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Contrastive-enhanced Heterogeneous Graph Transformer with Dual-space Tokenization
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Abstract : In recent years , Heterogeneous Graph Neural Networks have demonstrated strong capabilities in modeling complex relation-
ships involving multiple types of nodes and edges. However, message-passing-based architectures still face limitations such as restricted
expressive power , over-smoothing ,and over-squashing. This paper proposes a novel Transformer architecture , CHGormer , which inno-
vatively addresses the challenge of integrating local heterogeneous relations with global semantic dependencies in heterogeneous graphs
by combining contrastive learning with a token generation mechanism for heterogeneous relation encoding. Specifically , CHGormer in-
troduces a dual-space token generation strategy , where positive and negative token sequences are sampled separately from the attribute
and topology feature spaces. These are then aggregated through type-aware neighborhood aggregation to form heterogeneous relational
representations , which are incorporated into global interactions as attention biases. Moreover, a contrastive learning-based cross-se-
quence optimization is employed to further enhance the discriminative power of node representations.

Keywords : graph neural networks ; Transformer ; contrastive learning ; heterogeneous graph;node classification
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B

3)FEE A S RESERSE LT T 5L %, BIE T CHGorm-
er [ RHE.

ABIFGE A 5 R 3R 2 T SR AL TR BB, FEAE AL A HE
T2 R R R N R . ZEBLSE HE
AR RGN E A S MG S S A BT I EE
W, BEAEHR IR & SO B HE. A fERSE
B DT AT s R A DR SR e, (R R A 3T
HKh AP ZRAFEEFENEZREXR (WRE VBB
R) XM SEH & TRZ AL S L. R E 4
BB R E RS R R B R T LR AIER, R4
RPN SSRGSl A s —iE LA
HATRAEFE. B, SN B & 1, 2408 R
PR BN HHEC N R IR, 38 32 B[Rl HedE 32 B 4 o
ZARTIR (AL R RR 5% R A5 ) LRI, Bk, A3
R S5 AR 5 B S SR, SEBUR HE A S, R R
2 SRR P LN R 1A AR SCAIER B 1) CHGormer f2], 58
B SRS BT SR Token BRASISRME , LA KX L3

SRELH , EAL L RAT 55 o BA RS, BEBAZ IR R A4t
BRI R TR HE L.

1 HXTE

1.1 Transformer ( Graph Transformer,GT)

& Transformer 3 7 %% Transformer 28 #45| A B F# R 24
L AMUFLAR T %4 GNN TE KRR R L R bR, 638
R BEEAVHIEHA T 2E W AN LR, BERT
T X B RS SORTR AR AR BE ) s HOM T i B AR K IE IR
AT INGREEE , R il S BB I T BT AN E S A TR, AR
AR I LB h 2 AN S U E RE X RR LT
RO TN E LS R S5 GNN SR S
BRMEANZALERE. AR FEES AL

)RR ER GT e Al b, GT FEEL2RER
HIBLHIRE N EZ R B, R — B 5 AR
HEH {5 B A YR#D Transformer 72 B Hd b R FR M. AARMERY
HLFE) GraphGPS™! . GTN™! 1 Graphormer-*!. GraphGPS %%
4T GNN {55 4 88 1 1 Transformer (145 JR K 2B A
51, i R ER ALY /D Transformer B3T3 A , {8 H 558 A
TR EI . GTN $2 H 45y 1 58 B AL B SR AL AL, i
Py i RFAE () B PN R A A A, 6 Transformer
REOE A 4 D E AL RFE. 1046, GTN B3 s A A E
AR K SR E R B R B, LRSS MERS
2RI R R LAk, Graphormer 38 o BE rt.Co P 4 A5 A
5 B R U B Y S AR B R B E b
B O BT, 58 Ak O S R B0 7 5 01 9 s X 1D f i 2
AR BE R AR A SR B AR D (R T B TR

2) R E R GTs: ZEREE -, GTs HFEE¥ S ARHEH
B SRR AR, H IR B R MR B . AR
PEAEREI I HGT™  PHGT #1 HINormer. HGT #2 4! S 1 2
JIALE AR 28 A B A TR R T B TAE , B AT R X 43
ARIRAR BRI HE. PHGT i@ id 7| A£23 token 45 R:4%
45 GNN M3 GTs )R R M, .0 & 3 F token ;5 /5, token.,
5 X token F14>J5 token. PHGT 3454 GCNM L 53s4s
ML, i 25257 token AT TR TE 72 A HLE] , (R e )
BREH R AE U AR OC 2. HINormer By ;.0 22 R K
SER RIS AR I THRBOTY S AR R TR E (5 B, FI A D6 2
454 . HINormer SR Fi k-hop I 'F SCRAE SR M A= i [ i K BE
BT SRR FR B A GATV2 JE3 ML e 5
BHE.
1.2 55 B #42 M 4% ( Heterogeneous Graph Neural Net-
works, HGNNs}

R EIRN M 4 T i T A B & A I B A
EIEHE , K O E TR R SRR BUA T IEA 4wk

1) % F 70 M 7 19 7 ¥ 40 HAN-®) _ MAGNN'®' | Ro-
He'™- \MECCH'*!- /il HGMAE"™ i 1 15 S5 1 3h7E LY
JUEAR (Meta-path ) R 5 5 Wi iE A5 B HAN FI 5 (A
B XGONE RS, S5 E AR TR T BEUHE. 1t
FEREOTER TR, Hit 88 20 B R o i A Fot g K m
BEH . MAGNN 13 2 )2 R05 RS RS & B 5



1072 /N E

e

R R 4 2026 4

KRB, B LA A RNN W HE TR HY, B
FRARBEAR 1 5 s SO, kit 3 A LRI, Ak
TE R TR R R AT B S ALE S , T SR R 45
Fa R4 R8BI FAL. RoHe 485 | AVER /13440 55 ( at-
tention purifier) , 55 Tu IR AL R B I HRAAE AU, 3D
BB AR E L, R T 5 0 e 22 N R X B T A
Bt MECCH 33 = Fy BEAESE (Jul AR BT SCH 2 SRS 4%
B Kool a N XA T EREH, eyl E
W TP AE , SCBR IS S (5 B R 6. HGMAE i i ST 2 #E
HE BRI R TG AR 2T 0w Ot R R
WAV S, 5 e SR B LA Bh A AU R T B 42
RE L, R B AW E R SRR R R W
WA TC B AR B AE BT s 30 Fh M 8, R SR 5%
IR NG T AR B 1 B 241K

2) EFARBER A s 40 RSHN' | SimpleHGN™ |
GNNMutation >’ FI PNAPT 4 3 %1 148 A B30 B A% 138 1
. fi4n, SimpleHGN 38 53 21 8 Bl A B4R GAT [ R4 7
AR RE LT AR, I Tr 2 IR T B A5 i SR
P MELA PR R AR . RSHN 53 2 %SS4 40 o i 47 45 44 2
AR — A LA R T s R R B HEAT 56 R A, 5
T ERAHE B R A AR GCN,RSHN A% R
TSR SRR EE A IR TIAT KRB T SOREE, BRI A
BOHAL PR Z TR T {5 B 1&3%. GNNMutation 44 & f2% &
FHEARN SRR E , Eit % A E AR (Eppi) 1%
A3 341 (Emut ) % 42, 95 F BM25-tf-rf SEAE AL 2% &4k
FHRA BT PNA B ERERRAH CE RE . &
AME BRUE RS ) FE BT X BBE 4 A AR P R S A A 2
Jéi] R
1.3 FrEan%k

TSR REEFRET PRERALS 22—, BERET
SIS R AE AN E S B T T R 28 5. ZE R E 1 a8
AHAESEH SR GON GAT 57 52 i S i R R AR A5
BEAFREABIMR R, R, R R, T8 R R
HHARRIER AR, KR SHAEFERTHRRNFIE
Jilip =L

SR ST AR T 2 RE T SRR A O
B0, RGCN 3@ 3T K AR 56 R BRI AB ST AR AR B , 518
MR RS X A AR 915 S HAN SR T2 5| S SUR 1
BAHUE, AT 52 518 U2 @ L0 5 5 ; MAGNN
A S AR T IR LT P FI RS, T+
T SCEEBE AR 7 5 Simple-HGN T3 1) 31 2578 f8x A5 £k, 54 [T 1Y)
MR, R EEG T F LRI B AEMRR. EEK,
Transformer 544485 51 A7 8 2- 25 %, @0 HGT #1 HI-
Normer , il & RE R AV HHRERBRKBREES, £
T iR AR

2 WEMIR

2.1 REHE
BKE—MHE o= (v,0), K v BT RsEa, s BAKE,
AT S R R X Sy SR Y R T R B e v

—of, Forft o7 TR SR SR BIEE TIWL BRB
ook, o o0 N TE LR BIE G R 1 =4 + 1] >2,
B B o 22 D, 7 PR RS R AT L.
2.2 Transformer
Transformer J&—FET A ERIVLE RES IELR,
T2k & /7 (Multi-Head Self-Attention ) FIEij 45 #
2 M #% ( Feedforward Neural Network ) 340 B% A B fE, [ H
TR IR AR OC R T BA B R o F I A RmE
M HeR™ HEZRSIEWRRN:
o) (0
Hrh Q=HW, ,K=HW,,V=HW, /35| &) 5 (E5HEFE,
Wy Wi Wy, T2 S5
R B MR, R AR T
23 [ AL , B SRR R RIRBE )
MultiHead( H) = Concat( head, ,--- ,head,)) W,  (2)
TR 22 ) 4% i PR 2 R ] R 2R s iR
B, FAF AL B I AFIE A T B A 3, T LARIR I E
FFN(H) =ReLU(HW, +b )W, +b, (3)
H W, eR? xdyy, W, e R "N 2 BEHE, d, R
A} B JBZ 4B BE , ReLU 80T pR &R
2.3 [EREEX
WESLKREZEAIFHGOESZ—, BEER B E YK
A AR AL TR ARARHE W SR BT R ve VIER—4
Ry, ell, -, CLHA CHRHEE NTHERE, i THE
ZFCRFEZEBINTT SRR, R FRES B E LR AW
T UE B AR A MK
BE—NREE G=(V,E,T,,Ty) , Ko WH Ve
VEECHMERIRE ¥, BIRR% T — 0K B8 S Voo,
Hrr e ARHEA , FAARARE R Vy = VAV, T DIHER T
FHERIAREE ¥,
2.4 FtbES
Xt B 5 T B B W R 2 S T s, Ho 0 A8
B ROETE AR (EAEART) W3R , R B L X
AHRRIREA (FAREA D) MR , AT % 3 B 98 A B M o e
RS 0], FEE 2 X v 0] Fee S 972 R FHR0 SiA
BB, SOARBE R, I IR B R SR B
L — R v R T B B AR 2 T — A i A
FO ) JHHERA B = fv)) TR B v, SHIERA Y 1
WA b B R FEVSTESS AP IE B AR , SO (v, 1 L 1
R By i oy | L TRV 2 (R B A T
— YA R E it 2k 52 InfoNCE #2678 448, % F
— AT v IEREA T v L IR EUE

Attention(H) = Softmax(

20 = _log exp(sim(h;,h;)/7)
“ exp(sim(h, b} )/7) + X exp(sim(h, ,h; )/7T)

(4)

Ferb, sim(u,v) RHTEHR A [FRARDUE R SR, 1 AR 52 AR
B >0 2—MRESEL TR URRA S R R E; 5
T B RACTEREA ST B A BLIE , 73 B3 2 F /MU IE AR AR A
RUBE IR, B R ARG 55 SR A A K S L.




519 FEMETE 48, WES (A4 Ak S H R 1Y) 5 B Transformer 1073

3 K &

TEAAT B A SO B 49 CHGormer , 22 4545 21 &1 40 /&
2 Pz B8, AR SCHIA token A2 ORI , 719 w2 BUB PEFIA
FMRRIEZS (8] B RYIE A token. HK, 2305 AZiH 405 , F T3¢
T RRHE BT, O B B B S HARE 5 I A AR G 22
i, R TR A TE SO R IR 3G s PR B 0 HLR 1 28 B R B
H1. BJG AR AT e 2, T T3 SRR,
3.1 Token 4 ¥ ( Tokenization )

SRWE , o3 AR TR PERAAE 28 (B AN FMRAAE 25 5], M TE B to-
ken P HELT ST ER2E ST
3.1.1 A TEBFHMLETN X® 45 token

R T ERAET A G IIE AR, A SCET A BB
IH— LSRR A S4TSR PR IE A | X°, 5T X° 3
TR AR AR AERE S, FI T 3500 SR RE S 18] Hh 18
S, 255 — M B (v, v,) L HBUEITHEIT

x . x"

sty = (5)
B%oF T I I B4 R R0 S, AR 3L T T BLAS [ token AR Y | X 11X |
( -
A Token: i i L]
\ r ©OOCO00
| R | Topk
% Hitoken ap IEtoken

P sz

T Top—k

X

/ I 010[0)(@[e]e]e)

KAHEZ
R/

.

RESBEE

K2 REEAE
Fig.2 System model

h EESTY S v, B8 p AHRRUE BN A, W EEE token JF
5 Vi WFRIARTS g BAHLR A n, AMEAR LR W 5, W £
token FE#%1] V",
3.1.2 A T IaiM45 42 18] 45 token
ATHRBVWRZEMERRER, R CET X & R
MR .X = ARXT AR C-BRATIRAE B . SR MEARAE S A2,
W SRR TEAUESR: S, TR S48 B
oL,
B XA v,y AREITEINT
X
YTIXIX (6)
FETEHAE O, ST R e RO HAR W S v, SR p, 1
SRIEHTRAE N IE token 5 V¥, FE R4 15 4 B AL B BE g
ANEARIE Y AR T token JFF] Vi

3.1.3 token 57| #MiE
FIESR token J3F 5 B S B BB, B AEAFS]
H*" = Contact(V{? ,Vo") e R ¢ rorrm xd (1)
H"" = Contact( Vi ,Vi") e R (M rermo xd (8)

Hpy,n, HESHL
3.2 EHAER . CHGormer

R T TR SEAE SO AR IR IE B LR R BB 8
B, ASCRI T RARBE, B BB B R E
FUEHE, IR EIBRR G, A R BRI R S, HR,
AICET T REBATE RN Z, B & R E LR G

SERHERIOC R 4005, A2 S BRI T SCROR.
3.2.1 XEA%HHE
TERF G E 0, T SR I RS T ia T e R
RS, A Z BB A EHRARIG, 51 AT 33 fy 1%
FOAL B P A B RSB SRS «
r,= MEQZW)W;ZLf(rL" 365,) (9)
o wy,, B AR RMWIE A - 56,) BHSHANE
FE SLRAT 22 3 R A R B
3.2.2 XARIEENE
ERRBAFERNE S, ARG - EmiEE 8
a,; =a;LeakyReLU(Q,) +a, LeakyReLU(K;)  (10)
H a0, BEFIEIWER I ZEC0 K THRRSE &
TAIER j AR AHE I £
HIR, KRG0S r Y ARG, 1R S fn B0 R
i Wik €

q§=WQRri7kf=WKRrj (11)
H— R AT LARR N
&i,i =a;; +p - q?kf (12)

Hr g RS HL
3.2.3 Transformer Layer
XoF T s (E) F 6 1 2 [ (4 token 730 H, AL B i 24
[A. ¥ G, CHGormer JE XL FHEHIFE X FIK R GG r, 21 454
A B AL RS BUFRAEFISC R G «
H =GCN(X) ,r = RELayers(r) (13)



1074 AR OB O B N R & 2026 4
ZJ5¥ token 38k TE M FEAS . L, = - .ZWYi In f’i , f/'i (20)
P=H[:,0:(pk+1) ], N=H[:,(pk+1):L] (14) %/E.‘*Xﬂ‘l:lj?lﬁﬁﬁﬂﬁ%’é?ﬁﬁé:
AT IS token FIEBEIE AMER, H A SCIER to- L=ry 4y L, (21)
ken (5 1 288N T —4~ B 1 24 X FRAE B B #U token. F IE Hrh y BB

B2 A token WEFERIE R4TE pi ., 0,1, :
Pu>p. =h[P],r[P] (15)
n,,n,=v,+h[N],v, +r[N] (16)
Heip v, ,v, ZED token. 2 J5if 13 %= Transformer ZALHE TF
HREAASFI G W IE AR p, 1y
3.3 FAEHRNKR
KT R R EE NSRRI ME R BA LS
EERG RS A SCIERE AL Y frin A T4 A% . ARG RS
HIIERAEAFR, BB LR z, MR 2,
2, =Py =8 my,z,=p, -8 m, (17)
Hor o RESH il 2R E.
RIBF MR AT RN BRREEHRR:
z=a-z,+{1-a) -z, (18)
o BEBSE BRI N RS R G E.
&% 1. % CHGormer
BN RFIE - X, , X, SRR A type_emb T RS AR ]
node_type . token FF41 :token_a, token_t, batch & 3| idx, GCN
JZ% num_gnns \GTs JZ2%{ num_layers.
i 15400 token IR,
1. ¥ inner(tage {"a","t"):
2. h=X,,;r=type_emb| node_type]
3. token = token_tag[ idx ] ;v;,v, = v, [ idx]
4, #h,r 251 GCN #ll RECony 2
h=GCN/(h),r=RE'(r)
5. p_token =token| :,:1 +p, ] ,p_token = token[ :,1 + p,: | #token

W
py =h[p_token] ,p, = r[ p_token]

for [ in [. num_gnns;

#IETUREA
ny, = concat(v, ,h[ n_token] ) ,n, = concat(v,,r[ n_token] )
for [ in [ num_layers: #Transformer
Pr= AGT! (Pnsp,) sy = AGT!("h M)
9. return z,,, =p,[:,0] -8xn,[;,0]
10. z, ,z, =inner(" a" ) ,inner("t" )
l.z=axz, +(l-a) *z
12. output = predictor(z)
13. #7 norm = True, WHFTIH—Fk
14, 3& [B] output LA M FFF token IR :p, .1, D, o1y
3.4 iR
7 CHGormer H1, 2y 1 3843 Fi £t token H 3295 3R,
ARG AR LR «
exp(PY - P /)
£, = —log - T -
Shep (P - N /)

exp(Py - P /)

og - =
Xkexp(Pg - N /T)
(19)

$ooh P NG FR AT B token FEAVRBINOME BB = -
k
1

Pk Aopti _ 1 Pk pti = 3
j=1P; P —p j=1Pj 5T Eﬁﬂ%ﬁ
k

WEAD A SCHTA G S8 5% - A o 28 UM R B 09
vieh

3.5 HEASERESH

TERX—H, AR 4E T CHGormer #3840 iy 115 FF
&Y, Token 4= AR ST HyBT B Z & O(N) , X R HRAGIZE I B
(2 & O(IEI) , Transformer 22 [ B [H] 52 2% & O |E|
+N) , Fitb SRt R 222 O(IEI +N).

4 = B

4.1 BEENSE

DBLP 235 LR U A F5 H B 46, Wizt 1994 &
2014 AE [ 4 EFEIUE (B R BRIZ R ALaR 2 ST FIfE R
KR 20 P TRE W ERRIRIL. AEEE(A) B
(P) WIFEARTE(T) M B (V)4 K5 MR R KR
2.

AMiner 2 HH{FERFMBINAARG B8, 3R
AL 4 JERC R BRI  Alds 2 T AR B R) 1Y
T ERE. AREB ARSI (P) fEE (A) MSHEIE(R),
TRBLEAAR SR B RBREE 4.

Freebase HITAEE 1 T ER BRI, B HH (M) |
F R (A) (D) AGIRI(W)4 KR B TE LR AR
TR L K BIESE R W 4.

BB TER IR 1 .

x1 BIRESH

Table 1 Statistics of datasets
Eitirgd W # H#z
DBLP 26182 239566 Author
Freebase 43854 151034 Movie
AMiner 55783 153676 Paper
4.2 LhEELZ

HT AT AL A SCER HE B CHGormer 5 56 3E 7 6, 4
APUTF A TR B BT — R B 5 R
25 ) #% #5 B ( Heterogeneous GNNs, £1 % RGCN, HAN, Het-
GNN,MAGNN #1 SimpleHGN ) , % F 7 ifi ¥ Transformer ( 4,
#% HGT,GTN,PHGT #1 HINormer) .

* RGCN:RGCN " J& T 1648 GCN LL4b P % ¢ 2 B %
8 B A R SR S e N A E AR, T B R X )
AFRRER. HAZOQHBE T AR R R JE R T
FEBVEEIIRE , LA HINR R 24 YIRS I E N 145
& REE B D IR S E i A RS, BRI
ETrast,

- HAN: HAN @53 7577 M S AT R N 5 I ABUZ I
BPLH, BENR A AR B SRR WER, %
SR T E AR R RS

* HetGNN : HetGNN Jfi i 3 Ky BtHESR MR ol R4 B 75 iR
IR 1) SRR SR R AT BT R R BE AL E T R L)
JERAE AR TR 0 BT 2) RS EHDME



519 FEMETE 48, WES (A4 Ak S H R 1Y) 5 B Transformer 1075

LSTM RG34 BURER MR M;3) RBBARE  FES
BLE AN 4B B R AL FUALE

- MAGNN:MAGNN % TG B 2 B P A5 S5 BB R
[BIRR, 32 H 3 AR 1) 9 RARERS 55 SR AR ol R R 2
BT RURMERE S B S — 25 [0 52) JTEER AR AD : ] RNN
BE R A B Ak B AR TP MW ST S53) TR B A
B SCEE I G 2 BRE L.

- SimpleHGN ; SimpleHGN I U 2 £ £k, i% 117 5 & ik 28
SEHE L, HAZOEY R GAT M3 R 1) W2l
A RZEARNE BRI B A50TE 2) TG REEE::
BSIRAE T RN DGRV 53) FrimA L2 51k 32
FAE TR R

« HGT :HGT ¥4 Transformer G RIZIARWE, BB =
TR U] - ARER IR TT RS B 2 B AR Al 5
BH AL Query/Key/ Value £ . 5| AAHXT At 0] 4545 RTE b3
E R R W) 8 B A 11, 3T B F B R 5 12 HGSampling
SPAET RR T A3 LA SR R I 45

- GTN:GTIN W#%.002 B 3 A MUt A E @ &
R2E R B AR IR e e S A 4 BT SR HR A

(ngE RP-AE" 5 B am-2850" £ R R R AP -%
WA ) B RS TEEEEINE, BERA LS
TTILEEAR.

« PHGT:PHGT @3 5| A 3 25 token( 75 & token.i& X to-
ken f14: 7 token) ¥£ Transformer HEZR T [A] Ao SRR S R H Y
JRE A, RS LR R S 2 R R T ST B S A B
SRR B R .

- HINormer : HINormer 4 J& Vi & J7 B AR08 BA% % , i
Pt Vi SRBERBIRE 1) RS 4HRSEE : GCN K48
JEFAERRAR BT 2) TR MmADas = REURM AL
B THREER /753) D-hop bR SURAE: AT A
& A48 F& 5 5% A Transformer. SR f%2 8 GATV2 VER I8
BRI R A G A R G —.
4.3 B¥RE

TESEE , A 30 A A Micro-F1 #1 Macro-F1 £ 3 #t 48

PR, 23 Y 0. 0001, G5 M Fa 4 70 5 B i Fd e i1 R B0 R
4, [RMURERE Ry 256 , Transformer 2305 2, 45 RUFFIHK
R 200, TR BONIRE B 1.0, % LA e A E
7 R 35, IR R LR BB A E o PR 0. 5, #] r2E

®2 OWRSERA

Table 2 Node classification performance

Methods : DBLP : Freebase : AMiner
Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1
RGCN 92.07 £0.50  91.52 +0.50 60.82+1.23 59.08+1.44 81.58+1.44 62.53+2.31
HAN 92.05+0.62 91.67 +0.49 61.42+3.56 57.05+2.06 81.90 £1.51 64.67x2.21
HetGNN 92.33+0.41 91.76 +0.43 62.99+2.31 58.44+1.99 72.34+1.42 55.42+1.45
MAGNN 93.76 £0.45  93.28 +0.51 64.43 +0.73  58.18 +3.87 82.64+1.59 68.60+2.04
Simple-HGN 94.46 +0.22  94.01 +0.24 67.49 +0.97 62.49 +1.69 86.44 +0.48 75.73£0.97
HGT 93.49 +0.25 93.01+0.23 66.43 +1.88 60.03 +2.21 85.74+1.24 74.98 £1.61
GTN 93.97 +0.54  93.52 +0.55 OOM OOM OOM OOM
PHGT 95.33+0.18 94.96 £0.17 68.74+1.42 61.73+1.86 OOM OOM
HINormer 94.94 +0.21  94.57 +0.23 67.78+0.39 62.76+1.10 88.04 +0.12 79.88+0.24
CHGormer 94.82 +0.31 94.65 +0.32 68.79 £0.23  63.91 +0.31 88.53+0.18 78.81+0.37

Hor ARSI, TRHSAFE ZmKAELS,  OOM"REE R R2AFE.

RIEWRIAE v XN 0. 8, 35k R EA5 HIALE B ik A
1.0, B hlEAAEAZ R ARE 8 7 1, 1E 5 token
Don, Y0k 25,

4.4 TEEELLE

AICAE 3 ADEAREE BT T R AR, I H ARSI
CHGormer BUE T & =4 111935 M. CHGormer 7E Freebase %
BEE D) B AMiner §Y Micro-F1 184 F B8 T4 — , 7F AMiner
B4 Macro-F1 _FHUf5 T 45—, ¢ DBLP #{{%4 fy Macro-F1 |
WEAS T8 . X35 TALB N B A 52 2R S R aE Oy , A
G token A UK RE , 75 s AR BB M R IR ME 2 7]
PITESA token. A R FIBURME R AN EBRMLLERZTTH
KRBT 455 H5 955 Transformer /{2 2 R AHERL G R
W& JFBIART H ] B RO T 52 2% A B 1 .

WA, A5 & BRHE T Transformer PARRIFE Y p 538 F 5
BB T 44 45 JE Transformer J5 3. il 4, PHGT 7#& DBLP
_FJE#8 RGCN, 1] HINormer 7E AMiner H1 K E4% %% MAGNN.
X AFYE T Transformer Fy4J5 B EIPLH], BBl B
R R BB AR, T 1% 40 GNN Z R T R 0 B A%

M. [R] 6y, Transformer 123k 11 B 0 30725 2 Bl SR 48 26
FAE, §lin PHGT ¢ 30258 W B 3@ RS , 3R I TR
WA FIEEIVNGRE, N\TITEE R g R bR et gE T
W P At RS

723 5 R R AR 19 L3, A S8 B CHGormer
1t Freebase ¥Rk MBS T HRM BN, X FEIDE T Free-
base RREEH IR, AR B FE, KRB LI, A F
FHREAN P I FJE M S90S (A1 token A 1 3R I 1 C 2%
AR IPLHI L. i AMiner f) DBLP $#84 I, &%
CHGormer {3 H A 54 77 ,{AAH% T Freebase t# XI5,
JR RT3k L2z R R 48 5 A0 58 R HA 3 5 PR 41K, token JiF
¥ gt g B EAX A R B0k B, CHGormer 7277 528
HEE CREREN RS H A BERYE, ALK
BAEPER AR 1 o, AR IR 5 AR A B
4.5 HEELE

R Y BT A [ 40 4 o) P R BB R, 2R AT T I
RASEEY. SR, AR SO R TR 3 bR, FFER T
AV AR Tl 13X 3 AN AR 1) AN 2) =



1076 /N E

e

R R 4 2026 4

FERTIRAE; 3) BIBTHME (GON) Z5H BR%. SEgnss iR anig
3 Pizs. AR SCEE 3 MR BERSE Lilf4T T M3, % F4
ARARE A SCHR T HEBERER R 4145 1 Micro-F1
Macro-F1 43-%¢. 78 & Wp 4> 31 | w/0 negative; w/o hete; w/o
GCN FR.

100; Micro—F1 for Different Components

90}
‘E so O w/o negitive
8 70F o w/o hete
S 60f H HI o w/o GCN
50 |_| B CHGormer
40 -
DBLP Freebase AMiner
100 Micro-F1 for Different Components
90}
e 70l o w/o negitive
§ 60l O w/o hete
o w/o GCN
50F Hl_l’—ll H B CHGormer
40

DBLP Freebase AMiner

H3 JHESR
Fig.3 Ablation study

1) AE 3 ol LUE B AR YU S SR A 5L
B4R [ Micro-F1 I Macro-F1 23 ¥ B35 T . X R W M
FERYFIN TREERN X SNSRI ERER, &
B TR 5] R AF1E R B RHE R R,

2) RERARURFE R H R E SR B AL —, B
PRI AR FE R R MR AT BRFRIE
RIR#ESS  f5RI7E DBLP F1 AMiner $(3Ef L PEREA AT F
W%, T #E Freebase $(3H4E L AMERE TR M B E . XRPRR
RERAN THERME PR R R AN REG RIS
HE.

3) EBFR ML (GCON) £54 bR e B8 o i TR B 4
B R, X FHETT S M EEE RN ERERELE
= Bk GON &M REUG , R 7E AMiner $(HE 4 b HYPERE
FREECHEA B, i 7E DBLP F| Freebase ${#f4E I 8B th A
BT . XK GCN &5 MR B 4B R T EEET
HEEH.

4.6 BEBBESF

TEX A, AT T LT 4 NSS4
GCN FIX R HiS)2 1 230 num_gnns, X RBEHFERE I EM
¥ num_layers, X H 55 HP BIACER, LA KBl ul b RR
BRI A IE. LS RINE 4 B,

X F num_gnns, —iE H (A, 140 3 REAEAERIT A
IEIHERE , B O KBRS S R o Y fd B R A A, 2 3
IR R BEZ R LR TR ER LR,

Xt F num_layers , —NE/NAE, BI40 2 BEUEIAE] —
M8, B 3L 1) Transformer Z8& S E IS, B/
BB AT LASR /- 7 RN,

XF 7, 2 BRI, 4y F 4B 35 B S AR AR B
BT, AT AR08 25 PR SR I3 . XS A Ok R O 25
Gifft, 7 BB T R BRE AR Z B & R AR B, th T
B I 4 K (B I A A A

BT e, HTTERME P, S8 A B R ME B4

S EE B EORRAE , PR — 18 P B, B AN0. 5, BEAS 4 X

—e— DBLP micro —m— Freebase micro —4— AMiner micro
—A— DBLP_macro —— Freebase_macro —*— AMiner macro

03}, , 08t

- : =4

307 - . . 80.7 -w
w wa

0.6f 0.6F

05p, ; 05 ‘\/\’—’“‘

2 3 4 5 1 2 3 4 5
num_layers num_gnns
golt——a __, o|t—a—t—"2
—— —
80.8-._’_‘\‘\. ”0'8-.—’—-4"’"’—'_'
S0t R R —

gl " " osf

I S - e

02 04 06 08 L0 s 10 15 20 25
a T

K4 SRR

Fig.4 Parameter sensitivity

Fife B, GRS BB [R] i ) F 1Y U B B RRAIE A A 22 1)
PRI 2R SR A B VA £ T

5 & it

A LA R E R R PR R R 52 R UK
WA Pk, 3= H 7 CHGormer A5, 58 i 5 My 26 AR 1Y
Xof B2 2 NE BRI 25 (6] Bl 25 4 AR S R i , CHGormer 52 3
T mR R PR . SRR S R AR, CHGormer 7E BT A £
P LBUS T ARSI MR, BE T R skt i —
Lo 87 T Transformer 28 44 45 53 i B ££ % P ¥ B 1A
P27 RN B0 R K BE B AR, M2 Y
B E NIRRT X RN SRS KR T
YRR IR R E R BN B 3, Mk — 5 2 T R
KA B Rl R AT B 2 B B R R
SR TR, BA EE NS ME RN TR

References:

[17 Sun Q,Peng H,Li J,et al. Pairwise learning for name disambigu-
ation in large-scale heterogeneous academic networks[ C]//Interna-
tional Conference on Data Mining ,2020,511-520.

[ 2] Kong X,Shi Y, Yu S, et al. Academic social networks ; modeling, a-
nalysis, mining and applications[ J]. Journal of Network and Com-
puter Applications,2019,132.86-103, doi; 10. 1016/j. jnca. 2019.
01.029.

[3] Pan L, Dai X, Huang S, et al. Academic paper recommendation
based on heterogeneous graph[ C]//China National Conference on
Chinese Computational Linguistics 2025 :381-392.

[ 4] Tang J,Zhang J,Yao L,et al. Arnetminer; extraction and mining of
academic social networks[ C ]//14th ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining, 2008 ; 990-
998.

[ 57 Van den Brink M, Benschop Y. Gender in academic networking ; the
role of gatekeepers in professorial recruitment[ J]. Journal of Man-
agement Studies,2014,51(3) ;460-492.

[6] Salamat A, Luo X, Jafari A. HeteroGraphRec: a heterogeneous

graph-based neural networks for social recommendations [ J].



54

FEMETC & 028 (A4 fEAL 5 o0) L3S (5 i 5] Transformer

1077

Knowledge-Based Systems,2021,217.106817,doi:10. 1016/j. kn-
osys. 2021. 106817.

[7] Wang Y,Sun H,Zhao Y,et al. A heterogeneous graph embedding
framework for location-based social network analysis in smart cities
[T]. IEEE Transactions on Industrial Informatics,2019,16 (4) .
2747-2755.

[ 8] Cai D,Shao Z,He X, et al. Mining hidden community in heteroge-
neous social networks [ C]//3rd International Workshop on Link
Discovery ,2005 ;58-65.

[ 9 ] Milroy L,Llamas C. Social networks[ J]. The Handbook of Lan-
guage Variation and Change, 2013 407427, doi: 10. 1002/
9780470756591.

[10] Li Z,Liu H,Zhang Z et al. Learning knowledge graph embedding
with heterogeneous relation attention networks[ J ]. IEEE Transac-
tions on Neural Networks and Learning Systems, 2021,33 (8).
3961-3973.

[11] Asprino L,Daga E,Gangemi A, et al. Knowledge graph construc-
tion with a fagade:a unified method to access heterogeneous data
sources on the web[ J]. ACM Transactions on Internet Technolo-
2y,2023,23(1) .1-31.

[12] Chen X, Jia S, Xiang Y. A review; knowledge reasoning over
knowledge graph [ J]. Expert Systems with Applications, 2020,
141:112948 ,doi;10. 1016/j. eswa. 2019. 112948.

[13] Hogan A, Blomgvist E, Cochez M, et al. Knowledge graphs[J].
ACM Computing Surveys,2021,54(4) ;1-37.

[14] Fensel D, Simsiek U, Angele K, et al. Introduction ; what is a knowl-
edge graph? [J]. Knowledge Graphs;Methodology, Tools and Se-
lected Use Cases,2020:1-10,doi;10. 1007/978-3-030-37439-6_1.

[15] Chen Z,Wang Y ,Zhao B, et al. Knowledge graph completion;a re-
view[ J]. IEEE Access, 2020, 8 192435-192456, doi: 10. 1109/
ACCESS. 2020.3030076.

[16] YuL,Sun L,Du B, et al. Heterogeneous graph representation learn-
ing with relation awareness[ J]. [EEE Transactions on Knowledge
and Data Engineering,2022,35(6) ;5935-5947.

[17] Chan T H,Cendra F J,Ma L, et al. Histopathology whole slide im-
age analysis with heterogeneous graph representation learning
[C]//IEEE/CVF Conference on Computer Vision and Pattern
Recognition 2023 ;15661-15670.

[18] Shao Z,Xu Y, Wei W, et al. Heterogeneous graph neural network
with multi-view representation learning [ J]. IEEE Transactions on
Knowledge and Data Engineering ,2022,35(11) :11476-11488.

[19] Yang X,Yan M, Pan S, et al. Simple and efficient heterogeneous
graph neural network[ C]//AAAI Conference on Artificial Intelli-
gence,2023:10816-10824.

[20] Zhao J,Wang X,Shi C,et al. Heterogeneous graph structure learn-
ing for graph neural networks[ C]//AAAI Conference on Artificial
Intelligence ,2021 :4697-4705.

[21] Chen M, Huang C,Xia L, et al. Heterogeneous graph contrastive
learning for recommendation [ C]//16th ACM International Con-
ference on Web Search and Data Mining,2023 :544-552.

[22] Wang X,Bo D,Shi C,et al. A survey on heterogeneous graph em-
bedding ; methods, techniques, applications and sources [ J]. IEEE
Transactions on Big Data,2022 ,9(2) :415-436.

[23] Yang C,Xiao Y,Zhang Y et al. Heterogeneous network representa-

tion learning : a unified framework with survey and benchmark[ J].

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

IEEE Transactions on Knowledge and Data Engineering,2020,34
(10) .4854-4873.

Zhang K, Wang W, Zhang H, et al. Learning to represent programs
with heterogeneous graphs [ C ]//30th TEEE/ACM International
Conference on Program Comprehension 2022 ;378-389.

Dong Y,Hu Z,Wang K, et al. Heterogeneous network representa-
tion learning[ C]//29th International Joint Conference on Artificial
Intelligence ,2020 :4861-4867.

Chang Y,Chen C,Hu W, et al. Megnn; meta-path extracted graph
neural network for heterogeneous graph representation learning
[T]. Knowledge-Based Systems,2022,235.107611,doi.10. 1016/
j- knosys. 2021. 107611.

Zhang L, Guo J,Bai Q,et al. Dynamic heterogeneous graph repre-
sentation learning with neighborhood type modeling[ J ]. Neurocom-
puting ,2023 ;533 :46-60 ,doi ;10. 1016/j. neucom. 2023. 02. 060.
Zhao B W, Hu L,You Z H,et al. HINGRL ; predicting drug-disease
associations with graph representation learning on heterogeneous in-
formation networks[ J]. Briefings in Bioinformatics,2022,23 (1) :
bbab515,doi:10. 1093/bib/bbab515.

Zhang C, Song D,Huang C,et al. Heterogeneous graph neural net-
work [ C ]//25th ACM SIGKDD International Conference on
Knowledge Discovery & Data Mining,2019 :793-803.

Schlichtkrull M, Kipf T N,Bloem P,et al. Modeling relational data
with graph convolutional networks[ C]//The Semantic Web:15th
International Conference ESWC,2018:593-607.

Liu Y, Zheng Y,Zhang D, et al. Beyond smoothing : unsupervised
graph representation learning with edge heterophily discriminating
[ C]//AAAI Conference on Artificial Intelligence ,2023 :4516-4524.
Keriven N. Not too little, not too much: a theoretical analysis of
graph( over) smoothing [ J]. Advances in Neural Information Pro-
cessing Systems, 2022, 35 2268-2281, doi: 10. 5555/3600270.
3600435.

Lu Z,Fang Y, Yang C,et al. Heterogeneous graph transformer with
poly-tokenization [ C ]//33rd International Joint Conferences on
Artificial Intelligence 2024 ;2234-2242.

Mao Q,Liu Z,Liu C, et al. Hinormer; representation learning on
heterogeneous information networks with graph transformer[ C]//
ACM Web Conference 2023 :599-610.

Tang J,Yang Y, Wei W et al. Higpt : Heterogeneous graph language
model[ C]//30th ACM SIGKDD Conference on Knowledge Dis-
covery and Data Mining ,2024 ;2842-2853.

Chen J,Liu H,Hopcroft J, et al. Leveraging contrastive learning for
enhanced node representations in tokenized graph transformers[J].
Advances in Neural Information Processing Systems, 2024, 37.
85824-85845 ,doi; 10. 52202/079017-2725.

Zhang Y ,Gao S,Pei J, et al. Improving social network embedding
via new second-order continuous graph neural networks[ C|//28th
ACM SIGKDD Conference on Knowledge Discovery and Data
Mining,2022:2515-2523.

Kumar S, Mallik A, Khetarpal A, et al. Influence maximization in
social networks using graph embedding and graph neural network
[I]. Information Sciences,2022,607:1617-1636,doi:10. 1016/].
ins. 2022.06.075.

Jain L, Katarya R, Sachdeva S. Opinion leaders for information dif-

fusion using graph neural network in online social networks[ J].



1078 /N E

e

it

B N &2 & 2026 4E

ACM Transactions on the Web,2023,17(2) :1-37.

[40] Yang L,Wang S,Tao Y,et al. Dgrec; graph neural network for rec-
ommendation with diversified embedding generation [ C ]//16th
ACM International Conference on Web Search and Data Mining,
2023 :661-669.

[41] Wu Z,Zhou J,Zhang J,et al. A deep prediction framework for
multi-source information via heterogeneous GNN[ C ]//30th ACM
SIGKDD Conference on Knowledge Discovery and Data Mining,
2024 ;3460-3471.

[42] Lu Y,Gao M, Liu H,et al. Neighborhood overlap-aware heterogene-
ous hypergraph neural network for link prediction[ J]. Pattern Rec-
ognition, 2023 ,144 109818 ,doi : 10. 1016/j. patcog. 2023. 109818.

[43] Rampdasek L,Galkin M, Dwivedi V P,et al. Recipe for a general ,pow-
erful , scalable graph transformer [ C]//36th International Conference
on Neural Information Processing Systems 2022 :14501-14515.

[44] Yun S,Jeong M,Kim R, et al. Graph transformer networks[ C]//
33rd International Conference on Neural Information Processing
Systems,2019:11983-11993.

[45] Ying C,Cai T,Luo S,et al. Do transformers really perform badly
for graph representation? [ J]. Advances in Neural Information
Processing Systems, 2021, 34. 28877-28888, doi: 10. 5555/
3540261.354273.

[46] Hu Z,Dong Y, Wang K, et al. Heterogeneous graph transformer
[ C]//Proceedings of the Web Conference ,2020:2704-2710.

[47] Kipf T N, Welling M. Semi-supervised classification with graph
convolutional networks[ C]//International Conference on Learning
Representations, 2017 :1-14 , doi : 10. 48550/ arXiv. 1609. 02907.

[48] Wang X,Ji H,Shi C, et al. Heterogeneous graph attention network
[ C]//World Wide Web Conference 2019 :2022-2032.

[49] Fu X,Zhang J,Meng Z, et al. Magnn: metapath aggregated graph
neural network for heterogeneous graph embedding[ C]//Proceed-
ings of the Web Conference ,2020.:2331-2341.

[50] Zhang M, Wang X,Zhu M, et al. Robust heterogeneous graph neu-
ral networks against adversarial attacks[ C]//AAAT Conference on
Artificial Intelligence 2022 ;4363-4370.

[51] Fu X,King I. MECCH ; metapath context convolution-based hetero-

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

geneous graph neural networks[ J]. Neural Networks, 2024 ,170;
266-275,doi:10. 1016/j. neunet. 2023. 11. 030.

Tian Y ,Dong K,Zhang C, et al. Heterogeneous graph masked au-
toencoders [ C |//AAAl Conference on Artificial Intelligence,
2023 :9997-10005.

Zhu S,Zhou C,Pan S, et al. Relation structure-aware heterogeneous
graph neural network [ C]//International Conference on Data Min-
ing,2019.:1534-1539.

Lv Q,Ding M, Liu Q,et al. Are we really making much progress?
revisiting , benchmarking and refining heterogeneous graph neural
networks[ C]//27th ACM SIGKDD Conference on Knowledge
Discovery & Data Mining,2021 :1150-1160.

Ozcan Simsek N O, Ozgiir A, Giirgen F. GNNMutation : a heteroge-
neous graph-based framework for cancer detection| J]. BMC Bioin-
formatics,2025,26 (1) ;1-17.

Corso G,Cavalleri L,Beaini D, et al. Principal neighbourhood aggre-
gation for graph nets[ J]. Advances in Neural Information Processing
Systems ,2020,33 ;:13260-13271 ,doi ; 10. 5555/3495724.. 3496836.
Jiao P, Yu K,Bao Q,et al. Graph contrastive learning with node-
level accurate difference[ J]. Fundamental Research,2025,5(2) ;
818-829.

Guo X, Jiao P, Shi D, et al. Learning node representations via sketc-
hing the generative process with events benefits link prediction on
heterogeneous networks[ J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence,2025,47(5) :3961-3974.

Wang X,Liu N,Han H,et al. Self-supervised heterogeneous graph
neural network with co-contrastive leaming [ C ]//27th ACM
SIGKDD Conference on Knowledge Discovery & Data Mining,
2021:1726-1736.

Lin T, Zhou C,Li Q, et al. Multi-level disentangled contrastive
learning on heterogeneous graphs[ C]//16th International Confer-
ence on Machine Learning and Computing,2024 .628-634.

Gui H,Liu J, Tao F,et al. Embedding learning with events in heter-
ogeneous information networks[ J . [EEE Transactions on Knowl-
edge and Data Engineering ,2017,29(11) :2428-2441,





