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Abstract
Chain-of-thought (CoT) reasoning can improve performance
on difficult video questions but often wastes decoding tokens
on simple ones. We study whether a video multimodal large
language model can adapt its reasoning effort to each ques-
tion. We propose AdaThinkV, an adaptive framework for video
reasoning that learns whether to reason explicitly without of-
fline difficulty labels, manually tuned confidence thresholds,
or an external router. During reinforcement learning, Ada-
ThinkV samples matched rollouts in explicit reasoning and
direct answering modes for each prompt. ThinkGain estimates
the prompt-level utility of explicit reasoning by balancing its
accuracy gain against additional response length, providing
supervision for both conditional response generation and au-
tonomous mode selection. For difficult prompts, limited roll-
out exploration can yield groups in which every response
is unsuccessful and accuracy rewards show little variation,
providing insufficient signal for learning. We therefore intro-
duce Variance Recovery Policy Optimization (VRPO), which
retains and progressively expands these groups to recover in-
formative signals from prompts that are difficult yet solvable.
At inference, AdaThinkV selects a response mode and gener-
ates the response in a single autoregressive sequence. Across
a unified suite of video reasoning evaluations, AdaThinkV
achieves a mean accuracy of 40.79 with an average of 257.20
output tokens, outperforming the strongest evaluated adaptive
baseline by 2.98 points while using 22.7% fewer tokens.

Introduction
Explicit chain-of-thought (CoT) can improve complex tem-
poral reasoning in video multimodal large language models
(MLLMs) (Wei et al. 2022; Feng et al. 2025), yet not ev-
ery question warrants a long visible trace. Simple perception
can often be handled directly, whereas event ordering, state
tracking, and causal analysis may require multi-step reason-
ing. Always reasoning wastes tokens and can overcomplicate
simple questions, whereas always answering directly can un-
derthink compositional ones. As Fig. 1 illustrates, a capable
video MLLM should learn not only how to reason, but also
whether explicit reasoning is worth its cost.

Adaptive reasoning methods switch between concise and
explicit reasoning (Tu et al. 2025; Zhang et al. 2025b; Fang,
Ma, and Wang 2025). For video, VideoAuto-R1 selects a re-
sponse mode based on the confidence of a preliminary answer
(Liu et al. 2026). Confidence, however, is only an indirect
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proxy: uncertainty does not imply that further reasoning will
help, while high confidence can coexist with missed temporal
evidence. The relevant question is not whether the model is
uncertain, but whether additional reasoning improves the an-
swer enough to justify its token cost. We formulate this quan-
tity as the conditional net utility of reasoning: the empirical
accuracy gain from explicit reasoning minus its additional
generation cost for the same input.

We introduce AdaThinkV, which learns to choose be-
tween explicit reasoning and direct answering without offline
difficulty labels, confidence thresholds, or an external router.
We first propose ThinkGain to estimate the prompt-specific
utility of explicit reasoning from controlledTHINK/ANSWER
rollouts, accounting for both accuracy gain and additional re-
sponse length. However, a fixed rollout group may not suffi-
ciently explore difficult prompts, yielding only unsuccessful
responses with little variation in accuracy rewards. Dynamic
sampling addresses this issue by oversampling prompts and
filtering out zero-variance groups to retain a fixed number of
effective prompts, potentially biasing observed reward dis-
persion upward (Yu et al. 2025). To mitigate this bias, we
introduce Variance Recovery Policy Optimization (VRPO),
which progressively expands the same group while retaining
existing samples for more reliable variance estimation. In in-
ference, AdaThinkV generates the mode marker and response
in one autoregressive sequence.

Across unified evaluation settings covering temporal rea-
soning, video mathematics, and scientific video understand-
ing, AdaThinkV attains 40.79 mean accuracy with 257.20
output tokens. Relative to VideoAuto-R1-Qwen3, it improves
accuracy by 2.98 points with 22.7% fewer tokens; relative to
Qwen3-VL-8B-Thinking, it gains 3.66 points with 95.8%
fewer tokens.

Our main contributions are fourfold:
• We formulate adaptive video reasoning as prompt-level

utility estimation and introduce AdaThinkV, which selects
whether to reason explicitly without difficulty labels, con-
fidence thresholds, or an external router.

• We introduce ThinkGain, a paired-rollout estimator of
prompt-level reasoning utility that balances accuracy im-
provement against output length.

• We introduce VRPO, a complementary rollout allocation
strategy that retains and expands groups with unsuccess-
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1 EASY · one-step geometry
Stop once the geometry closes

What is the radius of the semicircle?
A 1.3   B 3.6   C 2.4   D 1.6   E 2.0

HARD · temporal + compositional
Reason only until the decisive evidence is connected

02:24 02:30 02:49 02:53
How does valuing creativity/problem-solving compare with opposing early retirement?
A 16:15   B 8:7   C 80:75   D 17:15   E 10:9 GT: D

METHOD KEY REASONING TOKENS ANSWER

Direct

GT: C

<answer> C </answer> 2 C
WRONG

VideoAuto-R1
Initial answer C is judged high-confidence → early exit … no 
evidence localization or ratio simplification. 393 C

WRONG

Always-think Finds 85% creativity, but substitutes a nearby 75% government-
funding statistic … “wait, early retirement” … retries until the limit. 25024 NO ANSWER

AdaThinkV Locate 02:24: 75% oppose early retirement → locate 02:53 85% value 
creativity → compare 85:75 → simplify ÷5 = 17:15. 234 D

CORRECT

METHOD KEY REASONING TOKENS ANSWER

Always-think A
WRONG6972

Misreads the semicircle as the triangle’s 
incircle … derives r=5−√13≈1.39 … 
revisits tangency/diameter placement … 
explores alternatives … chooses A.

VideoAuto-R1 Uses tangency and similar triangles…
r = ab/(a+b) = 24/10 = 2.4…choose C.

C
CORRECT115

2

AdaThinkV <answer> C </answer> 2 C
CORRECT

Figure 1: Why does response mode selection matter? Excessive reasoning can overcomplicate simple questions, while confidence-
routed VideoAuto-R1 may stop before collecting evidence needed for compositional reasoning. AdaThinkV selects direct or
explicit reasoning and terminates autoregressively.

ful, low-dispersion rewards to recover informative RL
signals from difficult prompts.

• Experiments across diverse video benchmarks show that
AdaThinkV improves accuracy and efficiency over adap-
tive and reasoning baselines. Controlled ablations reveal
that ThinkGain primarily improves the accuracy–token
trade-off, whereas VRPO raises absolute accuracy.

Related Work
Video reasoning and efficiency. Video reasoning has ad-
vanced through reinforcement learning, temporal grounding,
structured distillation, and explicit reasoning traces (Feng
et al. 2025; Lin et al. 2026; Zhu et al. 2025; Wang et al.
2025b; Tian et al. 2025; Fei et al. 2025; Maaz et al. 2025).
Efficiency-oriented methods shorten reasoning traces, com-
press visual inputs, or scale perception and test-time com-
putation (Zhong et al. 2025; Yan et al. 2025; Wang et al.
2025c; Buch et al. 2025; Zhang et al. 2025a). These meth-
ods improve reasoning or reduce generation and perception
costs, but most do not directly optimize whether visible rea-
soning is worthwhile for each question. AdaThinkV studies
this cost-aware, per-question decision in video reasoning.
Adaptive reasoning. AutoThink (Tu et al. 2025) and Adapt-
Think (Zhang et al. 2025b) choose between direct and ex-
plicit reasoning, while Thinkless (Fang, Ma, and Wang 2025)
separates mode control from response optimization. Switch-
Reasoner uses fixed direct and thinking branches to construct
sample-level supervision from their relative success and adds
a global controller to balance mode usage (Fang et al. 2026).
Other methods control latent reasoning or the disclosure of
visible traces (Li et al. 2026; Wei et al. 2026). For video rea-
soning, VideoAuto-R1 selects a mode using the confidence
of a preliminary answer (Liu et al. 2026). AdaThinkV in-
stead estimates a length-aware utility from prompt-matched
branches, applies a dead zone to uncertain comparisons, and
separates marker supervision from conditional continuation
learning. It generates the marker and response in one autore-
gressive sequence, requiring neither a preliminary answer

nor an external router.
Group relative RL and rollout allocation. GRPO opti-
mizes a policy with group-relative advantages and no value
model, while DAPO extends it with dynamic sampling that
filters groups with no accuracy variation (Shao et al. 2024;
Yu et al. 2025). Later methods recover signals from such
groups through modified credit assignment, advantage shap-
ing, or reference-guided repair (Jin et al. 2026; Le et al. 2025,
2026). Other work reduces rollout waste through prompt fil-
tering (Zheng et al. 2025; Li et al. 2025a) or allocates rollouts
using predicted statistics, pilot samples, and adaptive bud-
gets (Nguyen et al. 2026; Kim et al. 2026). VRPO instead
retains the current unsuccessful group and adds balanced
mode rollouts until task success or sufficient accuracy re-
ward dispersion emerges, recovering a learning signal with-
out reference-guided repair or a learned prompt allocator.

Method
Overview
Given a video v and a question q, let x = (v, q). AdaThinkV
generates a response with an autoregressive policy. Let c ∈
{THINK, ANSWER} denote the response mode and let m(c)
denote its mode marker. The two response formats are

THINK : <think> h </think>
<answer> a </answer>,

ANSWER : <answer> a </answer>,

whereh is an explicit reasoning trace anda is the final answer.
Only the opening <think> or <answer> acts as the mode
marker; the closing tags are format delimiters. All tokens
after the marker form a continuation u = (u1, . . . , uT ). A
serialized mode marker may map to one or more tokenizer
tokens. Writing m(c) = (m1, . . . ,mKc

), its probability is

πθ(m(c) | x) =
Kc∏
k=1

πθ(mk | x,m<k),
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Figure 2: AdaThinkV RL training and inference pipeline. ThinkGain constructs mode supervision from prompt-level
THINK/ANSWER branches. VRPO expands groups with weak reward contrast signals. At inference, the model autoregres-
sively generates a mode marker followed by a variable-length continuation in a single sequence.

and the complete response factorizes as

πθ(m(c), u | x) = πθ(m(c) | x)
T∏

t=1

πθ(ut | x,m(c), u<t).

We first initialize the policy through an SFT cold start
on balanced examples in both formats and then optimize it
with reinforcement learning. Both modes must be explored to
estimate when reasoning is useful, while group-relative op-
timization requires variation in accuracy rewards. As shown
in Fig. 2, ThinkGain estimates prompt-level mode utility
through controlled branches, whereas Variance Recovery
Policy Optimization (VRPO) complements it by allocating
additional rollouts to weak-signal groups. The shared training
loop optimizes autonomous mode selection and conditional
continuation generation.

ThinkGain: Prompt-Matched Estimation of
Reasoning Gain
Controlled rollouts. For a rollout group of size G, we force
a fraction ρ of responses to begin with the THINK mode
marker and the remainder with the ANSWER mode marker:

Gthink = ⌊ρG⌋, Ganswer = G−Gthink.

Mode identity is assigned by rollout position rather than
inferred from generated text. Because both branches use
the same input and decoding configuration, their within-
prompt comparison removes between-prompt difficulty vari-
ation while retaining finite-sample generation noise. It esti-
mates conditional differences in accuracy and continuation
length. When VRPO expands a group, ThinkGain is recom-
puted over all rollouts while maintaining balanced allocation.

Mode utility with a length cost. For response yi, let racci be
its normalized task accuracy reward, where 0 ≤ racci ≤ 1,
and let ℓi = |ui| be its continuation length measured by the
tokenizer after the opening mode marker. For mode c, define

raccc =
1

Gc

∑
i:ci=c

racci , ℓc =
1

Gc

∑
i:ci=c

ℓi.

ThinkGain estimates the net utility of explicit reasoning on
prompt x as

∆̂(x) = raccthink − raccanswer − λ
ℓthink − ℓanswer

B
. (1)

In Eq. (1), B normalizes length and λ controls the extra
decoding cost of THINK relative to ANSWER. A positive
value indicates that the empirical accuracy gain from explicit
reasoning outweighs its additional generation cost.

We use a margin τ ≥ 0 to define a dead zone and convert
this estimate into a mode target:

c∗(x) =


THINK, ∆̂(x) > τ,

ANSWER, ∆̂(x) < −τ,

∅, |∆̂(x)| ≤ τ.

(2)

Because ∆̂(x) is a Monte Carlo estimate based on finitely
many samples, c∗(x) is a utility preference rather than a
ground-truth difficulty label. The dead zone suppresses small
estimated differences but does not guarantee statistical cer-
tainty. We therefore treat the supervision as noisy. Additional
ablations and diagnostic analyses are provided in the supple-
ment.
Mode selection learning. Forced mode markers define a
stratified intervention rather than actions sampled from the



GRPO

group-relative update

Zero-variance groups give no signal

all correct

all wrong

1 1 1 1

0 0 0 0

mixed 0 1 0 1

zero
advantage

DAPO

train mixed group

All-wrong group is discarded

discard

all correct

all wrong

1 1 1 1

0 0 0 0

mixed 0 1 0 1

VRPO (ours)

mixed 0 1 0 1

0 0 0 0 1 0 0 0

train mixed group

Recover hard-but-solvable prompts

expand

all correct

all wrong

1 1 1 1

0 0 0 0 discard

0…mixed

Sample fixed G rollouts Filter the initial all-wrong group Preserve and expand all-wrong group 

Figure 3: Rollout allocation comparison. GRPO uses fixed
groups, DAPO replaces zero-contrast prompts, and VRPO
retains and expands unsuccessful groups with low accuracy-
reward dispersion.

old mode policy. We mask these tokens from the RL loss,
so only the continuation is optimized conditional on the as-
signed mode. Autonomous mode selection is trained toward
the target in Eq. (2) with a separate supervised likelihood
evaluated before the mode marker:

Lmode = − 1

Nmode

∑
x∈BRL

c∗(x)̸=∅

log πθ(m(c∗(x)) | x), (3)

where Nmode is the number of prompts in the sum. We set
this term to zero when Nmode = 0. Thus, marker positions
receive no direct policy-gradient loss; their explicit token-
level supervision is provided by Eq. (3). Continuation updates
can still affect marker probabilities indirectly through the
shared policy parameters.

Variance Recovery Policy Optimization
VRPO follows DAPO’s policy optimization design but re-
places its dynamic sampling rule (Yu et al. 2025). Rather
than replacing a prompt with a weak learning signal and dis-
carding its trajectories, VRPO preserves the current group
and progressively adds rollouts. Fig. 3 contrasts this alloca-
tion rule with GRPO and DAPO.
Composite trajectory reward. We optimize retained trajec-
tories with the total reward ri as

ri = racci + rfmt
i + roli + gi,

gi = α1[ci = c∗(x)].
(4)

In Eq. (4), rfmt
i scores compliance with the assigned se-

rialization, and roli follows DAPO’s soft penalty near the
length limit. DAPO’s hard mask removes completions trun-
cated at this limit from the policy gradient loss. Since
ci ∈ {THINK, ANSWER}, no mode-consistency bonus is as-
signed when c∗(x) = ∅. Task correctness and VRPO allo-
cation depend only on racci , so gi supplements rather than
replaces the accuracy reward. Because forced marker tokens
are masked, gi changes the advantages of continuation to-
kens but not the probability of the target marker. In contrast,
Lmode acts directly on the autonomous marker probability.
The two terms use the same target but optimize different
conditional factors of the response.
Task success and reward dispersion. VRPO distinguishes
a useful accuracy signal from task success. These concepts

coincide for binary rewards based on exact answers but differ
for continuous rewards such as temporal IoU. We define the
binary accuracy si as

si =

{
racci , for binary rewards,
1[racci ≥ ηtask], for continuous rewards.

For continuous tasks, ηtask is fixed by the task success crite-
rion rather than tuned on downstream test sets.

For the current group Yx = {yi}Gx
i=1, let

raccx =
1

Gx

Gx∑
i=1

racci , Csuc(x) = max
i

si −min
i

si,

and define its empirical accuracy reward dispersion as

σacc(x) =

√√√√ 1

Gx

Gx∑
i=1

(racci − raccx )
2
.

A group provides a useful learning signal if it contains ei-
ther contrast between successful and unsuccessful responses,
Csuc(x) = 1, or sufficient accuracy reward dispersion,
σacc(x) > δacc. VRPO expands only groups in which all cur-
rent responses are unsuccessful and their accuracy rewards
remain insufficiently differentiated:

action(x) =


retain, Csuc(x)=1 ∨

σacc(x)>δacc
,

expand, maxi si=0, σacc(x)≤δacc,
Gx<Gmax

,

discard, otherwise
. (5)

For continuous rewards, Eq. (5) retains a group in which
all responses are successful when σacc(x) > δacc because its
graded rewards still support relative learning. Such a group is
discarded when its dispersion is insufficient. Each expansion
preserves existing trajectories and the controlled mode ratio,
and only retained groups contribute to BRL.

Expansion stops according to rewards, and the retained
group is reused to estimate the ThinkGain target and com-
pute the policy update. This reuse may introduce selection
bias from optional stopping. We quantify the effect with diag-
nostics for each expansion stage and a comparison that uses
an independently resampled update group in the supplement.
Optimization relative to each group. For each retained
group, the trajectory advantage Âi is obtained by normalizing
the composite rewards across all Gx rollouts:

Âi =
ri −mean({rj}Gx

j=1)

std({rj}Gx
j=1) + ϵ

.

Here, ϵ > 0 is a numerical stabilizer. The same trajectory
advantage is applied to every continuation token in response
i. For continuation token ui,t, we define the importance ratio
si,t(θ) as

si,t(θ) =
πθ(ui,t | x,m(ci), ui,<t)

πθold(ui,t | x,m(ci), ui,<t)
,

s̃i,t(θ) = clip(si,t(θ), 1− ϵlow, 1 + ϵhigh) .

We use ϵhigh > ϵlow. The tighter lower clipping bound limits
destructive probability decreases, whereas the looser upper
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10.0s 15.4s
When does this happen: "person opens door to closet"?
Task: localize the event boundary from the video timeline.
<Clue>: door contact and opening motion occur from 10.0s to 15.4s
<Thinking>: The person reaches the closet, pulls the door open, then leaves the event.
<Answer>: [10.0, 15.4]

SOURCES PREPARE VERIFY DATA TRAIN

QA

Video

Filtering
quality + format

Dense 
caption

Verify evidence
caption ↔ question
temporal boundary
answer consistency
fail → 

SFT DATA
50%
direct

50%
think

RL DATA
31k prompts

SFT Cold Start 
learn response format

RL Training

initializes

VRPO+ThinkGaindiscard

Image Reasoning  

Direct  1538

Think  1538

Temporal Grounding

Direct  1457

Think  1457

Text Reasoning

Direct  1054

Think  1054

Video QA

Direct  1044

Think  1044

(b) SFT Data Distribution

Image Reasoning

ViRL 8421

ThinkLite-Hard 1579

Temporal Grounding

CharadesSTA 5103

ActivityNet-TVG 3641

TimeR1 835
Text Reasoning

Text-only 6417

Video QA

Video-R2-QA 1868

NeXT-GQA 1379

STI-Bench 627

TVBench-QA 523

MMR-VBench 102

(c) RL Data Distribution(a) Data construction pipeline

(30495)(10186)
SFT Data RL Data

28.6% 31.4%

14.3%

14.3%

20.7%

10.4%

10.4%

20.5%10.3%

10.3%

30.2%

15.1%

15.1%

16.7%
11.9%

21.0% 21.0%

14.8%

32.8%

27.6%
6.1%

5.2%

4.5%

Figure 4: Training data construction pipeline and data distribution.

Model Mode VRB VMath VMath-M MMRV MMRV-CoT SciV Avg. Tok.
Qwen2.5-VL-7B Direct 3.54 29.76 55.95 42.00 34.77 27.90 32.32 400.82
Qwen3-VL-8B-Instruct Direct 5.56 30.71 59.17 45.58 41.21 33.10 35.89 524.62
Qwen3-VL-8B-Thinking Think only 6.11 38.81 62.38 42.72 42.24 30.50 37.13 6184.98
Temporal-RLT Think only 2.64 29.52 55.77 41.29 35.96 26.80 32.00 343.20
Time-R1-7B Think only 2.99 29.52 56.31 42.16 36.12 27.60 32.45 307.68
VideoRFT Think only 2.22 25.71 54.94 40.89 40.49 26.00 31.71 427.35
Video-R1-7B Think only 1.67 22.62 53.87 39.94 34.77 24.70 29.59 125.03
Video-RTS Think only 3.13 28.33 56.31 42.24 37.07 28.40 32.58 483.78
LOVE-R1 Think only 2.50 18.57 49.94 41.21 40.02 14.10 27.72 848.18
Video-R2 Think only 1.81 29.29 56.55 39.62 35.72 27.70 31.78 346.05
VideoChat-R1.5 Think only 2.78 29.05 55.95 43.68 40.65 28.00 33.35 251.22
VideoAuto-R1-Qwen2.5 Auto 3.33 30.95 56.07 49.96 42.08 31.10 35.58 268.37
VideoAuto-R1-Qwen3 Auto 4.93 31.43 58.93 50.84 47.81 32.90 37.81 332.93
AdaThinkV w/o VRPO Auto 6.94 36.67 59.76 46.62 45.51 34.40 38.32 235.73
AdaThinkV Auto 7.57 39.05 62.56 50.99 48.05 36.50 40.79 257.20

Table 1: Comparison on video reasoning benchmarks. VRB, VMath, MMRV, and SciV denote VideoReasonBench, Video-
MathQA, MMR-VBench, and SciVideoBench. Avg. is the average accuracy. Tok. is the average output token length.

bound allows advantageous but initially rare tokens to gain
probability more quickly. Letµi be DAPO’s binary hard over-
long mask. It equals zero only when response i is truncated at
the generated token limit. Following the clipped policy objec-
tive of PPO and the token aggregation of DAPO (Schulman
et al. 2017; Yu et al. 2025), the optimization objective is

LRL = − 1

|BRL|
∑

x∈BRL

1∑Gx

i=1 µi|ui|

Gx∑
i=1

µi

|ui|∑
t=1

min
(
si,t(θ)Âi, s̃i,t(θ)Âi

)
.

(6)

In Eq. (6), any prompt with zero unmasked continuation
tokens is removed from BRL, and LRL = 0 if the buffer
is empty. This normalization gives every unmasked contin-
uation token equal weight within its prompt. It avoids the
implicit 1/|ui| weighting that arises when each response is
averaged separately, and it prevents larger recovered groups
from dominating the minibatch. The complete objective is

Ltotal = LRL + γLmode. (7)
In Eq. (7), γ controls mode supervision. As in DAPO, we
use no KL penalty or separate reference model. We retain
πθold only to compute policy optimization ratios. Continua-
tion tokens are sampled from πθold conditional on the forced

marker, so their ratios remain on policy for that conditional
distribution. At test time, mode forcing is removed and the
opening marker is generated autoregressively.

Experiments
Experimental Setup
Training data. Fig. 4 summarizes our SFT cold-start set of
10186 traces and RL set of 30495 prompt-only inputs, span-
ning image reasoning, temporal grounding, text reasoning,
and video QA. Within each task family, the SFT set is bal-
anced between direct-answer and explicit-reasoning traces.
The RL set does not contain prefabricated mode-specific
responses; instead, THINK and ANSWER exploration is bal-
anced online through controlled rollout allocation. Data con-
struction and filtering details are provided in the supplement.
Evaluation protocol. We evaluate every model in Tab. 1
with a unified pipeline. Unless stated otherwise, we sample
between 2 and 256 frames at 2 FPS, impose a visual bud-
get of 4096 tokens, and allow up to 32768 generated tokens
subject to the context window. StreamingBench and OVO-
Bench follow a query-time-causal protocol: for a query issued
at timestamp tq , frames are sampled only from the visible
prefix [0, tq], and no post-query frames are provided to the
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Figure 5: Accuracy–token trade-off. AdaThinkV advances
the empirical Pareto frontier, achieving higher average accu-
racy with fewer generated tokens.

Model V-MME MVB LongVB MMVU V-MMMU
Qwen2.5-VL-7B 66.0 67.1 60.9 66.2 54.7
Qwen3-VL-8B 72.5 69.4 67.6 69.9 61.0
Temporal-RLT 57.6 68.1 – 65.0 –
VideoRFT 59.8 62.1 – 68.5 51.1
Video-R1-7B 61.8 65.5 – 65.0 51.4
Video-RTS 63.0 – 56.6 66.4 52.7
VITAL 64.1 – – 68.7 54.2
LongVILA-R1-7B 65.1 67.6 58.0 – –
LOVE-R1 66.2 66.6 60.1 – –
VideoChat-R1.5 65.2 70.6 61.4 – 49.6
VideoAuto-R1-Q2.5 67.3 71.0 60.5 69.7 58.6
VideoAuto-R1-Q3 71.7 72.0 67.4 71.1 65.0
AdaThinkV 72.1 72.5 68.1 71.4 65.3

Table 2: General video understanding benchmarks. V-MME,
MVB, LongVB, and V-MMMU abbreviate Video-MME,
MVBench, LongVideoBench, and Video-MMMU; Q2.5 and
Q3 indicate the Qwen backbones.

model. All models share inputs, parsers, and scoring rules
while retaining their native templates. Component ablations
share initialization, training data, and optimization. Video-
ReasonBench uses its semantic judge, whereas the remaining
benchmarks use exact accuracy. Benchmark-specific settings
and a generation-cap sensitivity analysis are provided in the
supplement.
Implementation details. Using Qwen3-VL-8B (Bai et al.
2025a) as the policy backbone, we train the SFT and RL
stages for one epoch each, with a frozen visual encoder
and a global batch size of 32. AdamW uses a learning rate
of 1 × 10−6, weight decay 0.01, and gradient clipping at
1.0. Rollouts use temperature 1.0, nucleus sampling with
p = 0.95, top k = 20, and at most 4096 generated tokens.
The clipping bounds are ϵlow = 0.20 and ϵhigh = 0.28.
ThinkGain uses ρ = 0.5, λ = 0.1, B = 512, τ = 0.05,

Charades-STA ActivityNet NExT-GQA
Model R@0.5 mIoU R@0.5 mIoU Acc. mIoU
Qwen2.5-VL-7B 59.6 52.9 22.6 26.9 53.3 20.2
TimeChat 27.5 31.2 27.8 30.4 28.8 17.4
TimeSuite 67.1 – – – – –
TimeMarker 51.9 48.4 50.7 49.5 – –
Temporal-RLT 67.9 57.0 38.4 39.0 78.7 37.3
Time-R1 72.2 58.8 55.6 52.1 – –
VITAL 72.0 59.9 50.8 49.8 78.7 43.0
VideoChat-R1.5 71.6 60.6 32.3 35.3 – –
VideoAuto-R1-Q2.5 70.8 60.0 48.5 47.6 80.6 36.7
VideoAuto-R1-Q3 74.9 63.7 54.3 51.9 81.1 44.2
AdaThinkV 75.2 64.0 54.9 52.2 81.4 44.5

Table 3: Temporal grounding benchmarks. Localization is
measured by R@0.5 and mIoU; NExT-GQA also reports
answer accuracy.

Model StreamingBench OVO-Bench
Qwen2.5-VL-7B 73.31 52.28
TimeChat-Online-7B 75.28 51.80
StreamForest-7B 77.26 56.60
HERMES-7B 79.44 59.20
Qwen3-VL-8B 78.65 63.51
AdaThinkV 79.79 64.02

Table 4: Streaming video understanding. StreamingBench
reports RTVU accuracy; OVO-Bench averages its Real-Time
and Backward tracks.

α = 0.3, and γ = 0.1. VRPO starts from G0 = 8, adds four
rollouts per mode at each stage, and stops at Gmax = 32.
For continuous rewards, it uses ηtask = 0.5 and δacc = 0.05,
neither of which is tuned on downstream test sets. Under
the Qwen3-VL tokenizer, the opening <think> marker is
one token and <answer> is three tokens. We use the full-
sequence marker likelihood in Eq. (3), without per-token
length normalization, and mask every forced marker token
from the continuation loss. Training is distributed across two
eight-GPU nodes, for 16 NVIDIA H100 GPUs in total, with
bfloat16 optimization, DeepSpeed ZeRO-1, colocated vLLM
generation, and seed 42. Training cost is reported in Tab. 8,
and detailed infrastructure is provided in the supplement.

Main Results
Main video reasoning results. Tab. 1 reports results
on VideoReasonBench, VideoMathQA, MMR-VBench, and
SciVideoBench (Liu et al. 2025; Rasheed et al. 2026;
Zhu et al. 2026; Deng et al. 2025). We compare general-
purpose, specialized, and adaptive reasoning models (Bai
et al. 2025b,a; Li et al. 2025a; Wang et al. 2025b,a; Feng et al.
2025; Wang et al. 2025c; Fu et al. 2025; Maaz et al. 2025;
Yan et al. 2025; Liu et al. 2026). Under the unified protocol,
AdaThinkV reaches an average accuracy of 40.79, exceeding
VideoAuto-R1-Qwen3 by 2.98 points with 22.7% fewer gen-
erated tokens; the paired-bootstrap 95% confidence interval



Training recipe Acc. Fmt. Tok. Think
RL only 35.59 92.4 660.20 87.5
SFT only 36.80 99.1 260.48 33.9
SFT → RL 40.79 99.3 257.20 49.1

Table 5: SFT and RL stage ablation. Acc. and Tok. use the six-
setting evaluation in Tab. 1; Fmt. and Think are percentages
over the same examples.

Method ThinkGain VRB VMath MMRV SciV Avg. Tok.
GRPO No 5.42 30.24 42.35 31.80 27.45 612.40
SAPO No 5.76 31.19 43.10 32.20 28.06 568.60
DAPO No 6.04 31.67 43.85 32.60 28.54 524.25
VRPO No 7.43 38.57 50.55 36.35 33.23 481.85
DAPO Yes 6.94 36.67 46.62 34.40 31.16 235.73
VRPO Yes 7.57 39.05 50.99 36.50 33.53 257.20

Table 6: ThinkGain and VRPO ablation. Results average
VRB, VMath, MMRV, and SciV.

for this gain is [2.21, 3.75]. As shown in Fig. 5, both Ada-
ThinkV variants lie on the empirical accuracy–token Pareto
frontier. The average across the four canonical benchmarks is
33.53, while the average across benchmark families is 36.10.
General video understanding. Tab. 2 extends the compar-
ison to Video-MME (Fu et al. 2024), MVBench (Li et al.
2023), LongVideoBench (Wu et al. 2024), MMVU (Zhao
et al. 2025), and Video-MMMU (Hu et al. 2025). Against the
broader set of baselines, including VITAL and LongVILA-
R1 (Zhang et al. 2025a; Chen et al. 2025), AdaThinkV ranks
first on four of the five benchmarks and remains within 0.4
points of the best Video-MME result.
Temporal grounding and streaming video. Tab. 3 evaluates
Charades-STA (Gao et al. 2017), ActivityNet Captions (Kr-
ishna et al. 2017), and NExT-GQA (Xiao et al. 2024), while
Tab. 4 covers StreamingBench and OVO-Bench under the
query-time-causal visible-prefix protocol (Lin et al. 2024; Li
et al. 2025b). Across the established temporal and streaming
baselines (Ren et al. 2023; Zeng et al. 2024; Chen et al. 2024;
Huang et al. 2025; Zeng et al. 2025; Zhang et al. 2026), Ada-
ThinkV ranks first on all but one temporal-grounding metric
and on both streaming benchmarks.

Ablation Study
SFT cold start and RL stages. Tab. 5 shows that adding RL
after the balanced SFT cold start improves mean accuracy by
3.99 points while maintaining over 99% format compliance.
ThinkGain and VRPO. Tab. 6 compares GRPO, SAPO,
and DAPO (Shao et al. 2024; Gao et al. 2026; Yu et al.
2025). ThinkGain improves DAPO by 2.62 points while
more than halving output length; on VRPO, it adds 0.30
points while reducing length by 46.6%. Thus, ThinkGain
primarily improves the accuracy–decoded-length trade-off,
whereas VRPO adds 2.37 points with ThinkGain fixed. The
gain is consistent across three seeds; further decompositions
are reported in the supplement.
Inference modes. Tab. 7 shows that automatic inference is

Policy Mode Think Tok. Avg.
VideoAuto-R1 Direct 0.0 15.60 28.82
VideoAuto-R1 Think 100.0 2380.40 31.98
VideoAuto-R1 Auto 16.8 370.43 30.03
AdaThinkV Direct 0.0 20.50 31.42
AdaThinkV Think 100.0 693.95 34.24
AdaThinkV Auto 47.2 257.20 33.53

Table 7: Inference mode comparison. Avg. and Tok. average
VRB, VMath, MMRV, and SciV; Think is the percentage of
THINK openings.

Setting Avg. G Seq. (M) Tok. (M) GPU-h Acc.
Fixed G = 8 (DAPO) 8.0 0.244 62.75 494 26.00
Fixed G = 16 16.0 0.488 125.49 988 26.52
Fixed G = 32 32.0 0.976 250.99 1975 26.87
Fixed G∈{8, 16} mix 11.6 0.354 91.00 718 26.25
Expand all zero-contrast 12.4 0.378 97.26 765 27.01
VRPO 11.6 0.354 90.98 716 27.71

Table 8: Training efficiency comparison between VRPO
and other rollout settings. Accuracy is averaged over VRB,
VMath, and SciV. The fixed mix is compute-matched to
VRPO, whereas “Expand all zero-contrast” expands both
all-wrong and all-correct groups.

0.71 points below forcedTHINK (95% CI [−1.57, 0.15]) with
62.9% fewer tokens, and 2.11 points above forced ANSWER.
Across difficulty tertiles, the thinking rate rises from 25.6% to
69.1% and the mean THINK length from 151 to 612 tokens;
prompt-level reasoning length is moderately correlated with
difficulty (ρ = 0.39).
Rollout allocation. Tab. 8 shows that increasing fixed G
from 8 to 32 nearly quadruples training cost for only a 0.87-
point gain. At comparable compute, VRPO reaches 27.71
accuracy with 716 GPU-hours, compared with 26.25 at 718
GPU-hours for the fixed-allocation control.

Conclusion
We presented AdaThinkV, an adaptive framework for video
reasoning that learns when explicit reasoning is worth its
generation cost. ThinkGain estimates prompt-level reason-
ing utility by balancing accuracy improvement against addi-
tional output length, thereby supervising both mode selection
and conditional response generation. VRPO retains and pro-
gressively expands all-unsuccessful, low-dispersion rollout
groups, recovering informative learning signals from difficult
yet solvable prompts. At inference, AdaThinkV generates the
selected mode marker and response in a single autoregres-
sive sequence, without an external router or a preliminary
answer. Under the unified evaluation protocol, AdaThinkV
outperforms the strongest evaluated adaptive baseline by 2.98
accuracy points while generating 22.7% fewer output tokens.
Future work will extend this framework to image reasoning
and other multimodal tasks and generalize its utility estima-
tion and rollout allocation beyond scalar accuracy rewards to
feedback from generative and rubric-based reward models.
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