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Abstract

Video reasoning using Large Multimodal Models (LMMs) re-
lies on costly reinforcement learning (RL) and verbose chain-
of-thought, resulting in substantial computational overhead
during both training and inference. Moreover, the mecha-
nisms that control the thinking process in these reasoning
models are very limited. In this paper, we use the entropy
of the model’s output distribution as a signal to study and
guide reasoning behavior. We discover that high-quality
models exhibit a characteristic pattern of micro-exploration
and micro-exploitation cycles, followed by a later entropy
peak (i.e., longer thinking) and a lower final entropy, in-
dicating more deliberate exploration and confident conver-
gence (i.e., avoid excessive randomness while the model
is exploring or thinking through an answer). We then use
these novel, theoretically-grounded insights to introduce
V—-Reason (Video-Reason), an inference-time optimization
method that adapts the value cache of the LMM through a
lightweight, trainable controller. Our proposed controller is
guided by an entropy-based objective, to tune the model’s
behavior directly at inference, without using any RL or super-
vised fine-tuning. Our experiments show that V-Reason
significantly outperforms the base instruction-tuned models
on many video reasoning datasets, narrowing the gap with
RL models to within 0.6% accuracy on average. We achieve
this without any training, while offering efficiency benefits:
V—-Reason uses 58.6% fewer tokens than the RL model.

1. Introduction

Reasoning with generative AI models, such as Large Lan-
guage or Large Multimodal Models (LLMs/LMMs), has
gained substantial attention recently. This capability is im-
plemented by asking the model to “think” about a problem,
before making a final recommendation, and can be accom-
plished by several approaches, including Chain-of-Thought
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(CoT) [36], supervised fine-tuning with CoT (CoT-SFT) [10,
25], or reinforcement learning (RL) with a thinking-before-
answering format [14, 28]. Although initial progress was
shown mainly for LLMs, such ideas have now been extended
to video reasoning problems [8, 10, 21, 33, 46] by exploit-
ing LMMs. Although successful, CoT-SFT, and RL-based
methods tend to be highly computationally intensive, both
for training and inference, due to the long thinking traces
that they tend to produce. These costs are particularly ex-
acerbated for video, due to the high resolution and multiple
frames involved in the reasoning process.

Recently, RL-based reasoning has been viewed as a sam-
pling process [31, 48] to more effectively search for the
reasoning traces from the pretrained knowledge of the base-
line model. We thus ask whether this search can be elicited
during inference in a fraining-free way. We note that we
do not intend to entirely replace RL or fundamentally ex-
pand reasoning ability without training, which is an open
question even for RL-based methods [43]. In this paper, we
seek to address the problems stated above by considering the
following key questions:

1. Can inference-time metrics characterize the thinking pro-

cess of video reasoning models? If yes, can these metrics

differentiate between higher- and lower-quality LMMs?

. Can such metrics be used to formulate novel inference-
time optimization objectives for video reasoning without
requiring additional model training?

To answer these questions, we first analyze the model’s
output distribution entropy at generation step ¢ computed
as Hy = —> .., pilogpj (V refers to vocabulary of the
model) for instruction-tuned LMMs of various sizes, as
shown in Fig. 1(a). This analysis reveals two broad trends:
(i) all models exhibit a pattern of increasing and then decreas-
ing entropy as tokens are generated, and (if) larger, more
accurate models exhibit both a later entropy peak and a
lower final entropy, indicating more confident reasoning (see
Fig. 1(a) and its inset for Qwen-VL-Instruct models).

The first trend above can suggest a formal definition of
the “thinking” in terms of output distribution entropy. As
the model starts generating a response, it seems to be un-
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Figure 1. V-Reason Overview: (a) Entropy of the output distribution averaged over the MM VU [49] dataset of 625 videos. We see clear macro-exploration
and macro-exploitation phases with bigger, more accurate models showing lower overall entropy (lower and later peak, followed by a lower final entropy
during the macro-exploitation). We use these key insights to adapt a model’s behavior in a training-free way using an inference-time optimization technique.
(b) Applying V-Reason on Qwen2.5-VL-7B-Instruct makes its entropy behave more similarly to the larger or the RL-trained Video-R1-7B model.
(c) V-Reason bridges the accuracy gap with Video-R1-7B to within 0.6% for tasks well-represented in the pretrained model’s knowledge (Avg. without
MRA). (d) V-Reason also significantly reduces the total output tokens compared to all models due to a dedicated entropy minimization phase.

certain and searches through multiple solution trajectories,
which can explain the increase in its output entropy. We de-
note this as the macro-exploration phase. As the generation
progresses, the model seems to start identifying the correct
thinking thread, and becomes increasingly certain about a
solution, resulting in the gradual reduction in the entropy of
its output. We denote this as the macro-exploitation phase.

The second trend seems to suggest that entropy should
not increase too rapidly during the macro-exploration phase.
In fact, all models go through a series of micro-exploration
and micro-exploitation cycles (characterized by small in-
creases and decreases of entropy) during both macro phases
of the thinking process; see Fig. 1(a) shaded regions. A de-
layed entropy peak can suggest that better reasoning models
explore more alternative answers, leading to higher accu-
racy [14, 28, 36]. In this context, more and/or longer cy-
cles of micro-exploration and micro-exploitation can lead
to “longer thinking,” with lower and delayed entropy peaks
and lower final entropy. Fig. 1(b, brown line) shows that the
above two observations also hold for an RL-trained Video-
R1-7B model [10]. This model has a slightly lower and
much later entropy peak than the Qwen2.5-VL-7B-Instruct
baseline model, which was used to train Video-R1-7B, and
the final entropy is very close to that of the significantly
larger Qwen2.5-VL-72B-Instruct model. In contrast, smaller
models (e.g., 3B) peak early (i.e., think less) and converge
prematurely to lower entropy leading to confident but in-
correct answers (see Fig. 1(a)). It suggests that a shorter
thinking phase can lead to lower reasoning accuracy.

Building on these observations, we propose V-Reason,
a training-free inference-time optimization method that
directly modulates the micro-exploration and micro-
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exploitation behavior of the baseline instruction-tuned mod-
els to enhance their thinking capabilities. V-Reason in-
troduces a small, trainable controller that adapts the LMM
value cache using an entropy-based objective, requiring no
supervision, dataset, or RL signal. The objective encourages
more pronounced cycles of micro-exploration and micro-
exploitation, by inducing the model to more strongly in-
crease/decrease entropy during these cycles, followed by
a final entropy minimization phase. This process prevents
entropy from rising too fast during macro-exploration and
enables the model to achieve a lower final entropy during
macro-exploitation, thus making the baseline model behave
more like a stronger reasoning model (see Fig. 1(a,b)). In
effect, it encourages the model to think longer but more
efficiently by exploring alternatives without producing un-
necessary tokens. This mirrors findings from prior stud-
ies [34, 37, 38] showing that shorter yet well-targeted rea-
soning chains can equal or outperform longer, verbose ones.
To enhance efficiency, we further introduce a “lite” variant,
V-Reason (Lite), which reduces memory and computa-
tional overhead by evicting 50% of the lowest-norm video
tokens from the KV-cache.

Our results demonstrate that V-Reason and
V-Reason (Lite) bridge the gap between baseline
instruction tuned models and RL-trained models in terms
of accuracy (see Fig. 1(c)). We empirically observe that
this approach is most effective when the solution lies
within the pretrained model’s knowledge space (e.g.,
classification tasks we study) but requires better search
strategies to surface it. For tasks where this knowledge
underrepresented in pretraining (e.g., regression tasks
like VSI-MRA), training-based approaches remain more



effective. Moreover, our dedicated entropy minimization

phase enables the final solution trajectory to converge

faster, thus producing considerably fewer output tokens

on average compared to the RL models (see Fig. 1(d))

which also helps the inference times. Thus, V-Reason and

V-Reason (Lite) bridge the gap with the RL-trained

model while producing significantly fewer output tokens. In

summary, the paper makes the following key contributions:

1. To our knowledge, the problem of video reasoning with-
out training has not been previously addressed in the
literature. We are the first to introduce a training-free,
purely inference-time optimization method for video rea-
soning without SFT or RL.

. We propose V-Reason that enhances the micro-
exploration and micro-exploitation cycles of the baseline
instruction-tuned models to achieve better accuracy. We
also provide simple theoretical results for our method.

. We show that V-Reason with our proposed entropy
based objective induces a lower and delayed entropy peak
during macro-exploration and a lower final entropy during
macro-exploitation, similar to the patterns observed for
the reasoning models trained by RL (see Fig. 1(b)).

. Extensive experiments on six video reasoning bench-
marks show that V-Reason achieves an average im-
provement of 1.4% over the base model, narrowing the
gap to within 0.6 % of the RL-trained Video-R1-7B model
(see Fig. 1(c)). We further show gains across model sizes
ranging from 3B to 32B and even up to 72B LMMs. We
also demonstrate that V-Reason is complementary to
multiple SOTA decoding methods.

. Our approach can lead to more efficient reasoning by sig-
nificantly reducing the total number of output tokens gen-
erated (see Fig. 1(d)). V-Reason produces 21.4% fewer
tokens on average than the base Qwen2.5-7B-Instruct
model, and 58.6 % fewer tokens on average than the RL-
trained Video-R1-7B model. This means that its wall-
clock inference time is competitive to the base model and
up to 37% lower than Video-R1-7B on average.

2. Related Work

Reasoning in Large Language Models. Reasoning in
LLMs can be achieved by chain-of-thought prompting,
instruction-tuning with CoTs, or reward-based fine-tuning
with RL. Existing work on prompting primarily relies on elic-
iting better CoT reasoning paths from the model [18, 41, 50].
While these methods have achieved high accuracies, few-
shot prompting techniques are task-specific, less generaliz-
able and require manual prompt designs for each task. Better
prompting techniques require extensive prompt engineer-
ing and result in inconsistent performances [51]. Overall,
prompting techniques are limited by model-specific and task-
specific tuning [39] making them less favorable. Recent
works endeavor to improve the CoT prompting by verifi-
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cation [13] that verifies and controls the intermediate steps
generated by the model. Such methods still require CoT
prompting and are computationally intensive due to the addi-
tional verification steps involved.

Instruction-tuning and reward-based fine-tuning are al-
ternative ways to elicit reasoning in LLMs when additional
compute is available for supervision [9, 16, 26]. However,
these techniques require supervised CoT data and expen-
sive RL stages to make the model compliant to produce the
reasoning or thinking process in specified formats for easy
extraction of the answers. Different from the above methods,
we seek an efficient framework to elicit reasoning in LMMs
at inference without any supervised data or training.

Video Reasoning. Video Reasoning methods have been
introduced recently [6, 10] inspired by the success of LLM
reasoning. Video-R1 [10] introduces a temporal GRPO
loss to specifically improve temporal reasoning capabilities
along with a new dataset for training. VideoChat-R1 [21]
introduces a chat model with spatio-temporal reasoning
abilities by training with GRPO and rule-based rewards.
TinyLLaVA [45] shows that reasoning can be effective even
for smaller models, using a Qwen-3B-VL model trained
with standard GRPO and RL-based reward losses. All of the
above methods rely on expensive training to elicit reasoning
in LMMSs for videos; for instance, training TinyLLaVA on
50K samples takes ~3 days on 4 A100 GPUs, and the cost
scales prohibitively for larger models (7B, 32B). To over-
come this, we propose an efficient framework that leverages
inference-time optimization to elicit the reasoning traces
from pretrained LMMs, achieving higher accuracy with
fewer output tokens compared to RL-trained models.
Inference-time Reasoning Methods. Inference-time opti-
mization methods [5, 29] have gained popularity in diffusion
models for improving control and consistency. Recent works
have explored eliciting reasoning capabilities from LLMs at
inference time [12, 35], aiming to reduce computational cost
and improve interpretability. Decoding strategies such as
CoT-Decoding [35] modifies token selection to surface latent
reasoning traces, while ThinkLogit [47] manipulates logits
with guidance from a smaller preference model to induce
longer reasoning chains. In parallel, sampling-based meth-
ods such as min-p [27] and the concurrent approach top-h [2]
restrict candidate tokens based on probability thresholds or
rank cutoffs, improving fluency but without explicitly target-
ing reasoning. Our method is orthogonal to these approaches:
rather than filtering outputs, we optimize the model’s intrin-
sic token distributions during inference and show consistent
improvements even when combined with min-p and top-h
sampling-based methods.

Other line of works utilize steering to modify the model’s
behavior for reasoning tasks [1, 4]. ASC [1] modifies the
hidden states of the model to compress CoT traces by relying
on a reasoning-trained model to distinguish concise from



verbose reasoning. KV-Cache Steering [4] presents a one-
shot intervention in the key-value cache to induce reasoning
in small LLMs with steering vectors derived from GPT-
40 [17]. In contrast to these works that have indirect reliance
on a reasoning-trained model, we propose an inference-
optimization technique that modulates the value-cache to
elicit reasoning using the model’s own entropy as intrinsic
feedback without any reliance on external model or data.

3. Proposed Approach: V-Reason

In this section, we describe the proposed V-Reason, its
inference-time optimization objectives, and supporting theo-
retical results. We then address practical aspects, including
redundancy reduction in video tokens to lower memory costs,
and introduce V-Reason (Lite) for improved efficiency.

3.1. Inference-time Optimization

Modifying the reasoning behavior of a pre-trained LMM
requires two components: a set of parameters which are
modified or added to the model to elicit reasoning, and an
optimization objective, to optimize those parameters. As
discussed in Section 1, the key goals for V-Reason are
to: (a) decrease the rate of growth of the output distribu-
tion entropy during macro-exploration, by controlling the
model behavior so as to promote more pronounced cycles of
micro-exploration and micro-exploitation during the output
generation, and (b) reduce the final entropy during macro-
exploitation. To accomplish these objectives, we propose a
value-cache controller and a novel inference-time optimiza-
tion objective.

Controller Parameters. We propose to augment the model
with the Value-Cache Controller shown in Fig. 2(a). This
controller, denoted as AV, is a small, trainable parameter
added to the value cache V7, of the last decoder layer of the
model, specifically at the video token locations. All other
model layers remain frozen and no modifications are applied
to the input or output text tokens. In our experiments, tuning
only the value cache of the last layer was sufficient and mod-
ifying earlier layers or tuning key-value cache did not yield
additional improvements. The controller AV is initialized to
zero and updated at every k*" generated output token (k > 1)
via the inference-time optimization method discussed below.
Note that no optimization is performed for the first token, as
that is when the KV-Cache prefilling happens for all layers.
To prevent the controller from destabilizing the pretrained
model, we introduce the normalization

_ Vi + AV

Vnew — .
B VL + AV

IVL]]. I

This normalization preserves the original magnitude ||V ||
of the cache vector, ensuring that the controller AV intro-
duces only a directional update. This helps maintain a stable
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forward pass, ensuring consistent output token generation.
This normalization is inspired by well-known methods like
Weight Normalization [30, 32], which have been shown to
have good optimization properties and are beneficial for
recurrent and generative models.

Optimization Objective. In Section | and Fig. 1(a), we
suggested that the effectiveness of a reasoning model is re-
lated to the entropy of its output token distribution. While
all reasoning models exhibit a period of macro-exploration,
where entropy increases, and macro-exploitation, where it
decreases, better models have a macro-exploration stage
characterized by lower and delayed entropy maxima. We
further posited that this is largely driven by cycles of micro-
exploration and micro-exploitation, which prevent the en-
tropy from increasing or decreasing too rapidly. We inter-
pret these cycles as periods where the model temporarily
increases the output entropy (exploration) to allow alter-
native reasoning paths, needed to escape from a current
unpromising path. The model then pursues a new path in
more detail (exploitation), leading to a decrease of entropy
and the potential realization that this new path is itself not
promising. The cycle is then repeated. We hypothesize that
stronger reasoning models are more decisive in their pat-
terns of micro-exploration and exploitation, which leads to
more and/or stronger cycles, thus reducing the rate of macro
entropy increase. This leads to lower and delayed entropy
peaks. It follows that the reasoning power of a model should
increase if it is encouraged to have more vigorous micro-
exploration/exploitation cycles. After reaching the entropy
peak of macro-exploration, the model switches to macro-
exploitation, where it pursues a reasoning path in detail to
produce an answer, which leads to a decrease of the output
entropy. We note that the pattern of delayed peaks and lower
final entropy and richer micro-cycles are signatures of better
reasoning than absolute entropy values. In this work, we
propose to reinforce this behavior by optimizing the value
cache controller AV with the Entropy Switching Loss:

—opHi, = oy, Z P (AV)log(pi (AV))

€|V

2
where py, is the output distribution (softmax after the LM-
Head) for every k' token generated (k > 1), Hj the
entropy of this distribution, and oy, € {—1,+1} is a co-
efficient that switches between —1 and +1. The mini-
mization of this loss encourages an increase in the entropy
(micro-exploration) when oy, = 1 and a decrease (micro-
exploitation) when ap, = —1. Hence, setting ap, = 1 (a, =
—1) during the micro-exploration (micro-exploitation) peri-
ods, encourages the model to be more decisive in its micro-
exploration/exploitation cycles. It is also possible to explore
other behaviors, e.g., using this procedure to reinforce micro-
cycles during macro-exploration, followed by minimizing
entropy alone (o, = —1) during macro-exploitation.

‘Cswitch (AV)
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Figure 2. (a) Proposed approach for video reasoning in a training-free manner using entropy-based objective. V-Reason uses an inference optimization
method to modulate the values cache of the last decoder layer with an entropy switching 10ss (L i¢cn) to improve the video reasoning performance. (b)
The average entropy plot for Qwen-2.5-VL-7B on the MMVU dataset along with its EMA. The inset depicts the shift in the entropy maxima for the EMA
curve denoted by the black arrow (c) EMA entropy plot of V-Reason for a single sample that shows the micro-exploration and micro-exploitation within
the macro-exploration phase before the entropy maxima and macro-exploitation phase after. (d) Plot showing the o switching in V-Reason for the
corresponding example in (c) that ensures bounded entropy updates without a rapid increase.

To implement this, we first compute the exponential mov-
ing average (EMA) of the entropy at each generation step
t (different from k£, which is the optimization step for the
value-cache controller)

H{™" = BH; 1+ (1 - B)H; 3)
where ¢ > 1, 3 is a smoothing coefficient (set to 0.98), and
H is the entropy of the first token which is a small value'.
The EMA is a low-pass filtered version of the raw entropy,
and thus much less noisy, as shown in Fig. 2 (b). It achieves
a good trade-off between oscillating too much, due to noise,
and switching between increasing and decreasing entropy
during micro-cycles, as shown in Fig. 2 (c). Also, because
it grows much slower than the raw entropy, following the
EMA naturally leads to a lower and delayed entropy peak,
as shown in Fig. 2 (b). The switching coefficient o, is then
defined to follow the EMA,

ema

+1itHg™ >

—11 k < peak
where, H™® is the EMA at the current step, and ;ZLI(IIC

the maximum value of EMA observed before step k. This
is illustrated in Figure 2 (d). It encourages the entropy to

I'The baseline instruction-tuned models are certain about the very first
predicted token; it is usually just the <think> token, even without RL or
CoT-SFT, because of the instruction we give to the model.
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(i) increase when the EMA is larger than the last peak, i.e.,
the EMA is increasing, and to (ii) decrease otherwise, i.e.,
the EMA is decreasing, therefore reinforcing the natural
micro-cycles of the model. Once the EMA reaches a global
maximum, o becomes —1 and macro-exploitation begins.
This global maximum of entropy can also be seen as a more
formal definition of the end of the “thinking” process. A
detailed description of our method is given in Algorithm 1.

Fig. 2 (c) shows the EMA entropy plot of V-Reason
for a single sample. It is clear that there are more and
stronger local minima and maxima depicting the micro-
exploration/exploitation cycles before the entropy maxima.
This slows the entropy growth during macro-exploration,
leading to a delayed peak and substantially more exploration
than by the original model. Once the global maximum of the
EMA is reached, a;, becomes —1 and the model enters the
macro-exploitation stage, where it is encouraged to decrease
entropy until it arrives at a solution. Overall, the optimization
promotes 1) more and/or longer cycles of micro-exploration
and micro-exploitation during the macro-exploration stage,
which lead to “longer thinking,” with lower and delayed
entropy peaks, and 2) a stronger emphasis on entropy mini-
mization during the macro-exploitation stage, which leads
to faster convergence to a lower final entropy.

We observe that the optimization of V-Reason encour-
ages the model to arrive at the final solution significantly
faster than CoT-SFT and RL models, which often produce
verbose outputs. This can be seen in Fig. 1 (d). Since com-



putation is tied to the length of the output sequence, this also
results in significantly more efficient inference than those
models. Hence, despite the extra computation needed for
the optimization, V-Reason has more efficient inference
overall (section 3.2). Finally, since V-Reason exploits the
natural variation in entropy, it adaptively determines how
much exploration and exploitation is required by each sam-
ple. This makes it robust and adaptable to various datasets
and types of video reasoning problems (see Section 4).

Theoretical Guarantees. We provide theoretical guarantees
that the entropy updates induced by our Entropy Switching
Loss remain stable and that our EMA-based objective bounds
the oscillations in entropy. The formal statements are below,
with assumptions and proofs discussed in Supplementary A.

Proposition 1 (Bounded entropy updates). Under mild
smoothness and boundedness assumptions, one gradient
step of size 1) on the Entropy Switching Loss changes entropy
by at most

|Hep1 — Hi| <nC +o(n),

and the process { H} remains within the compact interval
[0, log n].

Proposition 2 (EMA smoothing bounds oscillations). For
B € (0,1) close to 1, the EMA acts as a low-pass filter: (i) it
attenuates high-frequency fluctuations of Hy, (ii) delays the
attainment of entropy maxima, and (iii) enforces bounded
oscillations by switching oy, to —1 once a new global EMA
maximum is reached.

3.2. Efficiency Considerations: Vv-Reason (Lite)

Video reasoning with LMMs can have high GPU memory
costs due to a large number of input video tokens. Adding
inference-time optimization to these models at first sight can
seem inefficient, as it can further increase inference costs.
However, V-Reason has several properties that counteract
this hypothesis. First, the controller is only added to the
decoder cache of the last model layer. This significantly
reduces the memory overhead of storing activations for back-
propagation, which reduces to the trainable controller AV
and a few feature maps (last decoder layer’s value cache, at-
tention output, feedforward layers, and LM-Head). Second,
and most important, because V-Reason usually arrives at
the final solution with significantly less tokens as shown in
Fig. 1(d), both its inference time and computation are much
lower than models trained to think.

Nevertheless, we explore an additional avenue for effi-
ciency. Before performing the V-Reason optimization,
we optionally prune 50% of the video tokens from the
KV-Cache of all decoder layers, a variant we refer to as
V-Reason (Lite). This significantly reduces the KV-
Cache overhead and also halves the size of the trainable
controller. Interestingly, we found that for some datasets this
also slightly improves V-Reason reasoning performance
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(perhaps by reducing noise due to unimportant video to-
kens). To prune out unimportant video tokens, we measure
the mean value of the /> norm of video tokens across all
value caches and eliminate the lowest 50% video tokens
from both Key and Value Caches of all decoder layers. The
trainable controller is then only added to the remaining video

tokens in the last decoder layer. The new value update is

Vnew _ V;gruned+Av
L 7||V;L)mmd,+AV“

magnitude of the unpruned video value cache from equa-

tion 1. We empirically find that this reduces the error due
to pruning and enables the V-Reason (Lite) models to
achieve much higher accuracies than when the value cache
norm is altered. Algorithm 2 in Supplementary provides the
pseudo-code for the lite variant.

- ||V ||, which still maintains the

4. Experiments

Implementation Details. All experiments use pytorch
version 2.5.1+cul2l, transformers version 4.52.4,
and a single NVIDIA-A100 GPU. Following [10], we
use multinomial sampling with (temperature=0.1,
top-p=0.001 i.e., deterministic) for our experiments un-
less otherwise noted. See Supplementary B for more details.
Video Reasoning. We evaluate V-Reason on the Qwen-
2.5-VL-Instruct [3] model series under 16/32 frames settings
(from [10]) and maximum video pixels pxx28 x 28 with
px=256/128, respectively. Similar to [10], V-Reason is
evaluated across 6 video reasoning benchmarks, covering
two tasks, Multiple-Choice QA and Regression, evaluated by
classification accuracy and Mean Relative Accuracy (MRA)
respectively. We report the average accuracy with and with-
out MRA to illustrate the model’s performance across differ-
ent task formulations.

4.1. Video Reasoning Benchmark Results

Table 1 presents a comparison of V-Reason with Qwen?2.5-
VL-Instruct baselines and the RL-trained Video-R1-7B
across multiple video reasoning benchmarks. Green brackets
show the gain of the V-Reason model over the baseline,
with negative gains in red. Both (at least one) versions of
V-Reason improve the baseline performance for 15/18
(18/18) model/dataset combinations. Furthermore, the gain
is of at least 0.9 points for 19/36 combinations and can
be as high as 3.9 points. In many cases, these gains are
a substantial part of the gap between the baseline and the
RL-trained model. For example, for MM VU and 7B-256px
models the 63.4 point accuracy of V-Reason (Lite) brings
the relatively lower 59.5 point baseline close to the 64.2
point accuracy of the Video-R1. For the 128 px model,
V-Reason even surpasses Video-R1 (65.0 vs. 64.0). This
model also matches Video-R1 on TempCompass (73.3 each),
and nearly closes the gap on VideoMMMU (47.4 vs. 48.8).
These very significant gains show that the baseline model



Table 1. Comparison of performance of different models on video reasoning benchmarks. #F denotes the number of frames and px denotes the maximum

video pixels used, pxx28 x 28.

Model #F/px VSI-Bench VidleoMMMU MMVU MVBench TempCompass VideoMME Avg Avg
(Acc/MRA) (mc) (wo sub) (wo mra)
[40] [15] [49] [20] [24] [1]
GPT-40 [17] - 34.0 61.2 75.4 - - 71.9 - -
LLaMA-VID [22] - - - - 41.9 45.6 - - -
VideoLLaMAZ2 [7] - - - 448 54.6 - 47.9 - -
LongVA-7B [44] - 29.2 23.9 - - 56.9 52.6 - -
VILA-1.5-8B [23] - 28.9 20.8 - - 58.8 - - -
Video-UTR-7B [42] - - - - 58.8 59.7 526 - -
LLaVA-OneV-7B [19] - 324 33.8 49.2 56.7 - 58.2 - -
Qwen2.5-VL-3B [3] 32/128 24.3 (31.6/17.0) 323 493 525 28.1 48.1 37.0 40.3
V-Reason-3B (Lite) 32/128 26.3 (32.2/20.4) [+0.6/+3.4] 33.9 [+1.6] 50.9 [+1.6] 53.2[+0.7] 29.1[+1.0]  49.0 [+0.9] 38.3 [+1.3] 41.3[+1.0]
V-Reason-3B 32/128 24.7 (31.9/17.5) [+0.3/+0.5]  33.2[+0.9] 50.2 [+0.9] 52.9 [+0.4] 30.4 [+2.3]  48.8[+0.7] 37.9 [+0.9] 41.2 [+0.9]
Qwen2.5-VL-7B [3] 16/256 26.4 (31.4/21.4) 47.6 59.5 60.4 72.2 50.5 49.0 53.6
V-Reason-7B (Lite) 16/256 27.9 (34.1/21.6) [+2.7/+0.2] 47.6 [+0.0] 63.4[+3.9] 60.8 [+0.4]  71.6[-0.6] 51.1 [+0.6] 49.9 [+0.9] 54.6 [+1.0]
V-Reason-7B 16/256 28.5 (34.5/22.6) [+3.1/+1.2] 47.8[+0.2] 62.2[+2.7] 61.0 [+0.6] 723 [+0.1]  51.1[+0.6] 50.2 [+1.2] 54.8 [+1.2]
Video-R1-7B [10] 16/256 33.8 (30.5/37.0) 47.8 64.2 63.9 722 57.2 53.3 56.0
Qwen2.5-VL-7B [3] 32/128 28.1(33.8/22.3) 45.8 61.3 60.7 724 53.7 50.0 54.6
V-Reason-7B (Lite) 32/128 30.5(37.3/23.7) [+3.5/+1.4] 47.4[+1.6] 65.0 [+3.7] 60.6 [-0.1] 72.4[+0.0] 53.5[-0.2] 51.4[+1.4] 56.0 [+1.4]
V-Reason-7B 32/128 30.3 (37.1/23.4) [+3.3/+1.1] 46.3 [+0.5] 62.7 [+1.4] 60.9 [+0.2] 73.3[+0.9] 54.9[+1.2] 51.2[+1.2] 55.9 [+1.3]
Video-R1-7B [10] 32/128 35.6 (30.9/39.2) 48.8 64.0 64.1 73.3 58.7 54.1 56.6

already has a significant ability to reason, which RL brings
to the surface, but can also be mostly unlocked by much
less expensive inference-time optimization of V-Reason.
We empirically observe that our training-free, search-based
method is most effective when the base model already pos-
sesses the relevant underlying knowledge. For certain tasks
like VSI-MRA which are underrepresented in the model’s
learned knowledge space, V-Reason still obtains a +1.4%
improvement over the baseline.

Overall, across model scales and input resolutions,

V-Reason and V-Reason (Lite) have average gains
in [+0.9,1.3]% over Qwen2.5-VL, at the 3B scale. At
the 7B scale, V-Reason/V-Reason (Lite) reaches
54.8%/54.6% (256 px) and 55.9%/56.0% (128 px) average
accuracy without MRA, narrowing the gap to Video-R1-7B
(56.6% at 128 px) to within 0.6%.
Impact of Frames and Resolution. V-Reason is robust
to different frame counts and resolutions, making it adapt-
able to resource-constrained settings. For a comparable
compute budget (256 px/16 frames vs. 128 px/32 frames),
accuracy improves with more frames. Consistent with this
trend, V-Reason shows larger average gains at 32 frames
(+1.4%) compared to 16 frames (+1.0%).

Full vs. Lite. Both Full and Lite V-Reason variants sur-
pass the base model, with Lite performing comparably or
slightly better in several cases (e.g., +1.0% at 3B and +1.4%
at 7B for 128 px). The Full variant offers an additional
+0.2% improvement at 256 px with 16 frames, suggesting
that structural pruning is complementary to reasoning.

Output Sequence Length. As shown in Fig. 1(d),

V-Reason substantially reduces output token length
(58.6% reduction over Video-R1). Table 5 (Supplemen-

Table 2. Large model results on  Table 3. Optimization objective

MMVU. ablations.
Model \ MMVU Method \ MMVU
Qwen-2.5-VL-32B 69.0 Qwen-2.5-VL-7B 61.3
V-Reason-32B  |72.0 [+3.0] Min-Entropy (Lite) |62.1[+0.8]

Qwen-2.5-VL-72B 72.6 Max-Entropy (Lite) |63.8 [+2.5]

V-Reason-72B | 73.0 [+0.4] KV Cache (Lite) 61.8[+0.5]
Lasttwo (Lite) 62.2[+0.9]

Qwen-3-VL-8B 64.8

V-Reason-8B 69.9 [+5.1] V-Reason (Lite) ‘ 65.0 [+3.7]

tary C) shows that this translates into significant latency
savings of up to 67% (37 % on average). The fact that this
holds for both Full and Lite variants indicates that the gains
stem from the proposed optimization rather than pruning.

Different backbone and Larger Models. To test the scala-
bility of V-Reason, we further evaluate it on Qwen3-VL
and larger Qwen2.5-VL backbones (32B and 72B) using
MMVU. Table 2 shows that gains hold across model fam-
ilies: e.g., +5.1% over MMVU for Qwen3-VL, showing
that the method is not architecture-specific. V-Reason
continues to provide significant gains on larger model sizes,
e.g., +3.0% (72.0 vs. 69.0) for the 32B model, demonstrat-
ing that reasoning benefits do not diminish with scale. For
the 72B model, which is already strong, V-Reason still
yields a +0.4% gain (73.0 vs. 72.6). These results show that
V-Reason generalizes to different backbones and larger
models and provides benefits even at the frontier of large-
scale video reasoning models.

Comparison with Decoding Methods. As shown in Ta-
ble 4, our method is robust and complementary to differ-
ent decoding strategies with significant improvements over
SOTA approaches such as min-p [27] and top-H [2]. For
the Qwen-2.5-VL-7B model, using the best min-p decod-
ing with V-Reason (Lite) yields a gain of +2.0 points on
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Question: When the phenomenon in the video occurs, which of the following options is the most important to adjust? A.
Renin-angiotensin system B. Hypothalamic-pituitary-thyroid axis C. Adrenaline and norepinephrine D. Melatonin secretion E.
Sodium-potassium pump activity

Qwen-2.5-VL-7B:

Let me think through this. The video seems to be discussing a condition where cells swell, which could be related to fluid
retention or electrolyte imbalance. Given the options, the sodium-potassium pump activity is crucial for maintaining the
balance of sodium and potassium ions across cell membranes, which is essential for cell volume regulation. \n\nThe renin-
angiotensin system is involved in blood pressure regulation and fluid balance, but it's more about the overall pressure
and not specifically about cell swelling. The hypothalamic-pituitary-thyroid axis is primarily involved in metabolism and
energy production, not directly in cell swelling. Adrenaline and norepinephrine are involved in the body's stress response
and can affect heart rate and blood pressure, but not directly cell swelling. Melatonin secretion is related to sleep and
circadian rhythms, not cell swelling.\n\nTherefore, the most important to adjust in this context would be the sodium-
potassium pump activity.\n\n<answer>E</answer>

V-Reason-7B:

Let me think through this. The video seems to be discussing a condition where cells swell, which is a common symptom of
various medical conditions. The options provided are related to different endocrine systems and their functions. \n\n- The
Renin-angiotensin system is involved in blood pressure regulation and fluid balance.\n- The Hypothalamic-pituitary-thyroid
axis regulates the thyroid gland and its hormones.\n- Adrenaline and norepinephrine are part of the sympathetic nervous
system, involved in the \"fight or flight\" response.\n- Melatonin is a hormone that regulates sleep and wake cycles.\n-
The Sodium-potassium pump activity is crucial for maintaining the electrical potential across cell membranes.\n\nGiven
that the video is about cell swelling, which can be a result of fluid retention or imbalances in electrolyte levels, the

pressure.\n\n<answer>A</answer>

most relevant system to adjust would be the Renin-angiotensin system,

as it directly affects fluid balance and blood

Figure 3. Qualitative result: An example output and comparison with the baseline Qwen-2.5-VL-7B together with its entropy plot shown on the top right. The
black arrow in the entropy plot denotes the shift in the EMA peak demonstrating longer exploration for V-Reason compared to the baseline.

Table 4. Comparison with alternative decoding methods.
Qwen-2.5-VL-7B ‘ temp ‘ top-p ‘ MMVU

min-p 0.3 0.9 61.8
min-p+V-Reason (Lite) | 0.3 0.9 |63.8[+2.0]
top-H 0.3 0.9 60.2
top-H+V-Reason (Lite) | 0.3 0.9 |61.1[+0.9]
min-p 1.0 0.9 55.0
min-p+V-Reason (Lite) | 1.0 0.9 |61.3[+6.3]
top-H 1.0 0.9 62.2
top-H+V-Reason (Lite) | 1.0 0.9 |62.6[+0.4]

V-Reason-7B (Lite) ‘ 0.1 ‘ 0.001 ‘65.0 [+2.8]

MMVU, while combining with best rop-H decoding provides
a smaller improvement of +0.4. On higher temperatures, min-
p loses significant accuracy but V-Reason (Lite) is able
to restore it back (+6.3%). Most notably, V-Reason-7B
(Lite) achieves the highest score of 65.0, corresponding
to a further +2.8 gain over the best decoding baseline.
Qualitative Results. Figure 3 exemplifies the reasoning dif-
ferences between V-Reason and the baseline, also show-
ing their entropy profiles. The entropy plots reveal that
V-Reason has a delayed EMA peak and a lower overall
entropy, encouraging extended exploration that ultimately en-
ables the model to reach the correct solution. As highlighted
in red, the baseline initially follows a promising trajectory
but subsequently diverges onto an incorrect reasoning path,
which leads to the wrong answer. In contrast, V-Reason
identifies an alternative path precisely at the point where
the baseline falters, and this revised trajectory, shown in
green, successfully leads to the correct answer. Please see
Supplementary I for other examples.

Alternative Losses. The switching loss in equation 2
supports various behaviors beyond that encouraged by
V-Reason. Two extreme alternatives are enforcing strictly
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increasing entropy (max-entropy, a, = 1,Vk) and strictly
decreasing entropy (min-entropy, o, = —1,Vk). Table 3
shows the two alternative losses, additional ablations on up-
dating a KV cache controller and the last two layers of the
model. It shows that these approaches are clearly inferior
to V-Reason. However, it is interesting to note that even
the basic losses (encourage macro-exploration or macro-
exploitation only) improve on the performance of the base-
line model. This confirms that structured entropy control
helps with the reasoning ability of LMMs.

5. Conclusion

In this paper, we introduced V-Reason, a training-free
framework that elicits video reasoning through a value-
cache controller at inference. Our method leverages a
theoretically-grounded entropy-based objective to reinforce
the micro-exploration and micro-exploitation behaviors ob-
served across models. This design effectively mitigates
unbounded entropy growth during early generation steps,
resulting in delayed entropy peak and lower final entropy,
a characteristic of stronger models. We further proposed
V-Reason (Lite), a “Lite” variant which improves the
memory by pruning low lo-norm entries in the value cache.
Extensive experiments across multiple benchmarks demon-
strate that V-Reason narrows the gap to RL-trained mod-
els (e.g., Video-R1) to within 0.6 %, while reducing output
token length ({58.6%); this also results in lower ({37 %)
inference time than Video-R1. Moreover, V-Reason con-
sistently improves performance across model scales ranging
from 3B to 72B parameters and remains robust to variations
in frame sampling, pixel resolution, decoding techniques,
and other hyperparameter configurations.
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