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Abstract

Long video clip localization requires models to simultaneously achieve long-temporal semantic matching and fine-grained temporal
alignment. However, existing large video-language models (LVLMs) suffer from issues such as context redundancy, semantic drift,
and “evidence—time” mismatch. Expanding visual tokens easily increases computational overhead and introduces noise, while
semantic similarity-based video retrieval methods are prone to temporal drift. To address these problems, this paper proposes the
TAEC-RAG framework, which avoids blind expansion of visual context: it extracts multi-source timestamped evidence to build a
library, converts redundant information into controllable evidence units through fragmentation and compression, suppresses temporal
drift via temporal consistency constraints, and feeds compact evidence together with queries into LVLMs for enhanced reasoning.
Experimental results on long video benchmarks validate that TAEC-RAG stably improves generative localization performance across
different query granularities, with particularly significant gains in event-level localization.
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