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Abstract: Objective Diffusion models have shown remarkable success in video generation. An example is Open Al sora,
where we can simply use a text or image to generate a video. However, this convenient video generation also raises con-

cerns regarding the potential abuse of generated videos for deceptive purposes. Existing detection techniques primarily tar-
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get face videos. However, datasets specialized for the detection of forged scene videos generated by diffusion models are
lacking, and many existing datasets suffer from limitations such as single conditional modality and insufficient data vol-
ume. To address these challenges, we propose a multiconditional generated video dataset and corresponding detection
benchmark. Traditional detection methods for generated videos often rely on a single conditional modality, such as text or
image, which restricts their ability to effectively detect a wide range of generated videos. For instance, algorithms trained
solely on videos generated by text to video (T2V) model may fail to identify videos generated by image to video (12V)
model. By introducing multiconditional generated videos, we aim to provide a comprehensive and robust dataset that
encompasses T2V and 12V generated videos. The proposed dataset development process involves collecting diverse multi-
conditional generated videos and real videos downloaded from the Internet. Each generative method produces substantial
videos that can be utilized to train the detection model. These diverse conditions and large number of generated videos
ensure that the dataset encompasses the broad features of diffusion videos, thereby enhancing the effectiveness of generated
video detection models trained on this dataset. Method Our generated video dataset can provide training data for detection,
allowing the detector to recognize whether the video is Al-generated or not. It uses existing advanced diffusion models (T2V
and I12V) to generate numerous videos. Prompt text is one of the keys to generate high-quality videos. We use ChatGPT to
generate these prompt texts. To obtain general prompt texts, we set 15 entity words, such as dog and cat, and then com-
bine them with a template as the input for ChatGPT. In this way, we gain 231 prompt texts for generating T2V videos. Dif-
ferent from the T2V model, the 12V model uses the image as the input condition to make a moving image. Using the exist-
ing advanced T2V and 12V methods for video generation, combined with real videos obtained from the web to build the final
dataset. The generation quality of the video is evaluated using the existing advanced methods of generated video evalua-
tion. We combine the metrics of the EvalCrafter and AIGCBench to evaluate generated videos. For the detection module,
we use advanced video detection methods (four image-level video detectors and six video-level video detectors) to evaluate
the performance of existing detectors on our dataset with different experiments. Result We introduce a generalized scene
generated video dataset (diffusion-generated video dataset, DGVD) and corresponding detection benchmarks constructed
using multiple generated video detection methods. A generated video quality estimation method containing T2V and 12V is
proposed by combining the current state-of-the-art generated video evaluation methods EvalCrafter and AIGCBench. Gener-
ated video detection experiments are conducted on four image-level detectors (CNN detection, CNNdet; diffusion recon-
struction error, DIRE; wavelet domain forgery clues, WDFC; and deep image fingerprint, DIF) and six video-level detec-
tors (inflated 3D, I3D; expand 3D, X3D; convnets 2D, C2D; Slow; SlowFast; and multiscale vision Transformer,
MViT). We set two experiments, within-classes detection and cross-classes detection. For within-classes detection, we
train and evaluate the performance of the detectors using the T2V test dataset. For cross-classes detection, we train the
detectors on the T2V test dataset but evaluated their performance on the 12V test dataset. Experimental results demonstrate
that the image-level detection methods are unable to effectively detect unknown data and exhibit poor generalization. Con-
versely, the video-level detection methods perform well on the videos generated by methods implemented in the same back-
bone network. However, they still cannot achieve good generalizability in other classes. These results indicate that existing
video detectors are unable to identify the majority of videos generated by the diffusion model. Conclusion We work, intro-
duce a novel dataset, DGVD, that encompasses a diverse array of categories and generative scenarios to address the need
for advancements in generated video detection. By providing a comprehensive dataset and corresponding benchmarks, we
offer a challenging environment for training and evaluating detection models. This dataset and its corresponding benchmarks high-
light the current gaps in generated video detection and serve as basis for further progress in the field. We hope to reach significant
strides toward enhancing the robustness and effectiveness of generated video detection systems , ultimately driving innovation and
advancement in the field. The dataset and code in this paper can be downloded at https://cstr.en/31253.11.sciencedb.22031
and https://github.com/ZenT4n/DVGD.
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A brown and gray cat, it is
hunting a mouse with its ears
alert and seems to be very
hungry.

Frame 1 Frame 2 Frame 3 Frame 4 Frame 5

The castle is a palace of
splendor, shining with the gold
and the jewels, displaying the
wealth and the power of the
king.

As we journeyed deeper into the
forest, we felt a sense of
reverence and awe at the
untamed beauty that surrounded
us, a feeling of being humbled
by the majesty of the natural
world.

The undersea is a source of life,
providing oxygen and water
and food to the planet and its
inhabitants.

The waterfall is a splash of fun,
inviting the swimmers and the
divers to enjoy its cool water.

E3  ModelScope %t A SCA K Hoxt 7 14 A A 4]
Fig.3 Text inputs of ModelScope and generated samples

Frame 1 Frame 2 Frame 3

A
NSO
A spotted Bengal cat, it is
running with a toy in its mouth
and seems to be very playful.

In the park, the little dog happily
runs on the grass, occasionally
stopping to sniff the flowers.

The ocean wave is a source of
fun, inviting the surfers and the
swimmers to enjoy its cool and
refreshing water.

The deep forest was a maze of
towering trees, dense foliage,
and hidden paths that only the
animals knew how to navigate.

The big waterfall is a splash of
adventure, attracting the thrill-
seekers and the explorers to
experience  its  exhilarating
water.

[81 4 ZeroScope fij A SCAS K XN (4 R 151

Fig. 4 Text inputs of ZeroScope and generated samples

3 HERERIE

Ffi & AIGC (artificial intelligence generated con-
tent) I & & , A= BGPTAL U 0 TAE L ZE AR WA F ,
R B R AR A4 A T, AR 22 B A A A
7k 3k FE T EvalCrafter (Liu %, 2024) Al
AIGCBench (Fan%5,2023) . EvalCrafter /& T2V 4 i,
PRATIEE | AN D5 TG T2V B HEAT T PFAN , A4
Az AR B A58 ST SCAR—AIRONS 5% iz 2l B 4 F
S IF] — SR A5 D7 T, A7 AR AR T 2 AT
773, i A B 7 AR A 4 —> D7 T A
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HiNEW%  Frame1 Frame2 Frame3 Frame4 Frame5

|
|
= | e = = = ERE ERe - ——
|
A 1 » B ‘ﬁ ‘ J
. .

i

K5  Stable video diffusion 45 A 5 R T R 4 Az Jlis: 4]
Fig. 5 Image inputs of Stable video diffusion and

generated samples

HWANEIR Frame 1 Frame 2

16 12VGen-XL A A G SR A ik 1
Fig. 6 Image inputs of I2VGen-XL and generated samples

4% o 1 AIGCBench 41 % 12V R4 75 5 il — F0 451 %
FF 32 SR IS ) — B RO R R S AT T
WAl . AIGCBench fifi A 19 SCAR—EIGFN SCA—
PRAT A £ R AT IRARE A B, 9T AR 40 PEAS 8 A A 75
TS T IS N AR N T HES
AP RAR

EvalCrafter £ X H AR /R SCA 9 40 208 T 36 4
KT NI AR A S A PPAL FE B | 1A £ 4 4
4R R SCA BT 5 EvalCrafter ARl H I, R 78
REBEE , 2B T EvalCrafter H1 53¢ T A FI MK 48

FBIAH ST R AR, IIER 1 AR AR AR AL

IR T HA S R A AR .
1224 T EvalCrafter #1 AIGCBench B TFAL 8 #5

J5 R T2V M2V A2 AU B T BT e s . B

B AT AR ] — ot | Sh S RCR A
PF—HRAI 55 . SCTF T2V RNV BE & A R ITAk 46 b
AL 3. PPAFE AR AL & 1) MU BT i : Inception
Score (IS), Video Quality Assessment (VQA) (VQAa,
VOQAL);2) I 1E] — 3ok . temp_score , warping_error; 3 )
BNATES) : flow_score ; 4) Z 456X 55, AR 4 T2V 1
12V 73 g+ (1) SCAR — LB X] 5F « Text-Video CLIP,
sd_score, blip_bleu; (2) KME—H35 X} 55 : MSE (mean
squared error) , SSIM (structure similarity index mea-

sure) ,Image-Video CLIP,

R3 T2VIILRVIFEGIERR
Table 3 T2V and I2V video metrics

J7 1 e ™V 12V
1S 1 N J
AT

VQA 1T(VQAL, VQAa) v v
temp_score 1 N J

Fisf [ — 2k
warping_error | \/ \/
HAETED flow_score T J \/
MSE | x J
P {5 — R} 55 SSIM 1 x N
IV-CLIP 1 x J
TV-CLIP 1 J x
SCAR—RRBTXS 55 blip_bleu 1 N X
sd_score 1 yJ X

VU RIRALE ) RR AL R R R
© L FRIREBAR AR

FVPEAGFE bR BAR B Q1R < Inception Score (1S) :
T3 L M7 2 K M Video Quality Assess-
ment (VQA) (VQAa, VQAU) : P #1451 36 24 38 5
(VQAa) FIHE ARPEFEFR (VQAL) 5 temp_score: B2 [7]
() —Z0 s warping_error: TR, — i1 75554
R ARk, T I I/ N S ; flow_score : RS i 2.
[E] P SF- X2 B8 % 3 5 sd_score : A= BCARATT 5 4[] SCATR
SD (stable diffusion)F57 f) 4 A AR BE 5 blip_bleu:
PEIR SO U IR SO — Bt . MSE:Hin A B
555 LW Y27 15222 s SSIM S A RSS20 1 iz
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] f14) 25 ¥4 41 2L 14 ; Text-Video CLIP Fl Image-Video
CLIP: 2511 (A3, GO AU CLIP ABRIMET 43

AR SCAE B B PG 48 BR 43301 8 T2V F 12V A A
PUATHEAT T B S VPG B0 IE . BRUEZS SR an & 7 R

VAt

temp_score
X

VQAa
8

\1 00

flow_score

\ | /SCOre

T\}‘clip

——blip_| bleu

(a) T2 VIS

—— ModelScopeE AL
\ ZeroScope 4 A

VQAa
100
warpmg error, \

ﬂow score

TE T2V A= ARSI |, ZeroScope A= B AT 7E 25 50 F
23 1 T ModelScope , i 12V Az AR 1, SVD 2 i
() LA AE Z2 B0 3T 43 b AR 5 T 12VGen-XL AE B 1)
PR

VQAL —— SVDA: A

— e I2VGen-XLA B

temp_seore
\

IS

SSIM
(b) VI &

BT A A o e A 5

Fig. 7 Generated video quantity evaluation results ((a) T2V video quantity; (b) 12V video quantity)

4 KEE

4.1 ARSI LI

DGVD A% 1 PIZEY WO A= i i, o 1 4
THTPPA A2 BRI RCR, , et t 1 28 A AT 55 11
PSRAR AL S5 o 2R AL 55 2 PAG I 2R 5
I3 B A A R ) 2001 5 vk A A DU A B0, B Modeel-
Scope Fll ZeroScope [i] A T2V J5 ¥ 5 B JS K AT 55 &
SR I ZR s 5 R o AN TR 2501 05 32 A
UL o A T2V J5 12 25 s WAL i ) 2 0 55 2 A
12V AU E iR B, PPAL IR 2 1L RE

TS R GRS I 5 16, kg 1 840 1) IR AR
KL I S B it BT 12, S B9 it 45, 5 1A
B PPAGHE BRI T e 2EmIEE HIB AP (aver-
age precision) . ACC (accuracy) . AUC (area under the
curve) F1 F1{E.

DGVD X 4 284 iJ7 s 43 T INZRAE BiEsE
FIRAE o A — A A% AR H] ModelScope £E Y
AU LS 73 B I ZRAE X FEAT I 25, B 78

ModelScope Fil ZeroScope il 43 4 I 32t 4 37E 47 28 N A
MIAT 55, 7€ SVD 1 12V Gen-XL % 43 1 M3 42 rp i AT
5 A AT 55
4.2 WWFE

FEMESI T 10 RGN g8 ok AT B AG IAT: 55,
VEPRIXSE )y ik F A LU A 1) g i hiy 1]
e LB B &% /9 T5 3%, W 13D (inflated 3D) (Car-
reira fll Zisserman, 2017 ) 4 , 8l J& 24 /i )32 Al 19—
SERRIE 7 5 2) BRI g 20 Ay PR BRG] 2 AR AL AR
PR ARG b, 3o T CNN (convolu-
tional neural network ) )46l £ F1 & T Transformer [
R 5 5 3) EFERY T 1 2 2 TR A . anak 4 i,
i FH B9 J7 3% 4 CNNDet (CNN detection) (Wang 55 ,
2020) , WDFC (wavelet domain forgery clues) (Deng
4 ,2023) , DIF (deep image fingerprint) (Sinitsa I
Fried, 2024)
(Wang & 2023b), 13D (Carreira Fll Zisserman,2017) ,
C2D (convnets 2D) (Wang & 2018) , Slow Fl SlowFast
(Feichtenhofer 2% , 2019) , X3D (expend 3D) (Feich-
tenhofer, 2020) il Mvit (multiscale vision Transformer)

, DIRE (diffusion reconstruction error)
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(Fan%#,2021)%,

CNNDet H] T X3 5 02 552 R854 J& H CNN
AR S . B ProGAN A Al A PG S50 d 42 1F
TNk, IFHAE 776 CNN A= B MG I 25 A9 BUIE
BRI H AN CNN A B e R 8L 5Nz 1k
FREE .

®4 WML
Table 4 Detector

Tk A 25531 BN HdiE 4R

CNNDet RIS ProGAN
DIRE EEET LSUN
WDFC EEE T DDPM
DIF FI5 9% SD14
13D AT Kinetics-400
X3D LW Kinetics-400
2D AT R Kinetics-400
Slow AT Kinetics-400
SlowFast LIWTES Kinetics-400
MViT AT R Kinetics-400

DIRE X5 4™ 10 mle g MR IEA T I 2, (5 157 A
52 77 30, 9 B @ 3R 22 (DIRE) , Bl id it
YR BB AL 5 A R S H B d IR Z E] 1
D22, K I B A5 N IR Y A il

WDFC X5 4 HU A= i IS, 7 6 e B
75 4 Il Haar 25 851 /)N 7 22 46 (Haar discrete wavelet
transform , HDW'T ) 3R HCA= il R 0 s A O, #1L T i
PASAAE R A R AR IR 2R

DIF F ] CNN 237 A5 UG HE LU LG R I 2k —
RAME) CNN, ABAT HAREUR A s 198 80, T
B EMG 48 0 (DIF) o I DIF 7 A A i A5 e e

13D 2t T REZAK 3D AR, K 0 TR0 5 R R 2%
R UE I A AN AL N AZ YT e 31 3D, DA T S5 BG40 45 45
PR R TE S

X3D J&— > = AT R 2%, AN [R] T — Y 3D
T A R i [A) 48 J32 B 10 A 5 [B) P[] | 5 8 R 2
LN MERE ALY e— v N —4E58 8

SlowFast i FH PR 18 % 46 4844, 5230 A~ 43 32 53
AT ] 5 25 () 24 J3E AT A B 53T, slow 43 32 ff ]

D RS LA R 5 K ) 3 Bk 2 ) S TRl i A
K T fast 43 S0 35 KA Wi 430 LA B A /0 1 368 18 4
K] a8 dfE B o T Slow MR AUALAH FH Slowkast H
1) slow 7332 .

Mvit 3£ T Transformer SEH0 , 45 4 22 KR 1F )2
IS5 AR AT DL 2 [ i R N ig 47, 4
i B AR B 5 B AT A . T IR A )2 7T LA
UMl G T 2% AR 1EL 52 4% ) 1 BORRAIE , DA R 3 1
SCHEAT AR

F SH A= SCRRARURS I 75325 ] LA 3 DAy 5 ] () A
D77k AR TN 2 A AG I 7 s o 2 RSN O 2%
PR ) 2 TR0 A IS, , (5 P TR B ) e of £ st R A i
AR o 72 TA] A RE A8 B MR T E LR 900 | iy A=
JCRE 3 2 5 1 B P A5 1A R 0 i, 140 B 4 i A
IR 2 5 ) T S A ) A BT 220 T R AR
AIRE ) o B2 A6 7 92 25 1 i 28 L A A 7 1%
EB G R A AR R A 1) ] — BOPE B R B, M
PLA: BB AR i i 0 R0 e T I s | A Oy s
FHARAR 5 A6 0] g 7 B SRR AR 2 8] 4R A0 19 [m] B, DG
AR S S O AR E A T A AT 55
4.3 HRSTIITM
4.3.1 NS

s TN 2Ry 4G T g8, G AR AR 44> DUl 24l 4
XAV IEAT TV . AR R 56T IR A,
A IFEIRIESLE ModelScope MR AR Fh AR 21 T R AR
ST IPEES N @ walllFir il d o P (EP R e R U8 g oalll]
X ZeroScope A= AR YR I A5 SRAT BT T B R0
J& CNNDet 1 DIRE P4~77 %, MERf B2 2T B2 15%
Fed, WfdE ] Oh 52 504G SGHAT RN Y D7 WDFC
DIF &R Lt CNNDet Al DIRE 2247,

07 A A 2% AG: I 2% 7 ModelScope Fl ZeroScope I
A AR R R B, AAE ZeroScope PRATURS N 25 5 [t
ModelScope I35 % 2 , 13D . X3D , C2D Fl SlowFast ik
JTIEAE ZeroScope AU I Fe BT 4
4.3.2  ESEIINEE

iR 225004 O AURS: I 25 ] T2V A8 2R 4 7
Wk, ZSEE AR T2V 2R 4R EYIZRpy Ay, 7r 12V
R S 7 U W = € 2 A g = WA 7 | EZ )
R AR AE 12V A0 Az AL PR RE . AR 5 45 51 ]
UL, T ZEAG I 45 %5 SVD T I2V Gen-X L AR AR (1 46
DRE 7 W1 S %, 3 SR WIAE T2V A A E Il 2Ry
Rz g, 0 T 12V AU iz AL RE AN R o XS T
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SVD #iL45i , CNNDet, DIRE , WDFC . DIF . 13D I X3D
BTUAMR I 25 0 AP R I, BT T B S Y
i 68 T3 A O B ABL T AR G 000 A ol AR A
C2D .Slow ., SlowFast Al Mvit ¢ 3 i T ##5 f ACCL1H
S AP B . T JLF A By A% 7E 12V Gen-XL A
BT A A DU E ) 1 R B ALY o (AR B,
WDFC #1 DIF #§ A~ fdt F fh 52 3048 80 Jr 25, 18
12VGen-XL ARG I rh F B TPy 2 1 . kg
SRR Tz AR PERE A B, LU RAEAS [A] A A
AU F A 2% 0 PR, R i 0 PR AR 2 AL R
TR TR RS H G R

4.3.3 BRI

PG R g% T 2 IR e A% 38 BIAR A i 3L
7 ModelScope Ml £ Hh 2 B0 R 47, {HZ X F[)
— T M4 T ZeroScope MR B FZBAE, H I
AP RIS, UL I A g o ) 31 1 2 R
AURFE , il = 2 AP o T PR B ARG T 8 %o T[] — B
T8N AR A B R R B, ANk 5 op IR
K I 2% 7F ModelScope Fll ZeroScope #F A % 1R I 1)
B, 12V AR RIS 2 BORFEA 5 EIR 9
K g5 BRI GAG I &5 4 S 4 AP AIE 32
IRRE Ty (BTSSR TEVE WG A2 B A ARG T A%

x5 MR NER
Table 5 Video detection results

1%

ModelScope ZeroScope
WRZS

ACC AP F1 AUC ACC AP F1 AUC
CNNDet 100.00 99.98 99.97 100.00 15.27 97.18 26.49 88.09
DIRE 99.94 100.00 99.92 100.00 15.33 94.78 26.52 80.75
WDFC 99.29 99.65 99.43 99.97 76.55 88.27 69.76 88.63
DIF 97.56 98.35 97.99 97.95 87.51 97.54 85.91 87.60
13D 99.01 99.41 98.68 99.21 95.44 99.18 87.01 97.31
X3D 99.15 99.50 98.86 99.32 98.63 99.75 95.71 99.19
c2D 98.52 99.11 98.03 98.81 97.74 98.13 97.56 97.94
Slow 97.41 98.38 96.61 97.89 81.17 84.37 82.67 82.82
SlowFast 98.14 98.83 97.55 98.48 97.76 98.07 97.57 97.94
Mvit 99.99 99.99 99.99 99.99 81.94 96.74 62.86 89.36

SVD 12VGen-XL
WIR7S

ACC AP Fl AUC ACC AP F1 AUC
CNNDet 21.30 75.41 35.09 45.20 28.41 75.20 44.24 59.43
DIRE 21.13 82.57 35.11 56.36 28.44 84.96 44.27 72.81
WDFC 57.80 78.90 2.22 5831 55.92 77.96 33.46 62.02
DIF 73.65 64.05 55.53 69.09 76.86 85.29 76.89 81.08
13D 21.33 78.71 35.11 50.00 28.62 71.63 4435 50.12
X3D 21.35 78.72 35.13 50.04 28.63 71.64 4435 50.13
c2D 57.51 42,51 73.01 50.02 28.76 71.87 44.26 50.31
Slow 57.35 42.47 72.88 49.89 28.36 71.68 44.04 49.93
SlowFast 57.46 42.50 72.95 50.00 2931 72.05 44.42 50.65
Mvit 57.55 42.55 73.04 50.05 28.65 71.64 4435 50.14

T L P SRR 5 8 B A2 2R
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ARSCHEH T — DT REBH A A A A £
(18 24 S A AT AGE DU AE 242 5 7 HIORSE A A4 ol IR A3 450 4
B2 A I DA 0 A SO ATAG IN 3 AR . B
4 S 3 FH 37 55 10 A ARG T AT 55 $ 4t T I R
i, e 1 A BRSO 4 R R R ), O A5 A
EvalCrafter il AIGCBench & ¥ 4f 48 ¥E 47 T i & F
il o FEARS I A T, AT LA FH 22 R I 25 2047 26 %
PRSI T AR R4 T 5 — M iTPAl de An . AH L
oA A, AR SCRI R B A A I Rl T 2
KEN10 k DAL, A 3 o E A, W5
T2V J5 A2V J7 %, Sk A R A A ) T A 1L T
AT I EUE . SRS RE R, H AT
D25 B A 7 [R] — 2 70 Bl ] — 7 32 b i A D0 245 R
MR A B AEAS [R5 ik A Bl i oA I 9z A
B#,
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