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Introduction

 
 Face Forgery Video Detection (FFVD) is a critical yet challenging task in determining whether 

a digital facial video is authentic or forged.

Goal



Introduction

 

Motivation & Novelty

 Existing FFVD methods typically focus on 
isolated spatial features or coarsely 
fused spatiotemporal information, failing to 
leverage temporal forgery cues, resulting in 
unsatisfactory performance.

 Based on an analysis of the inherent stealth 
of temporal cues and inspired by the human 
discrimination process, we abstract temporal 
forgery cues into three progressive levels: 
momentary anomaly, gradual 
inconsistency, and cumulative distortion. 
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Framework
 We strive to unravel these cues across three progressive levels: momentary anomaly, gradual 

inconsistency, and cumulative distortion. 
 We design the Temporal Forgery Cue Unraveling (TFCU) framework to sequentially highlight 

spatially discriminative features by bidirectionally unraveling temporal forgery cues between 
historical and future frames.



Temporal Forgery Cue Unraveling Framework

 

1. Consecutive Correlate for Anomaly Cues

 We propose a consecutive correlate module to capture momentary anomaly cues by 
correlating interactions among consecutive frames. 

 We design the cross-attention module for inter-frame interaction with a unit frame-wise 
lower triangular mask and random masking for the cross-attention weight      .
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2. Future Guide for Inconsistency Cues

• Inconsistency Cue Propagation： We leverage         to propagate forgery cues by interacting 
current clip         with nearest      historical    . In addation, we encode the Landmark shifts using         
-- - to update     ,and process them with        to enhance spatial features.

• Anomaly Cue Aggregation: For subsequent clips,        takes features from consecutive 
correlation module           and output from inconsistency cue propagation          as input to 
aggregate anomaly cues        .

 We devise a future guide module to unravel inconsistency cues by iteratively aggregating 
historical anomaly cues and gradually propagating them into future frames.



Temporal Forgery Cue Unraveling Framework

3. Historical Review for Distortion Cues
 We introduce a historical review module that unravels distortion cues via momentum 

accumulation from future to historical frames. 
 We perform backward updates across all      clips, where for the     -th clip: its value is iterative 

updated using future �-th clip, formulated as:



Experiments on Face Forgery Video Detection

1. Cross-datasets and Cross-manipulation Evaluations 
 Extensive experiments demonstrate the effectiveness of our TFCU method, achieving state-of-

the-art performance across diverse unseen datasets and manipulation methods.
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2. Discriminant Performance on DFDC 

FTCN （ICCV 2021） TFCU (Ours)AltFreezing （CVPR 2023）
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3. Discriminant Performance on Text-to-Video Generation Videos 
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Prompt: Static camera, a little girl is walking on the street with a small dog in front of her.
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4. Discriminant Performance on Image-to-Video Generation Videos 

Prompt: camera remains still, the woman holds a coffee cup and walks towards.
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Conclusion

 We develop an FFVD framework that meticulously unravels temporal forgery cues from 
momentary anomalies to gradual inconsistencies and ultimately to cumulative distortions. 

 We devise cue aggregation and propagation mechanisms that aggregate historical 
anomalies and propagate inconsistencies to highlight future spatial forgery features. 

 We design a momentum accumulation operation to reinforce historical spatial forgery 
features by accumulating future distortions. 

 We conduct comprehensive experiments demonstrating the effectiveness of our method, 
achieving state-of-the-art performance across various cross-datasets and cross-
manipulations.



Conclusion

 We develop an FFVD framework that meticulously unravels temporal forgery cues from 
momentary anomalies to gradual inconsistencies and ultimately to cumulative distortions. 

 We devise cue aggregation and propagation mechanisms that aggregate historical 
anomalies and propagate inconsistencies to highlight future spatial forgery features. 

 We design a momentum accumulation operation to reinforce historical spatial forgery 
features by accumulating future distortions. 

 We conduct comprehensive experiments demonstrating the effectiv-eness of our method, 
achieving state-of-the-art performance across various cross-datasets and cross-
manipulations.

We hope that our work opens up new avenues for further study of face forgery 
video detection tasks.



Thanks for your attention !
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https://github.com/zhenglab/TFCU
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