on TempCompass. In the 32-frame
setting, it surpasses CARE [7] by +2.6 points on Video-
MMMU (53.0 vs. 50.4) and +1.6 points on TempCompass.
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Table 3. Ablation Study on Training Configurations. We compare reward sources (Policy vs. Reference), the effect of SFT (the model
fine-tuned on Video-R1-260k [11]), and a KL divergence penalty (coefficient 0.04). Results show strong performance from both policy and
reference models as reward sources, each with distinct advantages. For more detailed analysis, please refer to the Appendix.

Method Frame Video Reasoning Benchmark Video General Benchmark

VSI-Bench VideoMMMU MMVU MVBench TempCompass VideoMME

Qwen2.5-VL-SFT-GRPO 16 34.4 50.1 63.2 64.0 73.2 56.9
Qwen2.5-VL-GRPO 16 33.6 47.7 65.3 63.8 73.9 57.0
Video-RAISE-Policy-Instruct 16 35.6 52.4 67.2 64.4 74.8 58.4
Video-RAISE-Policy-SFT 16 36.5 52.1 64.5 63.5 72.6 56.5
Video-RAISE-Reference-Instruct 16 34.8 52.8 66.4 64.3 74.7 57.4
Video-RAISE-Reference-SFT 16 36.0 49.9 61.4 63.5 72.1 57.3
Video-RAISE-Policy-KL 16 33.5 52.3 66.4 64.1 73.7 55.9
Video-RAISE-Reference-KL 16 31.9 52.2 65.3 63.1 73.8 55.3

Video-RAISE-Policy-Instruct 32 37.0 52.3 65.9 66.2 75.3 60.4
Video-RAISE-Reference-Instruct 32 36.6 53.0 65.9 65.9 75.1 60.7
Video-RAISE-Policy-Instruct 64 39.2 53.0 67.0 66.3 75.2 61.0
Video-RAISE-Reference-Instruct 64 38.7 53.6 66.9 65.9 75.0 62.6

This consistent leadership across varying frame rates estab-
lishes Video-RAISE as the new SOTA performance.

4.2. Comparison of Reasoning Path Consistency

We extract path (the content within <think>...</think>
tags) and feed it with the question to a text-only LLM.
We evaluate two metrics: Answer (correctness of the new
answer) and Match (consistency, i.e., if the new answer
matches the original). The details are given in Appendix.

Metric. Answer: As shown in Table 2, Video-RAISE
achieves the highest correctness scores, demonstrating supe-
rior logical quality by substantially outperforming SFT and
GRPO on VSI-Bench. Notably, the GRPO method shows
clear reasoning degradation, with its scores significantly
lower than SFT and even the baseline on benchmarks like
TempCompass. Match: Video-RAISE also exhibits a sig-
nificant and more robust advantage. As noted in prior stud-
ies [23], the SFT method performs well on in-distribution
datasets like VideoMMMU, but these improvements do not
generalize well to out-of-distribution benchmarks. On VSI-
Bench, its consistency drops sharply to 41.2%. The GRPO
method performs poorly on consistency across the board,
achieving only 34.0% on VideoMMMU and 43.7% on Tem-
pCompass. Video-RAISE achieves high consistency (nearly
90%) across all benchmarks.

Probability. We use the minimum probability observed
during answer generation as a proxy for the model’s con-
fidence. As shown in Figure 6, we find a positive corre-
lation between this answer confidence and the consistency
of the model’s reasoning path. On the TempCompass and
VideoMME benchmarks, the SFT model exhibits reasoning
consistency comparable to our Video-RAISE; correspond-

ingly, its minimum answer probability also reaches a high
level of 0.98.

4.3. Training Configuration
To identify the optimal training configuration, we present
a detailed comparison of different settings in Table 3. Our
analysis addresses two key questions: (1) whether a prelim-
inary Supervised Fine-Tuning (SFT) stage is beneficial, and
(2) whether it is better to calculate rewards using the current
policy model or the more stable reference model. Based
on this analysis (detailed in the Appendix), we adopt the
instruction-tuned version (without SFT) as the base model
and utilize the reference model for reward calculation.

4.4. Case Study
Figure 7 presents a case study of a counting task. Qwen2.5-
VL-Instruct fails because it only attends to the most salient
table and omits the others, leading to an incorrect result. In
contrast, Video-RAISE demonstrates a superior reasoning
process: it first identifies all relevant tables, then lists their
specific locations, and performs a verification step before
providing the final, correct answer. This reasoning is both
relevant and factually correct. This robust reasoning process
stems from our core mechanism, which encourages model
to seek high-confidence conclusions over hasty judgments.

4.5. Ablation Study
The ablation study in Table 4 validates our components,
SCRE and IGSR, and their synergy. We first observe that the
GRPO baseline is more robust than the SFT variant, which
shows mixed results and can even degrade performance
(e.g., on VideoMMMU), confirming the viability of RL
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Let MLLMs Grade Their Own Thoughts: A Self-Quantification Approach to Reasoning-Aware Reward Modeling （ Video-
RAISE Reasoning Alignment through Intrinsic Self-Evaluation ）

How many table(s) are in this room?        Answer: 3

Qwen2.5-VL-Instruct: <think>The video shows a single desk with a computer monitor, keyboard, mouse, and other  
office supplies. There are no other tables visible in the room. The desk appears to be the only piece of furniture that 
could be classified as a table in this room. </think> <answer>1</answer>

Video-RAISE: <think>Let me think about this for a moment. We can see two main tables in the room: one with a co-
mputer monitor, keyboard, and mouse, and another with a printer and some papers. There's also a third table with a 
chair and a box, but it's not as prominent. Let's verify this: we have one table with a computer setup, one with a pri-
nter, and one with a chair and box. So, there are three tables in this room. </think> <answer>3</answer>

Figure 7. Case Study of Counting Task (VSI-Bench). While the Qwen2.5-VL-Instruct provides an incorrect answer, in contrast, our
Video-RAISE gives the correct answer, supported by a more logical and coherent reasoning path. See the Appendix for further examples.

Table 4. Ablation study for the components of our proposed method. Qwen2.5-VL is the official baseline model. Qwen2.5-VL-SFT is
obtained by applying supervised fine-tuning on the Video-R1-CoT-165k dataset. Qwen2.5-VL-GRPO applies a text-rule-based reward for
optimization on Video-R1-260k dataset. Video-RAISE-SCRE and Video-RAISE-IGSR represent the two key components we propose.

Video Reasoning Benchmark Video General Benchmark
Method Frame VSI-Bench VideoMMMU MMVU MVBench TempCompass VideoMME

Qwen2.5-VL [11] 16 27.7 47.8 59.2 57.4 72.2 53.1
Qwen2.5-VL-SFT [11] 16 31.8 47.4 61.3 59.4 69.2 52.8
Qwen2.5-VL-GRPO 16 33.6 47.7 65.3 63.8 73.9 57.0

Video-RAISE-SCRE 16 35.7 48.8 65.9 63.6 74.3 57.6
Video-RAISE-IGSR 16 34.9 52.1 65.1 64.3 74.2 57.0
Ours: Video-RAISE 16 34.8 52.8 66.4 64.3 74.7 57.4

post-training. Isolating our components reveals their com-
plementary strengths: SCRE, for strict-correctness tasks,
yields consistent gains, notably boosting VSI-Bench by
+2.1 points over GRPO. IGSR, for open-ended questions,
proves highly effective on complex reasoning, outperform-
ing GRPO on VideoMMMU (52.1%) and securing the top
score on MVBench (64.3%). The Video-RAISE model,
integrating both, outperforms either component in isolation,
showing powerful synergy on challenging benchmarks. This
provides strong empirical validation for our core hypothe-
sis: specialized, type-specific reward strategies are crucial
for the optimal performance.

5. Conclusion
In this paper, we proposed Video-RAISE, a novel self-
quantification paradigm for VLM post-training. Instead
of relying on external human-defined constraints, Video-
RAISE empowers the model to optimize its reasoning paths
using its own intrinsic confidence. Our core motivation

stems from the finding that sequence-level confidence is
an ambiguous signal, while token-level analysis reveals a
complex polarization of guessing versus confidently wrong
states. We address this with two specialized, complemen-
tary strategies: Sequential Confidence Rigorous Evalua-
tion, which targets strict-logic tasks by penalizing low-
probability guesses and confidence variance; and Intra-
group Score Re-ranking, which refines general-purpose an-
swers by re-ranking semantically similar, high-quality candi-
dates. Video-RAISE achieves state-of-the-art performance
by significant margins across six diverse video understand-
ing benchmarks. Furthermore, it demonstrates superior rea-
soning consistency, significantly outperforming prior RL
methods and even surpassing SFT.
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