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Abstract: Objective The relentless evolution of presentation attacks poses a threat to the security of facial recognition sys-
tems, and low-cost deepfake technology has caused widespread social security issues. With the continuous confrontation
between forgery and anticounterfeiting technologies, the difference between real and forged data is becoming increasingly
subtle, transient, and sparse. However, when the generated patches (or occluded patches) are mixed with the original
image, global inconsistencies in lighting, geometric proportions, motion patterns, and other aspects are inevitable. This
study proposes an adaptive face fraud detection model based on Transformer graph representation learning, which utilizes
fraud clues with widespread global spatial inconsistency in fraud samples. This model aims to improve the accuracy and
generalization ability of face fraud detection to address increasingly complex security challenges. Method First, the model
constructs the complementary advantages of graph neural networks (GNN) and Transformer layers by alternately stacking
them. GNN shields irrelevant nodes and converts Transformer’s blind global attention into sparse, low rank, and structur-
ally sensitive; Transformer expands the receptive field of GNN through long-range dependencies, making message transmis-
sion farther and more flexible. The combination of GNN and Transformer makes it easier for the model to capture globally
inconsistent fraud clues. Second, given the strong dependence of GNN on graph topology, this model applies the dynamic
K-nearest neighbor dense algorithm to improve the sampling method of neighboring nodes. The algorithm adaptively adjusts
the connectivity (degree) of each node based on the local feature density distribution in the latent space. In sparse or
ambiguous regions, nodes connect to more neighbors to gather broader context; in dense, discriminative regions, connec-
tions focus on the most relevant neighbors, thus dynamically constructing data-adaptive graph topologies that are inherently
more resilient to noise and variations, providing a robust foundation for subsequent processing. Third, this model uses a
dual attention mechanism to weight the nodes and edges in the graph separately. The weight of nodes reflects the degree of
influence of image patches in different regions on image labels, and adding weights to nodes can enable the model to focus
on image patches that carry more discriminative information. Meanwhile, the weight of edges reflects the degree of influ-
ence of neighboring nodes on the central node, and adding weights to edges can highlight the key pathways of information
flow. This dual attention explicitly models the complex interplay between nodes and their relationships, allowing the model
to focus on the most salient and informative features and connections, thereby dramatically boosting its relational learning
capacity and sensitivity to subtle cues. Fourth, considering that static models fail against novel attacks, this model incorpo-
rates meta learning optimization strategies to enable the model to quickly adapt to new types of attacks or new scenarios.
The core improvement of this strategy is a new combination of soft-label loss functions. In the inner-loop training stage, the
model utilizes the sensitivity of the Kullback-Leibler (KL) divergence loss to adjust uncertain model parameters quickly,
while in the outer-loop stage, it utilizes the strong fault tolerance of the soft-target cross-entropy loss function to ensure
stable and robust feature representations across various data. The improved meta learning algorithm not only demonstrates
increased stability during training, but also maintains good generalization performance on different datasets. Result This
study investigates the effectiveness of the proposed model on seven major, publicly available benchmarks, which belong to
traditional face antispoofing or deepfake detection tasks. In the face antispoofing experiment, four classic datasets, i. e. ,
MSU-MFSD, Replay-Attack, OULU-NPU, and CASIA-FASD, were used for cross-dataset experiments. The average half
total error rate (HTER) obtained from the experiment exceeded all comparison algorithms, indicating that the proposed
model has good generalization performance in face antispoofing. In the deepfake detection experiment, FaceForensics++
(FF++) and Celeb-DF (v2) were used for intradataset experiments, achieving classification accuracies of 98.93% and
98. 44%, respectively; Then, FF++ was used to conduct cross subset experiments within the dataset, and FF++, deepfake
detection dataset) , and Celeb-DF were used to conduct cross-dataset experiments. The above cross domain experimental
results show that the accuracy and area under the curve of this model are higher than those of the latest model. Further abla-
tion experiments confirmed that density-based dynamic K-nearest neighbors (DBD-KNN) , meta learning optimization,
TransGNN module, and FFN module in the model are all beneficial for improving model performance. The comparative
experiment between K-nearest neighbors, and DBD-KNN confirms that even if the KNN algorithm uses the optimal K
value, its performance remains inferior to DBD-KNN. The DBD-KNN algorithm leads by 5.55% in the HTER metric,
mainly because of its ability to adapt to changes in data dynamically, thereby more effectively adapting to the characteris-

tics of the dataset. In the loss function combination experiment of meta learning, it was confirmed that the best experimen-
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tal results can be obtained when selecting the KL divergence loss function for the inner loop and the soft-target cross entropy

loss function for the outer loop. After analyzing the complexity of the model, we found that although the proposed model has

remarkable advantages in computational efficiency and parameter quantity, its detection accuracy remains at a high level.
Finally, observing the evolution of the topological structure of the graph reveals that as the model training deepens, the con-
nections between nodes are no longer limited to local areas, but begin to capture semantic features with distinctive charac-
teristics throughout the entire image range. This result reveals the inherent logic of the model in making detection deci-

sions. Conclusion The method proposed in this study can effectively capture and identify subtle fraud clues and global

inconsistencies present in fraud samples, thereby improving the detection accuracy of the model. This method is particu-

0

i3

larly remarkable in enhancing the model’s generalization ability to different datasets and adaptability to new environments ,

ensuring that the model can achieve high recognition performance in diverse practical application scenarios. The dataset for
this study has been archived in ScienceDB and can be accessed via https://doi.org/10.57760/sciencedb.j00240.00096.
Key words: face fraud detection; graph neural network (GNN) ; Transformer; meta-learning optimization; density-based

dynamic K-nearest neighbors algorithm (DBD-KNN) ; global inconsistency
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TransGNN (V) = FFN(Concat(V,V"))  (5)
Bf—#% TransGNN B ) S A HOH i B 4G - 1)
FR i o7 A i 759 sSUREAIE , A FH DBD-KNN 3.3 30
A F TN EG Y 5 2) 248 GNN 2, R4 i — i
T 7 A B 1 AR A4S 31 V75 3) 3% A Trans-
fromer |2 55 , F| 22 3 [ ¥ 2 7 WL 8T 9 5 RRAE
RN V"3 4) Zad 525 BRI FEN 2 )5, 1331 Trans-
GNN I o XM S E il i 4 £
¥, B — 50 Sl A TR AR T A5 A 3 b B 2 ]
IS, 4 RS G b R AU B A T w5 J2 K LA 3R
W% AR ESEEE .
2.3 TransGNN =R E5#
TransGNN B G FREEE M WK 2 s . B,
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CRINFELEEE | N 7R 58, TransGNN A5 A
# T T RFEZ i85 TransGNN JZ B RHIE 2 B A W7 44
I, T SO W > B A IR A . R

TransGNN 3 i Conv2D % f1 . DW-GCN Bt | MHSA
Transformer 2  DropPath #t L & FFN F 2 5, FFN

w | ‘ H

%’J —o 4 4 Py E
20

Nc 4 096 COHV2D N

FHH A~ Conv2D B JZ Bt IH—1k .GELU 34
PRECA AL . A TR T RN ZERIML 58 GNN Fifi
1 )2 BN T 250 2k Y- 34 (] &, TransGNN 7R
ZANE T AR 2 B 1, W R v TR A )1
ORI ERE

Il > 55 _, fau
Conv2D C 160

i Efﬁ% TransGNN x2  FREE TransGNN x2  FRpE TransGNN x 6 F3%#t  TransGNN x 2
= 5 ﬂ E
HHETRE 5 |/

PR, | ¥ .
¢ : 1k : :
softmax :' E i |
T SN R ! MITSA conveb ¥ :
_ﬁﬁﬁﬂl:cale | U 0 ﬁ X U ” i Transformer GELU E i
wkRE || [ [ | pw-aen SH—fe : '

t ¢ | Liner H I Liner |J | Liner |J E

0 K V #tya—1k Conv2D .

Conv2D I i

MHSA Transformer "

FFN
TransGNN

2 TransGNN LS5 LA S S 8005E B

Fig. 2 Structure and parameter settings of the TransGNN module

2.4 BREBRZEERREHNTEIMRK

ARG B0 2] J7 1258 R B 55 > RE I 18 i Y
S P o B e IR AR A< (1 - A) 1Y L il B
LMK 40 R T A 1 4 D, RIAISE D, 4
SR TR SR AR B B . BRI R &5 N7
IFNSMIEI B B 2
2.4.1 WIEIIIZP B

PR I S F B D, e B 7 4 55 I 5
o D9 1 REPRESE NOHTE 5, AS SCHERE KL HUE pR%L
(KL divergence , KLD ) i N6 2 04 H Fn 461 2% pR K
AZAD R PRBORT BRPR 25 55 R SRR AT Bl T DR 9
PR 2 8, % MAML++ (model-agnostic meta-
learning++) F 3 VAR, NI R FH 2 20 B0 0 TAE

7530, 5 NI B KL B H AR 2k i35 0
foen)- Sl @

1
A MRSy, M p,, 7352 5 A RS A F 0

2R m MR . B NIEA G B E— D155
GRS 2500, THE YA REE L, AR5 R
FHAZAR % R B BB AT 55 e B S50, 2k k25 I AR
W SEE B, 8 kS50, , -, 0,.
2.4.2 SMEAINLRI B

SMEI R A RED,,., EH TS0, AT
FE T 47 Ml 27 > AR 20, AR SO SIMIE P13 6 B bR 25
A& SR E B SR, 30 % R B 6 1 (A AR
TER PR TR R ) B I ARIE R R o RN
PIEWE NEIRER i 2 21 BRI S 500, /EHT T
EIRED,,., 3505 D 1 AR %38 Rk . B
]

MWWJMQ=iﬁmbdm) (7)

SRIGE AT B AR IRGR L 352
= 2 asL. (8)
ﬁ*$ﬁWﬁ%%E%&ﬁﬂﬁﬁﬂﬁﬁ%%ﬁ
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E=oGE, Hizd, TiRE, KR, SR, §r
Transformer B &R S IR BN B 1& Rz A B BRVE R AR BY

CI e YR R TP i SN SRR BRI S TS
Loy B )5 BB ISR TT S AL

T 8 2 B B, 38 5 KL HICRE 461 2K pR 0 1
b, R LAPR S8 R A5 Y 4 ST S 45 P2 i AN A B
B ) b 28 58 S A5 2 pRRSONT 21 1) 18] #9) A AL A A
AN 7 PR AT S A IR 5, — 2 A R
BERISH ., WABER AMIAER Y X Fh 43 8 XA o7 )
i P G T[] A B A R 1 R A 20 (R i R fE
S ECH SR G IR) L BE A (AR R A 1A B AT 55 i i
Fr D IR AR 2 Al , 48 1B R A 3 A
Bt

3 LWESH

3.1 KRIWHIRERKWIMNE

AR S BT fe FH B4 2800 B G5 Ay PR RS T T
i R Wy B 2R T OULU-NPU (OULU-
NPU database) . CASIA-FASD (CASIA face anti-
spoofing database) . Replay-Attack Lk & MSU-MFSD
(MSU mobile face spoof database )X 4 ~£: #LE i 4E
X BERE A AL T ATEN G HE G i B
i BT DI IR Tl 45, SR AR AN [R) 3 5T SR [ E AR
PLE TR s A sl Ak o B Mo 25681 1 DFD
(deepfake detection dataset) (Jiang %5 , 2020) . Celeb-
DF (Li 4§, 2020) fl FaceForensics++ (Rossler % ,
2019) ¥4 . DFD 445 3 068 > DeepFake 4% AR 4=
IR A5 363 D IEUA M. Celeb-DF 2R 4515
PRECOR ARG , BT84 AU 15 639 /1> o £
I REAS AL T AR ER G 407 o FaceForensics++42
L1000 A4~ L 52 WL AU 4 000 A Oh 3t A, 1 T
DeepFakes . Face2Face. FaceSwap . NeuralTexture Al
FaceShifter 5 Fj LRI R B2 O 47 AR

XF T AR, B e AL BE AL 2 JBC R 5 v
(2 Wii/s) , If-d F MTCNN (multi-task cascaded convo-
lutional network ) 357 U HC A K RIS, #5454~ BT
b ST N BEALR R e J3E V8 R iy S0 W s 45 )y 1k
17 WAL B, I B Mixup (Zhang 55,2017 ) 2§ Cutmix
(Yun 55 ,2019) 5 52T et a8 o, DIAR THEE R 72
TLRETT

S50 F T NVIDIA GeFore RTX 3080 &t |
PyTorch HE4E . #5278 iy A B9 AR R RST 2k 256 %
256 x 3, fdt FHREHLENS 002 Sh FIBEHLZ BR S5 D7 X

Xt B s AT AL B, batch-size K/NK & H 64, F%
B RNBRIN g 4 x 4, 0wt 2 0] IR 11 R 2
64 X 64, N T ITJEIT AL I ZRBEFL 7:3 1L
W% 3 R SRR A NIRER SMIEER I 2R B
) 2 > S B Ol 0..001 . BRI A 2% ) Adamw
(Wen 25, 2015) , & & K A 28 0 (12 1IE W4k ) 55
Adam AL ERES G R B — R UL A% AU R s {1
B4 0.05. WIhR AR 2 x 107, BRIl 2R 30 fE 7%
HIERET0. 1155
3.2 BHIEEMAREEQNI LS

N Y BAEA SO A AL G NI A I 92 Ak
PEBE , f# | OULU-NPU . CASIA-FASD | Replay-Attack
HI MSU-MFSD %46 5 iE AT 25 2 e S S0 56 . X
AR B A BN EE AN [) A Tt S A R A T
SRAEFRIT , (75 85 bl 4 A BRI Al BAT — 7 PR
Yo NI D SREEIR AR B AR RIC M 0 .C
IHFIM. 25 A H LA L 480 )7 I LBPTOP
(local binary patterns from three orthogonal planes)
(Freitas Pereira 25 , 2014) ; 3% 37 1k 77 3 MADDG
(multi-adversarial discriminative deep domain general-
ization) (Shao 4§ ,2019) .SSDG (Jia %5, 2020) 5 UDG-
FAS (unsupervised domain generalization for face anti-
spoofing) (Liu 5§ , 2023) ; JG2% 2J 5 1% RFMeta (regu-
larized fine-grained meta face anti-spoofing) (Shao %5,
2020) . MTML (multi-task meta-learning) (Chuang 5,
2023) %5 5 [ i 4 AF I3 — 1k 75 75 AFNM (adaptive
feature normalization module) (Liu %, 2021) ; £ 1F fi
#5715 DLIF (disentangling liveness-irrelevant factors)
(Yang %5 ,2024) 7 22 Wl B BT Y508 . PEREITHh 48
B At FH 22 S5 1% 2R (half total error rate, HTER) Fl4E
i i 26 T 1 FR (area under the curve, AUC) , SCHG 25
RN 1R, 7E O&KC&I to M F OXM&T to C 525
H RSO HTER JF AR & L. il , M5 C
Bl AR L B9 E TG 28 B S I R AR o0 A 22 S 3
R, AR SCARE R B0 4 12 O L T LAAr 25258 TR —
BUMEZRER 0] 3k BE A i il 19 ) S SO R M AR
FAXTA R o KT, 7E O&C&M to 15 I&C&M to O 7,
AR SCE IS B U VERE , R W AL 2 B g 5 T
HA 5Lz ALRE T o
3.3 Deepfake #& il X3 bt L6
3.3.1 Deepfake B4 45 P %] LS5

AT IF I Deepfake B4R 4 9 HET Ho 5250, B e
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Table 1 Cross-dataset face anti-spoofing comparison experiment
1%

- O&C&M to I O0&C&Ito M O&M&I to C [&C&M to O

e HTER AUC HTER AUC HTER AUC HTER AUC
LBPTOP 49.45 49.54 36.90 70.80 42.60 61.05 53.15 44.09
MADDG 22.19 84.99 17.69 88.06 24.50 84.51 27.98 80.02
SSDG 18.21 94.61 16.67 90.47 23.11 85.45 25.17 81.83
RFMeta 17.30 90.48 13.89 93.98 20.27 88.16 16.45 91.16
MTML 8.07 96.85 7.38 96.66 13.20 94.27 8.75 95.95
AFNM 16.03 91.04 10.83 96.75 17.85 89.26 15.67 91.90
UDG-FAS 5.86 98.62 5.95 98.47 9.82 96.76 10.97 95.36
DLIF 5.82 98.13 3.75 98.33 6.67 97.27 8.89 96.36
AL 3.23 98.97 6.25 96.09 12.50 95.71 2.78 96.77

TE R TR R S 5 e LA 2R

AR SCRERL PR RE o bE BOR B A fF 2T CNN Y
ResNet (He %5, 2016) . Xception (Chollet, 2017) . Effi-
cientNet (Tan I Le, 2019) . HRNet (Wang % , 2020) .
AWARE-Net (Salman 5 , 2025) ; £ T Transformer [
VIT (vision Transformer) (Thing, 2023) . Swin (Liu %%,
2021) . BEIT (Bao % , 2022) ; B 45 45 3 AH 45 & 1)
MBMD (e 55, 2026) J5 % ; oo > ALY MCW
(Guan 7 ,2023) 75775 LA IR 22 R 46 7 1 MiniGCNs
(Hong %%, 2021) . DFGNN (Khalid 4 , 2023) , SSGT
(Khormali # Yuan, 2024) . %4 £& 4 Celeb-DF £l
FF++ (5 BT 14 ), IR A At A 44 7: 3 1 L A7)
BEDL 3B , 1R RE VA 46 B A 1 23 2885 FZ (accuracy,
Ace) FIFFAE N Z F A (AUC) . SEER g5 Rk 2
B

H13 2 AL, AR SO A Celeb-DF %041 4 14 5
B, Ace i5 3 98. 93%, AUC 15 %) 99. 81% ; 7F FF++
B AR 1 S, Ace K FI) 98.44%, AUC ik |
99. 62%, TEPIEEAR 1 52 g v, AR SCBEAY I Ace
IRBN ST 1 Y H BB AT 7, Ul AR SO g
AU AL ) D i e A4 A A R I 7 A 1
i thse B s U R A 2k HAR
3.3.2  fEFF++5UlESE Eis AR

R T WA SO AR R Y 3 P BE R R+
JohE A (C23) ekl b 5 AR S0, 4% P 4R 52
B FRIFAESLIR P AP IEAY . FR++ 8 S 4L 5 PR VE T

&2 Deepfake Z#E & N AR LL SLI&

Table 2 Comparative experiments on a single deepfake

dataset
1%
Celeh-DF FF++
FE
Acc AUC Ace AUC
ResNet 96.96 99.65 87.04 99.21
Xception 97.68 99.77 88.32 99.70
HRNet 96.47 99.87 88.74 99.95
VIT 87.21 97.54 75.73 92.29
BEiT 87.51 95.90 86.82 98.76
Efficient 96.43 99.88 87.78 99.45
Swin 76.58 98.84 87.25 98.81
MiniGCNs  98.90 98.00 95.09 -
SSGT - - 94.59 95.16
DFGNN 93.90 - 97.16 -
MBMD 99.11 99.74 96.97 99.54
AWARE 100.00 99.92 96.86 99.22
AL 98.93 99.81 98.44 99.62
TE I AR R & SR ARG R, =" Fom AR it

#£ . DF(DeepFakes) . F2F (Face2Face) \FS(FaceSwap) |
NT (NeuralTextures) il FSh (FaceShifter) . f& %
DFGNN, 52 46 43 o4 P 28 IR VEAG I« B 003 38 8 Tl e 1
L. E BB SCHIRVERT I B2 565 v, 4 FS . DF I
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E=oGE, Hizd, TiRE, KR, SR, §r
Transformer B &R S IR BN B 1& Rz A B BRVE R AR BY

FSh 34PN AL , 53 b 1 SO 4R 5055
TE 218 2840 RVE ARSI S 56 vhy , B4 F2F A1 NT B4~
THEMINGE, 5353 FHEMITELR . LI
WANFE 3 P, o 28 3 ] AT, AR SORE R 6 G I 48 A 4
T B 4:F DFGNN SCRY i 52 56 25 5, F 34 Ace 1
13. 17%, P4 AUC #B 1 17. 52%, E AL S v e B
T H BB, S Ace 1t 19. 84%, 14 AUC # i
25.32%, i W A SRS AU EL A B af (1 a hy M Rz
etk

£3 FF++32 AL L6
Table 3 Cross-validation metrics on FF++ dataset
1%
M AR
F4E JHE Ace AUC Ace AUC

DFGNN

KR I

FS - 89.30 92.00 93.75 97.54

DF - 85.72 88.00 89.06 95.74
HyacH  FS+DF+FSh FSh - 79.23 82.00 89.06 98.53
- F2F 73.50 75.00 84.38 95.37

- NT 61.30 69.00 87.50 98.38

F2F - 80.10 85.00 85.93 95.30
NT - 86.30 90.00 95.31 98.49
FlG AT F2F+NT - FS 73.10 75.00 78.13 91.99

- DF 69.90 72.00 85.94 91.53
- FSh 52.70 59.00 93.75 99.31

TE =" FRAR K

3.3.3  Deepfake 55055 X L S2 56

T BAEA SR A Deepfake K600 v 472 Ak
e, i FH FF++ = o 5 E I 255 , DFD 8§ Celeb-DF
IR AE , P T Deepfake 5 BE 42 BT L5256, 45
RNF AR R4 AR A SCHR B AL 9 7284
REIUS T B dr m 45 5 | Ui B AR SCRE R 48 Kl R A=
BN 5 D e EAGTR B B 7 A 19 B ke DB RE LT L
B A Ko iz sl B 55 4 Ry AN — S0k, I ELEPE i xR
IR VESAY |t AT B0 A 3 WAk
3.4 HELLIE

AR S 3 T S 56 B0 E S AL X T A AR A
(52 I, T BE A9 2H 443> DBD-KNN (Xt Fb KNN) JT
27 ) AL  TransGNN B (] [ GNN) LA J2 FFN £
P, ffi ] I&C&M to O 1 25 B 45 4 (1 52 9 7 8, VEA
FE PR 2 AR (HTER) o 71 Rl 52 56 45 5

RSN, ARSI, L MR — A B
MIVERE AR 23 B A0 4 i, X R WA L8 A R T
HIMERE L . P, TransGNN #2347 6375 Trans-
former ¥ 5 B & L B, % L 77 %8 HCA Trans-
former 3, 12 24 {4 X 455 B 52 ) f K, WS I Trans-
former ¥ )5 HTER F&{IL T 2. 78%; J¥K , DBD-KNN
R 5408 1) JR 750 %5 RIS S5 A B A A A R 4D
Ve fef 5 751 F % YA e A 12 R 2 8 50 H0 v 1) B 4 G
Z 50 ) O A G B R AR i

%4 Deepfake BEEEEXT L L6

Table 4 Comparative experiments on Deepfake across

datasets
1%
4
Ul S DFD Celeb-DF
Ace AUC Ace AUC
ResNet 58.73 0.68 67.60 0.78
Xception  68.31 0.65 75.06 0.84

HRNet 60.42 0.62 70.27 0.78
VIT 52.39 0.76 74.67 0.84
BEiT 66.47 0.70 75.95 0.84

Swin 51.90 0.66 66.08 0.73

FF++
MCW 81.70 0.82 64.20 0.67
DFGNN - - 73.40 0.76
SSGT - - - 0.87
MBMD - - 85.80 0.88
AWARE - - 70.14 0.88

AL 78.13 0.82 84.38 0.89

T ML TR R A 9 e LA 2R =" o R M

x5 AREEGIEREFFN
Table 5 Impact of different components on the model
/%

TransGNN  DBD-KNN 76223  FFN HTER
- N N N 1111
N - N N 8.33
N N - N 6.45
N N - 5.12
N N N 278

VIRl R R RS 5L, N R R =" R AR
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PEARBE AL 4] 4 Ak RIS B AT 55, B e B A Y
12 AL RE 3 FVHHE 8 1 3 FEN AR (i 545 00 75 1% )2
I 285 H A S5 A% 156 Ao B LA 3 ik A R o AR A 27 2]
FE 77, HOGH AL AR (1% 52 i s A K 2 A e R AR AR 1Y
HTERFEMK T 2. 34%.
3.5 FHEKEHEM

T 3 — 2 B 9F DBD-KNN 553 19 P BE | 1 1]
OULU-NPU i)l Z: 4 | Replay-Attack M5 |, it
— LRI . B3R T — Rk R g KME
HELA IR B L FR L 3R] ET AR U SE G H R B
B ZWKEN9. 4 ¥ KNN LM KA E
9, 8K 5 LA K E ) KNN 535 5 3 48 K
DBD-KNN 532 G A Y 4 52 0, i (P 104 5 o2 2
FERF (HTER) , &5 B 6 ix .t 6 il A1,
KNN 5 4k Bl % F B AR K {8, He Pk gt 2% T DBD-
KNN 535, HTER $8 b5 AH 2% 5. 55%. DBD-KNN %3k
REME AR A AL (1) 2 3 ) 385 1 b R PEAEAEAS () 72
IR KB, DT 3 R 2540 v 1 A B AR AR I 25
P fie W i O R M R

8 10 12 14 16 18
K14

B3 —5 eI KA H B AgA5 H o7 7

Fig. 3 Histogram of K values appearing in an epoch training

%6 DBD-KNN 5 KNN&EHI*T L
Table 6 Comparison of DBD-KNN and KNN

Ik HTER/%
KNN 8.33
DBD-KNN 2.78

E L PR R e e 24

3.6 FTEIMAU PR RHAIEE
FETCE I A B v, R NG 3R RSN 26
B T AN ) A8 bR 25 461 2 bR B - KIL FB0RE 450 2K bR
BRI R A 28 A8 A 35t 2% (soft target cross entropy,
STCE) o Xf E At FAN [l B AR b 28545 2 R AR 26550

S DS B R 5 L . SC 58 A OULU-NPU i
Pl tE | Replay-Attack e A  PEAL 5 AR T T2
SAETRF(HTER) o SR AR 7 fron, & 7 il H
D) 7E NAE PR 2 4% KLD pR %L, T MG P1 1% 5 STCE R
B, SEERROR B A, AT R 0 I PR KLD X #0hs 4
(Y BEUR A B T PR I #2880, 1T STCE pR AR
B RR N A RE T, BE NS I DR AR E 45 A Bcd 1 #R
g2 ) BIRSE M RRIE RN I E AT 416 e S 21
S ALIROR 5 2) NI A B B A 41 2% ok IO A5 0 1 i
1) 5 M) S e R, e B4 5 M RS R E SO A B Y
PR I 1, 2 P R B KLD pR T, L5000 45
AR T 1E$E STCE PR 25 5

RT FEAEEGRIRER K E LA EREX L
Table 7 Performance comparison of different

combinations of soft label loss functions

BbR2E H bRk
HTER/%
EEER VANICESS
KLD STCE 4.7
KLD KLD 5.3
STCE STCE 6.3
STCE KLD 8.5

TE O P RS R L a4

3.7 RESZESMEST

J T AT AR A SRR TR AR SRR, &
VIG .Swin-Transformer 1 DEGNN 4% )32 fili H (%) it 26
B FF++%00 408 4 A 30 52 36 v 2R A7 0 LE L 2521
R 8F7R . AR 8 AT A SCHE AL AE V7 508 5 IR B
(floating point operations , FLOPs) f1Z: ¥ & I H A
FFHo T A SRR AELE B Fom /N T HoAd A
ZBEAL N VIG-TI A BUZ fe Ja i B9 45 A0E 248 132
384, DFGNN HY4FME4E EE Sy 640, 11 [+ [0 26 J22 A SCAE
RURFAE 48 B2 AU 160, O FIT 55 5 2 800 (R T 5
LAY, NTTTE FE-++ B A A S0 AR IR R4 T
ATEF I3 R
3.8 HWERTIBRBEEST

A 3R 454 BT BAT B DAL , AR5 T s
BE 28 R IR, A Fh F el i i A e L X
— o TR Wb A 7 AR AR AN L G R R Y N TE 2
o K4(a)(b) iR T3 A 12 TransGNN 5
HRIHE SR 12 2% TransGNN A5 (1 358 43 P 45 44, ]



$31%5 /598 /2026 £9 A

kg, HEZEF, TIRFE, B, BN, g
Transformer B R S IR BN B 1& Rz A B BRVE A AR BY

®8 ARREMEREXTLL
Table 8 Comparison of complexity between

different models

s O G s
EES

DFGNN 27.3 4.6 128 x 128 97.16
VIG-TI 7.1 13 224 %224 94.15
Swin-Transformer ~ 29.0 4.5 224 %224 87.25
ResNet-50 25.6 4.1 224 x 224 87.04
A3 5.8 1.18  256x256 98.44
T IR R R B R 2R .
ﬂP”‘/l\EPlb AR ] 250 1 i £ i 4 FL AR Ty
Ko HHE 4 ATHD TE 28 12 B B, 23 A A 0 ]
SER R BT, 79 AR AR FE 32 B A 7 A [ AR AR 1Y)

TR Bl 2R R BB, Y TR A I AN
Jey R J i DX, T 2 T i A A TR AR L Pl i
HAT DR R TR SCRAIE  JE S R )z i 42

iﬁ‘l-_lll-
(b) 5 12 J2 TransGNN [&lZ5 4

_—,
wl ST -
‘l!'...“lll!
(@)% 1 J2 TransGNN [£]454y
K4 KR pEE L
Fig. 4 Evolution of graph topology structure ((a) graph

structure of the 1st TransGNN layer; (b) graph structure
of the 12th TransGNN layer)

4 &

A SCHE H—Fh LT Transformer 124 2] 1) H 1& V7
NI AEAR MBS IZAEAIZE 5 T GNN SR K 254
2278 BE 71 AN Transformer 1 4= ey R AE HE B RE ), B8 5%
TR B A SR 7S AN — BUORTVELR R W RE T, $25
TBAY Rz A 5 BT SR B B A K I SR A 2 Ak
(DBD-KNN) Myt ALk, dh— 2R i 1R
() H 3 BT o SR TRV S RO VR By 12 o
T T AR IRVEBGE  R A PR S B R

GEIE Al AR TAEAE T - DR W7 R 5 FIA]
FHAS [RIASE 2SS 18] B F M 808 i A R0 A2 2 37 50 RO
i B AR B RE T, A5 AU P15 A0 25 Jal L e
ﬁi"ﬂnuu&aﬂ?ﬁ FEOCAER REFE A

SR B IR A5 5 2) BRER ORI & R
%’E‘Jl%)(fﬂﬁﬁﬂ?@iﬁ‘éﬁ RENIESENZYNIng (1R
DB e S e, 1 o P S 4 B Y A i e
JIFIAIERE
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