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Forgery Features
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Overview of MM-Det

Inst. T: Briefly describe the picture
and analyze the authenticity.

Input X

Visual Encoder

Embedding

i #

1 3

Reconstruction
VQ-V.
Projection W Q A% l
Large Language Model e CNN Encoder A
A A
NOON -0 aeAl-A Q0 ﬁﬁmmm 38
. dn. fR FC-
Color ““""\ /""-_.-..:-.-..::'" ---- Object coe (S B
\O 7 f /Q@ & Fake fl = Tokens pa:ﬁ[tl‘;:;fsc’l a
Texture - -R-ea-l = -"’-"-"?:5\- Ve Q3- - - Semantics IAFA XN ----- > m
LMM Branch Fy Fsr -/I/I/ / ST Branch
. Y
(") : Trainable 4% : Frozen Dynamic Fusion Strategy = Real ‘ Fake



Method

P-Tokens

FC-Tokens é

[ Seif-
Attn

—

e et '
BE S .
r
I

!
1
&
1k
JE]
:-I
!
]

I
o
=
=
X
]
v

Self-] {Selﬂ
Attn Attn | g
v

... TTR 11 Y e RM*D Channel-wise

_____________ Attention

- -

r
I
I

(a) Mechanism of In-And-Across Frame Attention (IAFA) (b) Dynamic Fusion Strategy



Diffusion Video Forensics (DVF) Dataset
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Performance

Table 1: Video forgery detection performance on the DVF dataset measured by AUC (%). [Key:
Best; Second Best; Stable Diff.: Stable Diffusion; Avg.: Average]

Video-  Zero- Open- ; Stable Stable
¥letioa Crafterl scope  Sora off LI Diff.  Video AYE:
CNNDet [53] 83.3 70.2 81.9 638 76.5 71.8 80.8 | 75.5
DIRE [55] 56.8 61.9 56.1  60.7 70.0  58.3 71.2 | 62.1
Raising [¢] 63.9 58.5 64.6 624 66.0 91.3 59.5 | 66.6
Uni-FD [36] 93.6 90.1 83.9 854 93.0 81.5 87.9 | &87.9
F3Net [38] 96.1 91.8 859 66.0 956 86.3 96.0 | 88.2
ViViT [3] 89.2 88.0 85.2 81.6 927 88.1 92.1 | 88.1
TALL [62] 76.5 61.8 698 623 799 859 64.8 | 71.6
TS2-Net [31] 60.7 72.0 743 81.0 80.2 60.2 80.2 | 72.7
DE-FAKE [47] 23 70.3 53.6 67.3 884  86.0 .1 | ¥3.1
HiFi-Net [ 18] 96.7 93.9 949 839 85.8 80.2 87.3 | 89.0
MM-Det (Ours) 97.4 98.6 976 91.7 98.0 921 95.1 | 95.7




Analysis
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(a) Clustering accuracy of features from different layers in LMM branch. (b)(c): t-SNE visualization of
features from ST and LMM branches. (b)Features from the ST branch. (c): Features from the LMM branch.



Thank you for watching.



