ERE ] = F oo Vol. 54 No.1
2026 4E1 H ACTA ELECTRONICA SINICA Jan. 2026

— 1 5y FREE O E A ) R BRI 5 2K b [E]

FRFE, LR, MT A, RUEE
CEBTRHE A SEBLE B WA K 2 410073)

W OE: SRR AR S RGO R ST T AR M BN v S b ik 20 5 0 R o A R — 2
FEAS 3BT T ARG W 2 > h I 5 0 R 20 A AR o AR RLURAN TR BE4E 434 P (In-Distribution , ID ) FEAS_E fFRER
EN Ak fE , R 7 HAG R 346 48 4345 #h (Out-Of-Distribution, 00D ) (3R U BE 7, ASE G of B (S ISR TR .
T EE 7 05 8 5 N AR v R, o A RS AR A DL BRI 2 e A AR OO D ARG N A R B B0 40 B8 i &2 % .
A OOD ARSI Jy 323 AR W BB, s | A T0URR e () S AR, sl R824 B OO D 58l 5 TD B5Cs e 4R AiF 25 ] v
WAy ARIAESZ RN R, 00D Bt £ LI JEARTE 5 1D Bt RARIR 2L AT 2 3R, 191 Ak 52 90 28 o g s S 45 1 7
BHEAE R GE T AR R BT o SR IS A B i A S e S g I A X X, BRI T B A TR ROAEE T s
PE o B XX — [, AR SO — P e PO 2536 X, 72 TE 75 AT A0 OOD FRvE B 43 A Je 48 1Y 248 , A JE A% 1 ID/0O0OD
TRABIREA UL AL E AT 50285 00D KA 45 o %y kil ad A i O Ak EL AR, 7677 4% 9 3R 1D 43 iR 25 51046
R R, 5 AR RLPE T XHEFE OOD A IR BIRE 1 , AT Z il B 5L TR RS ID 5 00D R UG R R . 1E
DR IZ L, G IASE T R85 R AR AL 5 B 28 0 26 4 1 it b BB B (5 LA AR AR S o A i — B . BB R
| R AE R 25 8] FP R BT 43 B8 14 40 A0 25480, AT ID FEACAE iR BE i X, T W AE OOD FEAKT R 558 = e £, AT
SEEA R 3 o MR T 3T Softmax B AR FE 7 WL 7R 4340 A5 R W BE B AR T, 184600 B AR BE 0% L 4e/E
FRIF RS R R R A g A I, AR SCOR 3G Fiks B9 H 5k, FEI gl A sh AP 29 i /2 5 H
bRl , BRI AR R A A R R E M . SEIR S IR R %05 e 2 FUS i LR R 4R S B B AR T .
1E Twitch 35 4E |, AUROC 1 AUPR 43 %1135 511 95.97% F1 92.84% , 358 4 Fil Fe i FE 4% GNNsafe++32 FhH#E 3 21 4 143 24,
R R R R A I TE 12.30% , 35 UE T HAE ToHE VB 410 T A bl S &1tk

KIS ; I RR 2R 2% 5 4T s oSS s ML ) s AR B0 5 BE i PR AR

hESES: TPIS1 XEkFRIRED: A XEHS: 0372-2112(2026)01-0153-14
L F 3 URL:http://www.ejournal.org.cn DOI1:10.12263/DZXB.20250761
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Abstract: Real-world graph machine learning systems typically operate in open environments, where test-time data
inevitably deviate from the training distribution, violating the common assumption of identical training and testing distribu-
tions in supervised learning. In this setting, models are required not only to maintain stable classification performance on in-
distribution (ID) samples, but also to accurately identify and reject out-of-distribution (OOD) data to avoid overconfident er-
roneous predictions. Due to the strong coupling between node attributes and graph topology, distribution shifts in graph data
often occur implicitly, making graph OOD detection more challenging than its Euclidean counterpart. Existing graph OOD
detection methods commonly rely on strong supervision assumptions, such as the availability of pre-labeled anomalous sam-
ples or the assumption that auxiliary OOD data are clearly separable from ID data in the feature space. However, in practical
applications, OOD samples typically appear in an unlabeled and naturally mixed manner with ID data, as observed in cross-
platform users in social networks or cold-start nodes in recommendation systems. Such wild data are difficult to distinguish
using prior rules, which limits the applicability of existing approaches in open environments. To address this issue, we pro-
pose a fully open training paradigm that jointly optimizes graph node classification and OOD detection using unlabeled 1D/
OOD mixed data, without requiring any OOD annotations or distributional priors. The proposed method formulates a con-
strained optimization objective that strictly controls ID classification error and false positive rates, while encouraging the
model to improve its capability to identify potential OOD samples, thereby capturing the implicit coupling between ID and

OOD distributions in real-world open settings. At the methodological level, we introduce an energy-based detection mecha-
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nism that maps the outputs of graph neural networks to energy values, which quantify the consistency of samples with the

training distribution. The imposed energy constraints guide the model to learn separable representations, where ID samples

concentrate in low-energy regions while potential OOD samples are pushed toward higher-energy regions. This design alle-

viates the overconfidence issue of Softmax-based confidence methods under distribution shifts and allows the detection ob-

jective to directly influence graph representation learning. To effectively solve the resulting constrained optimization prob-

lem, we adopt an augmented Lagrangian approach that dynamically balances constraint satisfaction and objective optimiza-

tion during training, enhancing model stability under mixed distributions. Experimental results on multiple real-world graph

datasets demonstrate significant performance improvements. On the Twitch dataset, the proposed method achieves an AU-
ROC of 95.97% and an AUPR of 92.84%, outperforming the current state-of-the-art baseline GNNsafe++ by over 21 per-

centage points, while maintaining a false positive rate of 12.30%. These results confirm the effectiveness and robustness of

the proposed framework under fully unsupervised and open-world conditions.
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Figure 1 Training paradigms under different openness assumptions
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Figure 2 Evaluation scenarios under different world settings
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Figure 3 Framework of the proposed energy-based out-of-distribution detection method
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AE B PR 24 2T B bR S — B T U1 b 42 0 2% 1)
R R, T IX 4 IDHEA S 00D HEAC . Bl i i
IMEEH AR TE ID 5 00D #EA 2 [a] i X 4 7 i
25 o PR AL HEARIE S FEH5 IS R RE A OE W AR A8

My B it
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HIp Lk -
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P v B G- Wl 3 0 R i S A A2 Ak
3.3 MBI RFESBELERIE

Ry TSR AR A2 2% ] 45+ v A M S AT
P AR SCHI AT S AR ICRAE 5 4B JE 2B B uE ML .

(1) B AP IRAE FEME o X KA ] oy B
A3 AT AN Y ) TR] A, B T AR B Y R A R
W o SRAEFITR AT
_log(deg(v)+¢)

deg,,,
Horpr, deg(v) -1 1o B 5 deg,, 9 35 11 F
YIRE s o IR T 5 e AT . 2R WA PR RE 5 1
PR B TE 2248 A5 5L, TRl s il e BE 4y sl AR R A

HARCREE S B R .

(2) 4B JE &l B g R AT e o Ay 38 i X MR S )
Ptk it 1 AR 4 B B R ML o 2 Al B S

o Niv) Sw=) ()

o N )RR B AR LS D, M P, 430 1
M Rl BT ARZS o i 40 B i Bl 5 B RE R K
PR

Llrerey=Lenery * B+ (1= Purity(v)) - E(v)

velV

out

p(v)=min|1,a (12)

Purity(v)=

(14)
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X1 shisdigsReE

BN T RUEV GBS ACRFER S o
B SRR SRR A
AR Y deg() HIP- I deg,

for each 15 5.V € Vdo

HECRFESE p(v) ing Eq. (X)

v BZR it p(v) BEATLRAF:
BTSRRI A

end for

return A’
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Al LUz AE R DL A Ak )

LS oy
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l+e
3.5 IR HE

R T T 2 SR A A ] A Ak R TG 20 ST Ak 1)
AR SCH T —Fop 0 56 F 38 7 RiAs B H I ik il
YRk R B 2 PR R T R A R . 1k
fe] o o A% B 36 7, e M R B T R AT S 80
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(DZEE R . FERRENRET, BB E A M
B, AR T B FE T R B H At R A 8 ok B S A A
Z400:
0% V=arg min L(6. 2O, 4® ey (22)

AR LA IR TS S AL 04075 T GNNs S i 119
PR i/ MEREE T RER LR S AR
BRI Y H A B AR S A MORZ A BB 5 Logits
TR 0 e 4 2 T BT S A S S AR AR, AT
S 1) i 3t 9 3 R I 245 PO AR RE T il 27 > BB 3
TR TR IR ) RS B 4 1D 43 28 R 25 79 00D Al o

(2) 7T o SR HLAR Y H e 12 F0 e, LK
SR SR, LI DR A RS S0 AL

/l(kﬂ):/l(k)_'_ﬁ(G(g(m1))_a)
lu(k+1):Iu(k)+ﬁ(H(0(k+1))_T) (23)
ﬂ(k+1):ﬂ(k)+p

(3) A FALTC) M(2) , BB s A
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AR/ 8

BT RS Y H R R R AR AN B 2 R

ML A KA AR, ALM RE A5 3 2L 4% 21 39 12 i A
LRI SR 0, R e/ ME H B R ECF0) .
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BN IABE v,y ), B RRBEII S48 0, k% ) H 3T 2, KSR S Hp,
KRB ELT
B IR Y BIA 2 4 o+
fort=1to T do
#1. S0
I8 5E A R p, TSR BT o ST 0:
0« 0—-nVOoL®O.Lp)
#2. eI
SEHRIAR I H o A:
A=A p* (IR )
# 3. B SECE T
SRR S p:
p < a*pha FHTIRF TG0 a> 1
# 4. KB ISR
if|0,—0,_,| <eort==Tthen
break
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return 6%

4 LWL

4.1 BIREMESTMNIER

AR SCHEIL T 224 ) 2 A ) 1k e s B 94 7 O
A, ¥ 55 51 3C M 48 (Cora ™' ogbn-Arxiv™®’) | H1 7 5
T 5 ( Amazon-Photo'™®) 22 A& 4 VE M 24 (Coauthor-
CS) R K IF A A8 4% (Twitch-Explicit ™) o 4% %%
Yo BEAE T 08 S A R AT 55 1 o 1 HLAg i 2
S, AT A PG LR AE N [F g T iz AR s, B
B G HE BRI .

R1 HREHIFHARFER

Table 1  Detailed statistics of the datasets

Hpin 4k e TR IEL FRELE eSS E
Cora F13C Mgk 2708 5429 1433 7
Amazon-Photo T it L 1) 26 77 650 238 162 745 8
Coauthor-CS VE# IAEM 2% 8333 163 788 6 805 15
Twitch-Explicit Fanedl e Ak RIa 2545 Giia
ogbn-Arxiv b Ak Ak 128 Tk

ID 8 R I M B8 4% 81 10 1 b i) 43 Ry
IR 36k AT AR o & B 55 1Y Wild Bl A
KAR A el an 2% 2 s o Hrr, Cora . Amazon-Photo
H1 Coauthor-CS Bt 20 £ & 25 4 i 2% | 4 ik i 2K F AR
AR o B AR SRR G o B AL B S 3 AR A R
BRAUL TR DA 52 B 5 AR SR 2% 3 Ao Bl B4 85 350 2019
R AE R B 4 5 R 25 B % 3 3 BB AL 25 B R 43Il
SR BN bR 2 ok AU W B T O I . e B
PEAGASE Y T 22 R A 23 A SR AR T 32 10 808 T B9z 4k
AET) 5 & PR

4.2 1RBMERSTEH

F T 2Pl Open-GOD RYPERE , AR SCHEH T =
BT ILL TR T EFEWNE R
7% (4n MSP ,ODIN) , 42 1| Fil 73 J& 45 1 Softmax i i1}
EAT KM 5 L T RE AR 25 (8] Y J7 5 (40 Mahalanobis |
GKDE) , 75 B 387 23 8] vh 04T % B Al T T el g i s 4K
1 00D B 5 i (4 OE .Energy FT .GNNsafe++) , H
Y Groas B 55 205 18] 358 73 b i 0400 1 00D FEA , il
WAENTERE B AN ZS% xR E, BERIE
Open-GOD 7E AN OOD B 't F1 5% 43 A Ml 1% 19 2% 14
T, A AT RE A B EE 2R W O A D g
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Table 2 Dataset splitting strategy
ik 1D BdhiR It Wild Bt gty 3
Twitch-Explicit Twitch-DE F[&] FLABET ] A1) Twiteh ]
oghn-Arxiv 2015 4F Z Hif &R AR 2017 4EJ57 KRB
Cora Y GlE| XA = sl
Amazon -Photo Gl b0 1 =8 )| RV L e
Coauthor-CS A Xof AR i i =R 2l

WM 3 P78, Open-GOD 76 £ 4~ FE ME S 45 1Y
HAS i A 3. AF e BBk R 1 Wild Mix 3 5t
Twitch %74 42 F i AUROC 1 AUPR 43 %] ik %] 95.97%
F192.84% , 55 i fie 5 2k GNNsafe++ 32 TH29 21 N EH

A3 85, TR K FPR 2 12.30%, 3k Se 45 L0, JE T
B A YR A B 1 I 2500 5 BB 5 A 5 2 i T i X 00D
FEA B ARAS , (A5 78 L SE TR OB HL 4 T A A 43
A3 SN BE 17 -

F3 AEFEEBETHMEREST L ST T %
Table 3 Performance comparison across different baseline models unit: %

Model Dataset Twitch Ay
AUROC AUPR FPR ACC AUROC AUPR FPR ACC
msp!! IN 33.59 49.14 | 9745 68.72 63.91 75.85 90.59 | 53.78
ODIN" IN 58.16 72.12 93.96 | 70.79 55.07 68.85 100.00 | 51.39
Mahalanobis™®” IN 55.68 66.42 90.13 70.51 56.92 69.63 9424 | 51.59
Energy!"™! IN 51.24 60.81 91.61 70.40 64.20 75.78 90.80 | 53.36
GKDE?! IN 46.48 62.11 95.62 67.44 58.32 72.62 93.84 | 50.76
GNNSAFE?"! IN 66.82 70.97 76.24 70.40 71.06 80.44 87.01 53.39
OE"™ 00D Expo 55.72 70.18 95.07 70.73 69.80 80.15 85.16 | 52.39
Energy FT!'®! 00D Expo 84.50 88.04 | 61.29 70.52 71.56 80.47 80.59 | 53.26
GNNSAFE++2! 00D Expo 95.36 97.12 33.57 70.18 74.77 83.21 77.43 53.50
MSp!! Wild Mix 75.83 74.47 84.27 67.18 62.48 79.54 94.03 52.01
OE!" Wild Mix 67.77 63.92 94.23 65.19 67.82 77.21 84.52 53.19
Energy FT''® Wild Mix 75.03 81.95 80.70 70.36 72.04 83.95 69.43 58.27
GNNSAFE++?" Wild Mix 7475 71.71 92.66 53.45 72.54 76.28 90.23 50.68
Open-GOD Wild Mix 95.97 92.84 1230 | 78.46 81.02 85.39 81.91 56.30

Cora (AUROC) Amazon (AUROC) Coauthor (AUROC)
Model Dataset
S F L S F L S F L

Msp!! IN 70.90 8539 | 91.36 98.27 97.31 93.97 95.30 97.05 94.88
ODIN' IN 49.92 49.88 | 4980 | 9324 | 81.15 65.97 52.14 51.54 51.44
Mahalanobis™®”! IN 46.68 4993 | 67.62 71.69 76.50 73.25 80.46 93.23 85.36
Energy"® IN 71.73 86.15 | 91.40 | 9851 97.87 93.81 96.18 97.88 95.87
GKDE?" IN 68.61 82.79 | 57.23 76.39 58.96 65.58 65.87 80.69 61.15
GNNSAFE?! IN 87.52 93.44 | 92.80 | 99.58 98.55 97.35 99.60 99.64 97.23
GNN®! 00DExpo 67.98 81.83 | 89.47 99.60 | 98.39 95.39 97.86 99.04 96.04
Energy FT!"! 00DExpo 75.88 88.15 | 91.36 98.83 98.55 97.35 98.84 99.43 96.23
GNNSAFE++2"! 0ODExpo 90.62 95.56 | 92.75 99.82 99.64 97.51 99.99 99.97 97.89
msp'! Wild Mix 72.39 8327 | 9112 98.01 98.05 92.64 92.31 93.87 90.96
ODIN" Wild Mix 40.11 40.82 | 40.15 91.43 93.09 87.22 94.58 94.72 93.28
OE™ Wild Mix 49.03 53.01 | 61.72 70.15 71.89 69.81 92.19 94.12 91.38
Energy FT'' Wild Mix 71.58 73.59 | 72.83 7024 | 71.14 69.52 94.47 95.55 93.27
Mahalanobis™®”" Wild Mix 52.16 53.17 | 69.18 7132 | 7633 73.11 82.59 96.23 93.69
Open-GOD Wild Mix 91.63 96.19 | 93.55 99.99 99.99 98.59 99.99 99.99 98.45

T STORGIRA , F FROR IR LAORPREE B . AL X =Rk J R GOEAG AL A R 00D 37557 T RO &R
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Figure 4  Performance comparison of different methods on the Arxiv and

Twitch
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Figure 5 AUROC comparison of different methods on the Cora,

Amazon, and Coauthor
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Figure 6  Comparison of energy distributions on the Twitch and Arxiv dataset
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Table 4  Ablation study results of Open-GOD on the Twitch dataset

®5 BREERRHEE LS SRl ZE SRR E Xt
i{ﬁ:S

Wild Mix R ALM AUROC ACC Table 5 Comparison of per-node training and inference time across
51.24(44.73 ) 70.40 different datasets unit: s
v 64.84(31.13 | ) 65.19 el Twitch Arxiv
¥ 66.82(29.15 | ) 70.40 e TR IN TR IN
¥ 56.42(39.55 | ) 68.44 MSP 0.008 0.040 | 0.043 | 0.172
N J 73.91(22.06 | ) 60.08 OE 0.013 0.045 | 0.007 | 0251
N J 95.97 78.46 Energy FT 0.016 0.052 | 0.069 | 0.218
N J J 89.31(6.66 | ) 68.50 GNNsafe++ 0.016 0.052 | 0.075 | 0.240
HERFRAE R IE NI, ALM SR 88 Rk A H I+ 355 M AUE Open-GOD 0.008 0.039 | 0.073 | 0.257
(X | ) FRFIRIZHECE 1 AUROC M FHne At e B (Wild Mix + ER + Model Cora Amazon Coauthor
ALM,AUROC=95.97% ) ) & 43 Lb T B B TR IN TR IN TR IN
I T ALM 152 EBR U o B 56 25 57 66 42 MSP 0.008 | 0.021 | 0.015 | 0.026 | 0.058 | 0.181
S e e (o0 r [oo Tom T o
S o ; ) . . , . . .
;:E? ng l\t/l%i}\ y H%F' 5 iR E/‘{ %{E F %égﬁi ® Energy FT | 0.013 | 0.018 | 0.018 | 0.024 | 0.131 | 0.171
" iﬁglj o o o q:a:z t {;p Ho B ;.Ej% W, 1 Mahalanobis | 0.008 | 0251 |0.013 | 0306 | 0.073 | 1.081
RO A BRI SET i 2 SRS B A8 i 4 i Open-GOD | 0.010 | 0.014 | 0.012 | 0.030 | 0.120 | 0.173

rRl LAk R s
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Pede. 7F Twitch B4 I, U 25348 4 0.008 s/FEAS
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AT 15 T B SR EUCRAE | Re it B (AL AL FE L KA
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REFUATSBE LR 45 0.073 s/BEAS AU 2555058 0 0.257 s/FEAR
) A 3 B [R) B GPU N AE o FHBE AR 24 37% . 45 3
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Figure 7 Hyperparameter sensitivity analysis of the propagation depth K

and self-loop weight & on the Twitch
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