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Abstract: With the evolution of network technologies, the scale of network traffic has grown exponentially, and at-
tack methods (such as protocol obfuscation and skipping connections) have become increasingly covert and complex, pos-
ing unprecedented challenges to traditional detection methods. Although graph neural networks (GNNs) have demonstrated
potential in modeling traffic topological dependencies, they generally face two major bottlenecks in real-world network se-
curity scenarios: first, the significant structural heterophily in network traffic graphs, where anomalous traffic tends to estab-
lish atypical connections with normal nodes possessing vastly different features, causing GNNs based on homophily as-
sumptions to fail; second, the extreme scarcity of high-quality anomaly labels, where full-parameter fine-tuning easily induc-
es overfitting or the negative transfer of pre-trained knowledge. To this end, this paper proposes a spectral-aware graph pre-
training and prompt tuning framework tailored for network traffic anomaly detection. Abandoning the reliance of traditional
graph learning paradigms on homophilic structures and massive labeled data, the core innovations of this framework lie in:
(1) Introducing complementary spectral filters to jointly model low-pass signals (capturing stable communication patterns)

and high-pass signals (identifying abnormal connection perturbations) for the first time during the pre-training phase, accu-
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rately characterizing the strong heterophilic nature of network traffic from a frequency domain perspective; (2) Designing a

spectral-aware contrastive learning mechanism to extract robust frequency-invariant features by maximizing representation-

al consistency across cross-frequency views; (3) Proposing a parameter-efficient prompt tuning strategy that, while freezing

backbone parameters, utilizes learnable prompt vectors to adaptively adjust the fusion weights of high- and low-frequency

channels, achieving precise transfer to downstream few-shot tasks. Experiments on three real-world network security datas-
ets, including CICIDS2017, CICIDS2018, and HIKARI2021, demonstrate that the proposed method comprehensively out-

performs existing baseline models in detection performance under sample-scarce scenarios. With a maximum improvement

exceeding 20%, these results verify the robustness and practicality of the proposed method in complex and heterophilic net-

work environments.
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Horr, o i e 43 ) A AR G I8 R A R g G ORI 2
P AN E R 5 22 R ZMe Ay TG R e 3 O A e T
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(a) Low-pass filter in the spa-
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(b) High-pass filter in the spa-
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TE: LU AT 18 vy A0, 30 B © + SRR B 5 I X 4R 5 s ReAIE
BEAT AN £ 45), = 5 WA 55 40 S AR R AF 22 7t (B A
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P2 IR - i D O e s s R B
Figure 2 Schematic diagram of spatial domain convolution for low-pass

and high-pass filters
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[F] — 45 a5 228 aak i 368 10K 3 908 90 45 15 8 Y T b 7 B
MR IEREART ol e KA E AT R — 2k B8
W~ e RSB B T ) 22 S TR A Y P 2
B B U A Y S5 A B A o X AN R A AU 5 1A
TR F [ PIE 5 5 P 2354 1) 5 R 1, B R O B AR
TN AL 10T T R R AY BE AR, e SO AR I T R A
R Z S5 K T ¢ 1 B 3 7n H il o 33 b Xt o 4 1 )
N TR AU, 4 008 T RS o L ke 4 144
AR AlLIEp

AN 1 TR AR SO e M e A X i A

o

W5 5 AT e J0 IR GE 28 48, 230 45 21795 5 v, BAIRAR
FAE 2 F g WAL 2" o 33 PR A B30 3583 1 531 2t B
T ST A S A IR B AN [R) AR < AR R i Ry
R — SOV SRR M T g A0 7 il A2 45 4 8 28 Y A
S M o AR SCORE TR] — 5 7R X P AL IR /Y R AE
(2™, 2" ) AE R IERE A, IR 5 HAl Y 2 8] Y
FAEAE R TUREA XS, DI 7 #5000 33 1) %o LA 55

BT BR BT, A SCR I BR ME Y InfoNCE (Infor-
mation Noise Contrastive Estimation ) ' 1 2 R it % 45
RUBEATO0AL . B bR sRECE AT
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J
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{7 B R AT R ASE (AR AR I 37 ) , 38 RE 06 1 5 X S 6 %
F Bk 45 0 4 )Ry R A 2 0y 2% B (o AR e ) o
AH B TAUAE B — 25 438 18 L AT A AR S 1k 4
XUHL AL B o4 T b Al A 1 I 2% I v ) 45 A S o
PE SIS ZREVE 8 5 220 D RE A S R DA 55 B At
SR Y e s A

T A AR TN 25 W, 5SB48R b2 ) B SR
A 5 G A SRR P R B8 ), RIVAE TR AN [F] 2
B AN [0 25 0 18 X 286 T et T, A7 g DR 3 45
Iz AR R HE SR BRBE T, S R IR s T AL S AR T
R AR a1k 5 4510 Je 5
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BN TR R4 TR 1] G =V, E).JE I 7 €)@ 0 E B4 ¢
M BONAr gD 28 2 400"
1.FOR each epoch DO
2. EIGE I RIS 2 =g, (L) XW'
3. S IR T R RN 2 = g (L) X
4: MR FEXT R L,
5. RIRERRIEE Wi s 24 0= (W', whie)
6.END FOR
7.RETURN I 4R br 00240 0"
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55 1RRF S e oK, 1 N R O R 4 AN ) A B A R
PR R B B 2 s, AR ST T AN AT 2R )
PR ) & p, p"e e RY, 43 BIAE HT TG RALE 2 Fl
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Horpr, ORZE 9 S T8 AE |, 427 1) i 42 ) 1 AN [)
W Bt FRAETE B A RAE T 1 STERALE o % AL B 0% 4l
R MR A Jr 70 4 A A 2 L A1 5 0 431 3 i 3 Y K
PRI, DT S B0 S DA o 20 285 1) 45 1) R e A8

TEAS Bl & RIESS , A SCR I 2 J2 B AL (Multi-
Layer Perceptron, MLP) ¥ @t i 5 2 4y 25 8%, FH T 60y
SUHEAT SR R B R RS R A8 SUAR A R

Ly (@3 07)=— %;y, -log(Softmax(Wz,+b)) (11)
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BN v, AR S 5 O UK IEH 19 5 1R S
T
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(A, 45 AT AT RT3 A0 e 45 1) A R ) DR R R 48 Tk
TS EL o R ) i F1 5y 2548 240, W0 T
SR REAR SRR . 38 3 4R () d X AT 3 1
HEAT RS A0 R4 BT A D RE AR S5 TR AR SR R A% S5 L%
TR ZRFR G GRS, 3T+ 168 W0 28 57 1 It £ O
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IRCRAE TS S
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6. S AGHE AR R 0] 1 A1 43258 S 8L

7.END FOR

8 RETURN Yl 2kt 251

3 XWERSESH
3.1 XNgE
3.1.1 HiE&E

AT RGN P B9 NetGPrompt J7 5 78 [ 4%
SR RAT S5 A Sk gE I AR SCEE T
A EL A AR R M RN P R A 2 B A
CICIDS2017'#' [ CICIDS2018'* #1 HIKARI2021'%), 3%
SRR T AR G I B0 T BRORE W i 2 R AL
WAT N, AR B A 25 4 2 T B 5 I R AR AR Y
W2 AR AR A [R] R 45 PR ) A 5t B
BT T BEREN BERGIHEESN TR 1,

F£1 HE&EGItE

Table 1 ~ Statistical table of datasets

it CICIDS2017 | CICIDS2018 | HIKARI2021
R 87 423 267 187 29718
Bk 6y 951 082 618 629 54267
S A 18.05% 3.56% 0.61%
FREYERE 3 3 3

(1) CICIDS2017 %4 4E - 12 K4 48 v Jin 22 K ™ 2%
TR B A BT AR AT R R 2 R
HiL A [ 2% T i (40 PortScan . Brute Force . Web I i .
Botnet 45 ) [ B S W 45 A 5% . RS T 55 1 21 ) Bt
FR 2 BRI, HAT nm g AR o

(2) CICIDS2018 %5 41 4 « % %k 4l 4 /2 i n &= K
CSE 5 CIC 3K A 1) 2 Y T KR ARE A (R A6 I i 9 45, 3
T 10 KA ML Sl BT 24 H P A A (B
TVEH )RR A s T ST I
FEA Tz AR AL 25 247, 42 45 Botnet , In-

filtration . Brute Force .Web I i . & = 84 T %k . SQL
TEAGE . 25 83 KA g, A SC R il A TP i
Hk B H s

(3)HIKARI2021 %4 4 - i 80 4 2 i 4F K A1 Y
LS A O 0% A B A R [ S R R T AR
Aol X 28 A B R, B T T R G L o i A A 2 2
AR LR B AT 2 R R R S A DG
Yok, a4 S AE R A% gl SO R AR

R DR IE 5 90 8505 5 P 245 R s P A o AR SR i
GBI AT TR FEAL B, P G R L AR, o8
BRI R HE . FERFIEE SR b, AR SO — R R S
TR ) SR I Gl Rl S NS B S I Gl = e
FERNGUIT AR . PR S HEARAE R BT LU R i,
(1) 38 1 - AT 0 2 O e A | 5 BRI 6 1Y B2
i IE T R AR 5 (2) B /MR AE TR AOR -
it JE Tl AE T L A A A TR A P 8 e v 2 o)
A P S i B U B8 0, 0 AR AR 52 2% 1 RRAE TR,
XA AT 5 ) A
3.1.2 EAEER

T 3RSy MU UE B4R L O R A AP L ANk 2 B
7N AR SCHE I T = 2R B AR SR A Sk £ AR R AT X
L, 4300 Ry < A% G0 T il 8 D 2 A5 A0 Tl G+ B[R]
BEARY DA K Pl R+ 42 s A IR A

B — IS A0 455 i 3] i [ P O 5 AR G AR
e 45 0 R W B 4 210 2 O B e TRl — 1 ok
ITHERE

(1) GCN"* SR FH 1 3ok 1] 5 L s 3 7 307 0% D
i, SEBLT AR SRR R R A

(2) GraphTransformerMﬂ : 5] A Transformer %5 ¥4 &b
PREE 55, a3 2 0 WL ] R B g A

(3)BWGNN' 7! B 40 4 43 A7 ) A2 P 08 O 24 %
Pl o B S5 A 5 AR Ry e AR 4, O v /e 38
B U A BB e AR AT 38 T T S AR

S T RALEE BN S+ GO T R IR i KTy
Primat B AT 55 AT IR O 25 B S AR U R
1155 B AT R0 .

(1) GraphCL"" : 2R F 2 7 [&1 358 ) 5% s (414 45k
Bl USRS ) A A R AT XS F A S LR
SRR —

(2) PolyGCL" ") : 4535k [ W O i, R 22 3 5 g
P 4 0 A AV 5 e A PR AT X6 b2 2T 3 i X
S C V1 %) 3 7 RE S

5 = IRALHE WU R+ s RO Y R AR i
FKITVENRE T URAT 55 A8 Ry s SRS =X, 400 20 & 4
INSEHEAT LA, DL SE B s RS e

(l)GPrompt[“] o DL FEURE ARLE 0 5] 4 SR T 91 2k
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Table 2 Overview of baseline models

5 BRI B oo A

25 H Y

GCN, Graph-
Transforme T %
‘ ) NI TN ZR o
1545 [ B 2 1o 245

R B ) s M B T AN R WO 2, B AE T
55 1A B Bt b, 4 SR B TR R AL

e AR R RO A B B L BT i AR SR BL L DR
Gt TR R R

PRI Bt 38 s B 2 2] AN Gl WK, [ R R AEAT

X L [RARE R AU A 5 1 M B 2 > A B LA

BWGNN FREEBE TN Z5 (0 AR T AZ O T2 1) AR 00 e 7
, R MR,
TR - "
T B ) s B B e 22 B ) A A
GraphCL. * ST S5 AR O 5 5 M b it
B 2 B8 o A 25 B D e W ot e | DR A A O SRR S
PolyGCL e Frxfte.
BT
A T B 2 ) s B B e 2 R ) B 6 A \
FIBI GPrompt., \ A o B IR 25 5 R 2 OB B A A
Vi 55 TS AR b B R 5 B A
s oo | PSS BR SAE R

TS

HAx, G — 97 M3 28 5 B 03 24T 55 dlad S 7R BEA K
A 55 H A AR RL P 5000 AE B2 H = 2 i ] A A 1E R
ey

(2) GPF-plus'" 3l F A 1] $5 8 IR DI HE 48, 76 B A
FEIEZS (B 5] A SR R ] 6, W] e AT A 1 Tl
SRR AEAR S v SR TG 6 M T AR 0 R AR R AR
GPF-plus #47 X HE .
3.1.3 FfHIER

TE P S 5 R AT 55 T, S R A o 40 B 2D 4
EC A8, A 2 43 AT e BEAS B4 B AE 5 R (Accuracy )
S5 b e LA L S B BB AL AR YR /D B i YYD
Y M BE - I, A 3C¥E A} AUC (Area Under the ROC
Curve) 55 PR-AUC (Area Under the Precision-Recall
Curve) P I 36 bV g 32 B PEAG AR ), D) 4 1 £ 4
PRI A NS A7 1 235 ) e A 0 A5 AR

Horr, AUC A 5 (19 J2 B R AE i A AT 8 (B T X 1E
TREA I X I3 68 1, LA B9 4 Jm F0 0l A 6 0, BE
% Jz WA TR A (R () HE J7 i D7 5 107 PR-AUC B8 Jif 5G4
RULE SRS BE AT 4 [l R B, 4 )i T S AR AR
W A (R =R AT 55 5 5, BE v ) b A
AR Xof 2 UL AH i S W AT R R RE T
3.1.4 SY¥IRE

AT TR BRI 2R 4] 73 S A~ B B« [ I 25 5
PEREOUE o BN ZR B B i 2E 2] R E R 1x 107, 42
7N VR AR By B35 R 5 % 107, LLIE B A [A] Il 2k B b
XA A R B

AR SORE T AT 55 B E A /INFEZR % 2] (5-shot learn-
ing) , B4 S B (R IE 55 R A 1 S i AR A ) AN B LR
FESAFEA T T4 R AL, AR EE 112 3y 4 ik 4R
AR o A DR 45 SR AR e T | AR SO g I S 6 15
BEAFBENLF 217 30, Il HOoP 8 45 58 . A2l

it v, BRI ARSI 25 2 000 % (epoch) |, I 5L T B 4iF
B T AUC /- BN e AR (AT TR e 5 . AR S0 56 3
TE#5 % NVIDIA A100 40 GB GPU fi¥ 13 B 55 rh 58 1%,
TR 2% 2J HEZE Ol PyTorch 1.13.1,

T B B AL (1Y S 88 J7 T 2 X GCN | GraphTrans-
former , GraphCL , GPrompt 1 GPF-plus, 4% SC i H /> FF
1) 42 78 27 S 1AL - 6 ProG ! 82 BLIX #6573 %
F— 30 2 2 B G UGS DU UEZ5 09 2 4. X
BWGNN Fil PolyGCL, A< 3Cfff FHAE # £ 4L 1) J5 4h A A5
AT R . AE W W kB B AR R v | 4 i R HL YR
PR HE 72 B 8 2 B AT I 255 7 T Ui A O B B, )
G — R S5 A SO AR 25 2] R 5 U150 80, DL
TEXT H A
3.2 MERELEE

Ry 4 TR 56 IE AR SCHE B NetGPrompt HE 42 7 [ 4%
i SR IIAT 55 T A R AR SO = A AR
PRI 45 2 B4 b5 20 R LR T T
XL SEgS o % 3P0 T T A X B U7 ¥ FE AUC FiT PR-
AUC Wi ILH8 b5 T B e 2 B, He wp 43 0038 A 19 e A
(B DIRLRR 7%, AR 45 S LA R 26 A5 .

MFE 3 LLA 1, NetGPrompt 78 T 5 = A~ 5045 4
L YBUER T S HT A ik T A RE B TR
P2 I 2 7 1 T I 25 T ik DA R R R BRI O ik
BT IR AE S A SO AS [ B 5 1 e 2% 5 T
AT

(1) NetGPrompt £ /N [A] %% P 42 °F 1 1P RE 20 BT
NetGPrompt £ =~ FLAT I 25 25 5 (W B P 45 ¥R
R B R . AR T, HIKARI2021 i 45 H
A A Y S (R A 0.61%) , S 80 T I
BER) GON 58 2R %L AUC 1 0.447 2) , 1 NetGPrompt 7F
PEAR i 3 50 F B9 PR-AUC 3551 0.174 8, W 38 Tk A
BRI BWGNN 11 0.156 8, 3iF B T HAE M A FE A T RS
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Table 3 Evaluation metrics and standard deviations for network traffic graph anomaly detection with different methods
. CICIDS2017 CICIDS2018 HIKARI2021

ik AUC PR-AUC AUC PR-AUC AUC PR-AUC
. GCN 0.826 5+0.022 2 | 0.444 8+0.037 7 | 0.597 7+0.086 2 | 0.053 8£0.001 1 | 0.447 2+0.019 6 | 0.017 0£0.005 7
PR32 GraphTransformer | 0.861 5£0.054 7 | 0.659 6+0.028 1 | 0.451 3£0.048 9 | 0.036 6+0.001 6 | 0.727 9£0.029 8 | 0.055 6+0.010 4
BWGNN 0.873 1£0.015 1 | 0.618 6+0.031 9 | 0.757 0+0.043 6 | 0.075 4£0.013 1 | 0.981 7+0.005 9 | 0.156 8+0.037 4
Pl il 25 GraphCL 0.869 2+0.062 1 | 0.631 7+0.052 4 | 0.404 1£0.009 6 | 0.035 6£0.000 0 | 0.550 2+0.269 8 | 0.034 5+0.040 3
+{H PolyGCL 0.862 0£0.062 1 | 0.675 1£0.012 8 | 0.674 0+0.108 1 | 0.066 5£0.030 3 | 0.981 2+0.001 4 | 0.142 8+0.011 2
- GPrompt 0.899 2+0.002 2 | 0.503 1£0.005 3 | 0.793 440.117 4 | 0.116 9£0.062 7 | 0.980 8+0.001 0 | 0.146 0£0.011 9
e GPF-plus 0.913 6+0.000 2 | 0.523 3+0.003 1 | 0.830 8+0.080 9 | 0.123 9£0.056 8 | 0.980 9+0.000 9 | 0.149 9+0.017 2
NetGPrompt 0.933 1£0.013 6 | 0.687 2+0.014 5 | 0.935 9+0.047 3 | 0.330 6+0.161 9 | 0.982 4+0.001 4 | 0.174 8+0.011 7

T FER OITRLIC R BRI R P RE , T RN F MR A L AR AR U R
EMEMESFNES . ERFHHERE(18.05%), 3.3 HRASLIE
B 4,55 38 43 ] 0 45 #9 4 CICIDS2017 %44 42 1, NetG- 9GN3 BT NetGPrompt 4% 4% /0> 155 He 78 W) 2% 7
Prompt ARG 17 0.933 1 Ay AUC, 300E T HBGE & S 8RS P /e A SC T T — 2R 90031 il 52
P AT RE A eI Rl O S MU R e T4, 0 WA rp S gl R — RS B, I e A R DI T
R PET B — AR . MITE RIS R . FORAh L RE AR fh . RS DL R PUAS AR A A
Wil 28 A e B2 4% ) CICIDS2018 (¥R 4 1, NetGPrompt w/o (without) Low Filter: 2 [ 1% 18 K UE I 4% , 1X
MLt ol 3%, o PR-AUCIA 21 0.330 6, AHES TR (5 B4 5 3 58 0, T T4 I 0 465 b 1% 8, Chn oF o (5
PEEHY GPF-plus $& FF 2 20 D F 20 05, SRR IL T b ) XA Ak i 1 52
PEIR BRI 7 KRR & Z= 4 F b, 3l 3 o /D i 5 wlo High Filter : % [ = 18 P 38 I 45 , {7 88 1K 3m
b GE e 22 B A I 40 A Y K BB WAE T PR AR A A5 R A 8 (I 5w S 4 o) X
()50 i 22 W 28 36k SRR 25 00 I R BRPE - A 88 S Ml %) B¢k
GNN J5 3 7 A 3 I 28 37k P61 o) 3¢ 300 B I 1) AN wlo Pre-train : 58 4= 2 BR A0 5 X L6 W01 25 B Bt AX
P o Rl e TE HIKARI2021 B0 4 [, GON 1 AUCH: F /D B AR T REASTE F WAL &5 th b A7 48 7= o, DL
FEARTREMLFIKFE0.5) 53X A e T4 07k IF B2 B A ok .
ik AR RS ) i MR B TN PR SRR R S & Rl wlo Prompt : 2% BREE /R AL, A0 5 253 R A8 AT
MR GO S O A5 M ), UK SE 25 RV B SR a1 B, A0 2 20 9 S 20 AR 43 R 405 6 3iF 42 7 1) i 7R 25
A ME LU S B A, HE B g AMRTS FIR A ST 5T P e .
(3) A3 e A5 4l 2 285 4 B0 3 1) A e « Tk TH RS2 RN F 4w, T LIAS AR LA
AL [R5 A I 7 B (B BWGNN 1 PolyGCL) 7E fiF - BgEip
A SE AR h R R RIS . RR B AE GCN R AL (1) A3 LU 25 2 A [1] [ 288 IR 858 T 1) B AME
HIKARI2021 £#5 48 b, BT 0R R T A9 AUC K 22 S AL BTk « T4 il 52 56: 5 B M 48 75 17 S [i] A1 256 3 3 A
o kU B GE S e A T R A A B AR AR s A E R T e AR
SRR P 2 S B S A A DA TR B IE T AR SRR FE HIKARI2021 %540 45 v, % B i 38 8 352 2% (wlo
P4 VR 30 + e 7 XL T AL 3L TE R High Filter) § % PR-AUC M 0.174 8 BE[4 % 0.101 2,
(DR XS BE S EBR T K RIS E K TR gD 2 AR O (FF 20,145 3) .
T G+ 3R O e AR BOR L TAUHETT 22 X — 25 R 5% B 4 00 @ SO PR A S W) A E S
B B 7 vk o W HE B T UL, GPrompt FIl GPF-plus T 3R HE 5 A5 ] 22 5 09 18 0005 5 2 1R 1) L S B i - o
TEZ AR EAECT GraphCLI A PERESR T X 19 CHE
ULIHAE DAEARZEAE T $E B AT LLAE S50 IR FHIZ , 78 CICIDS2017 £ 4l 4 v, B8 o A1 38 08 ik 2%
BN, EERh s SAERE G H AT S 04 . 1 Net- (w/o Low Filter) 5 3K 4 14 RE 1 2 B8 &y /™ # (PR-AUC
GPrompt W) i — 25 A4 LR WL 5 M0 5% AN AHSS & 38 M 0.687 2[4 £ 0.561 3) . X K LIAE T, IEH i
T HER ) S A R RS WA ACE N TTSE I T 42y R e 0 R B — b, e X A R e RO AR
s B I S AR P RE FCIRAIE 2O X F X 3 S R A 2R G T %
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Ifii £ CICIDS2018 H , B PR AT — JE I #4539 & T 3K
PERE KRR L (PR-AUC IR Z 0.13 24 ). 48 b, &
KA 08 e 1 %) 3K AR AE e T B bt B A, T 2 AR A 4
P 434 3G 0 H B 5 T AR AR — Bk B
FEEE R 5EAL 7 [ 22 BEAL S W AR AIE

(2) B33 70 V1| 25 XoF 245 K0 32 10 BE 0 10 35 3 2 2 T
T 25 By Bt (w/o Pre-train) 76 A = 8046 4E
PISECT BE RS IR R 2 AE CICIDS2017
I, PR-AUC TR T 6N H 43 o X R, @ o xt L
2 O] KA TG bR 25 1 L > 15 A A% AN AR PR AR AE , B
g 0 T UHAT 55 R AL S R S5 M o . FE D REA &4
T XA AL AT AL TR A R AR v A

Hy et BELG, oGE Tz i Bt

(3) 457 TRl R ML ) XoF A 24k 45 40 4 A 11 35 TC VR
B B4R 7 1] 52 (w/o Prompt) BRI 17455 50 5 45 78 4T 55 4
AT BERE J1 o X — RN 78 45 4 5 o =2 4% 11
CICIDS2018 % dis 4 LIt B, L PR-AUC M 0.330 6
k2 0.272 6, UL B AE 1 X 22 R A Mo B ) 3R R B
il 3 A [ 3 N R S A T AL, B AR T R AT
5 JE AR o BRI A5 R A X R — 1Y
HIKARI2021 I, B Br /R AL 53 PR-AUC T [ &2
0.149 2, EBH TR 4E £ TS E AT HE T |, #2780l
75 e o 52 B U S E A — 25 A Ak 0 51 2 ] B T
65 RS £

F4 HEEIHER
Table 4  Ablation study results

CICIDS2017

CICIDS2018 HIKARI2021

iRy
AUC PR-AUC

AUC PR-AUC AUC PR-AUC

w/o Low Filter

0.9153+0.007 9

0.561 3+0.028 1

0.8732+0.0559

0.136 8 £0.040 9

0.9812+0.001 8

0.1453+0.014 3

w/o High Filter

0.920 0 +£0.007 9

0.588 9 +£0.063 5

0.8756+0.049 9

0.1390+0.048 7

0.9712+0.001 5

0.101 2 +0.008 6

w/o Pre-train

0.922 5 +0.005 8

0.625 4 +0.018 7

0.8729+0.0357
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Figure 3 Comparison of AUC performance of different graph filters on three datasets
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