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In this appendix, we provide more details of our method
and present more experimental results. Specifically, we pro-
vide the implementation details of VideoAuto-R1 in Sec-
tion A. Then, we present the training data and its abla-
tions in Section B. Next, we introduce the details of our
reward design and related analysis in Section C. After this,
we present the prompt template used in our ablation exper-
iments in Section D, as well as the training curve in Sec-
tion E. We also provide the algorithm details of our infer-
ence strategy in Section F. Then, we show additional exper-
iments and further analysis in Section G. Next, we discuss
our limitations in Section H. Finally, we provide more ex-
amples for visualization and discussion in Section I.

A. Implementation Details

Training. During training, the maximum number of total
video tokens is set to 4,096, and the maximum number of
frames is set to 256. We use AdamW [12] as the optimizer,
with a learning rate of 1×10−6, weight decay of 0.01, and
a maximum gradient norm of 1.0. A constant learning rate
schedule without warm-up is employed. The KL penalty
coefficient β is set to 0.01. The global batch size is set
to 256, and we train the model for one epoch. The visual
encoder remains frozen; only the projector and the LLM
are fine-tuned. We leverage DeepSpeed [14] and vLLM [8]
to accelerate the training. For GRPO rollout generation, we
set the rollout size G to 16 and use a temperature of 1.0
to encourage exploration. Our training is conducted on 32
H100 GPUs for approximately 35 hours.

Testing. During testing, all evaluations are performed us-
ing lmms-eval [25] with greedy decoding (temperature
0). The maximum response length is set to 4,096 tokens,
ensuring that no truncation occurs during evaluation. The
early-exit confidence threshold τ is set to 0.97, which is
tuned on a small held-out subset of the validation data and

Table 1. Training Dataset. We include text, image, and video
data during training, with a total of 83K samples.

Type Size Details

Text 6.4K DAPO-Math [21]

Image 27.5K ViRL [15], ThinkLite-Hard [17]

Video 49.4K

Video-R1 [6], TVBench [4],
STI-Bench [11], MMR-VBench [27],

Charades-STA [7], ActivityNet [5],
Time-R1 [18], NExT-GQA [19]

generalizes well to unseen evaluation benchmarks. For the
Qwen2.5-VL model, we allow up to 16K total video tokens
and vary the maximum number of frames among {64, 128,
256}. For the Qwen3-VL model, we allow up to 128K to-
tal video tokens and sweep over {64, 256, 2048} frames.
Following [1] and [2], we report the highest performance
across these settings.

B. Training Data

Data Composition. As described in the main paper, our
training data consists of text, image, and video modalities.
For text-based reasoning, we incorporate DAPO-Math [21];
for image-based reasoning, we include ViRL [15] and
ThinkLite-Hard [17]. For video QA, we draw from sev-
eral sources including Video-R1 [6], TVBench [4], STI-
Bench [11], and MMR-VBench [27]. To enhance temporal
grounding and grounding-based QA capabilities, we addi-
tionally include Charades-STA [7], ActivityNet [5], Time-
R1 [18], and NExT-GQA [19]. All test samples from our
evaluation benchmarks are manually excluded to prevent
data leakage. The resulting training pool comprises approx-
imately 137K samples.
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Table 2. Performance Comparison across Different Training Data and Filtering Strategy. Note that we report the results under the RL
with CoT setting. Combining text, image, and video data yields the best overall performance. Filtering out overly easy and hard samples
consistently improves results while reducing dataset size, validating the effectiveness of our data curation pipeline.

Training Data Filtered Size VideoMME MVBench VideoMMMU Charades-STA

Text ✗ 17K 63.3 62.6 45.8 38.6
Image ✗ 50K 65.6 66.8 52.8 40.1
Video ✗ 70K 64.7 71.0 55.1 59.0

Text + Image
✗ 67K 66.1 67.4 53.3 41.6
✓ 34K 67.0 68.5 56.4 42.0

Text + Image + Video
✗ 138K 65.4 71.0 55.4 59.7
✓ 83K 66.1 71.2 56.4 59.8
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Figure 1. Distribution of per-sample accuracy in the initial train-
ing pool, estimated by evaluating 8 diverse responses per sample.
Samples with all responses correct or all incorrect are considered
too easy or too hard and are excluded from QA-based data.

Filtering Pipeline. We further curate a smaller, higher-
quality subset from the initial data pool. First, we remove
samples with invalid ground-truth (using math-verify
for math problems and rule-based checks for QA problems).
Next, for each remaining sample, we generate 8 responses
using the base model (i.e., Qwen2.5-VL-7B-Instruct [2])
with a high temperature. A smaller LLM (i.e., Qwen3-
30B-A3B-Instruct [20]) evaluates each response against the
ground truth and assigns correct/incorrect labels. Samples
for which all 8 responses are correct (too easy) or all are in-
correct (too hard) are discarded, as they contribute little to
GRPO-based reinforcement learning, as illustrated in Fig-
ure 1. This difficulty-based filtering is applied only to QA
tasks; for temporal grounding, we retain all samples to mit-
igate the base model’s grounding weakness. After filtering,
we finally obtain 83K samples. The detailed composition is
listed in Table 1.
Effectiveness of Data Filtering. To evaluate the effective-
ness of our data filtering pipeline, we analyze the results
presented in Table 2. Two key observations emerge from
this analysis. First, training solely on text data leads to a

noticeable drop in performance on video tasks compared to
the Qwen baseline, suggesting a domain shift and poor gen-
eralization. Adding image data significantly improves video
QA performance, particularly on VideoMMMU, highlight-
ing the importance of image-based math and reasoning data.
However, due to the absence of temporal grounding data,
performance on the Charades-STA benchmark remains low.
When combining text, image, and video data, the model
achieves the best overall performance under both filtered
and unfiltered settings. Second, in both the text+image and
text+image+video configurations, removing overly easy or
difficult samples leads to consistent performance gains. Ad-
ditionally, this filtering reduces the number of training sam-
ples, thereby improving training efficiency. These findings
validate the effectiveness of our data filtering strategy for
GRPO-based reinforcement learning.

C. Reward Designs
To complement the reward description in the main paper,
we provide the details below. Our overall reward is defined
as a weighted sum of the task reward and the format reward.
Task Reward. We consider three task types for computing
task rewards: QA, temporal grounding, and grounding QA.
• Question Answering. For math problems, we use
math-verify to compare the prediction with the
ground truth; otherwise we compare normalized strings
(e.g., case-folded, whitespace stripped). This yields a bi-
nary reward

RQA(oi) ∈ {0, 1}.

• Temporal Grounding. Let the ground-truth segments be
G = {[sj , ej ]}j and the predicted segments be Ĝ =
{[ŝk, êk]}k (either set may contain one or multiple seg-
ments). We compute the temporal IoU and take the best
matching pair with the largest tIoU. If no valid segment
can be parsed, we assign RTG(oi) = 0.

RTG(oi) = max
[ŝ,ê]∈Ĝ, [s,e]∈G

tIoU([ŝ, ê], [s, e]) ∈ [0, 1],



• Grounding QA. We parse the textual answer and the pre-
dicted segments from the model output, compute RQA(oi)
and RTG(oi) as above, and sum them:

RGQA(oi) = RQA(oi) +RTG(oi) ∈ [0, 2].

Format Reward. In addition to task correctness, we use
a binary format reward Rfmt(oi) ∈ {0, 1} enforced via
strict regex checks. For VideoAuto-R1, we require ex-
actly two \\boxed{...} answers, and in between one
<think>...</think> block, with no additional text
before, between, or after.
Analysis of the Dual-Answer Reward Design. In Sec-
tion 4.2 of the main paper, we introduce the dual-answer
reward design used during training. The key components of
this design are the weight coefficients w1 and w2 assigned
to the initial and reviewed answers, respectively, as well as
the fallback bonus weight α. Table 3 summarizes the effects
of different choices for these coefficients.

First, when w1 = w2, the model assigns identical re-
wards to two distinct cases: (i) the first answer is correct
but the second is wrong, and (ii) the first answer is wrong
but the second is correct. However, our intention is to pri-
oritize the correctness of the reviewed answer, since users
who permit step-by-step reasoning with a sufficient com-
pute budget expect the final answer to be reliable. There-
fore, equal weighting fails to distinguish these two scenar-
ios. By choosing w1 <w2 (e.g., 0.9 : 1.1), the total reward
becomes 0.9 for a “correct → wrong” pattern, but 1.1 for
“wrong→ correct”, thereby encouraging the model to pro-
duce accurate reviewed answers during RL.

Second, even with w1 < w2, the model still assigns the
same reward when the first output is an incorrect guess or
a fallback string “Let’s analyze the problem step-by-step.”
The fallback string is not a wrong prediction; rather, it is
an explicit and honest signal that the model identifies the
task as difficult and intentionally defers reasoning to the
next stage. Such behavior should be incentivized. By in-
troducing the fallback bonus α, as shown in the last column
of Table 3, the model is able to clearly differentiate between
an incorrect guess and a fallback indicator.

Finally, when both the initial and reviewed answers are
correct, the model receives the highest possible reward,
which aligns with our design goal.

D. Prompt Template

In the main paper, we introduce the system prompt used in
VideoAuto-R1, which adopts an answer→ think→ answer
format. This prompt design avoids a cold-start stage and fa-
cilitates stable training with promising performance. Addi-
tionally, in Table 5 of the main paper, we explore alternative
reinforcement learning settings.

Table 3. Effects of Dual-Answer Reward Coefficients.

First
Answer

Second
Answer

w1=1,
w2=1,
α=0

w1=0.9,
w2=1.1,
α=0

w1=0.9,
w2=1.1,
α=0.3

✗ ✗ 0 0 0
Let’s analyze... ✗ 0 0 0

✓ ✗ 1 0.9 0.9
✗ ✓ 1 1.1 1.1

Let’s analyze... ✓ 1 1.1 1.4
✓ ✓ 2 2 2

RL without Thinking. As shown in Table 4, this variant
directly applies GRPO without requiring any intermediate
explanation. The model is prompted to provide only the
final answer enclosed in a \\boxed{} command.

Table 4. System Prompt for RL without Thinking.

You are a helpful assistant. Put your final answer in \\boxed{}.

RL with Thinking. As shown in Table 5, this is the stan-
dard prompt for GRPO training. The model first generates
a reasoning trace within <think> </think> tags, fol-
lowed by the final answer enclosed in \\boxed{}. This
prompt format aligns with previous R1-style approaches
such as Video-R1 [6] and VideoChat-R1 [9].

Table 5. System Prompt for RL with Thinking.

You are a helpful assistant.
FIRST, think through the reasoning process as an internal monologue,
and THEN provide the final answer. The reasoning process MUST
be enclosed within <think> </think> tags, and the final answer
MUST be wrapped in \\boxed{}.

E. Training Curve
To better understand the behavior of VideoAuto-R1, we vi-
sualize the training curves of the task rewards for both the
initial and reviewed answers during training, as shown in
Figure 2. We highlight three key observations below.
Reviewed Answer vs. Initial Answer. For both Qwen2.5-
VL-7B and Qwen3-VL-8B, the reviewed answer consis-
tently achieves a higher task reward than the initial answer
during training. This performance gap remains stable af-
ter convergence, indicating that the answer–think–answer
paradigm effectively leverages intermediate reasoning to
refine predictions. Moreover, this confirms that the dual-
answer reward design (with w2 > w1) can encourage the
model to treat the second answer as a meaningful revision
rather than a naive re-sampling of the first.
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Figure 2. Training Curves of VideoAuto-R1. We show the av-
erage task reward for both initial and reviewed answers during
GRPO training.

Training Dynamics. As training progresses, the task re-
wards for both answers increase. In the early stages, we ob-
serve a rapid improvement, followed by a slower but steady
rise until convergence. This pattern suggests that GRPO
quickly captures coarse task structure and gradually opti-
mizes finer-grained reasoning capabilities over time.
Impact of Backbone Capacity. Throughout training,
Qwen3-VL-8B consistently outperforms Qwen2.5-VL-7B
in both answers. The stronger backbone benefits from bet-
ter initialization and sustains a higher reward margin after
convergence. These results demonstrate that VideoAuto-R1
scales effectively with model capacity: larger base mod-
els can more fully exploit dual-answer supervision and
confidence-based reasoning, resulting in higher final results.

F. Inference Strategy
At test time, VideoAuto-R1 employs a confidence-based
early-exit mechanism to determine whether to stop after
generating the initial direct answer or to proceed with a full
chain-of-thought rationale followed by a reviewed answer.
Algorithm 1 summarizes this procedure, which consists of
three main steps: (1) generate the initial answer, (2) com-
pute its confidence score, and (3) decide whether to exit
early or continue reasoning.

For implementation simplicity, we terminate generation

Algorithm 1 Inference Strategy of VideoAuto-R1

Require: Trained model pθ, video v, question q, confi-
dence threshold τ , fallback string f

Ensure: Predicted answer â
1: Given input (v, q), perform greedy decoding until the

first <think> tag is generated.
2: Let a1 = (t1, . . . , tL) be the tokens inside the first box,

and let y≤ℓ0 denote the prefix up to (and including) the
opening of a1

3: if a1 = f then ▷ designated fallback string
4: s(a1)← −1e6
5: else
6: Compute length-normalized confidence s(a1) ←

1
L

∑L
ℓ=1 log pθ

(
tℓ | y≤ℓ0+ℓ−1, x

)
7: end if

8: if s(a1) ≥ log τ then ▷ early exit
9: Accept the initial answer

10: return â← a1
11: else ▷ continue reasoning
12: Resume decoding from the current prefix
13: Generate rationale r enclosed in <think>...

</think> and the second boxed answer a2
14: return â← a2
15: end if

early by detecting the appearance of the opening <think>
tag during greedy decoding. We then extract the token se-
quence enclosed in the first \\boxed{} block, which al-
ways precedes the <think> tag. Since the initial answer
a1 typically consists of only a few tokens, this strategy en-
ables low-overhead confidence computation while provid-
ing substantial savings in decoding latency and token bud-
get whenever early exit is triggered.

G. Additional Experiments
In this section, we present additional experiments and anal-
yses to complement the findings reported in the main paper.

G.1. Results on Image Benchmarks
Although VideoAuto-R1 is primarily designed for video
understanding, we also evaluate its performance on sev-
eral image reasoning benchmarks. As shown in Table 6,
VideoAuto-R1 consistently outperforms the Qwen base-
line on MathVista [13], MathVision [16], MathVerse [26],
MMMU [23], MMMU-Pro [24], and MM-Vet [22]. For ex-
ample, it improves from 69.4% to 73.7% on MathVista and
from 51.3% to 53.8% on MMMU.

These improvements are largely attributable to the inclu-
sion of image-centric math and reasoning data during train-
ing, which strengthens the model’s visual reasoning skills



Table 6. Evaluation Results on Image Benchmarks. The Qwen baseline and VideoAuto-R1 are evaluated under the same settings.

Model MathVista
testmini

MathVision
testmini

MathVerse
testmini

MMMU
val

MMMU-Pro
overall

MM-Vet
test

Qwen2.5-VL-7B 69.4 26.3 44.8 51.3 36.1 60.0
VideoAuto-R1(Qwen2.5-VL-7B) 73.7 29.6 46.9 53.8 39.8 61.9

Table 7. Evaluation Results on Video QA Benchmarks with Different Frames. For the Qwen2.5-VL models, we allow up to 16K total
video tokens. For the Qwen3-VL models, we allow up to 128K total video tokens.

Model Frames
Video Perception Benchmark Video Reasoning Benchmark

VideoMME MVBench LongVideoBench MMVU VideoMMMU MVP

Qwen2.5-VL-7B 64 63.1 67.0 59.7 66.2 54.6 35.8
Qwen2.5-VL-7B 128 65.9 67.0 60.6 66.2 54.7 35.8
Qwen2.5-VL-7B 256 66.0 67.1 60.9 65.7 52.7 36.5

VideoAuto-R1(Qwen2.5-VL-7B) 64 64.6 71.0 60.0 69.7 58.7 39.2
VideoAuto-R1(Qwen2.5-VL-7B) 128 66.7 71.0 60.4 69.1 56.6 39.3
VideoAuto-R1(Qwen2.5-VL-7B) 256 67.3 71.0 60.5 68.6 56.7 39.4

Qwen3-VL-8B 64 67.3 69.4 63.4 69.9 61.0 40.4
Qwen3-VL-8B 256 70.9 69.4 66.0 69.6 59.9 40.5
Qwen3-VL-8B 2048 72.5 69.4 67.6 69.9 59.8 40.5

VideoAuto-R1(Qwen3-VL-8B) 64 67.9 71.8 63.9 71.0 65.0 42.7
VideoAuto-R1(Qwen3-VL-8B) 256 70.4 72.0 67.1 71.0 63.8 42.9
VideoAuto-R1(Qwen3-VL-8B) 2048 71.7 72.0 67.4 71.1 64.0 43.0

beyond the video domain. At the same time, the think-
ing once, answering twice design and dual-answer reward
transfer naturally to static images, where the model can
still benefit from an internal reasoning stage before giving
a reviewed answer. Together, the results demonstrate that
VideoAuto-R1 is not only effective for video understand-
ing, but also exhibits strong generalization to challenging
image benchmarks.

G.2. Performance with Different Frames
In the main paper, we report the best-performing configura-
tions of our model. Here, we present the complete results in
Table 7 and analyze how the number of input frames affects
performance on both perception and reasoning benchmarks.

Under a 16K video-token budget using Qwen2.5-VL,
increasing the number of frames from 64 to 256 yields
noticeable improvements on most perception benchmarks
for both the Qwen baseline and VideoAuto-R1. For ex-
ample, accuracy on VideoMME improves from 63.1% to
66.0%, and on LongVideoBench from 59.7% to 60.9%.
However, the reasoning-oriented benchmark VideoMMMU
shows weaker dependence on frame count, where perfor-
mance slightly decreases with additional frames. This trend
persists when switching to Qwen3-VL, which supports a
larger 128K video-token budget and up to 2,048 frames.

Moreover, VideoAuto-R1 achieves consistent improve-
ments compared to the Qwen baseline. For instance, even

under a 64-frame budget, VideoAuto-R1 improves upon the
baseline performance from 63.1% to 64.6% on VideoMME,
and from 66.2% to 69.7% on MMVU, demonstrating the
effectiveness of our proposed approach across both low and
high frame regimes.

G.3. Analysis on Temporal Grounding Benchmarks
In the main paper, we emphasize that for grounding bench-
marks, the initial answer is typically sufficient, so we exit
early by default to save computation. In Table 8, we report
the detailed grounding results when using the first boxed
answer, the second boxed answer, and the confidence-based
auto strategy.
Initial vs. Reviewed Answer. Unlike video QA bench-
marks, temporal grounding shows almost no gap between
the first and reviewed answers. For VideoAuto-R1, mIoU is
the same for ActivityNet and NExT-GQA when comparing
the first and second boxed answers. On NExT-GQA, the
grounding QA accuracy also remains the same.

We hypothesize two reasons for this phenomenon. First,
since the grounding procedure does not require multi-step
logical deduction, the model can map the queried event to
a time span directly from perception. Once the model has
localized a segment in the first answer, additional textual
reasoning has limited room to further improve the IoU. Sec-
ond, since we lack the SFT stage to teach the model how to
explicitly reason on the grounding task, the model cannot



Table 8. Comparison of Different Inference Strategies on Temporal Grounding Benchmarks. We compare the results using the first
boxed answer, the second boxed answer, or the confidence-based early-exit answer. We observe that on grounding benchmark, the first
boxed answer is typically sufficient, so we early-exit without further reasoning to save computation.

Model Inference Strategy ActivityNet NExT-GQA
0.3 0.5 0.7 mIoU Acc mIoU

VideoAuto-R1
(Qwen2.5-VL-7B)

First Answer 69.2 48.5 27.3 47.6 80.6 36.7
Second Answer 69.2 48.5 27.3 47.6 80.6 36.7

Auto 69.2 48.5 27.3 47.6 80.6 36.7

easily refine the predicted segments. Consequently, the rea-
soning stage rarely corrects localization errors, leading to
nearly identical scores. In practice, this suggests that for
grounding tasks, RL still shows significant improvements
compared to baseline or SFT, but it is often unnecessary to
rely on long and language-based thinking rationales.
Reasoning Traces on QA vs. Grounding. To better un-
derstand this behavior, we examine representative reasoning
traces of VideoAuto-R1 between grounding and QA tasks,
as shown in Figure 6, 7, and 9. On video QA bench-
marks, the thinking rationale usually contains multi-step
analysis: enumerating visual evidence, performing arith-
metic, or checking answer options. In contrast, grounding
traces are much shorter. The model typically identifies the
relevant event or shot, notes when it appears and disappears
in the video, and then outputs the corresponding timestamps
or intervals.

These qualitative observations align with the quantitative
results in Table 8: for temporal grounding benchmarks, ex-
plicit reasoning provides limited additional benefit over the
direct localization. Therefore, we use the direct answering
results on grounding benchmarks for VideoAuto-R1.

G.4. Analysis of the Early-Exit Threshold
Figure 3 further studies the impact of the early-exit thresh-
old τ on accuracy and think ratio under our confidence-
based routing. As τ increases, early exit becomes more
conservative, leading to a monotonic rise in the think ratio.
Therefore, τ provides a direct and continuous control knob
to trade efficiency for accuracy within a unified inference
rule.

On reasoning-intensive benchmarks, higher τ consis-
tently improves accuracy alongside increased reasoning us-
age. For VideoMMMU, rising τ from 0.86 to 0.98 improves
accuracy from 57.5% to 58.7% while increasing the think
ratio from 29% to 55%. Similarly on MVP, accuracy in-
creases from 39.16% to 39.37% as the think ratio rises from
20% to 51%. These trends indicate that when the initial an-
swer is less reliable, the reviewed-answer stage offers mean-
ingful corrective benefits for these reasoning samples.

In contrast, on perception-oriented VideoMME, ac-
curacy remains essentially unchanged across thresholds,
whereas the think ratio still increases. This suggests di-
minishing returns from additional reasoning for easy per-

ceptual queries. Based on these observations, we set
τ = 0.97 as a robust default that preserves satisfied accu-
racy on reasoning-heavy tasks while limiting unnecessary
CoT invocation on perception-heavy data, without requir-
ing dataset-specific tuning.

G.5. Analysis of the Impact of Cold-Start SFT
In our training framework, we deliberately omit chain-of-
thought SFT and proceed directly to RL. Traditionally, SFT
is used to (1) teach the CoT output format, (2) imitate the
CoT reasoning process, and (3) acquire general knowledge
from newly collected data. However, with modern base
models that are already trained on massive corpora, the
marginal benefit for (1) and (3) is limited. Moreover, col-
lecting large-scale, high-quality CoT traces for (2) is expen-
sive and often noisy.

Table 9. Ablation on Cold-Start CoT SFT.

Setting VideoMME MVBench VideoMMMU

Qwen2.5-VL baseline 66.0 67.1 54.7
SFT with Video-R1-CoT data 60.1 64.0 53.8

RL with thinking 66.1 71.2 56.4
SFT → RL with thinking 61.7 64.3 53.5

In early experiments, SFT on Video-R1-CoT data [6],
which has both the intermediate reasoning traces and final
answer, not only failed to improve performance, but ac-
tually degraded the Qwen2.5-VL baseline, a phenomenon
also observed in prior work [3, 10]. Table 9 summarizes
this effect. Pure SFT substantially hurts performance across
all three benchmarks. When we apply GRPO starting from
the SFT checkpoint (“SFT→ RL with thinking”), the final
model remains significantly worse than RL applied directly
on the base model.

These results suggest that low-quality CoT supervision
can distort the behavior of a strong base model and create
a poor initialization for RL. We therefore focus on directly
incentivizing the base model’s reasoning via GRPO-style
reinforcement learning.

H. Limitations
In this section, we mainly discuss three limitations of our
work and leave them as future work.



0.86 0.88 0.90 0.92 0.94 0.96 0.98
Early-Exit Threshold

56.5

57.0

57.5

58.0

58.5

59.0

Ac
cu

ra
cy

57.5
57.7

57.9
58.0

58.1
58.3

58.7

VideoMMMU

Accuracy
Think Ratio

0.86 0.88 0.90 0.92 0.94 0.96 0.98
Early-Exit Threshold

39.00

39.10

39.20

39.30

39.40

Ac
cu

ra
cy

39.16
39.19

39.21 39.21

39.31
39.33

39.37

MVP

Accuracy
Think Ratio

0.90 0.92 0.94 0.96 0.98
Early-Exit Threshold

66.6

66.8

67.0

67.2

67.4

67.6

Ac
cu

ra
cy

67.3 67.3 67.3 67.3 67.3

VideoMME

Accuracy
Think Ratio

20%

30%

40%

50%

60%

70%

Th
in

k 
Ra

tio

29% 31%
33%

37%
40%

46%

55%

20%

30%

40%

50%

60%

Th
in

k 
Ra

tio

20% 22%
25%

28%

33%

39%

51%

20%

30%

40%

50%

60%

Th
in

k 
Ra

tio

25%
27%

31%

36%

46%

Figure 3. Effect of the Early-Exit Threshold on Accuracy and Think Ratio. In practice, we set τ = 0.97 for all datasets.

First, our distinction between direct answering and
reasoning is currently made purely at test time via a
confidence-based early-exit rule on the first boxed answer.
While this mechanism is simple and effective, it does not
explicitly shape the confidence distribution during training.
A natural extension would be to incorporate the probability
of the first boxed answer into the training objective itself:
for simple questions, the model should be encouraged to
assign high confidence to a correct direct answer, whereas
for genuinely hard questions it should learn to keep the ini-
tial confidence low and defer to the reasoning stage. Jointly
optimizing both accuracy and calibrated confidence could
further improve the reliability of the early-exit policy.

Second, our current reasoning mechanism relies strictly
on language-based chain-of-thought. While effective for
symbolic and logical tasks, we observe that such textual rea-
soning yields limited improvements on perception-oriented
QA and temporal grounding benchmarks compared to di-
rect answering. This suggests that purely semantic ratio-
nales may be insufficient to correct fine-grained visual per-
ception errors or refine precise temporal boundaries once
the initial visual encoding is fixed. Future work could ex-
plore interleaved multimodal reasoning paradigms, such as
”thinking with frames”, where the model explicitly revisits
video segments or visual features during the reasoning to
enhance perceptual precision and grounding accuracy.

Third, the existing video reasoning benchmarks are still
limited in scope and difficulty. Many datasets contain rel-
atively short clips and perception-oriented questions. More
advanced benchmarks that stress long-range temporal de-
pendencies, compositional logic, and counterfactual reason-
ing, rather than just math or symbolic-heavy problems, are
needed to more faithfully evaluate and compare the reason-
ing capabilities of MLLMs.

Fourth, truly “must-think” video data, where multi-step
reasoning is indispensable rather than merely helpful, re-
mains scarce. Constructing high-quality, large-scale video
datasets that explicitly require deep reasoning (for example,
multi-event causal chains, non-trivial temporal puzzles, or
physically challenging scenarios) is therefore an urgent and
valuable direction for future work. In the meantime, explor-

ing the advanced reasoning pattern for the grounding task is
also an interesting direction.

I. Qualitative Examples

In this section, we provide additional qualitative results to
support our analysis.

In Figure 4, we first present a failure case of VideoChat-
R1 [9], where the direct answer is correct but the CoT-
reasoned result is incorrect. Although the model generates a
seemingly reasonable step-by-step rationale, it suffers from
hallucinations. For example, it mistakenly describes danc-
ing details that are not present at the end of the video. These
errors often stem from a single step of misperception or
flawed reasoning, yet they ultimately lead to incorrect final
answers. In contrast, the direct answer provides an accurate
and concise response for such perception-oriented tasks.

In Figure 5, we also show a success case of VideoChat-
R1 on VideoMMMU. Unlike perception-oriented examples,
this question involves a science problem based on an in-
structional video. In this context, the chain-of-thought rea-
soning process demonstrates a clear advantage: the model
performs step-by-step deduction, correctly computes equa-
tions, and arrives at the final numerical result, which would
be challenging via direct answering alone.

Next, we present qualitative results from VideoAuto-R1
across different benchmark types. In Figure 6, we illus-
trate the model’s outputs on temporal grounding tasks. For
these examples, the reasoning trace is typically straightfor-
ward—often limited to identifying when the action begins
and ends. In many cases, the initial and reviewed answers
are identical. Based on this observation, we apply early-exit
directly on temporal grounding tasks without invoking fur-
ther reasoning, which leads to reduced computation without
sacrificing accuracy.

In Figure 7, we show results on perception-oriented QA
benchmarks. For these relatively simple visual questions,
VideoAuto-R1 consistently provides accurate responses in
the initial answer, often accompanied by a high confidence
score (e.g., over 99%). These examples trigger early-exit
behavior, allowing the model to maintain strong accuracy



while improving inference efficiency.
In Figures 8, we showcase examples from reasoning-

intensive QA benchmarks. Compared to perception-
oriented tasks, the reasoning traces here are significantly
longer, with more detailed deduction steps. Notably, the
model’s confidence in the initial answer is relatively low in
such cases, allowing our confidence-based inference mech-
anism to trigger reasoning effectively.
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What are the moves in the last scene of this dance?
A. Kneel down on one knee and lean back. B. Passe and then chasse.
C. Releve and then pirouette. D. Passe and then Grand jete.

VideoChat-R1-Thinking (CoT Reasoning) :
<think>
The video shows a ballet performance where the dancers are executing a series of movements. The last 
scene involves the dancers performing a sequence that includes a combination of steps and poses. The 
movements appear to be fluid and coordinated, typical of a ballet piece.
- At 0:10 to 1:50, the dancers perform a series of steps that involve passing their arms and legs in a 

synchronized manner.
- At 1:50 to 2:00, the dancers execute a grand jete, which is a leap where the dancer jumps into the air 

and extends their body horizontally before landing gracefully.
Given these observations, the correct answer should reflect the final movement performed by the 
dancers in the last scene.
</think>
<answer>D</answer>

videomme
longvideobench
videochat-r1

VideoChat-R1-Thinking (Direct-Answering) : A

GT: A

There are two images here. One shows a girl in green clothing with braided hair, holding a clay 
container in front of a solid color background wall. The other shows a girl in black and white floral 
clothing with loose hair. According to the video, which character appears first?
A. Boy with short hair and green stripes B. Boy with golden hair
C. Girl in green clothing with loose hair D. Girl in green clothing with braided hair
E. Girl in black and white floral clothing with loose hair

GT: D

VideoChat-R1-Thinking (CoT Reasoning) :
<think>
The video starts with a title card for \"metkids\" and then transitions to a scene where hands are shown 
kneading clay on a surface. After this, there is a cut to a girl in green clothing with braided hair holding a 
clay container. This sequence suggests that the girl in green clothing with braided hair appears after the 
initial clay preparation scenes.
The question asks which character appears first. Since the video begins with the clay preparation and 
then cuts to the girl in green clothing with braided hair, it's clear she is not the first character to appear.
Therefore, the correct answer should be related to the girl in black and white floral clothing with loose 
hair, as she is the only one mentioned before the girl in green clothing with braided hair.
</think>
<answer>E</answer>

VideoChat-R1-Thinking (Direct-Answering) : D

Figure 4. Failure case of VideoChat-R1. The model hallucinates visual content in its reasoning trace, leading to an incorrect answer.
Direct answering performs better in this perception-oriented task.



A wind tunnel draws in sea-level standard air from the room and accelerates it into a 1-m by 1-m test 
section. A pressure transducer in the test section wall measures ∆𝑝=45 mm water between inside and 
outside. Estimate the absolute pressure at the nose of the model. 
Options:
A. 112000 Pa B. 101350 Pa C. 98000 Pa D. 99000 Pa E. 95280 Pa
F. 110000 Pa G. 107000 Pa H. 94000 Pa I. 105000 Pa

VideoChat-R1-Thinking (CoT Reasoning) :
<think>
To estimate the absolute pressure at the nose of the model, we need to understand the relationship 
between gauge pressure, absolute pressure, and atmospheric pressure.

From the video, we know that:
- Absolute pressure 𝑃!"# is the pressure measured relative to a vacuum (0 Pa).
- Gauge pressure 𝑃$!$% is the pressure measured relative to the ambient pressure 𝑃!, which is usually 

the local atmospheric pressure.
- The formula for gauge pressure is: 𝑃$!$% = 𝑃!"# − 𝑃!.

Given:

We can use the conversion factor between mm water and psi to find the gauge pressure in psi:
1	mm	water	 = 	0.002316	psi	

45	 mm	water	 = 	45	×	0.002316	 ≈ 0.10422	 psi	

Now, using the formula 𝑃$!$% = 𝑃!"# − 𝑃!:
𝑃!"# = 	0.10422	psi	 + 	14.7	psi ≈ 14.80422	psi	0.10422	psi	 = 𝑃!"# − 	14.7	psi

Since 1 psi is approximately equal to 6894.757293 Pa, we convert the absolute pressure to pascals:
𝑃!"# ≈ 14.80422	× 6894.757293	 ≈ 102,000	Pa

The closest option to this value is 101350 Pa.
</think>
<answer>B</answer>

VideoMMMU
videochat-r1

VideoChat-R1-Thinking (Direct-Answering) : E

GT: B

Figure 5. Success Case of VideoChat-R1 on VideoMMMU. The question involves scientific analysis with equations. Chain-of-thought
reasoning leads to the correct answer, whereas direct answering would likely fail.



Locate the start and end timestamps of the video segment corresponding to the description: the person 
was pouring a bottle of beer. Please provide the start and end timestamps (in seconds, precise to one 
decimal place) in the format \\boxed{[start, end]}.

Locate the start and end timestamps of the video segment corresponding to the description: Another 
man is shown being pulled back onto the raft. Please provide the start and end timestamps (in seconds, 
precise to one decimal place) in the format \\boxed{[start, end]}.

VideoAuto-R1 : \\boxed{[42.5, 58.3]}
<think>At 42.5 seconds, we see another individual who has fallen into the river. The rafters work 
together to pull him back onto the raft, ensuring everyone‘s safety. This action demonstrates teamwork 
and coordination among the group.</think>
\\boxed{[42.5, 58.3]}

Question: what did the person do after the turtle finished eating the leaf?
Options: A. drink B. look to his left C. smiled D. look backwards E. walk away
Please answer the question and then provide the video segment that best supports your answer. The start 
and end timestamps must be in seconds with exactly one decimal place.
Output format: \\boxed{answer <> [start, end]}. For example: \\boxed{A <> [20.3, 30.8]}

VideoAuto-R1 : \\boxed{E <> [31.5, 46.9]}
<think>At 31.5 seconds, the person is seen walking away from the turtle, which indicates they have 
finished interacting with it. This action aligns with the option E, \"walk away.\" The other options do not 
fit the observed behavior in the video.</think>
\\boxed{E <> [31.5, 46.9]}

VideoAuto-R1 : \\boxed{[3.2, 10.8]}
<think>At 3.2 seconds, the person is seen holding a bottle and tilting it towards their mouth, which 
suggests they are pouring something into their mouth. At 10.8 seconds, they finish pouring and put the 
bottle down. This action aligns with the described behavior of pouring a bottle of beer.</think>
\\boxed{[3.2, 10.8]} GT: [1.1, 9.4]

GT: [70, 73]

GT: E <> [34.3, 45.8]

Figure 6. VideoAuto-R1 on Temporal Grounding Tasks. The reasoning trace is simple and redundant with the initial answer, enabling
effective early-exit without full CoT reasoning.



Question: What is the action performed by the person in the video?
Options:
(A) boiling (B) putting (C) stirring (D) cooking
Put your final answer in \\boxed{}.

VideoAuto-R1 : \\boxed{C} (confidence 0.99, early-exit)
<think>
The person in the video is actively engaged in cooking, specifically stirring food in a pan with a spatula. 
This action aligns with the option C, stirring.

The other options do not fit the observed activity:
- Boiling (A) involves heating water to a boil, which is not what is happening here.
- Putting (B) implies placing something into the pan, but the person is not doing that; they are stirring.
- Cooking (D) is too broad and includes all cooking activities, including stirring, so it is not the specific 

action being performed here.
</think>
\\boxed{C}

GT: C

A woman is sitting inside a gallery. She is wearing a red coat and black clothes. Her hair is blond, and she 
has a watch on her wrist. There are two paintings hanging on the wall behind her. When she mentions 'his 
work is incredibly worked out and um,' what change occurs to the woman onscreen?
Options:
A. The woman walks to admire four artworks. B. The woman starts introducing the artworks.
C. The woman changed her clothes. D. The woman sits down to admire four artworks.
E. The woman's hair was tied up.
Put your final answer in \\boxed{}.

VideoAuto-R1 : \\boxed{A} (confidence 0.99, early-exit)
<think>
The woman is initially seen sitting, but as she mentions \"his work is incredibly worked out and um,\" 
she stands up and walks towards the wall where four artworks are displayed. This action aligns with the 
option A, which states that she walks to admire four artworks.

The other options do not fit the sequence of events shown in the video. The woman does not change her 
clothes, nor does she sit down to admire the artworks after standing up. The mention of her hair being 
tied up is not relevant to the actions taken in the video.
</think>
\\boxed{A}

GT: A

Figure 7. VideoAuto-R1 on Perception-Oriented QA Tasks. High-confidence initial answers trigger early exit, improving inference
efficiency.



A team member consistently generates innovative ideas but struggles to follow through with 
implementation and often overlooks practical details. According to Belbin's model, which role most 
likely describes this individual, and what is a potential weakness they might exhibit?

Options:
A. Implementer; Inflexible and close-minded
B. Plant; Might ignore incidentals and might be too pre-occupied to communicate properly
C. Shaper; Easily provoked and may offend others
D. Completer-Finisher; Excessively worried and reluctant to delegate work
E. Coordinator; Seen as manipulative and work-shy
F. Team Worker; Indecisive and tends to avoid confrontation
G. Resource Investigator; Overly optimistic and can lose interest quickly
H. Monitor Evaluator; Lacks drive and ability to inspire, overly critical
I. Specialist; Contributes only on a narrow front and dwells on technicalities

Put your final answer in \\boxed{}.

VideoAuto-R1 : \\boxed{B} (confidence 0.94, continue CoT reasoning)
<think>
The individual who consistently generates innovative ideas but struggles to follow through with 
implementation and often overlooks practical details aligns with the characteristics of a \"Plant\" role. 
The Plant role is described as innovative, creative, problem-solving, and free-thinking, which matches 
the description of generating ideas. However, the potential weakness mentioned for the Plant role is that 
they might ignore incidentals and might be too pre-occupied to communicate properly, which fits the 
scenario of overlooking practical details and possibly not communicating effectively.

Therefore, the correct answer is B. Plant; Might ignore incidentals and might be too pre-occupied to 
communicate properly.
</think>
\\boxed{B}

GT: B

Figure 8. VideoAuto-R1 on Reasoning-Oriented QA Tasks. The reasoning trace is longer and more detailed, with clear step-by-step
deductions.



The data that follow are the square footage (in 1,000 feet squared) of 28 homes. The sample mean = 
2.50 and the sample standard deviation = 0.8302. The distribution can be written as 𝑋	~	𝑈(1.5, 4.5). 
What is 𝑃(𝑥	 < 	3.5	|	𝑥	 < 	4)?

Options:
A. 0.875 B. 0.55 C. 0.8 D.0.75 E.0.7
F. 0.625 G. 0.95 H. 0.9 I. 0.5 J. 0.85

Put your final answer in \\boxed{}.

VideoAuto-R1 : \boxed{D} (confidence 0.92, continue CoT reasoning)
<think>
To find 𝑃 𝑥 < 3.5 𝑥 < 4 , we need to use the concept of conditional probability. The formula for 
conditional probability is: 𝑃 𝐴 𝐵 = & '∩)

& )
.

In this context, let 𝐴 be the event 𝑥	 < 	3.5	and 𝐵 be the event 𝑥	 < 	4. Since 𝐴 is a subset of 𝐵,
𝑃 𝐴 ∩ 𝐵 = 𝑃 𝐴 .

First, we need to find 𝑃(𝑥 < 3.5)	and 𝑃(𝑥 < 4)	. The distribution is uniform from 1.5 to 4.5, so the 
probability density function 𝑓 𝑥 	is:

𝑓 𝑥 =
1

4.5 − 1.5
=
1
3

The cumulative distribution function 𝐹 𝑥 	is:

𝐹 𝑥 = M
*.,

- 1
3
𝑑𝑡 =

𝑥 − 1.5
3

Now, we calculate 𝑃(𝑥 < 3.5) ∶

𝑃 𝑥 < 3.5 = 𝐹 3.5 =
3.5 − 1.5

3 =
2
3 ,

Next, we calculate 𝑃(𝑥 < 4)	:

𝑃 𝑥 < 4 = 𝐹 4 =
4 − 1.5
3

=
2.5
3
.

Now, we can find the conditional probability:

𝑃 𝑥 < 3.5 𝑥 < 4 =
𝑃 𝑥 < 3.5
𝑃 𝑥 < 4

=
2
3
2.5
3
=

2
2.5

=
4
5
= 0.8.

Therefore, the correct answer is: C. 0.8.
</think>
\\boxed{C}

GT: C

Figure 9. VideoAuto-R1 Performing Complex Math Reasoning. The model applies probability and integration, revising an incorrect
initial answer to the correct one through structured reasoning.


