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Abstract: Currently, graph Transformers mainly add auxiliary modules in the traditional Transformer framework to
model graph data. However, these methods have not improved the original Transformer architecture. Their data modeling
accuracy needs to be further enhanced. Thus, this paper suggests a node classification method based on graph attention and
improved Transformer. In the proposed framework, a topology enhancement based node embedding is constructed for graph
structure reinforcement learning. Then, a secondary mask based multi-head attention is developed for aggregation and up-
date. Finally, pre-Norm and skip connection are introduced to improve the interlayer structure of Transformer, which can
avoid the over-smoothing problem caused by feature convergence. Experimental results demonstrate that compared to 6 typ-
ical baseline models, our method is able to achieve optimal evaluation results on all different indicators. Moreover, it can si-
multaneously handle the node classification task for both small and medium datasets and comprehensively improve the clas-
sification performance.
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FmH

h(v{)FFN =h),

v, Linear

+h" (21)
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4.1 XWEE
4.1.1 HIE&E

SR AR UE B3 6 I S 6 1 4 1M, AR 3T RO/ R

B4 £E Cora. Citeseer Pubmed & P &5 ML AR B 5 4E Pat-
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TEANSEL, o0 0 T IR B0 E4E Rk 4 i 2L
REE . FEIL, AR UE S 6 2 WP A SO A I 2548
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T .

R1 ZRBESFASHRIRE

Kk AR b1 25 SFAIE PR 1% ylERs BESE Mt 4E
Cora"™” 2708 5429 7 1443 5.2 140 500 1 000
Citeseer™” 3327 4732 6 3703 3.6 120 500 1000
Pubmed™”! 19717 44 338 3 500 0.3 60 500 1 000
Cluster™ 1406 436 51 620 640 6 7 16.7 10 000 1000 1000
Pattern™ 1 664 491 66 488 100 2 3 20 10 000 2000 2000
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Ry 343 9 U T AR AL (471 A RAROR AR ik B
6 /™ L R FEL AR HEA TR LS5, DA DA 22 £ U T A
ST A R

(1) GCN (Graph Convolutional Network ). %R
3 o B AR AR BURHIE , IF45 & B bR S AR JE Y s 2
FHRE AR AR
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BB GON AT Bt f 19 A B BRRR R ACE
BT R, IR A SR I8 SR A R AR AR 2R A AR R A

(3) GAT(Graph Attention neTwork )" : GAT &5 i
T AL R FH R 8 ML B30 s B) SR B
FEA DO R A BT R F R

(4) GatedGCN(Gated Graph ConvNet )P, % b 750 Jg:
2 S PER GON B Rl & 1 5k 22 % 45 b — b Ak
WEEEFERU

(5) GIN (Graph Isomorphism Network ) %' . GIN ¥4
W-L [E] Fe R 56 AT 4 ), 2 H0 TR 8 22 4 B X 3 FH 22
R REGHET T 24U, ININT4E B GNN YR A RE

(6) GT (Graph Transformer) '™ . GT ¥ Transformer
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PRV, OF ELK 2 S B0 8 O 8, W1 R 2% ) M
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®2 ZRIRESH
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#3 FXFHEEEEEMBERE MRS IEE EHEaE
o Cora Citeseer Pubmed
Accl% F, Recall/% Accl% F, Recall/% Accl% F, Recall/%

GCN 81.10 0.8128 81.10 70.60 0.710 8 70.62 78.90 0.789 2 78.94
GraphSage 82.20 0.8237 82.23 71.10 0.716 7 71.10 78.70 0.786 8 78.72
GAT 82.60 0.8277 82.60 72.30 0.728 5 72.34 78.90 0.789 4 78.91
GatedGCN 80.75 0.809 6 80.74 69.83 0.702 4 69.89 76.73 0.767 7 76.74
GIN 74.40 0.746 1 74.40 64.10 0.6455 64.10 72.70 0.726 3 72.72
GT 80.26 0.804 9 80.31 69.26 0.697 2 69.30 76.35 0.763 9 76.38
GAlTrans 84.25 0.844 5 84.33 73.44 0.739 5 73.52 80.40 0.8052 80.47
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BInl iR me Ve RE , H S 6 JERLA A 1Y e i 45 R AH L
i 5 5 8+ T Cora# {Ace: 1.65%, F,: 1.68%, Recall:
1.73%} . Citeseer# { Acc: 1.14%, F,:0.70%, Recall : 1.18%}
J Pubmed# { Acc: 1.50%, F,: 1.58%, Recall : 1.53% 1 , ¥4
X Hegh RN E 8 s . SR B, GAITrans 7 45 J2 2 fil
AN G B AT A5 R 27 2 Ak, AT R ST Y
FANEEAE B . BeAh, a8 it T A AR B, nT ik
— X A AR HEAT BT R G A |, B R A (1 SRAE e
1. B BRI AR AT bR FE L AR Y B8 T 4 b A B
IR SRR O NS5
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R4 FAFEERELEBERR PAEREE LRI

Cluster Pattern
(i Ace Recall Ace Recall
Fl Fl
1% 1% 1% 1%
GCN 68.45 | 0.6864 | 68.62 | 71.78 | 0.7294 | 71.95
GraphSage | 63.85 | 0.6407 | 64.10 | 50.38 | 0.5097 | 50.42
GAT 70.56 | 0.7075 | 70.77 | 78.19 | 0.7923 | 78.34
GatedGCN | 73.79 | 0.7398 | 73.92 | 85.53 | 0.8675 | 85.71
GIN 64.73 | 0.6490 | 64.94 | 85.31 | 0.8652 | 85.45
GT 73.18 | 0.7330 | 73.32 | 84.67 | 0.8572 | 84.85
GAlITrans | 77.33 | 0.7751 | 77.62 | 86.22 | 0.8742 | 86.41
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SMMHA IRN 414 )5 , B 4 PEAN 5 45 3 H oA I 35 2
AR < I N NI T SR R =/ /5 A A C s o 2 s | |
Cora#{TRNE:2.58%,SMMHA :2.66%,IRN:2.28%/ .Clus-
ter# {TRNE: 2.52%, SMMHA : 2.70%, IRN: 2.35%! . Pat-
tern#{TRNE: 0.40%,SMMHA :0.73%,1RN:0.42%!| , X 7
Oy T AR SC T HE A AL A R L e Ak, st R

S5 T~10 47 B i A B, A ) AL 1F A HL A A R TR RE
O T S A P RS L T EL RS BT A AL IR B
T E 45 A HEAT 36 A 4 3 1) 2 PR A AR
I, A T S 6 2 R P — 2D R T AR SO Y
ZH 7 A B X A R Y A 2 R RE 3 A B A B 4R T

£S5 BHABERIEREEENFIT

2H AR B Cora Cluster Pattern
A SMMHA
TRNE |~ T | Y Accl% F Recall/% | Acc/% | F, |Recall% |Acc/%| F, |Recall/%

M-NONE 8026 | 0.8049 | 8031 | 73.18 | 0.7330| 7332 | 84.67 | 0.8572 | 84.85
M-TRNE N 82.84 | 0.8302 | 82.86 | 75.64 | 07581 | 75.84 |84.75| 0.8612 | 8491
M-GNGLU NI 82.15 | 0.8238 | 8218 | 73.78 | 0.7395| 73.98 | 84.71 | 0.8609 | 84.86
M-SMM N 8273 | 0.8289 | 8275 | 7552 | 0.7869 | 78.70 | 84.99 | 0.8630 | 85.12
M-SMMHA VoY N 8292 | 0.8311 | 8295 | 7583 |0.7599 | 76.02 |85.15| 0.8645 | 85.36
M-TRN V| 8254 | 08273 | 8255 | 7546 | 0.7565| 75.63 | 84.80 | 0.8614 | 84.97
M-MIX-A N NN N 8326 | 0.8350 | 8331 | 7657 |0.7674 | 7670 | 8527 | 0.8654 | 85.42
M-MIX-B N v | 8295 | 08313 | 8298 | 75.71 | 0.7588 | 0.7591 | 84.91 | 0.8623 | 85.10
M-MIX-C NN N Vv | 8342 | 08364 | 8347 | 7628 | 0.7648 | 76.52 | 8584 | 0.8715 | 86.07
GAlITrans N NN N Vv | 8425 | 08445 | 8433 | 7731 | 0.7751| 77.62 | 8622 | 0.8742 | 86.41
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