Let VLMs Grade Their Own Thoughts: A Self-Quantification Approach to
Reasoning-Aware Reward Modeling

Supplementary Material

1. Datasets

In line with previous studies [1, 3], we evaluate our model
on six video understanding benchmarks: VIS-Bench [10],
VideoMMMU [5], MMVU [11], MVBench [6], TempCom-
pass [8], and VideoMME [4]. These are divided into two
categories: one for assessing high-order reasoning (VIS-
Bench, VidleoMMMU, MMVU) and another for measuring
foundational video understanding (MVBench, TempCom-
pass, VideoMME). For our evaluation, we adhere to spe-
cific settings. On the MMVU benchmark, we use only its
multiple-choice subset. For VideoMME, we exclude sub-
title files to specifically test the model’s ability to process
purely visual information. To ensure fairness and repro-
ducibility, we adopt the same decoding configuration as
Video-R1. Specifically, we set top_p to 0.001, temperature
to 0.01, and the maximum number of output tokens to 1024.

2. Implementation Details

Base Model and Setup. Consistent with prior work, we
use Qwen2.5-VL-7B as our base model. Our experiments
are conducted on a setup of 16 A100 GPUs (1280 GB).

Training and Inference. During training, we set the
video resolution to a fixed size of 128 x28x28, and the
number of sampled frames per video ranges from 4 to 16.
We use a total batch size of 16, which is distributed as 1
sample per device. For each query, we sample 8 candidate
responses. The maximum number of RL optimization steps
is set to 1000. At inference time, we increase the maximum
video resolution to 256 x28 x28. We apply different strate-
gies based on the question type: the SCRE strategy is used
for multiple-choice questions, while IGSR is applied to all
other cases. To ensure a fair comparison and control for the
influence of the training data, we use the Video-R1-260k [3]
dataset for all training experiments.

Optimization and Hyperparameters. We use the
Adam optimizer with a learning rate of 1e-6, a weight de-
cay of 0.01, and a cosine learning rate schedule. To better
align with the semantics of open-ended answers, we replace
the ROUGE-1 score with PrefBERT [7]. Furthermore, sim-
ilar to CARE, we skip the Supervised Fine-Tuning (SFT)
stage and directly apply RL to the pre-trained Qwen?2.5-
VL. We perform Exponential Moving Average (EMA) up-
dates on the reference model with an update interval of 10
and a decay rate of 0.995. No KL penalty is applied dur-
ing the RL training process. The parameters for our reward
strategies are set empirically as follows: for SCRE, we set

1 =0.5, A=2.0; for IGSR, we set 7 =0.01, § = le-4, and 9 =
0.1. Further comparisons regarding the confidence evalua-
tion model are provided in Section X.

Code. Our code will be made publicly available upon
completion of an internal security and compliance review.

Distribution Details. We employ the Qwen2.5-
VL model to sample responses from the Video-R1-260K
dataset. For each question, we generate eight candidate re-
sponses. The maximum video resolution is set to 128x128,
with a maximum of 16 sampled frames. For images, the
resolution is set to 256x256. The left plot is based on the
minimum answer token probability, which corresponds to
the "'minimum probability bottleneck’ targeted by our SCRE
method. The right plot, in contrast, shows the statistics
for the average token probability of the entire response se-
quence.

3. Motivation

3.1. Theoretical Motivation

Intrinsic Confidence as a Proxy for Reasoning Qual-
ity. Let a VLM be modeled as an autoregressive distri-
bution 7.es(+ | g) over token sequences conditioned on
a video—question pair gq. For any generated output o =
(o<1, 0>1), where o, denotes the CoT reasoning path and
o1, the answer tokens, the joint probability factorizes as:

Tret (0| @) = Tret(0<r | @) - Tret(0>1 | @,0<L) (1)

Define the answer confidence as the geometric mean of the
per-answer-token predictive probabilities as estimated by
the frozen reference model:

T

C(OZL | q70<L) = (H Wref(ot ‘ q70<t))1/(T_L+1)‘ (2)
t=L

Let O* be the set of outputs whose reasoning paths are log-
ically valid and entail the ground-truth answer a*. Our core
hypothesis is that a well-calibrated reference model, when
conditioned on a sound reasoning path, will be more con-
fident in the correct answer than when conditioned on a
flawed one.

Core Assumption. For any o € O* (with reasoning
o<1, and answer a*), the contextual prefix oy provides
sufficient and consistent evidence for the correct answer,
enabling the reference model to assign high probability to
each token in a* = o> y,. Formally, for all ¢ € [L, |o]],

71—ref(ot | Q70<t) Z 7Tref(0; | Q70/<t)7 VO/ ¢ 0*7 (3)



System: You are a helpful assistant.
User:
Your task is to answer the question by selecting the correct option based strictly on the provided reasoning process.
| will supply the question, its answer options, and a detailed reasoning process. You must choose the most appro
priate answer from the provided options, ensuring consistency with the reasoning process. Please provide only the
single option letter (e.g., A, B, C, D, etc.) within the <answer> </answer> tags.
Question: {Question}
Options: {Options}
Reasoning Process: {Process}

Query (multiple choice):

System: You are a helpful assistant.

User:

Your task is to answer the question by selecting the correct option based strictly on the provided reasoning process.

I will supply the question, its answer options, and a detailed reasoning process. You must choose the most appro
priate answer from the provided options, ensuring consistency with the reasoning process. Please provide only the
single option letter (e.g., A, B, C, D, etc.) within the <answer> </answer> tags.

Question: Measuring from the closest point of each object, which of these objects (door, headphones, monitor,
whiteboard) is the closest to the telephone?

Options: [A. door, B. headphones, C. monitor, D. whiteboard]

Reasoning Process: <think>Let me think through this step by step. The telephone is placed on the desk, and we n
eed to determine which object is closest to it. The door is further away, the headphones are on the desk but not dir
ectly next to the telephone, the monitor is also on the desk but not immediately adjacent to the telephone. The wh
iteboard is on the wall, which is further from the telephone. Let's break this down: the telephone is on the desk, an
d the monitor is right next to it. This makes the monitor the closest object to the telephone. Oh, | see it now. The an
swer is C.</think>

DeepSeek V3:
Responces: <answer>C</answer>

Figure 1. Prompt Template for Reasoning Path Evaluation. Top: The prompt template used to query the text-only LLMs. It includes
three placeholders for the Question, the Options, and the Process. Bottom: An instantiated example of the template, populated with an
output from our Video-RAISE model on a sample from the VIS-Bench benchmark.

Video Reasoning Benchmark

Video General Benchmark

Method VSI-Bench | VideoMMMU | MMVU MVBench | TempCompass | VideoMME
Answer Match | Answer Match | Answer Match | Answer Match | Answer Match | Answer Match
Qwen2.5-VL 100 172 | 469 46.7 | 542 555 | 240 359 | 634 878 | 368 25.0
Qwen2.5-VL-SFT 163 412 | 474 878 | 619 523 | 522 866 | 654 935 | 49.6 905
Qwen2.5-VL-GRPO 185 414 | 404 340 | 457 472 | 29.1 269 | 473 437 | 329 373
Ours: Video-RAISE| 303 849 | 553 879 | 667 949 | 635 955 | 735 959 | 56.1 934

Table 1. Analysis of Reasoning Paths. The prompt templates and examples used for this analysis are shown in Figure 7. 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.

where the inequality holds because any o' ¢ O* contains

a reasoning flaw, such as factual inconsistency, logical gap,

or misalignment with visual evidence, that weakens the pre-
dictive support for the correct answer tokens. Since the geo-
metric mean is a strictly increasing function of its arguments

over (0, 1], it follows directly that:

C(a* | Q7O<L) > C(a’* | qa0/<L)7vo € O*a 0/ ¢ O* (4)

Thus, the intrinsic confidence ¢(-) serves as a faithful scalar
indicator of reasoning quality: higher confidence implies a

reasoning path that is more likely to be logically valid and



Video Reasoning Benchmark

‘ Video General Benchmark

Method Frame
VSI-Bench VidleoMMMU 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 74.7 574
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

Table 2. Ablation Study on Training Configurations. SFT refers to the model fine-tuned on Video-R1-260k [3]. The Policy and
Reference settings indicate whether the reward is calculated using probabilities from the policy or reference model, respectively. KL
indicates the application of a KL divergence penalty. The results show that calculating the reward based on either the policy or reference
model yields strong performance, with each approach having its own distinct advantages.

Video Reasoning Benchmark

Video General Benchmark

Method #Parm
VSI-Bench VidleoMMMU MMVU | MVBench TempCompass VideoMME
0.1 34.7 52.6 66.1 64.7 74.7 57.9
Score Combine: 0.3 35.8 514 65.8 64.1 74.6 574
b Tret (05 | q,0i,<5)+ 0.5 352 50.7 67.4 64.9 74.8 56.9
(1—=0)-mg(0i; | q,0i,<;) 0.7 35.0 49.5 66.1 63.8 74.4 57.4
0.9 33.8 49.8 65.6 64.2 74.0 57.2
0.1 34.5 50.6 66.7 64.3 74.2 57.0
Reward Combine: 0.3 34.5 51.8 65.8 63.1 74.4 56.8
Pb b 0.5 34.5 51.9 66.7 63.7 73.0 57.6
(ref) 7 (0) 0.7 354 52.8 66.6 63.7 74.3 57.6
0.9 335 52.3 66.4 64.1 73.7 55.9

Table 3. Analysis of the Trade-off between the Policy and Reference Models. This table compares two combination strategies: Score
Combine, which merges the models at the probability (score) level, and Reward Combine, which merges them at the final reward level.
The hyperparameter b balances the contribution of each model, and its value is shown in the #parm column.

supportive of the correct answer. Consequently, optimizing
the policy to maximize expected confidence induces align-
ment with high-quality reasoning without external supervi-
sion:

mgxx EO~7T9('|(]) [C(OZL ‘ q, O<L>} . &)

4. Analysis of Reasoning Paths

To evaluate the effectiveness of the reasoning paths gener-
ated by our Video-RAISE, we conducted a comparative ex-
periment. For each benchmark, we employed string match-
ing to extract the “think” portion—the content enclosed
within the <think>...</think> tags—that the model gen-

erates before producing the final answer. This extracted
content was then combined with the original question and
options and provided as input to a text-only LLMs. The
LLMs was then prompted to answer the original question
without access to the visual information. Subsequently, we
compared the answers generated by the LLMs with those
from the original VLMs to assess for consistency and cor-
rectness. Our rationale is that if a model’s reasoning path
is effective and logical, a text-only LLMs should be able to
extract the key information from it to arrive at the correct
answer, even without visual input. The prompt template
used for the LLM is detailed in Figure 1, and results are
presented in Table 1.



Consistency. The baseline model, Qwen2.5-VL-
Instruct, shows strong consistency on TempCompass,
achieving a matching rate of 87.8%. However, its per-
formance is poorer on other benchmarks such as VideoM-
MMU and VideoMME. We attribute this to the base model’s
limited ability to adhere to the specified format. Through
case analysis, we found that in a significant portion of its
outputs, Qwen2.5-VL-Instruct failed to correctly place the
reasoning process within the designated </think> tags.
In contrast, the SFT model, which distills the reasoning
capabilities of more powerful models, exhibits a stronger
consistency between its reasoning paths and answers. It
achieves over 90% matching accuracy on the TempCom-
pass and VideoMME datasets. However, as noted in pre-
vious research [9], SFT models tend to perform poorly in
scenarios with data dissimilar to their training set, known
as out-of-distribution (OOD) data. On the MMVU bench-
mark, its matching accuracy was only 52.3%. As for the
GRPO method, because it does not impose explicit con-
straints (e.g., rewards) on the reasoning process, it performs
poorly across most benchmarks. It shows only a slight im-
provement on the VSI-Bench and VideoMME benchmarks,
with performance declining on the others. Our Video-
RAISE, however, discards external constraints during its
RL training. Instead, it utilizes the probability of the an-
swer sequence as a reward signal to encourage the VLM
to generate reasoning paths that have a higher likelihood of
leading to the correct final answer. This approach yields
exceptional consistency between the reasoning path and the
answer, achieving a matching rate of nearly 90% across all
benchmarks.

Correctness. Video-RAISE enables the LLM to
achieve comparable or even superior accuracy. On the
Video-MMMU benchmark, the LLM using Video-RAISE’s
reasoning path achieved an accuracy of 55.3%, surpassing
the performance of the original VLMs that had access to vi-
sual information. On other benchmarks, it achieves similar
results; for instance, on TempCompass, it reached a correct-
ness of 73.5%, only 1.2 points lower than the fully-equipped
VLM. In contrast, other methods exhibit a significant per-
formance degradation. For example, while Qwen2.5-VL-
SFT achieved a high consistency rate of 93.5% on Tem-
pCompeass, its corresponding correctness was only 65.4%.
The performance drop is even more pronounced on out-of-
distribution datasets; on the MMVU benchmark, the accu-
racy of the LLMs using Qwen2.5-VL-SFT’s reasoning path
dropped by 9 percentage points. These findings validate the
effectiveness of our proposed reasoning paths.

5. Training Configuration

To identify the optimal training configuration, we present
a detailed comparison of different settings in Table 2. Our
analysis is structured around two key questions: (1) whether

a preliminary Supervised Fine-Tuning (SFT) stage is bene-
ficial, and (2) whether it is better to calculate rewards using
the current policy model or the more stable reference model.

Impact of the Supervised Fine-Tuning (SFT) Stage.
Some prior work [2] suggests that using a high-quality
dataset for a warm-up SFT stage before RL can be bene-
ficial. We first test this hypothesis. The Qwen2.5-VL-SFT-
GRPO model achieves an accuracy of 50.1% on VideoM-
MMU, outperforming its non-SFT counterpart (Qwen2.5-
VL-GRPO) by 2.4 points. However, the opposite is true
on the MMVU benchmark, where Qwen2.5-VL-GRPO
(65.3%) surpasses the SFT-based version by 2.1 points. On
other datasets, the two methods show no significant differ-
ence and each has its own advantages. Given these mixed
results, we conduct separate analyses for models based on
the original instruction-tuned version and those that first
undergo SFT. Our findings consistently show that starting
RL directly from the instruction-tuned model is superior.
When we apply our Video-RAISE method to SFT-based
models, performance degrades across the board. For exam-
ple, Video-RAISE-Policy-SFT sees its accuracy drop from
67.2% to 64.5% on MMVU and from 58.4% to 56.5% on
VideoMME. The degradation is even more pronounced for
the reference model variant, which drops from 66.4% to
61.4% on MMVU and falls to 49.9% on VideoMMMU.
While SFT can teach a model to follow formats and dis-
till reasoning from larger models, our results suggest it
disrupts the general knowledge acquired during large-scale
pre-training, thereby limiting the model’s exploration capa-
bilities during RL.

Recommendation: We recommend using the
instruction-tuned version (without Supervised Fine-
Tuning) as the base model for our reward calculation
method.

Policy vs. Reference Model for Reward Calculation.
We then compare two approaches for calculating the re-
ward: using the current policy model, which provides a real-
time evaluation of the model’s confidence, versus using the
reference model (updated via EMA), which provides a more
stable probability estimate. At a 16-frame setting, we find
that both approaches yield strong performance, each with
distinct advantages. Video-RAISE-Policy-Instruct achieves
67.2% accuracy on MMVU, outperforming the reference-
based version (66.4%). Conversely, the reference-based
model excels on VideoMMMU, reaching 52.8%, which not
only surpasses the policy-based model but also exceeds the
previous state-of-the-art method, Video-R1, by a margin of
+3.0 points. As we increase the number of input frames
to 32 and 64, the performance gap between the two meth-
ods narrows, and in some cases, reverses. At 32 frames:
The policy model’s advantage on MMVU is erased, with
both methods achieving an identical accuracy of 65.9%.
On VSI-Bench, the policy model’s lead shrinks from 0.8



How many sofa(s) are in this room? Answer: 2
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Qwen2.5-VL-Instruct: <think> Let me think...wait, hmm, oh, | see, let's break it down.</think> <answer>1</answer>

Qwen2.5-VL-SFT: <think>Let me think about this carefully. The image shows a room with various pieces of furniture.
| see a large beige sofa with a patterned rug underneath it. There's also a white bench with a cushion, but that's not
a sofa. Wait, is there another sofa? Hmm, | don't see any other furniture that could be classified as a sofa. Oh, | see, t
here's a small table with a mirror, but that's not a sofa either. Let's break it down: the beige sofa is the only piece of f
urniture that fits the description of a sofa. I'm confident in my observation.</think> <answer>1</answer>

Qwen2.5-VL-GRPO: <think>Hmm, let me think through this carefully. The room contains one beige sofa with a plaid
throw pillow, which is clearly visible. Let's break it down; there are no other sofas in sight. Therefore, my final answe
ris 1.</think> <answer>1</answer>

Video-RAISE: <think>Let me think about this for a moment. Hmm, let's break this down. We see a beige sofa with a
plaid pillow on it, and another beige sofa with a different pillow. So, there are two sofas in this room. Oh, | see it now.
Answer: 2.</think> <answer>2</answer>

You are a robot beginning at the paper shredder box facing the opened door. You want to navigate to the green buc
ket. You will perform the following actions (Note: for each [please fill in], choose either 'turn back,' 'turn left,' or 'tur
n right.'): 1. [please fill in] 2. Go forward until the green bucket. You have reached the final destination.  Answer: B

m—

| S

A. Turn Right B. Turn Left C. Turn Back

Qwen2.5-VL-Instruct: | start at the paper shredder box, which is facing the opened door. To reach the green bucket, |
need to move in a direction that will take me towards it. The green bucket is located to the right of the paper shredd
er box. Therefore, | need to turn right to move towards the green bucket. <answer>A</answer>

Qwen2.5-VL-SFT: <think>Let me think about this carefully. The goal is to navigate from the paper shredder box towa
rds the green bucket. First, | need to identify the location of the paper shredder box and the green bucket in the ima
ge. The paper shredder box is on the left side of the image, and the green bucket is on the right side. To get from the
paper shredder box to the green bucket, | need to move in a straight line towards the right. let's break it down furth
er. If | start from the paper shredder box, | need to turn right to move towards the green bucket. This is because gree
n bucket is on the right side of image. The correct action is to turn right to move towards the green bucket. | don't n
eed to turn back or turn left because those actions would take me away from the green bucket. Let's verify this. If | t
urn right, | will move in direction of green bucket, which is the correct path to take.</think> <answer>A</answer>

Qwen2.5-VL-GRPO: <think> Let me think...wait, hmm, oh, | see, let's break it down.</think> <answer>A</answer>

Video-RAISE: <think>Let me think through this for a moment. We start at the paper shredder box, facing the opene
d door. To reach the green bucket, | need to move in a direction that will take me towards it. Given the layout, it see
ms logical to turn left and then proceed forward until | reach the green bucket. Let's break this down: turning left wil
| align me with the path to the bucket, and going forward will get me there. Oh, | see it now. The answer is B.</think
> <answer>B</answer>

Figure 2. Case Study. Top: An illustrative example of a counting task. Bottom: The results for a multiple-choice task.



to 0.4 points. More significantly, on VideoMME, the ref-
erence model surpasses the policy model, turning the pol-
icy model’s 1.0-point advantage into a 0.3-point deficit.
At 64 frames: This trend becomes more pronounced. On
VideoMME, the reference model’s lead widens to 1.6 points
(62.6% vs. 61.0%). Despite this convergence, each method
retains its own strengths even at 64 frames, with Video-
RAISE-Policy-Instruct still holding an advantage on VSI-
Bench, MMVU, MVBench, and TempCompass.

Recommendation: Both the policy and reference mod-
els are effective sources for reward calculation. For gen-
eral use, Video-RAISE-Policy-Instruct can be considered a
strong and reliable option.

6. Policy and Reference Combine

In our framework, the policy model reflects the most current
parameters, providing a real-time estimate for reward calcu-
lation. In contrast, the reference model, updated via EMA,
is more stable and provides an averaged estimate. As shown
in Table 2, both models achieve comparable performance
individually. This motivates us to explore whether a balance
between the real-time and stable estimators can yield further
improvements. Score-Level Combination. We first investi-
gate a score-level combination. In this approach, we com-
bine the answer probabilities from both the policy and ref-
erence models directly using a hyperparameter b to weigh
their contributions (Table 3, top). However, this method
yields only marginal benefits on specific benchmarks. For
instance, on MMVU, a b of 0.5 achieves 67.4% accuracy,
a minor improvement of 0.2 points over the best individual
model score. Reward-Level Combination. We then propose
a reward-level combination. This method combines the fi-
nal rewards from each model using a geometric weighted
average, which places greater emphasis on smaller values
(Table 3, bottom). This proves beneficial for video reason-
ing benchmarks, achieving a new best of 52.8% on VideoM-
MMU while maintaining comparable performance on VIS-
Bench and MMV U. However, this combination is detrimen-
tal to performance on general-purpose benchmarks, where
it consistently underperforms the individual models. Based
on these findings, we recommend using either the policy or
reference model individually for general applications. Al-
ternatively, the reward-level combination can be adopted
when strong reasoning performance is the primary require-
ment.

7. Case Study

In Figure 2, we present two case studies to qualitatively an-
alyze our model’s performance in reasoning process. The
first is an open-ended counting task, and the second is a
multiple-choice question that requires spatial reasoning.
Open-Ended Counting Task. In this task, the model

Algorithm 1 Sequential Confidence Rigorous Evaluation
(SCRE)
1: Input:
Video-question pair (v, ),
Policy model myoticy,
Reference model 7,
Number of candidates G,
Hyperparameters n > 0, A > 0.
2: Output: A set of rewards {7 }& ;.

4: Sample G candidate sequences {0;}% | ~ Tpolicy(- |

q). > Generate G candidate answers using the policy

model.
5: for: = 1to G do
6: Step 1: Compute token-wise probabilities.
Dij = mret(0i,5 | 4, 0i,<j)-
7: Step 2: Extract answer probabilities.
8: p; = Match(p;, <answer>. ..</answer>). b

Locate and extract the probability of the answer part.
9: Step 3: Calculate weighted product reward.
T = H‘m pzu; where the weight is w; = e~"7.

j=1
10: Step 4: jCompute variance penalty.
o7 = ﬁ lep:ll (Pij — Nz’)2’ i = ‘71| Z‘jpz‘lpu
11: Step 5: Apply variance penalty to encourage
consistent confidence.
T, =T 67)\612.
12: end for

13:

14: return {7;}5 .

must count the number of sofas in a video and generate the
answer directly without options. We compare the reasoning
paths of different models. Qwen2.5-VL-Instruct: The base
instruction-tuned model fails to perform genuine reasoning.
It merely outputs a few text fragments that mimic the format
of human-like thinking as defined in the prompt. Qwen2.5-
VL-SFT: The model fine-tuned with SFT generates a longer
reasoning path. However, it exhibits a "first-find” bias: af-
ter identifying the most prominent sofa, it neglects to search
for others and prematurely concludes with a count of one,
leading to an incorrect answer. Qwen2.5-VL-GRPO: Simi-
larly, the rule-based RL model identifies the largest sofa but
then incorrectly assumes there are no others, failing to com-
plete the task. Video-RAISE: In contrast, our model demon-
strates a more robust and methodical process. It first enu-
merates the specific locations of all detected sofas. Based
on this complete set of evidence, it makes a correct predic-
tion of two.

Multiple-Choice Spatial Reasoning Task. This task
requires the VLMs not only to identify all objects in the
video but also to understand the spatial position of the
camera operator to make a decision about the next action.



Algorithm 2 Intra-group Score Re-ranking (IGSR)

1: Input:
A set of G candidate sequences {0;}$ ,,
A reference answer tyef,
A reference model 7,
Hyperparameters 7, 6, 0, €.

Output: A re-ranked set of rewards {7;}¢ ;.
Phase 1: Scoring and Grouping.
fori =1to G do
Step 1: Decode candidate to text.
t; < Decode(0;).
7: Step 2: Compute semantic accuracy score.
8; < 1(ti, trer). > E.g., ROUGE-L similarity to the
reference text.

AN AN

8: Step 3: Extract answer token probabilities.
p;i  Match (7, 0;).

9: Step 4: Compute confidence score.
€; < ﬁ Z‘fz‘l —log(pi,; + 9).

10: end for

11: Step 5: Cluster candidates into groups.
Assign candidate to group gt*} based on interval 7:
g =Lt s; € [kr, (K +1)7)}.
12: Step 6: Compute representative rewards.
13: for £ = 1 to M (number of groups) do

({7];})  Median({s; | i € gt¥11).

14: end for

15: Phase 2: Intra-group Re-ranking.

16: for each group gt*} in {g{k}}{y:l do

17: Step 1: Compute reward gap to the next group.
LR S Ul T AP V8

Ar < ¢ (m) (m)

Lo—rlel itk =M

18: Step 2: Compute max and min confidence

scores.

emax — max({e; | i € gtF}),

emin < min({e; | 1 € g{k}}).

19: for each candidate 7 in group g{¥} do
20: Step 3: Compute max potential bonus.
1

bmax — A'I"fa(l - W)

21: Step 4: Compute relative confidence.
Crel £~ emjrjxe:]: +e*

22: € to avoid division by zero.

23: Step 5: Compute adjustment bonus.
a; < bmax * Crel-

24: Step 6: Compute final re-ranked reward.

Ty \/ {k} {k} +a;-1(a; > T))

25: ﬁlters out neghglble adjustments.

26: end for

27: end for

28: return {7;}% ;.

Qwen2.5-VL-Instruct & Qwen2.5-VL-SFT: Both of these
models correctly identify objects in the video but fail to
adopt the camera operator’s perspective. As a result, they
lose track of the spatial context and choose the wrong ac-
tion. Qwen2.5-VL-GRPO: Similar to its behavior in the
counting task, this model fails to generate a meaningful rea-
soning path. It instead only mimics the stylistic format of
human thought from the prompt. Video-RAISE (Ours): Our
model, however, correctly reasons from the camera opera-
tor’s perspective to deduce the correct action ("move left”).
This step-by-step, logical deduction is a direct result of our
method’s objective to maximize probability of correct an-
swer tokens.

These qualitative examples provide strong evidence for
our core hypothesis: leveraging a VLM’s own internal eval-
uation of its reasoning paths is a valid and effective ap-
proach for end-to-end model training.

8. Pseudocode
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