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Abstract

Understanding long video content is a complex endeavor that often relies on
densely sampled frame captions or end-to-end feature selectors, yet these tech-
niques commonly overlook the logical relationships between textual queries and
visual elements. In practice, computational constraints necessitate coarse frame
subsampling, a challenge analogous to “finding a needle in a haystack.” To address
this issue, we introduce a semantics-driven search framework that reformulates
keyframe selection under the paradigm of Visual Semantic-Logical Search.
Specifically, we systematically define four fundamental logical dependencies: 1)
spatial co-occurrence, 2) temporal proximity, 3) attribute dependency, and 4) causal
order. These relations dynamically update frame sampling distributions through an
iterative refinement process, enabling context-aware identification of semantically
critical frames tailored to specific query requirements. Our method establishes
new SOTA performance on the manually annotated benchmark in key-frame selec-
tion metrics. Furthermore, when applied to downstream video question-answering
tasks, the proposed approach demonstrates the best performance gains over existing
methods on LONGVIDEOBENCH and VIDEO-MME, validating its effectiveness
in bridging the logical gap between textual queries and visual-temporal reasoning.
The code is available at https://github. com/guoweiyu/Logic-in-Frames.

1 Introduction

Vision-Language Models (VLMs) |Yin et al.| (2024) have achieved remarkable progress in video
understanding Zou et al.[(2024); Tang et al.[(2023)), particularly in video question answering [Wang
et al.| (2024d); Zhang et al.| (2023, demonstrating potential for modeling real-world scenarios.
However, existing methods can only simultaneously process a limited number of frames due to the
inherent token limit and extremely high dimension of spatio-temporal video data, especially for long
videos. Furthermore, uniformly sampled keyframes are query-agnostic and insufficient to represent
query-related contents. To tackle these challenges, this paper addresses a pivotal research question:

How can we efficiently and accurately select keyframes that are semantically
critical for answering video-based queries?

We hypothesize that deconstructing visual semantic and logical cues (e.g., target objects, logical
relations including temporal, spatial, attribute, and causal relationships between visual entities) from
textual queries enables effective identification of task-relevant frames through heuristic sampling
and search. Building on this insight, we propose Visual Semantic-Logical Search (VSLS), a
novel keyframe search framework that incorporates target object confidence estimation and joint
verification of visual semantic logic into the iterative update of frame sampling distribution and
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39th Conference on Neural Information Processing Systems (NeurIPS 2025).
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Figure 1: Examples of four types of visual semantic-logical relationships in video QA detected by our
VSLSramework:Temporal (text, time, pen) , Attribute (man, attribute, white shirt) , Spatial
(copilot, spatial, Egyptian Pyramids) , andCausal (man, causal, basketball) . Green boxes
indicate correct answers, while red boxes show baseline errors.

selects the most informative frames with the highest con dence. Experimental results show that our
approach requires only sparse sampling (1.4% of frames per video on average) to identify critical
frames, signi cantly reducing computational complexity compared to conventional dense sampling
strategies while maintaining performance on downstream video understanding tasks.

Compared to conventional metho®¥SLSshows three distinct advantages. First, the framework is
training-free and highly ef cient in comparison with dense captioihing Chen|et al. (2024c); Kim et al.
(2024){ Wang et al! (2024c) or video clustering Wang éf al. (2024f); Rajan and Parameswaran (2025)
strategies, sampling only 1.4% of frames on averagé&/iH AYSTACK. Second, it explicitly models
logical binary relations (namely spatial, temporal, attribute and causal) in the query beyond simple
target detection Ye et al. (2025b), utilizing additional visual semantic feature and enhancing logical
consistency throughout the reasoning process. THi&d,Ss a plug-and-play module, which can be
seamlessly integrated into existing VLM pipelines without cross-component dependencies.

We further examin& SLSon several public datasets, includibgNGVIDEOBENCH|Ye et all (20253),

a comprehensive benchmark for long video understandimgeo-MME [Fu et al. |(2024), a widely
adopted multimodal video question answering datasetHavsTACK-LVB ENCH|Ye et al| (2025a)

with meticulously annotated keyframes based on human feedback for more precise analysis. Extensive
experiments demonstrate signi cant improvements in both the semantic similarity and temporal
coverage between the retrieved keyframes and the ground truth labels, as well as the accuracy in
downstream video question answering tasks. More importantly, with hAB6 of video frames
(Eco4D [Grauman et al| (2022)) sampled in the search iteration, our method achie:@%n
improvement inGPT-40 Hurst et al. (2024)'s long video QA accuracy. This performance gain is
attributed to our simple yet powerful observation: query-guided visual semantic logic retrieval can
mitigate the gap between potential visual logic in video frames and the logic expressed in the query.
To be speci c, constructing ternary logic triplets with visual elements (elgjectl, logic type,

object2 ) can enhance downstream reasoning capabilities when performing textual-visual retrieval.

To the best of our knowledge, we are arguably the rst to search for keyframes in long videos by
detecting visual semantic logic, with potential extensions to other textual-visual retrieval tasks. Our
main contributions are as follows:

» We de ne four fundamental types of semantic logic relations in video QA tasks, inclaeimgoral
causal attribute andspatialrelations, which can be accurately detected across various datasets.

* We sample only 1.4% of frames on average of frames on average during keyframe search through
heuristic sampling and distribution updating by different visual semantics and logical relations.

* We comprehensively evaluate retrieval ef ciency, semantic similarity, temporal coverage, and
video question answering accuracy across several widely used video understanding datasets,
demonstrating signi cant improvements in downstream tasks.
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