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Abstract

We present REVISE (Reasoning with Video Sparsity), a
multi-round agent for video question answering (VQA). In-
stead of uniformly sampling frames, REVISE selects a small
set of informative frames, maintains a summary-as-state
across rounds, and stops early when confident. It supports
proprietary vision-language models (VLMs) in a “plug-
and-play” setting and enables reinforcement fine-tuning
for open-source models. For fine-tuning, we introduce EA-
GER (Evidence-Adjusted Gain for Efficient Reasoning), an
annotation-free reward with three terms: (1) Confidence
gain: after new frames are added, we reward the increase in
the log-odds gap between the correct option and the strongest
alternative; (2) Summary sufficiency: at answer time we
re-ask using only the last committed summary and reward
success; (3) Correct-and-early stop: answering correctly
within a small turn budget is rewarded. Across multiple VOA
benchmarks, REVISE improves accuracy while reducing
frames, rounds, and prompt tokens, demonstrating practical
sparse video reasoning.

1. Introduction

Video understanding is challenging because video data are
high-dimensional, temporally redundant, and semantically
intricate. Recent progress in large language models (LLMs)
has accelerated video understanding research. Many recent
works [1, 3, 27, 50, 59, 63] have made steady progress to-
ward steering vision-language models (VLMs) to address
these challenges. These approaches exploit LLMs’ long-
context reasoning capabilities to improve question answer-
ing over video [42, 58, 71]. In practice, videos are typically
represented as a sequence of uniformly sampled frames.
There are two major paradigms for integrating LLMs with
those frames. The first involves using video captioning mod-
els to convert frames into textual descriptions, then utilizing
LLMs [20, 59, 63] to perform analysis in textual space. How-
ever, this method may overlook fine-grained visual details
inherently present in individual frames. To mitigate this limi-
tation, the second directly integrates visual inputs into LLMs
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via pretrained vision encoders [76], forming vision-language
models [3, 5, 27, 36]. However, these methods select frames
uniformly, which still has two limitations, as shown in Wang
et al. [63]: (L1) Information Overload: Long videos in-
herently exhibit substantial temporal redundancy. Too many
redundant frames can overwhelm LLMs and hinder both rea-
soning and efficiency. (L.2) Insufficient Key Information
Awareness: Video content is hierarchically and temporally
structured; without identifying semantically salient frames
across scales, LLMs often miss critical cues for accurate rea-
soning. Both limitations stem from semantic sparsity. Only
a small number of frames are relevant to a given question.

To address these challenges, we introduce REVISE
(Reasoning with Video Sparsity), a multi-round agent for
video question answering (VQA). Rather than processing a
fixed set of uniformly sampled frames, REVISE iteratively
(i) selects a small batch of frames most likely to reduce un-
certainty about the answer, (ii) updates a concise summary
of previous-round conversations (summary-as-state) to re-
duce information overload, and (iii) stops early once the
accumulated evidence is sufficient to answer. Conceptually,
our summary-as-state is inspired by the hidden state in re-
current neural networks (e.g., LSTMs) [16], as in Figure 1:
it is a compact, continually updated memory that carries
forward only task-critical information, informs what to “at-
tend to next”, and regularizes reasoning to remain faithful
to accumulated evidence. This recurrent, stateful formu-
lation reduces information overload (LL1) by concentrating
the visual context into non-redundant text-based evidence.
Hence, this stateful design counters semantic sparsity by pro-
gressively accumulating a compact set of query-supporting
frames in the persistent summary.

To improve key information awareness in VLMs (L2),
REVISE uses a structured summary-as-state that explicitly
tracks what has been observed, how beliefs are updated, what
remains uncertain, and why additional evidence is needed.
This persistent state is compact, updated each round, and is
the only information carried across turns, enabling the agent
to recall prior evidence and request frames that target specific
informational gaps. We show a detailed example in Figure 2.
Instead of reprocessing long conversation histories or large
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Figure 1. Summary-as-State. REVISE operates analogously to
a recurrent neural network: it maintains a state that propagates
information from previous turns to the VLM.

sets of previously seen frames, the agent continually updates
this compact summary with only the verified, task-relevant
evidence accumulated so far. By grounding each decision
on this evolving state rather than raw past outputs, REVISE
achieves coherent, uncertainty-aware multi-round reasoning
while avoiding redundant processing, reducing token usage,
and keeping the reasoning focused on the information that
matters. REVISE operates in a fully “plug-and-play” man-
ner: it wraps around any existing VLM without modifying
its parameters or inference pipeline. Moreover, for open-
source VLMs, REVISE can be paired with verifier-guided
reinforcement fine-tuning [12, 62], further strengthening the
model’s ability to identify question-critical content, reduce
frame redundancy, and execute more accurate and efficient
video reasoning.

Our contribution is twofold: (I) Methodologically, we
propose REVISE, a novel framework for question-aware
video understanding. REVISE addresses the limitations in
(L1) and (L.2) by interactively selecting informative frames
through a multi-round reasoning process. Its behavior is
governed by two key components: (1) a multi-round conver-
sation module that progressively gathers evidence and writes
an evolving “summary-as-state” capturing the verified infor-
mation across turns; and (2) a structured summary-as-state
that records observations, belief updates, uncertainties, and
selection rationale, and is the only information carried across
rounds for stable, uncertainty-aware reasoning. REVISE
is lightweight and modular: it wraps around any existing
VLM in a plug-and-play manner without parameter updates.
Further, when paired with verifier-guided reinforcement fine-
tuning, REVISE strengthens open-source VLMs’ ability to
locate question-critical frames and reason over long videos
more efficiently. (II) Experimentally, we conduct extensive
evaluations across diverse video understanding benchmarks,
spanning short clips to hour-long videos. In the plug-and-
play setting, REVISE improves efficiency while matching or
exceeding strong proprietary VLM baselines. With reinforce-

ment fine-tuning, REVISE further boosts the performance of
open-source VLMs, achieving higher accuracy with signifi-
cantly fewer frames, fewer rounds, and fewer prompt tokens.
Together, these results demonstrate that REVISE delivers
practical and scalable sparse video reasoning.

2. Related Works

VLMs for Video Understanding. Several recent approaches
extend image-centric vision-language models [2, 34, 57, 71]
to video by treating videos as sequences of frames. Many
methods [7, 14, 19, 23,29-31, 33,36, 41,43, 61, 65, 73, 78]
train vision-language models by connecting a vision encoder
to a large language model through a lightweight adapter.
Training-free methods [10, 20, 22, 52, 56, 59, 60, 63] inte-
grate captioners with LLMs to support video understand-
ing without full retraining. These pipelines also support
interactive selection and open-ended relational reasoning for
video QA [38, 59]. Specifically, LLoVi [77] generates short-
term video captions using a visual encoder and prompts
an LLM to summarize and answer user queries. VideoA-
gent [59] introduces an LLM-driven multi-round frame se-
lection strategy based on captioned content. Recent VLMs
such as LLaVA [27, 34, 36] and QwenVL [2, 3, 55] inte-
grate stronger vision-language reasoning capabilities and
reduce reliance on external captioners. REVISE combines
agent-based search from VideoAgent with the direct visual
reasoning abilities of modern VLMs.

Adaptive Frame Selection for Video LLMs. A growing
body of work addresses the challenge of selecting informa-
tive frames from videos to improve VLM efficiency and accu-
racy. Training-free approaches avoid any parameter updates:
MDP3 [51] formulates list-wise frame selection as a Markov
decision process solved without training; Q-Frame [81] uses
CLIP-based text-image matching with Gumbel-Max sam-
pling for query-aware selection; FRAG [18] asks the model
itself to score each frame’s relevance; and FOCUS [82] casts
keyframe selection as a combinatorial pure-exploration ban-
dit problem. Learned selectors train lightweight policies:
Frame-Voyager [74] learns to query task-relevant frames for
video LLMs; Flexible Frame Selection [6] proposes a differ-
entiable top-k selection operation trained end-to-end; Adap-
tive Keyframe Sampling [54] learns to sample keyframes
tailored to long videos; M-LLM [17] leverages multimodal
LLMs to guide frame selection; and K-frames [69] performs
scene-driven any-k keyframe selection. RL-based methods
optimize frame selection policies via reinforcement learn-
ing: TSPO [53] learns a temporal sampling policy with pol-
icy optimization; ReFoCUS [26] uses reinforcement-guided
frame optimization for contextual understanding; Frame-
Mind [11] enables frame-interleaved reasoning via GRPO;
and FrameThinker [15] combines SFT with GRPO for multi-
turn frame spotlighting. Iterative agent-based approaches
perform multi-round frame selection guided by reasoning:
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Figure 2. Overview of REVISE: multi-round reasoning and adaptive frame selection. Given an initial set of frames and a question, the VLM agent
infers the video context to update the summary and selects relevant frames based on its reasoning. In the next round, the agent reasons over the selected

frames and the updated summary to generate the final answer.

Active Video Perception [64] employs a plan-observe-reflect
loop; A.LLR. [84] uses adaptive, iterative, reasoning-based
selection; and VideoBrain [83] deploys dual complementary
agents with behavior-aware rewards. Unlike prior work that
typically performs a single-pass selection, REVISE main-
tains a persistent summary-as-state across rounds and cou-
ples it with EAGER reward for RL fine-tuning, enabling
question-aware, iterative frame selection that remains com-
patible with any VLM in a plug-and-play manner.

VLM Reasoning and Multi-round Conversation. Recent
progress in vision-language models (VLMs) has shifted from
single-turn processing to interactive, reasoning-centric sys-
tems capable of sustaining multi-round dialog. Early ef-
forts [67, 68, 75] enhanced interaction through prompt engi-
neering and external APIs, bypassing the need for fully end-
to-end architectures. More recent approaches incorporate
explicit reasoning, enabling VLMs to infer answers based on
implied visual information. For instance, DetGPT [46] per-
forms object detection through high-level instructions rather
than predefined class labels. GPT4Rol [80] uses spatial
boxes to focus attention on specific regions, improving align-
ment between vision and language. Similarly, LISA [25]
augments the mask decoder in SAM [21] with a learned em-
bedding prompt, enabling high-level visual reasoning when
paired with LLaVA [34]. Complementing these architectural
advances, reinforcement learning techniques have emerged
as effective tools for enhancing multi-step reasoning. PPO-
based ReFT [39] rewards correct chains of thought, while
DeepSeek-R1 [12] introduces step-wise rewards for logi-
cal soundness. DeepSeek-R1-Zero [12] demonstrates that
outcome-only rewards can suffice when reasoning is self-
verifiable. RAGEN [62] further shows that intermediate re-
wards are essential in preventing dialog agents from adopting
shallow heuristics. Finally, self-revision models like Draft-
Edit [24], S2R [40], and token-level reward “dancing” [32]
underscore the value of iterative feedback for improving rea-
soning depth. Overall, these studies show that feedback and
revision can drive multi-turn reasoning, ranging from reward

shaping to simplified feedback signals [24, 32, 37, 40, 62].
Together, these developments point toward a new genera-
tion of VLMs that not only ground visual input accurately
but also engage in self-correcting, multi-round reasoning to
produce coherent and reliable answers.

3. Methodology

As illustrated in Figure 3, REVISE couples multi-round in-
teraction with an explicit, structured summary-as-state. It
targets two limitations of current VLMs in video understand-
ing [63]: (L1) information overload and (L.2) insufficient
key-information awareness. We cast video understanding as
an iterative, question-aware frame-selection problem that ad-
mits only frames most likely to support the query. REVISE
mitigates (L.1) via budgeted multi-round frame selection and
improves (L.2) by tracking observations, belief updates, un-
certainties, and selection rationale in a persistent summary.
Problem Formulation. Given a video V' = {z;}%' con-
sisting of L frames, with the frame at time ¢ denoted by x;,
and a user prompt p, the goal is to produce an answer a with
a VLM agent my while respecting a maximum context bud-
get K. Let ¢(x;) denote the model-specific visual token cost
of frame x;, and C(F) = ) _p c(x) the cost of a subset
F' C V. Instead of processing all frames (which may violate
K), we construct the visual context iferatively and maintain
a compact, persistent “summary-as-state” .

We model the interaction over at most 7" rounds. Let .S; =
U§:1 F; be the set of all frames admitted up to round ¢ (with
Sy = 9). Let p; denote the prompt at round ¢, constructed
from the original prompt p, the previous summary z;_1, and
the shown frames F; (with timestamps and basic video meta).
The agent maintains a summary state:

2t = (Pt» Ot, Hy, Uy, Rt), 3.D

where P, (previously seen) summarizes what has already
been inspected, O (observations) records the currently ob-
served evidence, H; (belief updates) captures how those
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observations update the hypothesis (without outputting the
final answer letter), U; (uncertainties) enumerates remaining
unknowns, and R; (reasons) states what evidence to look
for next (or that the question is answered). The order is
fixedas P - O — H — U — R. Operationally, z; is
written explicitly in the <summary> field and is the only
state carried across rounds. Each turn conditions on all pre-
vious states: the agent has access to the set of committed
summaries {z; };;5; since z;_1 is defined to be cumulative,
conditioning on {z; } ;¢ is equivalent to conditioning on the
latest z;_ alone.

Atround t, given (py, 21, Fy), the agent takes a single
action

a; € {SELECT(Q;), ANSWER(y)}, (3.2)

where @Q; C {0,...,L — 1} \ S;_; is a small set of re-
quested frame indices (0-based). If a; = SELECT(Q:), the
environment retrieves Fy1 1 = {z; : i € @}, updates
St41 = St U Fyy1, and the agent commits the next summary

2t = f@(ztfla Dt Ft+1) = (Pt7 Oy, Hy, Uy, Rt)7
(3.3)

with R; explicitly guiding the proposal of the next (1.
If a; = ANSWER(y;), the process stops with a = y; at
stopping time 7 < T. At all times we enforce the token
budget C(S;) + [pi| < K.

Our objective is to choose the selection sequence
{Q+}7=} and stopping time 7 (implicitly via the agent pol-
icy) to maximize task performance under budget:

max R(Tl'g(p, Zr_1, 57—1)) s.t. C(Sr—1)+|p-| < K.

{Qt}7 TST
34

This sequential formulation replaces single-shot maximum
coverage with a summary-driven, question-aware selection
process: the agent repeatedly (i) reads a few frames, (ii)
updates z; = (P,0, H,U, R) so it cumulatively encodes
all previous states, and (iii) decides (based on R; and Uy;)
what to view next or when to answer. We detail how RE-
VISE instantiates the multi-round framework and how the
summary-as-state enables efficient, query-focused reasoning
below.

3.1. REVISE Building Components

The core concept of REVISE is to admit only frames that are
relevant to the user’s request while maintaining a compact
state that carries verified evidence across rounds. Accord-
ingly, REVISE comprises three modules as in Figure 3: (i)
a multi-round controller, (ii) a structured response format
that externalizes the summary state, and (iii) a persistent
summary-as-state. The multi-round controller adaptively se-
lects frames and decides when to answer, while the summary-
as-state is the sole memory that accumulates and conditions
future decisions.

Multi-Round Controller. The agent interacts for at most
T rounds. Let F; be the frames shown at round ¢ and
S = Uz.:l F}; the union of all admitted frames (Sp = @).
Round #=1 starts from a small, uniformly sampled set F}
and the initial prompt p (the prompt includes timestamps and
basic video meta). At each subsequent round ¢ > 2, given
(pt, z¢—1, Ft), the agent produces a single action:

a; € {SELECT(Q:), ANSWER(y:)}, 3.5)

where Q; C {0,...,L — 1} \ S;_; requests a few new
indices (0-based). If a; = SELECT(Q:), the environment
fetches Fy11 = {x; : i € Q:}, updates Sy = St U Fiy1,
and the agent commits the next summary z;. If a; =
ANSWER(y; ), the process terminates. We enforce the token
budget C(S;) + |p:| < K throughout. Each turn conditions
on all previous states via the cumulative summary: by con-
struction, z;_1 subsumes {zo, . .., zt—2}, so conditioning on
z;—1 1s equivalent to conditioning on the entire state history
with constant memory cost. For notational clarity, the action
is produced as:

Qg :We(ptaztflaFt)' (3.6)

Structured Response Format. To make decisions trans-
parent and to improve the quality of summary state, each
response follows one of two formats:

SELECT:
<summary>
...</frames>.

...</summary> <frames>

ANSWER:

<summary> ...</summary> <answer>
...</answer>.

Here, <summary> is the only information persisted to the
next round. This design keeps the prompt compact, improves
interpretability, and guides query-aware selection and early
stopping in subsequent rounds.

Summary-as-State. The persistent state is written explicitly

in <summary> as
2t = (PtvOthtaUtht); 3.7

where P, (Previously seen) summarizes what has already
been inspected, O; (Observations) records what was just
seen, H; (belief Hypotheses/updates) captures how those
observations change the current hypothesis, U; (Uncertain-
ties) enumerates remaining unknowns, and R; (Reasons)
justifies which frames to view next (or indicates the ques-
tion is answered). By carrying forward only z; rather than
raw histories, REVISE (i) avoids information overload by
not re-admitting redundant context and (ii) improves key-
information awareness by explicitly tracking what has been
observed (O), how beliefs change (H), what remains un-
certain (U), and what to request next and why (R). The
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Figure 3. REVISE. REVISE consists of three components: multi-round conversation, a structured output protocol, and a summary-as-state. Each round, the
VLM agent receives (i) the entire conversation history, (ii) the current prompt, and (iii) the chosen video frames, annotated with their timestamps and the
video’s total frame count. In the first round, a formatting guideline is also provided. The VLM outputs <summary> plus either <frames> (request) or
<answer> (final), with the summary carrying the persistent state across rounds. REVISE then extracts the new frames and starts the next round with updated
prompt and history. The conversation ends when the VLM produces a valid answer or the maximum number of rounds is reached.

R; component directly informs the next proposal ();1, and
the stability of H;/U, provides a natural signal for when to
answer. At each round, the policy performs multi-step rea-
soning to decide what to view next, but we do not expose a
free-form chain-of-thought. Instead, the (H;, Uy, R;) fields
in <summary> record a compact thinking process: hypoth-
esis updates, remaining uncertainties, and reasons for the
next action.

3.2. Plug-and-Play

REVISE treats any proprietary vision-language model as a
frozen black-box module and communicates with it solely
through its public inference interface (e.g., an API). All
operations, including multi-round conversation, adaptive
frame selection, structured summary updates, and validity
enforcement, run externally within the framework, so no
parameter updates are required. This design lets REVISE
plug into closed-source systems as is, automatically orches-
trating iterative multi-round interactions while leaving the
model’s original weights and vision-processing capabilities
unchanged.

3.3. Reinforcement Fine-Tuning

Following Wang et al. [62], we cast the REVISE multi-round
interaction as a finite-horizon MDP M = (S, A, T, 1, 7)
with horizon T'. At round ¢, the state is

St = (pm Zt—1, Stfl)y (3.8)

where p; is the current prompt (with formatting/meta), z;—1
is the cumulative summary-as-state committed in the pre-
vious round, and S;_; = U;;i F} is the set of admitted
frames so far. The action space is

at € {SELECT(Q:), ANSWER(y:)}, 3.9)

where @; C {0,...,L — 1} \ S;_; requests new frame
indices (0-based) and y, is an answer. The transition up-
dates (Si, z¢): if a; = SELECT(Q:), the environment re-
turns Fyiq1 = {x; : i € Q}, sets Spy1 = St UF;41, and the
agent commits the next summary z; = fo(2z¢—1, pt, Fri1);
if a; = ANSWER(y;), the episode terminates at 7 < T" with
answer a = y;. We optimize the expected return

J(0) = Brtnmy | 711 (3.10)
t=1

and decompose 7y into token-level likelihoods to remain
compatible with autoregressive VLMs.

Reward Design: EAGER. We design a dense, annotation-
free reward that aligns the policy with efficient, summary-
driven reasoning. Let ) be the answer set (e.g., MCQ op-
tions) and y* € ) the correct label. Define a (temperature-
calibrated) log-odds margin under the current context

my = logpe(y* | prs2e-1,5:) — ;r;éagglogpe(y | Pty 2i-1,5),

(3.11)
computed at each decision state (before taking action a;).
EAGER comprises three parts:
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(i) Confidence gain. Reward only evidence that truly
increases certainty after adding new frames:

conf __
T =

(M1 — mt]Jr (applies on SELECT). (3.12)
(ii) Summary sufficiency. At answer time, re-ask using
summary-only to encourage faithful, compact state:

sum

= ]l s =
T} [arg gleagpe(y | pro2r) =y

*

(3.13)
(applies on ANSWER).

(iii) Correct-and-early stop. We reward answering cor-
rectly within a small turn budget Tgop:

Titop _ {1 +8 [,I;top - T]+v
0, otherwise,

(3.14)
applied at the final step. We also include a small structural
bonus ri°™a = « . 1[valid format] for emitting valid tags
(<summary> plus <frames> or <answer>, with no ex-
tra text).

The per-step reward is

reo = M A A3 ™ (3.15)

and the episode return is R(H) = Y_;_, 7'~ 'r:. EAGER
requires only answer labels (for y*) and model scores; it
does not use frame-level annotations.

Policy Optimization. We optimize my with GRPO [49].
Each iteration, starting from F; and p;, we sample G
trajectories {H'}$,, compute scalar returns R(H') =
>, 7'~ 'ri, and standardize them to obtain a trajectory-level
advantage

R(H") — mean(R(H"))

A= std(R(H")) ’

(3.16)

which is shared across all tokens of trajectory 4. Let H*(")
be the n-th token and NN; the token count in H*. The GRPO
objective is

1 G 1 N;
Jarpo(0) = el Z N Z min (pm A;,
i=1 " " n=1

Chp(pi,nv 1l—¢l+ 6) AL)
(3.17)
B F@(Hi’(n) | Hi,<n)

in = . . . 3.18
Pi, Wold(HZ’(n) |H2,<n) ( )

4. Experimental Studies

We integrate REVISE with both proprietary and open-source
VLMs and test it against several baselines. Specifically,

a; = ANSWER(y*) and 7 < T;

we evaluate Qwen2-VL-7B [55], Qwen2.5-VL (3B/7B) [3],
InternVL2-8B [8], and GPT-4o0 [44].
Datasets. We report results on three complementary video-
QA benchmarks that probe different temporal scales and
reasoning demands. VideoEspresso [13] is a large-scale,
chain-of-thought (CoT) video reasoning corpus built with a
core-frame selection pipeline and multimodal CoT evidence.
The benchmark organizes evaluation into 14 tasks spanning
causal, temporal, spatial, and high-level narrative reasoning,
and emphasizes answering from sparse core frames rather
than full streams. NExT-QA [66] targets causal and temporal
action reasoning with both multiple-choice and open-ended
QA. Videos average 44 seconds, and questions are stratified
into causal (48%), temporal (29%), and descriptive (23%)
types. We report accuracy for multiple-choice following
"Rhe official split. EgoSchema [42] is a long-form egocentric
benchmark with >5,000 five-choice multiple-choice ques-
tions over 3-minute clips.
Settings. We follow a fixed interaction budget for all
multi-turn methods. We set max_frames_per_round

to 3, i.e., each evidence-gathering step can inspect at
most three frames (max(Fy,..., Fr) = 3), and limit the
max_rounds=4 (I' = 4). For ablation study, we use

VideoEspresso [13] with Qwen2.5-VL-7B [3], for efficiency.
Evaluation reports both answer accuracy and the total frame
budget consumed by each method. Unless otherwise speci-
fied, all VLMs are queried with temperature 0.2, a maximum
response length of 256 tokens, and top-p sampling with
p = 0.9. All VLM experiments are conducted with 4x80G
A100.

4.1. Plug-and-Play

REVISE improves any model’s video understanding abilities
in a “plug-and-play” fashion, without any need to fine-tune
the model weights. We compare REVISE with both the
proprietary and open-source models across various multiple-
choice VQA datasets with several baselines. Our results
show that REVISE can achieve comparable performance
with far fewer frames.

Improvements with Baselines on VideoEspresso Dataset.
As in Table 1, REVISE consistently improves the backbones
across both open- and closed-source settings while using
only a single-digit number of frames on average. With open-
source models, Qwen2-VL [55] + REVISE raises the average
from 28.5 to 37.8 (+9.3) and InternVL2 [8] + REVISE from
28.7 to 32.1 (+3.4). On the closed-source side, GPT-40 [44]
+ REVISE improves the average from 26.4 to 48.9 (+22.5)
and achieves the best score in 13 of 14 fine-grained cate-
gories, outperforming prior systems such as VideoEspresso.
Remarkably, these improvements require only 2.87, 6.25,
and 7.99 frames per video for InternVL2, Qwen2-VL, and
GPT-4o, respectively, underscoring REVISE’s efficiency in
sparse, question-focused reasoning.
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Table 1. Comparison of VLMs across fine-grained video reasoning categories. We report accuracy (%) per category of baseline results, quoted from Han
et al. [13] and REVISE under the same protocol of baselines; #Frames reports either the average frames processed per video (ours) or a uniform sampling rate
when shown as FPS=k; Param is the backbone size. Underlines mark the better score within each backbone pair; bold indicates the group best per column.

Model #Frames Param Narra. Event Ingre. Causal Theme Conte. Influ. Role Inter. Behav. Emoti. Cook. Traff. Situa. Avg.
Open-source VLMs

LLaVA-1.5 [35] 4 7B 323 213 194 171 262 202 36.1 333 21.0 21.1 200 358 167 18.0 242
LLaVA-N-Inter [28] FPS=1 7B 242 236 265 192 31.1 321 319 175 242 21.1 262 302 133 200 244
LongVA-DPO [79] 128 7B 355 149 163 19.0 344 220 375 238 290 228 200 377 167 120 244
mPLUG-OwI13 [70] FPS=1 7B 306 236 204 223 377 294 48,6 349 306 246 277 245 133 240 28.0
LLaVA-N-Video [28] FPS=1 7B 312 202 162 176 36.5 327 306 245 264 245 347 208 203 17.0 252
VideoEspresso [13] 2.36 85B 452 270 337 26.1 39.3 367 55.6 413 30.6 298 30.8 358 200 260 34.1
InternVL2 [8] FPS=1 8B 339 241 276 244 426 330 458 286 194 228 21.5 340 200 24.0 287
InternVL2 + ReViSe 2.87 8B 355 296 360 213 39.3 33.0 36.1 31.7 183 246 369 409 429 234 32.1
Qwen2-VL [55] FPS=1 7B 274 230 245 235 29.5 312 472 317 226 281 400 226 300 18.0 285
Qwen2-VL + ReViSe  6.25 7B 392 395 381 333 508 467 403 50.0 258 281 431 333 367 388 37.8
Closed-source VLMs

Qwen-VL-Max [2] FPS=3 - 339 224 235 214 26.2 303 417 302 274 263 200 208 167 240 26.0
GPT-4o [44] FPS=3 - 323 167 255 2238 328 275 375 286 242 193 308 302 200 220 264
GPT-40 + ReViSe 7.99 - 519 465 551 440 541 532 486 50.8 403 49.1 508 585 533 58.0 48.9

Table 2. Comparison of Training-free or Plug-and-play Methods on
EgoSchema (Subset). Accuracy is reported in %, and efficiency is mea-
sured as the number of frames or captions used per video.

Table 3. Comparison of training-free or plug-and-play methods on
NEXT-QA. Results are quoted from Park et al. [45] for fair comparison.
Accuracy is reported as average accuracy (%), and efficiency is measured
as the number of frames used per video.

Method Acc. (%) Frames/Captions Used
- Method Acc. (%) Frames/Captions Used
VideoAgent [59] 60.2 8.4 -
VideoTree [63] 66.2 62.4 VideoTree [63] 73.5 56
LVNet [45] 68.2 12 VideoAgent [59] 71.3 8.2
LLoVi [77] 57.6 180 LLowi [/7] 67.7 %0
MC-ViT-L [4] 62.6 128+ ProviQ [9] 64.6 60
SeViLA [72] 63.6 32
GPT-40 [44] + REVISE 60.6 9.8 LVNet [45] 61.1 12
GPT-40 [44] + REVISE 63.8 8.4

Comparison across Baselines. We report a comparison
with EgoSchema [42] and NExT-QA [66] in Table 2 and
Table 3. On EgoSchema (subset), GPT-40+REVISE achieves
60.6% with 9.8 frames, operating in essentially the same
small-budget regime as VideoAgent [59] while avoiding any
captioner. Relative to selection- or caption-heavy pipelines,
REVISE uses far fewer visual inputs, for example, about
6x fewer than VideoTree [63] and over 13—-18 x fewer than
LLoVi [37] and MC-ViT-L [4], highlighting our emphasis
on sparse, direct frame reasoning. On NExT-QA, REVISE
achieves 63.8% with 8.4 frames, outperforming LVNet [45]
and matching SeViLA [72], while using 3—4 x fewer inputs.
Compared with the strongest baselines, REVISE trades some
accuracy for simplicity and efficiency: it uses ~6-7 x fewer
frames than VideoTree and remains in the same ultra-low-
frame regime as VideoAgent without relying on caption
models. We also evaluate REVISE on additional benchmarks
with the same backbone models (Table 12).

Ablation on Frames and Turns. We provide detailed ab-
lation tables in the supplementary. Table 7 shows that in-
creasing the allowed turns consistently lifts accuracy while
keeping the frame budget low: the best single-turn setting
reaches 38.3% with 4.60 frames, two turns reach 39.0% with
fewer frames (3.20), and three turns reach 41.6% at ~4.0

frames. Allowing four turns yields the best point, 42.1%
at just 2.89 frames, while average total rounds remain well
below the allowed maximum (=/2.3), indicating early stop-
ping. The accuracy—frames Pareto frontier (Figure 4) is
monotonic: as the controller is permitted more turns, it at-
tains strictly better accuracy at strictly lower frame budgets.
These trends support our design that multi-round, summary-
conditioned selection concentrates evidence into a few tar-
geted frames, improving answer quality without incurring
large token costs.

Component Ablation. Table 8 highlights the complemen-
tary roles of the persistent summary-as-state and its struc-
tured fields (P/O/H/U/R). Removing state carryover
causes large regressions in accuracy (—18.34%) and nearly
doubles computational cost, as the model must repeatedly
reconstruct context. Similarly, removing the structured be-
lief/uncertainty/rationale fields leads to substantial drops
and the largest runtime increase (+32.14s), indicating that
explicit state propagation is critical for stable multi-round
reasoning. Ablating both yields the worst accuracy (20.24%).
In contrast, the full model achieves the best accuracy while
requiring the fewest turns and lowest latency.
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Table 4. Comparison across baseline categories and REVISE (RFT).

VideoEspresso
Method Acc. (%) Frames Rounds Time (s)
Direct Reasoning 12.6 8.0 1.00 1.02
Plug-and-Play 20.1 5.2 1.86 1.73
Supervised Format Fine-Tuning 21.3 5.0 1.52 1.67
Reinforced Fine-Tuning 27.8 4.1 1.37 1.02
NExXT-QA
Method Acc. (%) Frames Rounds Time (s)
Direct Reasoning 23.6 8.0 1.00 0.88
Plug-and-Play 31.7 53 1.74 1.22
Supervised Format Fine-Tuning 27.3 5.1 1.65 1.13
Reinforced Fine-Tuning 51.3 3.9 1.32 0.62

4.2. Reinforcement Fine-Tuning

According to Tab. 4, REVISE further enhances the video un-
derstanding capabilities of vision-language models (VLMs)
when combined with reinforcement fine-tuning. In this set-
ting, the underlying VLM is trained to make better multi-
round decisions: what frames to request, how to update
its summary-as-state, and when to stop, while keeping the
visual encoder fixed.

Training Setup. We employ the multi-round formulation in
§3.1 and optimize the policy via GRPO [12, 49]. Specif-
ically, we follow the same setup as RAGEN [62]. We
apply our verifier-guided reward (EAGER) that assigns
credit based on three signals: (i) confidence gain after
new frames are added, (ii) summary sufficiency, measured
by whether the final answer is recoverable from the last
<summary> alone, and (iii) correct-and-early stopping that
rewards answering correctly within a small turn budget.
The policy is trained on the training split of each dataset
using sampled trajectories (1-3 turns, depending on bud-
get), while the summary-as-state is fully externalized and
updated at every step. We use Qwen2.5-VL-3B [3] as
the backbone model due to computational cost. Because
3B-scale VLMs have limited instruction-following capabil-
ity, we first distill 8,000 multi-round conversations from
GPT-40 [44] under the “plug-and-play” setting and per-
form a short format fine-tuning stage to teach the model
to reliably follow the structured protocol (<summary>,
<frames>, <answer>), i.e., output <summary> plus ei-
ther <frames> (request) or <answer> (final). During
reinforcement learning, we adopt the same configuration
as Section 4.1, using max_frames_per_round=3 and
max_rounds=4.

Baselines. We compare against three categories of baselines:
(i) direct video-understanding models that process all given
frames in a single forward pass; (ii) the plug-and-play set-
ting without parameter updates; and (iii) supervised format
fine-tuning. All methods are evaluated under a controlled
frame budget (typically 3-8 frames per video) to highlight
improvements in selection quality and reasoning efficiency.
Metrics. We report answer accuracy, the average number of

frames used per example, the number of reasoning rounds,
and end-to-end inference time. All methods follow the same
output constraints for fair comparison.

Results. Across both datasets, REVISE with reinforcement
fine-tuning delivers the strongest performance while simulta-
neously improving efficiency. On VideoEspresso, REVISE
achieves 27.8% accuracy while using only 4.1 frames and
1.37 rounds, outperforming both plug-and-play inference
(20.1%) and supervised fine-tuning (21.3%) under the same
frame constraints. Notably, REVISE matches the runtime
of the single-pass baseline (1.02 s) despite requiring multi-
round interaction, demonstrating effective early stopping and
tight summary-guided control. On NEXT-QA, the gains are
even more pronounced: REVISE reaches 51.3% accuracy,
surpassing plug-and-play (31.7%) by nearly 20 percentage
points, while reducing frames from 5.3 to 3.9 and rounds
from 1.74 to 1.32. Reinforcement fine-tuning also cuts in-
ference time nearly in half (0.62 s vs. 1.22 s). These results
highlight that REVISE learns to select highly discrimina-
tive frames and terminate earlier, achieving substantially
better video reasoning ability than both the direct VLM and
supervised fine-tuning baselines.

5. Conclusion

We address two challenges in long-video VLM QA: informa-
tion overload and weak awareness of key evidence. REVISE
is a frames-only, multi-round framework that requests a few
query-relevant frames, maintains an explicit summary-as-
state in <summary> with fixed fields P/O/H/U/R, and
stops early when confident. This design concentrates ev-
idence, keeps token usage low, and preserves cross-turn
coherence without modifying the backbone VLM. Across
standard VQA benchmarks, REVISE achieves competitive
accuracy with single-digit frames on average, often with
fewer rounds and lower prompt cost than caption-heavy or
dense-frame baselines. Reinforcement fine-tuning further
improves open-source VLMs by aligning frame selection,
summary quality, and stopping behavior. It yields higher
accuracy under the same frame budget. Limitations. RE-
VISE still has several limitations. (1) Backbone dependence:
performance depends on the underlying VLM’s visual fi-
delity and temporal reasoning, and weaker backbones can
degrade the summary state; (2) Interaction latency: multi-
round querying introduces additional API calls; single-shot
models can be faster under strict latency constraints; (3)
Frame granularity: the current system selects whole frames
rather than spatial regions, which may limit efficiency on
tasks requiring fine-grained localization. Future work could
explore adaptive spatial cropping, stronger vision encoders,
and extending REVISE to open-ended generation tasks be-
yond multiple-choice QA.
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