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Abstract: Weakly supervised multi-modal video anomaly detection aims to accurately identify and localize anomalous event
segments in videos by effectively integrating multi-modal data such as visual and audio information using only video-level
annotations. It is a highly challenging task in the field of computer vision. On one hand, insufficient modeling of cross-
modal temporal correlations limits the precision of anomaly event localization. On the other hand,the text prompt module
relies on fixed semantic information and lacks dynamic contextual associations, which constrains the effectiveness of
semantic guidance. To address these challenges, this paper proposes a multi-modal video anomaly detection method based
on textual feature alignment( TFA-MVAD). The method first designs a cross-modal feature fusion module ,which models the
temporal correlations between audio-visual segments through a dynamic attention mechanism,achieving deep integration of
complementary multi-modal information and significantly improving the localization capability of key segments. Secondly,
a feature alignment module is introduced to align pre-trained textual semantic features with the fused audio-visual features,
optimizing cross-modal semantic consistency through a contrastive learning strategy. Experimental results demonstrate that
the proposed method achieves significant performance improvements on the XD-Violence dataset. Compared to the state-of-
the-art methods, it increases the Average Precision( AP )by 3.21% ,validating the effectiveness of the approach.
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