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Abstract

Current Video-LLMs lack human-like temporal
screening capabilities and their behavioral man-
ifestations (e.g. scrubbing the seek bar), strug-
gling with fine-grained semantics under a static,
sparse frame-sampling paradigm. We introduce
Temporal Visual Screening (TVS), a cogni-
tively inspired task formalized as an endomor-
phic transformation Frygs : (V,Q) — (v,q)
that maps a task instance to a computationally
tractable, semantically coherent one within the
same bimodal space, excising irrelevant seg-
ments while synchronously rewriting the query
to ensure answer invariance. As a modular
front-end adapter, TVS plugs into both Video
Instruction Tuning (training) and Video Ques-
tion Answering (inference) pipelines. We re-
lease the first dedicated benchmark and pro-
pose ReSimplifylt, a baseline that surpasses
prior methods from similar tasks by 0.40 F-1
with competitive query rewriting. Integrating
TVS yields significant relative gains of 7.33%
in training and 33.7% in inference, validating
our approach for video-language understand-
ing.!

1 Introduction

Human cognition optimizes information process-
ing via a two-stage control mechanism: a fast, pre-
attentive screening to prune redundancy, followed
by focused reasoning on a compacted, goal-aligned
representation (Treisman and Gelade, 1980; Wolfe,
1994; Zacks et al., 2007; Hochstein and Ahissar,
2002). Behaviorally, this manifests as scrubbing
the seek bar to locate regions of interest before
detailed viewing (Wu and Xie, 2024), minimizing
Extraneous Load to purify Germane Load (Sweller,
1988; Mayer and Moreno, 2003; Paas et al., 2003),
enabling goal-oriented problem reconstruction be-
fore further reasoning.
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In contrast, current Video-LLMs (Chen et al.,
2023; Li et al., 2023a; Xu et al., 2024a; Maaz et al.,
2024; Li et al., 2024c; Ma et al., 2024) ingest all
frames uniformly and confront the full reasoning
load of the raw (Video, Query) instance. Without
reasoning-guided temporal skimming, superfluous
perceptual burdens dilute semantic focus on critical
segments and inject noise, weakening supervision
signals during training (Lin et al., 2024; Zhang
et al., 2025) and reducing task-oriented focus at
inference.

Traditional grounding or grounded QA (Xiao
et al., 2024; Chen et al., 2024a) fails to address
these issues: it relies on depictive-level similarity
and perceptual-level alignment to enhance visual
cues, while the underlying problem—goal misalign-
ment runs deeper—queries often entangle multi-
hop temporal, relational, and causal dependencies
with sparse, weakly localized visual evidence.

This calls for an interpretable, controllable, goal-
oriented mechanism that jointly optimizes reason-
ing structure and cognitive load while treating in-
put modalities as a whole. We propose Temporal
Visual Screening (TVS), a cognitively inspired en-
domorphic transformation:

Frvs : (V, Q) — (v,q)

that reconstructs a computationally tractable, se-
mantically coherent instance within the same multi-
modal task space. TVS is goal-invariant by design,
aligning with the fixity of the Goal State in Problem
Space Theory (Newell and Simon, 1972), sharp-
ening cognitive-level multimodal alignment, and
focusing subsequent multimodal understanding.
TVS yields four concrete benefits: (i) Train-
ing alignment: under fixed budgets, removing off-
target supervision boosts gradient signal-to-noise
ratios and reduces spurious correlations; (ii) Infer-
ence robustness: offloading non-informative per-
ceptual burdens shortens the implicit reasoning pro-
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https://github.com/LordUky/Temporal-Visual-Screening
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Figure 1: Input and output example of the TVS task as a side-by side comparison to a superficially similar task:
temporal localization. TVS focuses on goal-driven cognitive alignment and performs reasoning-guided problem
reconstruction through information screening, whereas grounding only emphasizes perceptual alignment and locates

depictive level visual evidence by direct moment retrieval.

gram, unleashing reasoning capabilities; (iii) Inter-
pretability: the compact (v, q) is a controllable,
faithful artifact exposing model bottlenecks; (iv)
Generalizability: as a model-agnostic front-end,
TVS benefits diverse VideoQA agents.

We present ReSimplifylt, a plug-and-play multi-
agent framework drawing on cognitive science prin-
ciples to ReSiliently improvise and qualify pro-
posals Iteratively. Each screening round runs a
language-only Launcher that hypothesizes a trim-
ming instruction and rewritten query (using the
intrinsic cross-modal relation as a prior), a Valida-
tor that executes and critiques these plans through
a Viewer module, and memory trackers for self-
correction. This operationalizes a competence-
from-consequence (Brooks, 1991) principle: trial
execution provides constructive feedback that tight-
ens the coupling between hypothesized reasoning
structure and available evidence.

‘We further construct YouCooklII-TVS, the first
benchmark dedicated to evaluating TVS as a joint
transformation over video and query, enabling as-
sessment of both screening quality and downstream
VideoQA performance.

Through quantitative benchmarking on both
downstream training and inference, we show that
TVS is a non-trivial task that remains far from
solved and reveals a key bottleneck for downstream
VideoQA reasoning, deserving independent formu-
lation, benchmarking, and study.

To our knowledge, ours is the first work to for-
mally recognize that grounding and trimming a

video creates a semantic mismatch with complex,
context-dependent queries, to formalize the task on
this premise, and to extensively explore temporal
filtering within the Video-LLM framework. Our
results show that TVS not only improves inference-
time performance but also enables more structured
and effective training through finer-grained multi-
modal alignment, paving the way for scalable, inter-
pretable, cognitively-inspired video-language un-
derstanding systems.

The main contributions of this work are summa-
rized below:

* We propose temporal visual screening (TVS), a
novel cognitively-inspired task that guides task-
aware reasoning structure filtering and addresses
a key bottleneck in multi-modal alignment. We
also release YouCooKkII-TVS, a benchmark with
238.2 hours of video and 2,754 questions.

* We introduce ReSimplifylt, the first baseline for
the TVS task: a model-agnostic plug-in compat-
ible with any existing videoQA or instruction-
tuning pipeline.

* We quantitatively evaluate TVS in VideoQA and
Video Instruction Tuning, where our method de-
livers over 10% and 5% absolute gains at infer-
ence and training, respectively, across multiple
strong baselines and benchmarks.
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Figure 2: Snapshot examples of the workflow of our proposed ReSimplifylt framework.

2  Formulation of Temporal Visual
Screening (TVS)

2.1 Task Definition

TVS is elegantly designed to pinpoint critical
video focus without altering data formats, ensur-
ing full procedural compatibility with any existing
VideoQA and Video Instruction Tuning pipelines
as a front-end adapter. Refer to Figure 1 for il-
lustration. Formally, given a full-length video
V = {F1, Fy,...,Fr} consisting of T" ordered
frames and a natural language query @, the Tem-
poral Visual Screening (TVS) task aims to output:
* areconstructed query ¢, derived from (), and

* anew continuous video

U:{F817FS1+17"'7F617 F827F32+17"'a
Fey, ..., Fs ,Fs +1,....,F, } CV

being the concatenation of n non-overlapping
segments of the original video, where 1 < 57 <
en <Tandn >1,
such that v contains the minimal but sufficient vi-
sual information to correctly answer ¢, and pre-
serves low-level temporal continuity essential for
motion, spatial, and object-level reasoning. Specif-
ically, we define a function:

Frvs 1 (V,Q) — (v,q)
subject to the efficacy conditions given next.

Efficacy conditions for TVS Maintaining both
uni-modal efficacy and cross-modal synergy, TVS
facilitates temporal visual focus by trimming out
insignificant segments of the video, while syn-
chronously reconstructing the text query to preserve

original semantic alignment. For demonstration,
refer to the Appendix. The transformations ap-
plied to g and v must be tightly coupled to preserve
answer consistency despite input reduction, ensur-
ing semantic alignment and outcome equivalence
between the reduced input and the original task.
Formally, It must meet the following:

1. Continuity for Video Output: v must be a
temporally contiguous subsegment of V, or
a concatenation of such segments, preserving
low-level visual integrity necessary for track-
ing motion, appearance, and scene dynamics.

2. Minimal Sufficiency for Answer: A frame
F, € w is included if and only if re-
moving it would alter the model out-
put: 3da such that M(q,v \ {F;}) = a +
da, |da] > € where € is a task-specific
confidence or semantic tolerance threshold.
This guarantees that each included frame con-
tributes non-trivially to the answer.

3. Reasoning Minimality for Query Output:

¢* = argmin Infer(q)
q

where Infer(g) denotes the number of reason-
ing steps needed to derive the answer from
visual input. For example, reasoning on the
phrase “within 5 seconds after event A” re-
quires three reasoning steps on the temporal
axis: localization on event A, relational rea-
soning on “after”, and temporal reasoning on
“5 seconds”. This ensures that g focuses on
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a minimal grounded fact answerable within a
concise visual span.

4. Cross-modal Synergy: For any reasonable
VideoQA agent M, the answer to ¢ given v
must match the answer given the full video:

VM, M(q,v) = M(Q,V).

This enforces that v retains all information
necessary to support the same answer as the
full input, regardless of model architecture.

This formulation enables precise, interpretable
alignment between question, answer, and visual
evidence, while ensuring temporal coherence and
model-agnostic consistency. Refer to Figure 3 for
more demonstrations of the TVS task.

2.2 Integrating TVS into Video-LLM
Workflows

Temporal Visual Screening (TVS) can be effec-
tively incorporated into both the training and in-
ference workflows of video-language models, en-
abling cleaner supervision, stronger alignment, and
more interpretable model behavior. Below, we de-
scribe two major modes of application.

TVS for Inference-Time Simplification in Video-
LLMs At inference, TVS acts as a lightweight
pre-processing module. Given a video V' and query
Q, it identifies a salient segment v and reconstructs
a simplified query ¢ (see Section 3). This yields a
new input pair (v, ¢), reducing the temporal and se-
mantic complexity the model must handle. Rather
than processing the full video or ambiguous and
overgeneralized instructions, the model concen-
trates on compact, relevant content, facilitating
fine-grained temporal reasoning and direct visual
grounding. This design aims to improve inference
efficiency, robustness, and interpretability.

TVS for Improving Training-Time Visual-
Language Alignment Training Video-LLMs of-
ten involves complex supervision tuples (V, @, a),
where queries may be abstract or multi-hop. TVS
mitigates this by transforming them into more com-
pact triples (v, ¢, a), where v is a high-utility seg-
ment and q is a grounded reformulation of the orig-
inal query. This decomposition offloads off-target
supervision to upstream modules, allowing the
model to specialize in two core competencies: tem-
poral understanding and multimodal alignment.

3 Method
3.1 ReSimplifylt Framework

Drawing inspirations from dynamic and interactive
attention deployment (Treisman and Gelade, 1980;
Wolfe, 1994) and humans’ information screen-
ing process by dragging the video’s progress bar,
we propose our multi-agent ReSimplifylt frame-
work. The framework is composed of three main
agentic components: the Launcher, the Valida-
tor, and the Viewer, accompanied by two extra
helper modules as memory trackers: the Failure
History and the Success History. For implementa-
tion details, please refer to Section 4. We denote
{(vr,qr)|1 < r < R} as the whole TVS process,
where v, ¢, represents the output video clip and
question of the rth round, respectively, and R sets
the maximum number of rounds. Refer to Algo-
rithm 2 for the complete algorithm of our TVS
process performed by our ReSimplifylt framework,
and Figure 2 for a snapshot demonstration.

Initiating a TVS Round: Launcher drafting a
video trimming instruction The TVS process
unfolds over iterative rounds, akin to how humans
drag the progress bar multiple times based solely
on empirical surmise before actually viewing the
video content. In each round r, a Launcher module
generates a trimming instruction ¢, and a revised
query ¢, as a trial, where the trimming instruction
may only contain high-level semantics yielding a
declarative goal (e.g. “keep the clip after event
X instead of “clip([5s,10s])”), based solely on the
previous query ¢,_1, without vision access. This
trial-based methodology strikes an effective bal-
ance between performance and efficiency as the
inherent semantic relevance between the query and
video input can thereby serve as a prior to enabling
plausible instruction generation without video ac-
cess.

Akin to human landing on undesired segments
after dragging the progress bar, we equip the
Launcher module with self-correction based adap-
tive refinement mechanisms to tackle rare failure
cases and ensure correctness. Specifically, we
maintain two memory tracker modules: Success
History (SH) and Failure History (FH). A suc-
cessful trial is added to SH and terminates the
round; otherwise, it is recorded in F'H and retrig-
gers the Launcher with updated feedback.

We formalize the Launcher’s behavior as:

(ir,qr) = Launcher(g,—1, FH,SH,t)
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where ¢ denotes the task prompt.

Our feedback-driven formulation achieves iter-
ative self-correction, a key distinction from prior
work (Wang et al., 2024b; Shang et al., 2024). It
decomposes the task into progressive rounds to en-
able iterative self-correction and foster structured
reasoning, which enhances multi-hop robustness
while minimizing correction costs. The lightweight,
video-free Launcher further boosts efficiency by
performing abductive reasoning on the language
query without sacrificing fidelity.

Validating a trial: Validator executing instruc-
tion The Validator module receives the high-
level instruction ¢, from the Launcher and deter-
mines its success through execution. The module
performs two tightly coupled tasks: (i) assessing
the feasibility of the instruction (i.e., whether it is
able to succeed), and (ii) executing the instruction
to obtain results or feedback. Unlike the Launcher,
the Validator has indirect access to visual seman-
tics by interacting with the Viewer module while
not taking visual inputs or frame captions itself.
It returns a tuple (d,., m,.), where:

¢ d, indicates whether the instruction is deemed
succeeded (feasible) or failed (infeasible),

* m, contains either the resulting trimmed
video (in the form of timestamp ranges) if
successfully executed the instruction, or an
explanation if failed.

(dr,m,) = Validator(i,,v,—1,t)

Here, Validator() denotes the Validator mod-
ule, v,_1 is the previous video state, and ¢ is the
task prompt.

The Validator may also decide to call the Viewer
module before returning to Launcher. In this sce-
nario, d, and m, stand for this decision symbol
and the message to the Viewer, respectively.

Our unified Validator assesses plan viability via
direct execution rather than handcrafted rules, em-
bodying a “competence from consequence” philos-
ophy (Brooks, 1991). This integration simplifies
control flow and reduces inter-module communica-
tion. Crucially, failures are not terminal but provide
constructive feedback for the Launcher to refine
instructions, transforming execution into a mecha-
nism for both validation and continual adaptation.

Scanning the video: Viewer scanning and lo-
calizing Inspired by the Bottom-Up (stimulus-
driven) and Top-Down (goal-driven) Activation

schema proposed by GS2.0 (Wolfe, 1994), which
also guides humans’ scrubbing the seek bar when
watching videos, we design the Viewer module to
explicitly incorporate two complementary tasks:

(i) Scanning: summarize the content of a video
snippet given a timestamp range;

(ii) Localizing: retrieve a timestamp range given
a text summarization of a video snippet.

Following complementarily symmetric task
structure, this design of the Viewer module
achieves elegant and efficient bidirectional naviga-
tion by providing both top-down (content-driven)
and bottom-up (time-driven) exploration, making
the Viewer module highly flexible.

To support both tasks, we first perform a two-
stage keyframe extraction and captioning process:
(1) extract I-frames using MPEG-4 compression
to capture key visual content, and (2) apply a dy-
namic frame clustering algorithm to select the final
keyframes, which adaptively adjust the number of
clusters without supervision. Compared to frame
clustering techniques in previous work (Wang et al.,
2024c), this approach demonstrates stronger gen-
eralizability and robustness. For the algorithm of
the keyframe extraction process, please refer to
algorithm 1. This pre-processing is denoted as:

C = prep(start, end).

Scanning executes by summarizing the snip-
pet content via LLM reasoning over C, optionally
querying additional frames, and is denoted as:

Cap = Scanner(prep(start, end), t).

Localizing follows a lightweight three-stage
search: (1) locate top-k candidate timestamps, (2)
select the best, and (3) expand it into a full range.
The LLM may optionally query extra frames for
confirmation, ensuring minimal frame access while
maintaining accuracy. This process is denoted as:

(tstarts tena) = Localizer(prep(0,d), q).

This lightweight yet effective three-stage design
achieves fine-grained temporal grounding with min-
imal overhead, showcasing the Viewer’s adaptabil-
ity and plug-and-play potential.

Algorithms of the keyframe extraction and local-
ization stages are provided in appendix A.

3.2 TVS-guided inference

Attributed to its endomorphic property, TVS can
serve as a plug-and-play adapter process for any
VideoQA pipeline, including both inference and
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training stages. Given the input question () and
video V, TVS-guided inference is conducted as:

response = VideoQA(v, q)
v,q=TVS(V,Q)

where VideoQ A can be any VideoQA pipeline,
including video-LLMs, LL.M-assisted pipelines, or
any others alternatives, and 7'V'S() stands for the
Temporal Visual Screening process.

3.3 TVS-guided training

TVS can also be applied to training stage to purify
supervision signal. Given input question (), input
video V, and ground truth answer a, we compute
the likelihood during the TVS-guided training as:

p(XA ‘ XV,XQ) = Hpg (XK] | XV’XQ’Xl[izifl])
1=1

XAnyaXV = ft(a)yft(Q)va(’U)

v,q=TVS(V,Q)

where f;, f, are the text and visual tokenizers.

4 Experiment Settings
4.1 YouCooKkII-TVS benchmark

As TVS is a new task, few benchmarks is capable
of performing the evaluation. While some studies
(Lei et al., 2018; Chen et al., 2024b; Lei et al.,
2020) have explored grounded VideoQA which
may be mistakenly seen as equivalent, they mainly
focus on improving visual evidence. See Appendix
F for details. The synchronous update of video
and query inputs in TVS naturally resolves any
potential semantic mismatch, maximally enhancing
generalizability and adaptability of our work.

To bridge this gap, we introduce the YouCookII-
TVS benchmark, which provides both TVS
and standard VideoQA labels. Built upon the
YouCooklI dataset (Zhou et al., 2018), it comprises
2,754 datapoints split into training, validation, and
test sets (roughly 7:2:1). This dual-task bench-
mark enables unified evaluation of both TVS and
VideoQA. Refer to Appendix B for more details.

4.2 Datasets and Benchmarks

We conduct the evaluation from three aspects.
Firstly, we evaluate the quality of the TVS pro-
cess on YouCookII-TVS (Section 4.1). Next,
we examine the impact of TVS on down-
stream VideoQA performance across the fol-
lowing benchmarks: YouCookII-TVS, which

supports evaluation of both the TVS process
and VideoQA performance; ActivityNet-QA (Yu
et al, 2019), NExT-OE (Xiao et al., 2021),
Video-MME (Fu et al., 2024), MLVU (Zhou
et al., 2024a), LVBench(Wang et al., 2024a), and
EgoSchema (Mangalam et al., 2023). Lastly,
we investigate the role of TVS in video instruc-
tion tuning by fine-tuning Video-LLM baselines
on YouCookII-TVS, and comparing their down-
stream performance across various benchmarks.
For NExT-QA (Xiao et al., 2021), we conduct
open-ended generation during inference and map
predictions to MCQ format using GPT-3.5, en-
suring consistent evaluation across baselines and
benchmarks (see the Appendix for details).

4.3 Implementation Details

We provide implementation details in Appendix D.

4.4 Baselines

Temporal Visual Screening Considering the
lack of baselines of the new TVS task, we adopt
two baselines from the training-free temporal local-
ization task which are considered to be robust and
generalizable to unseen datasets, to make a side-
by-side comparison of the video output alone of
TVS. Specifically, we adopt VITG-GPT (Xu et al.,
2024b), a proposal-based method which made one
of the first attempts to training-free video temporal
grounding, and Zheng et al. (2024a)’s work which
comprehend candidate proposals based on both
static and dynamic matching scores. For the query
output of the TVS process, we report open-ended
evaluation result of our proposed framework.

TVS-guided inference Integrating TVS as a
front-end module into existing VideoQA agents
yields a novel VideoQA framework. We adopt sev-
eral Video-LLMs—Video-ChatGPT (Maaz et al.,
2024), Video-LLaVA (Lin et al., 2023), ChatU-
niVi (Jin et al.,, 2023), LLaVA-NeXT (Liu
et al., 2024b), InternVL3.5 (Wang et al., 2025),
Qwen2.5VL (Bai et al., 2025b), Qwen3VL (Bai
et al.,, 2025a), LLaVA-OneVision (Li et al.,
2024a)—as representative baselines. We also
examine LLM-assisted frameworks such as
VideoTree (Wang et al., 2024c) and VideoA-
gent (Wang et al., 2024b), which, unlike the static
encoding approaches of Video-LLMs, dynamically
extract video frames based on the textual query.

TVS-guided training Following Section 3.3,
we performed video instruction tuning on Video-
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Method Temporal Relational =~ Timepoint Indexed  Multifaceted Integrative Average
mloU F1 | mloU Fl1 | mloU F1 | mloU  F1

VTG-GPT (Xu et al., 2024b) | 0.17 0.29 0.15 0.26 0.16 0.24 0.16  0.27
Zheng et al. (2024a) 0.11 0.19 0.04 0.08 0.06 0.10 0.07 0.12
ReSimplifylt (Ours) 0.23 0.37 0.98 0.99 0.47 0.64 0.56 0.67

(a) Results on video output
Method Temporal Relational ~ Timepoint Indexed  Multifaceted Integrative  Average
ReSimplifyIt (Ours) 66.8 78.5 72.8 72.7
(b) Results on query rewriting
Table 1: Stage-1 evaluation results on YouCookII-TVS dataset.
.| ActivityNetQA | YC2TVS |EgoSchema| LVBench MLVU |Video-MME | NExT-OE
Method Size ‘

w/tvs w/o w/tvs  w/o |w/tvs w/o |w/tvs w/o |w/tvs w/o |w/tvs w/o |w/tvs w/o

Video-ChatGPT (Maaz et al., 2024) | 7B | 58.5 50.5 38.9 2891|29.2 230|235 229|225 18.6 |31.1 295 | 49.8 415
Video-LLaVA (Lin et al., 2023) 7B | 61.2 52.1 432 324|438 40.0 | 26,5 232|319 275|434 39.1 |48.0 433
ChatUniVi (Jin et al., 2023) 7B | 63.2 52.0 56.5 474 - - — - - - - — 345 259
LLaVA-NEXT (Liu et al., 2024b) 7B | 67.8 62.5 582 48.6 | 38.6 38.2 | 31.4 23.8 | 34.2 283|438 40.3 | 523 437
InternVL3.5 (Wang et al., 2025) 8B | 59.9 57.2 515 457|672 61.8 463 39.6 | 468 451|604 569 |59.1 539
InternVL3.5 (Wang et al., 2025) 14B | 60.1 58.9 52.1 488 |70.6 67.6 | 47.8 429 | 465 452 | 62.2 61.1 | 58.2 55.6
Qwen2.5-VL (Bai et al., 2025b) 3B | 57.6 55.8 479 403 | 61.8 57.2 | 442 363|453 413 |59.0 57.7 | 548 51.6
Qwen2.5-VL (Bai et al., 2025b) 7B | 58.0 55.2 48.0 41.1 | 68.2 664 | 43.0 348 | 43.1 37.6 | 60.0 58.5 |552 534
Qwen3-VL (Bai et al., 2025a) 4B | 59.9 57.7 48.0 456|712 70.2 | 43.2 375|49.0 42.8 | 60.5 60.6 | 61.1 58.2
Qwen3-VL(Bai et al., 2025a) 32B| 60.9 60.5 478 452|728 726 — - 449 387 |64.0 612 | 61.4 589

LLaVA-OneVision (Li et al., 2024a) | 4B - - - - 18.6 182 | - - 135 55 - - - -

LLaVA-OneVision (Li et al., 2024a) | 8B | 32.4 27.5 - - 384 325 - - 141 122 | 51.1 513 - -
VideoAgent (Wang et al., 2024b) - |6L5 602 [539 384| - - | — - | - - | - - |478 496
VideoTree (Wang et al., 2024c) - | 63.6 59.0 694 57.1 - - - - - - - - 619 57.7
GPT-40 (OpenAl et al., 2024a) - |75.65 722 |73.84 63.59|72.38 71.17|46.22 35.04|48.92 44.73|66.91 61.63 |62.25 54.9
GPT-4.1-mini (OpenAl et al., 2024b) | - |77.07 75.19 |76.04 68.74|71.12 72.02|46.35 34.43|50.67 39.90|62.45 61.20 [68.93 57.45
GPT-4-turbo (OpenAl et al., 2024b) - | 771 7434 [79.39 70.61|69.20 66.60| — - - - - - 17035 614

Table 2: Evaluation results of TVS-guided inference. Bold values indicate the better-performing result for each
baseline, comparing the with TVS v.s. without TVS configurations on each benchmark.

ChatGPT (Maaz et al., 2024), Video-LLaVA (Lin
et al., 2023), and ChatUniVi (Jin et al., 2023)
on YouCookII-TVS. We kept the LLM backbone
frozen, and only tuned their multimodal projectors.

5 Evaluation Results

We highlight the importance of the TVS task, as
it addresses a core bottleneck in VideoQA by en-
abling models to screen for semantically aligned
moments in long videos by abstracting task-level
semantics and guiding modality-aware information
filtering, which in turn enhances multi-modal align-
ment. In this section, we reveal its importance
through: (1) using ground-truth TVS significantly
boosts performance (e.g., +7.3% relative gain in
Table 3), showing its potential as a key supervision
signal; (2) current methods fail to solve TVS ef-
fectively (Table 1), calling for dedicated solutions.
These motivate our design of ReSimplifylt as a
plug-and-play approach to this essential task.

Temporal Visual Screening Our ReSimplifylt
framework outperform both baselines significantly,
on every metric and subset of our YouCookII-TVS
benchmark. On the average performance of the
whole test set of YouCookII-TVS, ReSimplifylt
achieved an mloU score higher than 300% of the
baselines’ performance. For query reshaping, our
proposed framework also achieved notably good
performance. Refer to Table 1 and Table 5 for
results. We provide the prompt in Appendix E.

Ablation Study of ReSimplifyIlt Framework
We conduct ablation study on ReSimplifylt frame-
work to evaluate the effectiveness its design. More
details are provided in Appendix C.

TVS guided inference As shown in Table 2 and
Table 6, nearly all baselines - ranging from open
source models of different sizes and architectures
to proprietary models - saw solid absolute perfor-
mance gain, suggesting that Video-LLMs largely
suffer from superfluous cognition noise. The con-
sistent performance gains across all benchmarks
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Method ActivityNetQA | YouCookII-TVS NExT-QA NExT-OE
w/tvs w/o w/tvs w/o witvs  w/o | w/tvs  w/o
w/o tvs 57.4 49.8 45.1 35.6 48.6 413 | 462 40.0
Video-ChatGPT w/ tvs (gt) 62.7 54.4 49.8 38.9 51.0 457 | 492 435
w/ tvs (pred) | 60.0 51.3 48.2 37.1 49.6 443 | 487 41.9
w/o tvs 53.9 45.1 46.3 35.9 502 478 | 47.0 39.1
Video-LLaVA w/ tvs (gt) 57.0 48.9 52.6 41.6 557 508 | 52.1 449
w/ tvs (pred) | 54.2 46.9 48.1 37.4 51.0 493 | 507 41.8
w/o tvs 63.2 50.0 62.4 57.4 - - 29.0 225
ChatUniVi w/ tvs (gt) 65.6 54.4 67.8 63.8 - - 343 260
w/ tvs (pred) | 64.9 52.6 62.8 61.6 - - 32.1 24.0

Table 3: Evaluation results of TVS-guided training by downstream inference. On the rows, w/o tvs, w/tvs (gt), and
w/tvs (pred) indicates training with vanilla YouCookII-TVS dataset, training with ground truth TVS labels, and
training with the predicted TVS results, respectively; on the columns, w/o tvs and w/tvs indicates the inference

mode.

underscore the universality of this general reason-
ing load optimization problem across diverse tasks
and scenarios. In contrast, both LLM-assisted
reasoning frameworks saw smaller gain. We hy-
pothesize that the design and implementation of
these frameworks have intrinsically incorporated
the TVS process, by leveraging strong reasoning
ability of external LLMs or multi-turn interaction.

TVS guided training All checkpoints trained
on ground truth TVS labels achieved stable per-
formance gain over their counterparts trained on
the vanilla YouCookII-TVS benchmark, which per-
formance gain of the checkpoints trained on the
predicted TVS output of ReSimplifylt framework
were weaker. We argue that TVS-guided train-
ing benefits Video-LLMs better, particularly when
faced with untrimmed videos and complex text in-
structions requiring multi-hop reasoning. Refer to
Table 3 for further details.

6 Efficiency Analysis

We now quantify the practical overhead of the
TVS screening loop against the savings it yields
downstream.  To remain comparable across
hardware, API endpoints, and network con-
ditions, we report hardware-agnostic proxies—
LLM/tool/caption call counts, output tokens, du-
ration reduction, and screening success rate—
together with closed-loop metrics under realistic
frame budgets.

Cost drivers and screening effectiveness. For
each sample we record the number of external LLM
turns, tool invocations, total captions, and output

tokens, together with the duration ratios DurAll =
E[|v|/|V|] and DurScrn (restricted to successfully
screened samples), and Screen%, the fraction of
samples for which Frys(V,Q) # (V,Q). See
Appendix G (Tables 8, 9, and 10) for per-dataset
values and the full per-source caption breakdown.
ReSimplifylt-simple averages only ~22 captions,
3-10 LLM calls, and 300-1,500 output tokens per
sample, succeeding on 94.4%-100% of samples
across all seven benchmarks. The full multi-agent
ReSimplifylt uses more resources due to its itera-
tive refinement, with roughly half of its captions
pre-loaded in agent prompts and the rest fetched via
the Viewer’s tools. Both variants reduce videos to a
small fraction of their original duration on success-
fully screened samples—down to 1.9% (simple)
and 4.8% (full) on LVBench—with compression
strongest on the longest benchmarks.

Closing the loop under fixed frame budgets. A
naive comparison via the count of downstream
frames is misleading: a fixed budget of K frames
sampled uniformly over a long video is extremely
sparse and may under-cover the evidence, while
the same K frames concentrated on the screened
segment yield much denser coverage. To make this
precise, we define

1
DensAmp =E| ——
CHSATHD [ DurRatio] ’
EquivFr(K) = K - DensAmp,
. K + TotalCap
tRatio(K) = ———————.
CostRatio(K) EquivFr(K)

Here DensAmp captures how much denser down-
stream sampling becomes after screening: K post-
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Dataset DensAmp OT/1% CostRatio( K)

K=8 K=16 K=32 K=100

ActivityNet-QA 25.0x 3.8 0.15 0.09 0.07 0.05
YouCookII-TVS | 29.7x 39 0.13 0.08 0.06 0.04
NEXT-OE 20.7x 52 0.19 0.12 0.08 0.06
EgoSchema 6.3%x 6.0 0.59 0.38 0.27 0.19
LVBench 320.7x 15.1 0.01 0.01 0.01 0.00
MLVU 70.6 % 10.8 0.06 0.04 0.02 0.02
Video-MME 51.2x 8.8 0.08 0.05 0.03 0.02
(a) ReSimplifylt-simple
Dataset DensAmp OT/1% CostRatio( K)
K=8 K=16 K=32 K=100

ActivityNet-QA 65.2%x 39.6 0.18 0.10 0.06 0.03
YouCookII-TVS 14.7x 25.5 0.70 0.38 0.23 0.12
NExT-OE 12.3% 349 0.83 0.45 0.27 0.14
EgoSchema 25.8% 71.3 0.67 0.36 0.20 0.09
LVBench 852.8x 38.5 0.02 0.01 0.01 0.00
MLVU 308.5x 48.9 0.06 0.03 0.02 0.01
Video-MME 114.5x 432 0.12 0.07 0.04 0.02

(b) ReSimplifylt (full).

Table 4: Density amplification (DensAmp), output-
token cost per 1% of video-length reduction (OT/1%),
and visual CostRatio under four downstream frame
budgets K. Statistics are averaged over successfully
screened samples.

screening frames are equivalent to EquivFr(K)
frames uniformly sampled over the original video.
CostRatio(K) then expresses the total visual sam-
pling cost (K + TotalCap) as a fraction of the
dense-sampling cost needed to reach the same evi-
dence density. A lower CostRatio therefore means
TVS achieves the same effective evidence density
at a smaller fraction of the dense-sampling cost:
CostRatio=0.1 means the no-TVS baseline would
incur 10x the frame-sampling cost to reach the
same evidence density. We also report the output-
token cost of each 1% reduction in video duration,

E[#OutTok]
(1 — E[DurScrn]) - 100

OutTok/1%Red =

Density amplification and end-to-end cost. Ta-
ble 4 quantifies how the screening overhead is
repaid by concentrated downstream sampling.
ReSimplifylt-simple achieves 6.3 x—320.7x den-
sity amplification; on LVBench, 8 frames sampled
from the screened segment match the temporal den-
sity of 2,566 frames sampled uniformly over the
full video. The full ReSimplifylt reaches 12.3 x—
852.8x on successfully screened samples, with
output-token costs of 3.8-15.1 tokens per 1% du-
ration reduction (simple) and 25.5-77.3 (full). At
K =8, the simple variant’s CostRatio < 0.19 on
6 of 7 datasets (LVBench reaching 0.01, a ~100x
reduction); the full variant reports CostRatio €
[0.02, 0.18] on the long-video benchmarks where

it is most effective. As K grows to 16, 32,100,
CostRatio decreases monotonically across all
datasets, indicating that TVS becomes increasingly
cost-effective as downstream Video-LLMs adopt
denser frame sampling. Combined with the ac-
curacy gains of the previous section, TVS is a
practically deployable front-end whose three in-
stantiations (Appendix C) further offer an explicit
performance—cost spectrum.

7 Related Work
We provide more details in appendix F.

Video-LLMs for VideoQA Video-LLMs have
spurred a wave of models aimed at enhancing video
understanding (Lin et al., 2023; Ma et al., 2024; Li
et al., 2024b, 2023b; Liu et al., 2024b; Xu et al.,
2024a), while the sparsity and query-invariant na-
ture of their encoding limits efficacy in capturing
fine-grained spatial-temporal details.

LLM-assisted Agentic Reasoning for VideoQA
Some other work proposing robust VideoQA base-
lines opt to explore pure-text LLM assisted frame-
works or multi-agent systems for VideoQA (Wang
et al., 2024c; Shang et al., 2024; Wang et al.,
2024b). These methods adopt LLM-based methods
to serve as a scheduler, which implicitly fullfills
the TVS objective to a significant extent.

8 Conclusion

We introduce Temporal Visual Screening (TVS),
a cognitively inspired task that reconstructs
each VideoQA instance (V, () into an answer-
preserving compact pair (v, q) to purify cognition
load. We realize TVS via ReSimplifylt, a plug-and-
play, model-agnostic multi-agent framework, and
release YouCookII-TVS to benchmark screening-
centric reasoning. Across models and datasets,
TVS consistently strengthens both training-time
alignment and inference-time robustness, yielding
notable accuracy gains and exposing bottlenecks
via compact, auditable rationales, positioning infor-
mation screening as a key direction for advancing
video-language understanding.
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Limitations

While applying the initiative of information screen-
ing brings considerable performance boost, there
are still limitations and room for improvements of
our work. Firstly, as the name suggests, temporal
visual screening is only applied on the temporal
axis and is unable to filter redundant spatial visual
information. We recognize spatial visual screen-
ing as the more difficult counterpart of our task.
Secondly, although our proposed framework’s na-
ture of being plug-and-play and adaptable to any
VideoQA agent is considered as a strength, it’s
end-to-end counterpart, which may mainly relate
to Video-LLMs’ new visual encoder capable of
inter-frame reasoning and query-adaptive frame
sampling, is left unexplored. In fact, we believe
that both extending plug-and-play external modules
and improving end-to-end internal model structure
can potentially pave the way to information screen-
ing.
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A Viewer Implementation Details

Keyframe Extraction and Captioning. We uti-
lize a two-stage keyframe extraction process com-
bined with frame captioning. In the first stage,
we implement the MPEG-4 compression technique
(Le Gall, 1991) to extract all I-frames as candidate
keyframes. I-frames typically contain rich visual
content and clarity, or represent scene transitions.

In the second stage, we apply a modified Isodata
clustering algorithm to the visual features of these I-
frames, selecting cluster centers as final keyframes.
This algorithm adaptively determines the number
of clusters, unlike KNN-based clustering (Wang
et al., 2024c; Zhou et al., 2024b), which requires
a pre-defined number of clusters or external super-
vision. Our approach ensures generalizability and
robustness for diverse video types.

After clustering, we utilize an off-the-shelf
vision-language model (VLM) to generate frame
captions for the selected keyframes. The overall
process is denoted by:

C = prep(start, end)

where C' is the set of frame captions between the
given timestamps.

Scanning. Given a  timestamp  range
(start,end), the Viewer calls an external
LLM with C' to produce an overview caption. It
may query additional frames via a captioning tool
to refine its summary, mimicking how users drag to
specific timestamps for clarification. The process
is:

Cap = Scanner(prep(start, end), t)

where ¢ is the task prompt.

Localizing. To identify the timestamp range
matching a textual description, we propose a
lightweight three-stage search process:

Stage 1: We feed an external LLM the set of
keyframe captions to let it acquire an overall cap-
ture of the video content. At the same time, we
instruct the LLM to output five most possible times-
tamps that depicts the text query. The LLM is
able to call frame caption tool to acquire extra cap-
tions at arbitrary timestamps, before it’s confident
enough to output the answer. Formally:

P = stage; (prep((), d)7 €, t)

where e are extra captions and ¢ is the prompt. P
gives the resulting list of five timestamps which
depicts the language query the best.

Stage 2: We initialize the conversation and feed
it the frame captions at these five timestamps, while
instructing it to pick the one timestamp that best de-
picts the language query, out of the five candidates.
Also, the LLM is able to call frame caption tool
to acquire extra captions at arbitrary timestamps
before it’s confident enough to output the answer.

tyest = stagea (P, e,t)

where P is the output of the previous step, and ¢ is
the task prompt.

Stage 3: Last, we initialize the conversation
again, and instruct the external LLM to expand
the single timestamp ;. from the last step to a
timestamp range. The frame caption at fpeq is
provided, and the LLM is still able to acquire more
captions by tool calling to confirm the boundary.
Considering the difficulty in dealing with dynamic
transitions of events, as explored by some previous
work (Zheng et al., 2024b), we simply apply a hard
value of 5 seconds on the output. Formally:

(t,start’ t/end) = stages (tbestv €, t)

(tstartv tend) = (tlstm't — 5, t:and + 5)

This three-stage process balances precision and
efficiency by minimizing frame access while ensur-
ing robust temporal grounding. For visual clarity
of the Isodata clustering, refer to Algorithm 1 for
details.

B Details on the YouCookII-TVS
benchmark

We constructed a synthetic question-answering
dataset named YouCookII-TVS, based on the
YouCooklI dataset, to support fine-grained tempo-
ral and semantic understanding of cooking videos.
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Method Temporal Relational Timepoint Indexed Multifaceted Integrative Average
mloU Pre. Cov. FI1 ‘ mloU Pre. Cov. Fl ‘ mloU Pre. Cov. Fl ‘ mloU Pre. Cov. FIl
VTG-GPT (Xu et al., 2024b) | 0.17 0.26 032 029 | 0.15 022 030 026 0.16 023 031 024| 0.16 027 031 0.27
Zheng et al. (2024a) 0.11 0.18 021 0.19| 004 008 009 008 | 006 0.10 0.11 0.10| 0.07 0.12 0.13 0.12
ReSimplifyIt (Ours) 023 036 039 037 098 1.0 098 099 | 047 0.60 0.69 0.64 | 056 065 0.69 0.67

(a) more results on stage 1 video output

Table 5: More results on Stage-1 evaluation on YouCookII-TVS dataset. "Pre.” and *Cov.’ stands for "precision’ and

’coverage’.

B.1 Source Data Preparation

The original YouCooklI dataset (Zhou et al., 2018)
contains temporally annotated instructional videos.
Each annotation includes a segment [s;, ;] repre-
senting start and end times (in seconds), along with
a natural language description of the cooking step.

To ensure video consistency and avoid duplica-
tions, we have verified that each video clip name is
unique across the dataset source.

B.2 Annotation Grouping via Temporal
Connectivity

We define a temporal connectivity criterion to
group sequential cooking steps into higher-level
event triplets. Given two segments [s1,e;] and
[s2, e2], we define their overlap ratio as:

| min(eg, e2) — max(sy, s2)|

overlap_ratio =
P max(eq, e2) — min(sy, s2)

Two segments are considered connectable if:

Sg > S1, e >e;, and overlap_ratio <6

We set @ = 0.1 in our experiments. Using this rule,
we perform a greedy grouping of annotations into
connected segments, and extract all valid length-3
subsequences (triplets) from each group.

B.3 Triplet-Based Question Generation

Each triplet ' = {¢1, t9, 3} consists of three tem-
porally ordered steps. For each 7', we generate
nine different types of question-answer pairs by
instantiating predefined templates. The question
types are categorized into three groups:

Temporal Relational Reasoning (TRR)

e trr1: What is the cooking step after of
[description]?

* trr2: What is the cooking step before
[description]?

e trr3: What is the cooking step between
[description] and [description]?

Timepoint Indexed Reasoning (TIR)

* tir1: What is the step between timestamps
s9 and eg?

* tir2: What is the step between frame indices
fsy =s2-rand fo, = ey -r?

* tir3: What step appears within f; = (e2 —
s9) - r frames after so seconds?

Here, r denotes the video frame rate.

Multifaceted Integrative Reasoning (MIR)

e mir1: What is the first step after timestamp
82?

* mir2: What is the last step before timestamp
62?

e mir3: Within s; and e3, what is (are) the
cooking step(s) apart from [description| and
[description]?

Template instantiation is performed by replacing
placeholders with actual sentences and timestamps
(framestamps) from the triplet.

B.4 Data Structuring and Metadata
Each generated data point is stored with the follow-

ing fields:

e vid_name, vid_fname: Video ID and file-
name.

e vid_duration, vid_frame_rate: Metadata
from video parsing.

* type: One of the nine QA types.

* question:
query.

Instantiated natural language

* answer: Corresponding ground-truth step de-
scription, serving as the ground-truth label for
the VideoQA task.
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ActivityNetQA
w/tvs w/o

Video-ChatGPT (Maaz et al., 2024) | 58.5 50.5
Video-LLaVA (Lin et al., 2023) 61.2 52.1
ChatUniVi (Jin et al., 2023) 63.2 52.0
LLaVA-NEXT (Liu et al., 2024b) 67.8 62.5
VideoAgent (Wang et al., 2024b) 61.5 60.2
VideoTree (Wang et al., 2024c) 59.0 63.6

Method

YouCookII-TVS
Method TRR. TIR. MIR. Avg.
w/tvs w/o w/tvs w/o w/tvs w/o  w/tvs  w/o

Video-ChatGPT (Maaz et al., 2024) | 31.7 30.5 452 265 398 29.73 389 28091
Video-LLaVA (Lin et al., 2023) 393 374 468 282 435 31.6 432 324
ChatUniVi (Jin et al., 2023) 544 398 574 528 587 49.6 565 474
LLaVA-NEXT (Liu et al., 2024b) 46.5 44.1 659 334 622 383 582 48.6
VideoAgent (Wang et al., 2024b) 302 487 46.1 552 389 578 384 539
VideoTree (Wang et al., 2024c) 593 640 592 722 528 720 571 694

NEXT-QA
Method Tem. Cau. Des. Avg.
witvs  w/o  w/tvs w/o w/tvs w/o w/tvs  w/o

Video-ChatGPT (Maaz et al., 2024) | 45.5 237 455 567 456 430 455 442
Video-LLaVA (Lin et al., 2023) 42.8 428 504 489 551 445 522 463
ChatUniVi (Jin et al., 2023) - - - - -
LLaVA-NEXT (Liu et al., 2024b) 575 523 620 59.0 614 565 605 56.6
VideoAgent (Wang et al., 2024b) 492 473 43,6 419 51.7 51.1 47.0 450
VideoTree (Wang et al., 2024c) 624 599 577 66.1 668 723 600 652

NExXT-OE
Method Tem. Des. Cau. Avg.
witvs  w/o  w/tvs w/o w/tvs w/o w/tvs  w/o

Video-ChatGPT (Maaz et al., 2024) | 49.6 40.8 512 432 469 386 498 415
Video-LLaVA (Lin et al., 2023) 375 375 532 467 476 434 48.0 433
ChatUniVi (Jin et al., 2023) 30.8 308 369 23.1 340 264 345 259
LLaVA-NEXT (Liu et al., 2024b) 414 39.11 597 46.0 50.1 446 523 437
VideoAgent (Wang et al., 2024b) 44.1 534 488 46.0 504 526 47.8 49.6
VideoTree (Wang et al., 2024c) 52.1 61.1 58.0 60.7 644 656 577 619

Table 6: Evaluation results of TVS-guided inference on four benchmark: ActivityNetQA, YouCookII-TVS, NExT-
QA, and NEXT-OE, with the sub-categories presented in each benchmark.
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Q: what does the man in black pants do after approaching
the man in white shorts, before 00:057

Timestamp understanding

Temporal relational reasoning

Temporal localization

i, d i\t ¢t
W RN A AN
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Q: what does the man in black pants do?

A: take the suitcase.

Q: In the last shot of the show, how does the woman feel
when the man took his coat and left the room?

Event segmentation

Generalize temporal relationship

Temporal sentence grounding

Q: How does the woman feel in this scene?

A: She might feel angry and speechless.

Q: What is the definition of "multithreaded process" given in
the lecture video when talking about threads?

E— L — -
iy . [ b g i
— . ' , B b hewcesd Rt l l I ,

Generalized temporal localization

[ VS ] OCR
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Q: What is the definition of "multithreaded process" given in
the lecture video?

A: A process that has multiple threads of execution.

Q: How can | improve the edited video from frame number
500 to frame number 6507

Frame Index Understanding

A: Remove the unnecessary placeholder text block.

Figure 3: More examples of the TVS task.

* gt_timestamp: Temporal segment(s) serving
as the ground-truth label for our TVS task on
video trimming.

* gt_rewritten_query: Natural language
query serving as the ground-truth label for
our TVS task on query re-writing.

We generated a total of N = 2754 QA samples,
covering all types evenly.

B.5 Dataset Splitting

To support evaluation, we partition the dataset into
training, validation, and test splits. For each ques-
tion type, we allocated:

train: 1926, val: 270, test: 558

This roughly follows 7:1:2.

More details about the dataset statistics can be
found in Figure 4.

C Ablation Study

C.1 Experiment Settings

We first ablate the modular design—responsible
for facilitating structured reasoning—by proposing
the ReSimplifylIt-simple variant. In this setting,
all underlying interfaces for handling textual and
visual inputs, such as ISODATA-clustering (Algo-
rithm 1) and frame-caption querying, are preserved.
However, the entire reasoning pipeline is collapsed
into a single, universal agent. Specifically, we ini-
tialize an external agentic LLM with task descrip-
tions and operational instructions, and expose the
aforementioned interfaces either through conver-
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Algorithm 1 ISODATA Clustering

Require: Data matrix X € R™*4_Candidate frames F € R™*¢*wxh frame feature extractor Enc(),
initial cluster count k, max iterations 7', minimum intra-cluster similarity ¢,;;;, maximum inter-
cluster similarity 6,,¢,ge, max clusters k4., min clusters ky,;y,, max center shift ,,,4,, min elements
per cluster 1,

Ensure: Cluster assignments C, Final cluster centers M

: X < Enc(F)

—

2: Xporm < normalize(X, (2)
3: M < random_sample(X, k)
4: t+0
5: repeat
6:  Compute cosine similarity matrix S = X5, ML
7: C «+ arg max(S, axis = 1) > Assign points to nearest clusters
8: for each cluster ¢ do
9: Update center: m; < mean(X[C == i])
10: end for
11: if any cluster size < 1, then
12: Merge smallest cluster with nearest neighbor > Minimum elements enforcement
13: end if
14: for each cluster ¢ do
15: if intra-cluster similarity(X[C == i], m;) < 05y;; and k < ko, then
16: Split cluster 7 into two new clusters > Splitting phase
17: k< k+1
18: end if
19: end for
20: for all cluster pairs (i, j) do
21 if inter-cluster similarity(m;, m;) > Operge and k& > ki, then
22: Merge clusters 7 and j > Merging phase
23: k+—k—1
24: end if
25: end for
26: Compute center shifts AM = || M.y — Mgigl|
27: t<—t+1
28: until t > T or max(AM) < 0z
29: return C,M
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Algorithm 2 ReSimplifylt

Require: Video v, question ¢
Ensure: Screened video V', screened question ¢’
1: V_copy,q_copy < V,q

2: success_history, failure_history < SuccessHistory(),FailureHistory()

3: while true do

4 launcher, validator, viewer < Launcher(),Validator(), Viewer()
5 decision, ¢, trimming_instruction < launcher(q_copy, success_history, failure_history)
6: if decision == "proceed” then
7 judgement, request, result, reason «+ validator(q_copy, ¢, trimming_instruction)
8 while judgement == "view” do
9 response < viewer (V' request)
10: validator.read_response(response)
11: end while
12: if judgement == " succeeded” then
13: V'« result
14: success_history.append([q_copy, ¢, trimming_instruction])
15: failure_history.empty()
16: V_copy, q_copy < V', q
17: else
18: failure_history.append([q_copy, ¢, trimming_instruction])
19: end if
20: else
21: return V_copy, q_copy
22: end if

23: end while

sational context or tool invocation. This unified
agent is then responsible for all reasoning pro-
cedures—functionally covering the roles of the
Launcher, Validator, and Viewer modules, as well
as memory tracking—in the original ReSimplifylt
framework, and ultimately produces the final out-
put.

Then, we further ablate the video access com-
pletely, i.e. No access to the video content is pro-
vided throughout the entire reasoning process of the
external agent. As the multi-turn interaction (feed-
back) are all essentially from the reference to video
information to refine text input, disabling video
access also renders multi-turn interactions unneces-
sary. To reflect this, we introduce the ReSimplifyIt-
blind variant, in which a tool-calling LLM gener-
ates a rewritten query and a fixed sequence of tool
invocations within a single-turn conversation. This
sequence is subsequently executed by a separate
executor module to produce the video output.

Refer to Figure 5 for an illustrations of these
frameworks.

C.2 Evaluation Results

Evaluation results are presented in Table 7. Al-
though the removal of modular design yields com-
parable video outputs, the modular architecture still
demonstrates advantages—particularly on the Mul-
tifaceted Integrative subset, which involves more

complex multi-hop reasoning, demonstrating the
effectiveness of modular design and structured rea-
soning in more complex and intricate reasoning
scenario. In comparison, the ablation of video ac-
cess brings notable performance drop, underscor-
ing the critical role of cooperative, feedback-driven
multi-turn interaction. This aligns with the inter-
dependency of the vision and text modality, which
lies at the core of our TVS task formulation, reflect-
ing the essence of the task initiative.

A performance—cost spectrum of TVS in-
stantiations. Taken together, ReSimplifylt,
ReSimplifylt-simple, and ReSimplifylt-blind
expose an explicit performance—cost spectrum
of TVS rather than a single operating point.
The full ReSimplifylt prioritizes robustness and
exploratory reasoning through iterative multi-agent
interaction, at the cost of more tool calls, captions,
and LLM turns. ReSimplifylt-simple flattens the
interaction structure into a single unified agent to
substantially reduce overhead, at a small accuracy
cost. ReSimplifylt-blind further removes all
video access during screening, representing the
lowest-cost extreme in which the trimming plan is
produced entirely from the language query. This
spectrum demonstrates that TVS can be configured
either for efficiency-oriented deployment (Sim-
ple/Blind) or for maximal reasoning capability
(Full) depending on application requirements, and
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Cooking Dataset Analysis
(b) Distribution of Questions
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Figure 4: YouCookII-TVS statistics.
Method Temporal Relational Timepoint Indexed Multifaceted Integrative Average
mloU F1 mloU F1 mloU F1 mloU Fl1
ReSimplifylt (Ours) 0.23 0.37 0.98 0.99 0.47 0.64 0.56 0.67
ReSimplifylt-simple (Ours) | 0.24 0.37 0.98 0.99 0.42 0.57 0.55 0.64
ReSimplifylIt-blind (Ours) 0.12 0.20 0.97 0.99 0.38 0.55 049 0.58
(a) Results on video output.
Method Temporal Relational Timepoint Indexed Multifaceted Integrative Average
ReSimplifylt (Ours) 66.8 78.5 72.8 72.7
ReSimplifylt-simple (Ours) 66.2 81.9 68.1 72.0
ReSimplifylt-blind (Ours) 65.0 80.5 70.7 72.1

(b) Results on query rewriting.

Table 7: Ablation studies on our ReSimplifylt framework. ReSimplifylt-simple and ReSimplifylt-blind represent
ablations on modular design and feedback from video access, respectively.

that the observed gains arise from the screening
mechanism itself rather than from any fixed
amount of inference compute. Section 6 quantifies
the cost characteristics of each variant across
benchmarks.

C.3 Full list of tools for ReSimplifyIt-blind
framework

4. grounding_select(obj_name,

concerned_indices_input):

Return, in the form of a list of integers,
the indices of all frames

containing the object given by obj_name,
after taking the intersection

of indices provided by
concerned_indices_input. If None is passed,

selects all frames.

. indices_list_intersect(list1, list2):

1. get_duration():
Return the duration of the video as a
floating point value.

2. get_resolution():
Return the resolution of the video, as a
tuple.

3. get_total_frame_num():
Return total number of the frames of the
video, as an integer.

Return the intersection of two lists of
indices.

. indices_list_union(list1, list2):
Return the union of two lists of indices.

. indices_concat_and_fill(list1, list2):
Return the sorted union of listl and list2,
then fill in missing
values to make the sequence continuous.

. indices_concat(list1, list2):
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Question Video

“What needs to be cooked in the pan,
after cooking all the raw ingredients?”

[[start=0s, end=98s]]
ReSimplifylt-simple

Universal Agent tool

Your task is [task description].
You can call tool get_cap() multiple times to acquire frame "
caption at certain timestamp.
get_cap()
Here are some initial captions for you: [timestamp1:caption1,
i ion2, ti 3:caption3...... ] (acquired by
ISODATA frame clustering)

Return final answer when you feel confident.

Screened question: "What needs to be cooked in the pan, after cooking all the raw ingredients?"
Screened video:

[[72s, 98s]] duration: 26s
total extracted duration = 26s

“What needs to be cooked in the pan,
after cooking all the raw ingredients?”

Question

[[start=0s, end=98s]]

ReSimplifylt-blind
Universal Agent tool set

Your task is [task description].

Return a tool calling sequence (executable python program) for get_duration()
the downstream executor to generate final answer. get_frame_num()
localize()
time2frame()

frame2time()
union()
intersection()

Program Executer
Execute Program on Input Video

Screened question: "What needs to be cooked
in the pan, after cooking all the raw ingredients?"

Screened video:

[[72s, 98s]]
total extracted duration = 26s

duration: 26s

Figure 5: Workflow of ReSimplifylt-simple (left) and ReSimplifylt-blind (right).

Return the concatenation of the two lists.

9. timestamp_to_single_index(timestamp):

Return the frame index corresponding to the
given timestamp (in seconds).

10. single_timestamp_to_index_range(timestamp):

Return indices of 60 consecutive frames

centered at the timestamp.

11. range_timestamp_to_index_range(start, end):

Return all frame indices between the start

and end timestamps.

D Implementation details of ReSimplifylt
framework

The Launcher module is based on single-turn con-
versation with GPT-40. The Validator and Viewer
module, including the scanner and localizer, are
primarily based on multi-turn conversation with
GPT-40. For ISODATA frame clustering, we use
CLIP (Radford et al., 2021) to obtain the visual
features of the I-frames. We adopt the off-the-shelf
LLaVA-1.5 (Liu et al., 2024a) for frame captioning.

E Prompts

E.1 Prompt used for evaluation of query
rewriting of TVS

You are a helpful assistant to evaluate the
quality of an output of a special type of
sentence compression, which sentence is in
the form of a question.

You will be given an output of such compression
process and the ground truth answer, and the
original input question sentence before the
compression. Please evaluate the output
based on the following three criterias:

156

1. Relevance: to minimize unwanted
information

- in this criteria, a candidate output gets
full mark if it doesn't contain any
information (phrases, concepts, etc.) out of
the scope of the original input question.

- the more information it contains that is
not mentioned in the original input question
, the more marks are deducted.

2. Simplicity: to minimize tangential
information
- in this criteria, a candidate output gets
full mark if doesn't contain any information
(phrases, concepts, etc.) that is included
in the original input question but not
included in the ground truth compressed
question. In other words, whether the
question sentence is fully compressed.
- the more information it contains that is
included in the original input question but
not included in the ground truth question,
the more marks will be deducted.

3. Completeness: to minimize over-
compression

- in this criteria, a candidate output gets
full mark if it contains all information
included in the ground truth compressed
question.

- the more information contained in the
ground truth output question is found
missing in the output compressed question,
the more marks will be deducted.

Here is the original input question: [

original_question_flag], and

here is the ground truth compressed question:
[ground_truth_screened_question_flag], and

here is the output compressed question: [

output_screened_question_flag].

Please rate the output compressed question
on a scale from @ to 100, with @ being the




worst and 100 being the best (full mark).
Now, rate the quality of the output
compressed question based on all the
information above.

Return your answer in this json format: {"
score”: [your score, from @ to 100]}.

E.2 Prompts used for ReSimplifyIt
framework

Prompt for the Launcher module:

Given a video question answering case, i.e. a
video, a question, and an answer, sometimes
it is possible to cut the video by only
keeping a sub-clip or several sub-clips (
concatenate if so) to be the video output
and simultaneously modify the text question
to be the paired text output while keeping
the answer consistent and unchanged, so that

the answer is still completely compatible
to the modified question and the obtained
video clip.

We define this action as "screening”. By doing
screening, the video becomes shorter, and
therefore introduces lower cost to the
downstream video question answering model.
When modifying the question, note that the
downstream video question answering model
will only be seeing the sub-clip and think
that the shown sub-clip is the whole video,
so make sure the modified question is
perfectly paired and aligned with and
adapted to the modification.

[In context examples flag 1]

Sometimes, such screening can be repeatedly
applied sequentially by several rounds,
where the input in each round is the output
video clip and the output modified question
of its preceeding round. As mentioned, the
answer consistency should be always ensured
throughout the whole process, and is always
completely compatible to the resulting video

clip and modified question of every round.
If succeeded, each round would make the
video shorter and making the situation
closer to the optimal case.

[In context examples flag 2]

Your duty is to help complete the screening. Due
to some limit, you are only provided with
the text question but not the video input.
Your task is to initiate an immediate plan for
the screening operation, including a natural
language instruction telling which video
clip(s) to keep (similar to examples above)
and the paired modified text question. If
you think the screening may compose more
than one round, you only need to perform one
round next.
As you cannot see the actual video, your plan
might fail, if the downstream video editting
agent taking and executing your instruction
on video clipping finds it infeasible.
Therefore, your plan is refered to as a
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trial'.

In your current situation, some rounds or trials
of the screening process might have already
been conducted, and privided as following

information:

1, the 'failure history': it is about the
history of failed previous trials of the
screening of your current round. Here is the

failure history for you (an empty indicates
that you are making the first trial of this
round): [failure_history_flag];

2, the 'success history': it is about the
history of the one success trial of all
previous round. Here is the failure history
for you (an empty indicates that you are at
the first round): [success_history_flag].

Now, here is the original question of this round
for video question answering: "[
quesion_flag]”
Again, please tell your plan which describes
what part of the video should be kept. Also,
give the modified question under the
assumption that the video is processed
smoothly according to your plan.

If you feel that there is no room to make such
screening (e.g. when the question is being
general like "what is this video about”) so
you feel that you shouldn't make any plan,
you should decide to terminate the process.

Hints:

1. Before processing, remember to take a look in
the 'failure history' and 'success history'
information;

If you find that the success history contains
a case whose modified_question and the

description both significantly overlap with
the ones you are about to make, then you
should avoid making the same plan again. In
this case, you should switch to a clear
reasonable sensible alternative plan, or
make a decision to terminate the
modification process if you can't
confidently find one;

If you find that the failure history contains
a case whose modified_question and the

description both significantly overlap with
the ones you are about to make, or that any
of the "reason” in the failure history
records is going to make your attempt fail,
then you should avoid making the same plan
again. In this case, you should switch to a
clear reasonable sensible alternative plan,
or make a decision to terminate the
modification process if you can't
confidently find one.

2.

3.

Return your plan in this json format (keep in
mind here, that your response should be in
json format):

{"decision"”: [your decision, either "process"” or

"terminate”], "modified_question”: [the
modified question, or "N/A" if your previous
decision is "terminate”], "description”: [
Description of what part of the video should
be kept as wanted sub-clip. The description
will be passed to downstream processer to




"

validate. Return "N/A" if your decision is
terminate”.]}

nnn

Prompt for the Validator module:

You will be given a natural language instruction
telling you to trim a video, which
instruction itself might be infeasible. The
reason it might be infeasible is because the
agent who gave the instruction had no
access to the actual video content, so it
might be infeasible if take the actual video
contenet into consideration.

Therefore, I need you to be a helpful assistant
to confirm if the trimming plan is feasible.
Specifically, your job is to act as a validator
to validate whether it is feasible (whether
the video content really supports the plan).
If it is feasible, you will need to implement
the plan and return the resulting sub-clip
of the plan in the form of a two-layer list.
[In context example flag 1]
If it is not feasible, you will need to tell the
reason.

Here are some examples and explanations for
infeasible trimming instructions:

[start of examples]
[In context examples flag 2]
[end of examples]

You can invoke a viewer multiple times to
acquire the video content (partial content
each time), which viewer is a downstream
module prepared to assist you.

Note that the viewer is capable to deal with two
type of questions:
1. snippet rough scanning, e.g. "what is the
video about from xxx second to xxx second”?
2. localizing, e.g. "which segment contains xxx
(event/object)?”

Therefore, if [your decision] is "view", [your
message] should follow one of the above two
example templates.

Here is the trimming instruction you need to
validate: [plan_flag].

The video length is [video_length_flag] seconds,
and its frame rate is [frame_rate_flag] fps

Now, in each following turn of this conversation,
you need to give your response in this json
format: {"decision”: [your decision], "

message": [your messagel]}. This works as

follows:
[your decision]: either "succeeded”, "failed",
or "view"”. "succeeded” means that the plan

is successfully implemented, "failed"” means
that it is not, and by "view” you invoke the

viewer to provide partial video content for
you. If you choose "view"”, the viewer will
take your message and return as you
requested, and the conversation will
continue. If you choose "succeeded” or
failed”, it will be your final decision and
the conversation will end.

[your message]: if you choose "succeeded” as
your decision, then it should be the two-
layer list as mentioned before, as the video

edit result of the plan. If you choose "
failed”, this should be a brief reason on
the failure (e.g. requested timestamp
exceeds video length, video doesnt have the
object/event needed, etc.). If you choose "
view”, this should be the question to ask
the viewer about the video content.

n

Hint: it is not always necessary to invoke the
viewer. [In context example flags 3]

For your ease of decision, here are some initial
frame captions and their timestamps for you
(in the form of key value pairs, where the
value is the frame caption and the key is
its corresponding timestamp, in the unit of
second): [initial_captions_flag].
[sys_usr_split]

Now let's start!

Prompt for Viewer module:
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You are a helpful and smart assistant that can
respond to an upstream request a video by
invoking tools. The length of this video is
[video_length_flag].

Here is the content of the request: [
validator_request_flag].

Here are the tools you can access (you might
access them multiple times if you want):

. scan(start, end): Return the overall caption
of the video snippet (clip) between start
and end timestamp, which are the parameters
with the unit of second.

localize(query): Return the video location,
in the form of a timestamp range given by
the start and end timestamp, which contains
the visual content of the query (which query

might be an object, event, etc.)

. get_image_cap(timestamp): parameter

timestamp” is an integer in the unit of
second. Return the caption of the video
frame at the given timestamp (regard the
frame as an image).

n

Now, in each turn of the following conversation,
your response should be in the following
json format: {"decision”: [your decision],
message": [your message]}. This works as
follows:

[your decision]: either "tool"” (if you wish to
call tool in this round) or "respond” (if
you feel that you are able to respond to the

upstream module's request by comprehending
your current knowledge acquired about the

n




video.).

[your message]: if your decision is "tool"”, then
this should only contain tool calling
following given format, e.g. 'get_image_cap
(19)', 'scan(21, 35)', 'localize("kicking
the ball”)'. If your decision is "respond”,
then this should be your response to the
upstream request.

[sys_usr_split]

Now let's start!

E.3 Prompt used for ReSimplifylt-simple
framework

You are a assistant for the video question
answering process, in which a candidate is
presented with a video and a question for
them to answer.\

Your objective is to help the candidate so that
they will be able to give the answer with
watching the shortest posible sub-clip(s) of

the video. \

Your task is to cut the video to acquire this
sub-clip(s) and also to modify the question,

so that the candidate directly answering
your modified question with presented only
this sub-clip(s) of the video would be
equivalent to answering the original
question with presented the original whole
uncut video. \

[In context examples flag 1]

You will need to cut the video in the form of

providing me the timestamps, which is a list
of [start, end] unit clips in the unit of
second. \

A tool (python function) will be helping you to
get the frame caption of at a certain
timestamp (in the unit of second). Whenever
you need to call this tool, send a message
in this json format: {"decision”: "tool”,
parameter”: [timestamp you need]}. [In
context example flag 2] \

Whenever you think you are confident enough to
provide the timestamp, return {"decision”:
end”, "timestamps"”: [your result timestamps
1, "revised_question”: [your revised
question]}. [In context example flag 3].

n

n

Before we formally begin, here is a set of
original captions with their timestamps
provided for you to have an overall rough
understanding of the video: [
initial_captions_flag].

Also, the frame rate of this video is [
frame_rate_flag] frames per second, and the
total duration is [duration_flag].

[sys_usr_split]Now let's begin! and the original
question is "[original_question_flag]"”.

E.4 Prompt used for ReSimplifyIt-blind
framework

You are a assistant for the video question
answering process, in which a candidate is
presented with a video and a question for
them to answer.\

Your objective is to help the candidate so
thattheywill be able to give the answer with

watching the shortest posible sub-clip(s)
of the video. \

Your task is to cut the video to acquire this
sub-clip(s) and also to modify the question,

so that the candidate directly answering
your modified question with presented only
this sub-clip(s) of the video would be
equivalent to answering the original
question with presented the original whole
uncut video. \

[In context examples flag 1]

You will be provided with a list of tools to
process the video, and the original question
to be answered by the candidate based on
which to select the frames. Here is the list
of tools you have access to, with the
description (content in the brackets are the
arguments needed):
[1]: get_duration(): return the duration of the
video as a floating point value.
[2]: get_resolution(): return the resolution of
the video, as a tuple.
[3]: get_total_frame_num(): return total number
of the frames of the video, as an integer.
[4]: grounding_select(obj_name,
concerned_indices_input): return, in the
form of a list of integers, the indices of
all frames containing the object given by
obj_name, after taking the intersection of
indices provided by the argument '
concerned_indices_input'. '
concerned_indices_input' is also a list of
indices, and will be set to indices of all
frames in the video if 'None' is passed.
[5]: indices_list_intersect(frame_indices_list_1,
frame_indices_list_2): return, in the form
of a list of integers, the intersection of
the two arguments as list. Both argument '
frame_indices_list_1' and '
frame_indices_list_2' are a list of indices.
[6]: indices_list_union(frame_indices_list_1,
frame_indices_list_2): return, in the form
of a list of integers, the union of the two
arguments as list. Both argument '
frame_indices_list_1' and '
frame_indices_list_2' are a list of indices.
[7]1: indices_concat_and_fill(
frame_indices_list_1, frame_indices_list_2):
first take the sorted union of the two
lists given by the arguments, and then fill
in all the missing values so that every two
adjacent element only differ by 1. Both
argument 'frame_indices_list_1' and '
frame_indices_list_2' are a list of indices.
[8]: indices_concat(frame_indices_list_1,
frame_indices_list_2): return, in the form
of a list, the concatenation of the two
lists provided by the arguments.
[9]: timestamp_to_single_index(timestamp):
return a list with a single integer, which
integer is the index of the frame at the
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given timestamp. The argument timestamp is a
floating point value, whose unit is second.
[10]: single_timestamp_to_index_range(timestamp):
return, in the form of a list, the indices
of 60 consecutive frames, the midpoint of
which is at the given timestamp. The
argument timestamp is a floating point value
, whose unit is second.
[11]: range_timestamp_to_index_range(start, end):
return, in the form of a list, the indices
of all frames which are between the two
timestamps which are provided by the
arguments. The argument start and end are
both floating point values, whose unit are
both second.

Above are all the tools to have access to.

Please note that selecting frames out of all
the frames of the original video is being
cut and clipped, therefore you will also
need to modify the aforementioned prompt, to
make it align well with the reduced video
frames.

[sys_usr_split]

Now the original question is: [question_flag].
Having access to the information of all the
tools mentioned above, provide me the python

code which could achieve the selection of
frames. You may define variables to store
intermediate result, and determine the value
of some arguments when necessary, but you
should not require the downstream task
operator to replace any of your assumption
on arguments, as no more information but the
original video is provided to the
downstream task. Please use the variable
name 'final_frames' to store your final list
of frame index. Please only provide the
code and revised question in this format: {"
Code: [your whole paragraph of code] Revised
question:[your revised prompt]"}, where [
your whole paragraph of code] should be an
empty string if you think no tools need to
be called and the whole original video
should be passed to the downstream task.

F More on Related Work

Video-LLMs for VideoQA Video-LLMs have
spurred a wave of models aimed at enhancing video
understanding by leveraging the language capabil-
ities of large language models (LLMs) (Lin et al.,
2023; Ma et al., 2024; Li et al., 2024b, 2023b;
Liu et al., 2024b; Xu et al., 2024a; Wang et al.,
2025; Bai et al., 2025b,a; Li et al., 2024a). Some
approaches (Chen et al., 2023; Li et al., 2024c,
2023a) utilize dedicated video encoders such as
video transformers (Bertasius et al., 2021) or con-
volution networks. However, these designs often
demand large-scale annotated video-text data and
significant computational resources. To address
this, alternative methods adapt pre-trained image-
domain MLLMs to video inputs (Liu et al., 2024c;

Maaz et al., 2024), offering improved practical-
ity. Nonetheless, the sparsity and query-invariant
nature of video encoding in existing models limits
their ability to capture fine-grained spatial-temporal
details effectively, especially under token budget
constraints. This work addresses such inefficien-
cies by introducing a query-adaptive processing
mechanism inspired by the principle of informa-
tion screening, aiming to reconcile the trade-off
between token efficiency and representational fi-
delity.

LLM-assisted Agentic Reasoning for VideoQA
Another line of research for video question an-
swering lies in building pure-text LLM assisted
frameworks or multi-agent systems for VideoQA
(Wang et al., 2024c; Shang et al., 2024; Wang et al.,
2024b). Compared to Video-LLMs, which rep-
resents end-to-end single-pass approaches, these
methods adopt traditional or LLM-based meth-
ods to proactively sample relevant video frames.
VideoAgent (Wang et al., 2024b) and TravLER
(Shang et al., 2024) utilized LLM’s planning abil-
ity to conduct iterative keyframe searching, while
VideoTree (Wang et al., 2024c) presented query-
adaptive hierarchical tree-based keyframe selec-
tion.

Temporal Sentence Grounding for Videos
Temporal sentence grounding (TSG) aims to lo-
calize the video segment best matching a lan-
guage query. Early sliding-window methods (e.g.,
TALL (Gao et al., 2017), MCN (Hendricks et al.,
2017)) were costly, while later proposal-based (Xu
et al., 2019; Chen and Jiang, 2019) and proposal-
free methods (Yuan et al., 2019; Zhang et al., 2020)
improved efficiency via query-guided proposals or
direct boundary prediction. All these methods take
a video and a query as input and predict a match-
ing temporal span. In contrast, our proposed TVS
generalizes beyond TSG by supporting inter-frame
reasoning and joint adaptation over both video and
query, rather than retrieving only frames directly
mentioned in the query.

Grounded videoQA Another seemingly similar
line of research lies in integrating grounding tech-
niques into VideoQA pipelines (Xiao et al., 2024;
Chen et al., 2024a). Grounded VideoQA seeks to
enhance model faithfulness by explicitly linking
a model’s textual output to “visual cues” or “evi-
dence” within the video. This approach is effective
at mitigating hallucinations for descriptive queries

160



by enforcing perceptual alignment. While effective
for descriptive tasks, the approach suffers from a
fundamental conceptual incongruity with the na-
ture of complex video reasoning. The semantics of
a query and its corresponding video segment are
often holistically entangled; for example, a high-
level question about intent, causality, procedure, or
even a simple temporal relational reasoning does
not map to an atomic piece of visual evidence but is
inferred from a continuous temporal context. The
attempt to impose a discrete justification frame-
work onto this intertwined semantic space leads
to an inherently brittle and ill-defined notion of a
“visual cue”.

TVS naturally sidesteps this ambiguity by fun-
damentally reframing the objective, turning from
“what to answer” to “what to ask”. More fundamen-
tally, TVS introduces a more principled paradigm
that respects this intrinsic entanglement. Rather
than seeking to atomize evidence for a given an-
swer, TVS reformulates the task itself through a
priori contextual simplification. It isolates the mini-
mal, self-contained (video, query) sub-problem
through an endomorphic transformation that
keeps with the original task space unchanged and
preserves the necessary holistic context for rea-
soning. This approach is not merely a circumven-
tion of the definitional challenge; it establishes a
more fundamentally sound and cognitively aligned
task. By first reducing the problem space to a man-
ageable and semantically coherent unit—mirroring
the human strategy of simplifying a problem be-
fore attempting to solve it—TVS offers a more
robust foundation for complex video-language un-

derstanding.

G Cost Driver Details

This section provides per-dataset cost-driver statis-
tics for both TVS instantiations, complementing
the headline CostRatio analysis of Section 6. Ta-
ble 8 reports the high-level cost drivers (cap-
tion count, tool calls, LLM turns, output tokens)
and screening effectiveness (DurAll, DurScrn,
Screen%) for ReSimplifylt-simple. Table 9 reports
the same high-level statistics for the full ReSim-
plifylt. Table 10 further decomposes the captions
of the full ReSimplifylt into passive (pre-loaded)
versus active (tool-fetched) sources; column defini-
tions follow the list below.

» Pasv: passive captions per sample (= Valn +
Loln), embedded in prompts without explicit tool

calls.
* Valn: Validator initial captions, uniformly sam-
pled frames embedded in the Validator’s prompt

(~10 per trial).
* Loln: Localize initial captions; each
localize() call samples k=10 uniform

frames for its sub-agent prompt.

* Actv: active captions per sample (= #TotalCap—
Pasv), fetched during tool execution via scan,
localize, and get_image_cap.

* V=>Vw: Viewer sessions spawned per sam-
ple (number of times the Validator invokes the
Viewer as a tool).

* #scan, #localize, #get_cap: the breakdown of
total Viewer tool calls (VwTI) into its three con-
stituent tool types.

Dataset | #TotalCap #Tool #LLM #OutTok | DurAll DurScern Screen%

ActivityNet-QA 21.4 1.9 3.2 341 9.8% 9.0% 99.2%
YouCookII-TVS 21.9 1.9 33 366 6.4% 6.4% 100.0%
NExT-OE 234 39 5.0 433 20.2% 16.7% 95.7%
EgoSchema 22.1 2.1 35 446 260%  26.0% 100.0%
LVBench 27.0 7.0 9.6 1482 2.2% 1.9% 99.7%
MLVU 249 4.9 6.9 1122 12.2% 7.0% 94.4%
Video-MME 23.9 39 5.7 806 8.3% 8.0% 99.7%

Table 8: Per-dataset cost drivers and screening effective-
ness for ReSimplifylt-simple.

Dataset | #TotalCap V—Vw VwTIl | DurAll DurScrn Screen%

ActivityNet-QA 67.5 2.7 68 | 51.7% 16.2% 57.6%
YouCooklII-TVS 73.9 2.4 5.8 6.8% 6.8% 97.9%
NEXT-OE 18.3 04 1.3 | 86.9%  32.8% 19.5%
EgoSchema 50.6 23 45 | 75.0%  25.6% 33.6%
LVBench 83.8 2.6 11.3 | 57.5% 4.8% 44.6%
MLVU 64.5 1.7 52 | 81.4% 7.2% 20.1%
Video-MME 76.2 24 6.7 | 640% 10.4% 40.1%

Table 9: Per-dataset cost drivers and screening effec-
tiveness for the full ReSimplifylt. VwTI denotes total
Viewer tool calls per sample.

Dataset

ActivityNet-QA | 340 174 166 335 | 26 1.7 2.4
YouCookII-TVS | 38.2 228 154 357 | 3.0 1.5 1.1

| Pasv VaIn Loln Actv | #scan #loc #get_cap

NExXT-OE 53 27 26 130| 04 03 0.4
EgoSchema 245 13.6 108 26.1 | 25 1.1 0.8
LVBench 489 175 313 949 | 48 3.1 3.0
MLVU 221 98 123 424 | 21 12 1.6
Video-MME 328 150 178 434 | 33 18 1.5

Table 10: Full per-source caption breakdown for ReS-
implifylt. #loc abbreviates #localize. Passive captions
are pre-loaded into agent prompts; active captions are
fetched during tool execution.

H Additional Discussion

H.1 TYVS vs. Test-Time Reasoning Strategies

TVS and test-time reasoning strategies such
as Chain-of-Thought (Wei et al., 2022), Tree-
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of-Thoughts (Yao et al., 2023), and Graph-of-
Thoughts (Besta et al., 2024) address different bot-
tlenecks and are not substitutes for one another.
Test-time reasoning strategies primarily modify
how an LLM explores or restructures its thought
process given a fixed input; they do not directly ad-
dress the sparsity of evidence in long videos, where
the dominant failure mode is that a fixed down-
stream frame budget under-covers the relevant seg-
ment to begin with. By contrast, TVS is a front-
end endomorphic problem transformation that re-
shapes the evidence distribution itself: by screen-
ing (V,Q) — (v,q) under answer invariance, it
concentrates the same downstream frame budget
onto a short relevant segment, yielding the density
gains quantified by our DensAmp and CostRatio
metrics in Section 6.

These two directions are therefore orthogonal
and complementary: adding reasoning steps does
not automatically reproduce TVS’s benefit unless
it is coupled with explicit evidence selection at the
sampling stage, while TVS can be composed with
any downstream reasoning strategy. Our frame-
work further exposes a performance—cost spectrum
rather than a single operating point (ReSimplifyIt,
ReSimplifylt-simple, and ReSimplifylt-blind; Ap-
pendix C), with progressively lower amounts of
inference compute. The fact that screening gains
persist even in the flattened and blind variants sup-
ports that TVS’s benefit stems from the evidence-
screening mechanism rather than from the sheer
amount of LLM compute invested.

H.2 Minimality as a Desideratum and
Boundary Expansion

The minimality condition in our formulation (Sec-
tion 2.1) describes a rarget property of the task
formalization—that the output segment v should
contain the minimal sufficient visual evidence for
answering g—rather than a strict guarantee en-
forced by any particular implementation. In prac-
tice, event boundaries in real-world videos are often
ambiguous or gradual, and strict minimal cropping
is a known failure mode: small boundary errors can
easily exclude critical visual evidence and lead to
disproportionately large downstream reasoning fail-
ures. Our Localizer (Appendix A) therefore applies
a conservative temporal expansion of +p seconds
around the predicted boundary as a safety margin.
This expansion is a tunable engineering parameter
that trades a small amount of strict compactness for
robustness against localization noise, and does not

contradict the minimal-sufficiency objective.

Sensitivity to the expansion margin. To val-
idate that p=>5 is not arbitrary, we vary p €
{1, 3,5, 7} and report the resulting average mloU
on YouCookII-TVS:

p (seconds) Average mloU

0.51
0.53
0.56
0.49

~N U W =

We observe a clear trade-off: too small a margin
(1-3s) risks missing event boundaries and lowers
overlap with the ground truth, while too large a
margin (7s) unnecessarily enlarges the segment
and reduces localization precision. A moderate
margin of 5 seconds achieves the best balance, and
we adopt it as the default in all reported results. An
adaptive, confidence-aware or boundary-aware ex-
pansion strategy would be an interesting direction
for future work.
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