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: Contribution

The contributions of this paper are as follows:

Motivation

Although existing methods [1-2] for joint moment retrieval and highlight detection

achieve impressive performance, they still face some problems. _ _ _ _
v Build a clip-text alignment module to alleviate the modal gaps.

» Semantic gaps across different modalities. _ _ _ _
v' Propose a multi-scale difference perception module to fully integrate the

differential Information of adjacent clips and obtain joint representations
through multi-scale modeling.

» Smooth transitions among diverse events.

» Various durations of different query-relevant moments and highlights.
v A large number of experiments prove the effectiveness of the proposed method.

\_

Therefore, a Cross-modal Multiscale Difference-aware Network Is proposed.
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a) An overview of the proposed cross-modal multiscale difference-aware network (CMDNet). b) Design details of multi-scale difference perception module.

» \We start by extracting visual and textual features using pre-trained encoders.

» Then, we create a cross-modal alignment module inspired by CLIP [3] to bridge the semantic gaps between text and video. This module uses inner modality constraints to
refine video representations and intermodal constraints to align text and visual features.

» To alleviate issues posed by smooth transitions in video events, we introduce a multi-scale perception module that highlights query-related features and incorporates
differential information between adjacent clip features.

» To enhance diversity In target moment durations, we utilize multi-scale convolution and graph convolution components. These components capture temporal
\ dependencies at different scales and model global dependencies in the video. /

\table represents the introduction of audio information.
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Results & Discussion
Moment Retrieval HD Method R1@0.5 R1@0.7| Method R1@0.5 R1@0.7
Method R1 mAP > Very Good 40.94 2285 | VSLNet[l7]  47.31  30.19
4236  24.14 | QDDETR [4] 50.67  31.02
@0.5 @0.7 @0.5 @0.75 Avg. mAP HIT@] 48 31 9 95 CMDNet 5624  35.16
poes i n (O aal s 55'26 QDDETR [4] 5277 3113 | MDETR[2]  53.63 3137
e s coas 381 agan avon coer QDDETRT[4) 5551 3417 | QDDETR4] 5731  32.53
60.05 42.48 60.75 38.13 38.38 38. g'i CMDNet 5333 3347 | UniVTG | 58.01  35.65
62.40 4498 62.62 39.883 39.86 3864 6240 - oypNerr 5497 3352 | CMDNet 58.55  36.16
58.86 4086 57.60 3559 35.47 38.20 60.96
CMDNet 62.52 46.69 63.63 4344 42.89 3980 62.26 Tab.2: Results on Charades-STA. ‘T’ denotes introducing extra audio information.
UMT || 56.23 41.18 53.38 37.01 36.12 38.18 59.99 » Judging from the experimental results presented here, Our approach outperforms
MIM [5] 59.99 41.50 55.85 36.84 36.45 38.96 62.39 others.
QDDETR [Ell 63.06 45.10 63.04 40.10 40.19 39.04 62.87 » But when we directly splice audio information without alignment modeling,
CMDNet 63.62 47.28 63.89 44.12 43.23 40-06 63.16 performance suffered.
Tab.1: Experimental results on the QVHighlights test set. The lower half of the » In the future, we'll focus on leveraging audio’'s semantic information for MR and
HD tasks, effectively.
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