TAG: A Simple Yet Effective Temporal-Aware Approach for
Zero-Shot Video Temporal Grounding
BMVC

« Jin-Seop Lee*, Sungjoon Lee*, Jaehan Ahn, YunSeok Choi, Jee-Hyong Leet
Sungkyunkwan University, Republic of Korea 2025

Introduction

» Video Temporal Grounding aims to localize the most relevant segment in « Existing Zero-Shot VTG methods first generate candidate segments by
a video that corresponds to a given natural language query. clustering frame features or uniformly dividing videos, and then
select the most relevant one based on similarity with the text query.
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» However, existing methods fail to consider temporal coherence, often ¢ In addition, most methods ignore the distribution of frame-text similarities,
resulting in semantic fragmentation where continuous moments are split into which vary across samples and may cause biased scoring, such as overly
disjoint segments. flat distributions that hinder reliable segment selection.
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* For To ensure reliable grounding, it is essential to adjust the similarity
distribution, amplifying meaningful matches and suppressing irrelevant ones
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Query: He garnishes played and also crack some eggs into a container.

« Since the target moment is determined by both visual and temporal context,
these should be jointly considered for accurate grounding.

= We propose a Temporal-Aware Grounding(TAG) that captures temporal context and selects segments via adjusted similarity scores

Proposed Method

» Temporal-Aware approach for zero-shot video temporal Grounding (TAG)
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» Ourgoal is to reduce segment fragmentation and selection bias
by capturing temporal coherence and normalizing similarity distributions.

[Overall Steps]

Step 1. Extract frame features and aggregate them using temporal pooling.
Step 2. Cluster features to generate proposals based on temporal coherence.
Step 3. Adjust the similarity to correct skewed similarity distribution.

Step 4. Select the final segment with the highest score as the prediction.
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(3) Similarity Adjustment & Proposal Selection

Contextual Propasal
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(1) Temporally Aggregated Feature Extraction (2) Contextual Proposal Generation

» Extract frame-wise features using BLIP-2 and
apply sliding-window temporal pooling to
generate temporally-aware representations.

*+ Cluster temporally-aware features based on * Normalize frame-text similarity using a Box-Cox
temporal coherence and generate segment transformation, and select the proposal with the
proposals using all combinations of cluster highest proposal score.
boundaries. » The proposal score we use is formulated as follows:

» Temporal coherence clustering objective:
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« Where c® is the feature of the i-th frame, y; is
the centroid of the j-th cluster, and r indicates
the temporal window size.

t; and t; denoting the start and end points of the
proposal, respectively, a; represents the similarity

between the text and video frame at time t )

Experimental Results

+ Charades-STA and ActivityNet Captions datasets + Ablation Study » Analysis of Semantic Fragmentation
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