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(GRU) >k B3] 35 s (1 27, FF AR & A DR B 1 SO 7 41 2 FH W] 1300 24 52 78 (Bi-GRU) SR 3 5 1 15 1R It 2
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Inductive Text Classification Based on Gated Graph Attention Network

WANG Chen-Xi, ZHANG Ying-Qi
(School of Computer Science, South China Normal University, Guangzhou 510631, China)

Abstract: To effectively integrate complex features in text and extract different contextual information, this study
proposes an inductive text classification method based on a gated graph attention network (TextIGAT). This method
constructs a graph structure for each document in the corpus and takes all the words as nodes in the graph to preserve the
complete text sequence. One-way connected document-level nodes are designed 'i_n the text graph, so that word nodes can
interact with global information, and different contextual connection word nodes are merged to introduce more text
information in a single text graph. Then, the representations of word nodes are updated utilizing a graph attention network
(GAT) and a gated recurrent unit (GRU), and the sequential representation of nodes is enhanced by a bi-directional gated
recurrent unit (Bi-GRU) according to the text sequence retained in the graph. TextIGAT can flexibly integrate information
from text, which thus allows inductive learning on text with new words and relations. Extensive experiments on four
benchmark datasets (MR, Ohsumed, RS, and R52) and detailed analysis prove the effectiveness of our proposed method
on text classification.

Key words: text classification; graph neural network (GNN); contextual information; inductive learning; natural language

processing (NLP)
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For i, A5 A AT, B ] 23 A A (R SCA B T Bk
R G ve TR o U L S DRk e WS &gl & o] T
i 2 AN R I 5. IRk, B & 26 (graph
neural network, GNN) ) ({357 BUIH 2 R £ 5] 2 T 32
I2iE, FFE AR R RO s . 5%
FAMHZ M % (convolutional neural network, CNN)!'*'!]
HIE IR L R 4% (recurrent neural network, RNN)!'>"
S5y A2 SR RUAN ], GNN ] BLRE AL FE A 44 1) R 45 44
e EHR, RN ReIL e B2 REME B, 45T GNN
RHEAT SCAR 2 ST, SCAR (1) 485 R e AR R B3] 22 (8] 1)
PR A B REAT RO R, DLIR i A I SUAR S 2R R e
F=T GNN 3 RGN B 1) il SO
TR . 2) BTN SCAR PRI A SRR RS LA 1)
BETREMITECEIT 72 N g R, (B
AR PRVERR G T o PR (3 Th H, ILBA VLA
P LS, A 25 R 4 S o B i 4
SO A (set). MITE TextING™ i, 4 304 £ 1k

P e ) ] 7 R M e, (B R T AE U AN R AL
B I E AN B AR S R ARE UE S =, B
AW FTHR Z 0 SRS Y S A R SOE BT
ROE HANFREL. BARKUL, WIfE TextGONY! iy 7 —
AL E R EE TR BT SCRY RN 2 R) 42 R ok R I —
KR T7 SR 7 SCA R RE R A2 L. 9 HL, 7E 8
ANTE R O K B B SORS S RO R BT AR K
T R, oA SCAR 1) S AT BAE R T R AT T B AR s
(message passing) M2 FA SRS SUBTH, 1t R

TAEBN B SR AT A9 0% 2) (inductive learning).. |

N T RO EIR BRI, A SCIR T — Rl 2 T ]
[ 43 2577 1 TextIGAT, DA (HEff B e A 3
AEHEAT SRV &, AP 2 IHINA A K. B, N T
T SC A P i R 2 TR B 5 B 0 SO B, 8 SR e T
A IR R BE DR B )R R R, RN
AN SCARTE T Sed B f R SO R A M SCAR R,
Wb SCAS P sk ) 2 D) R SR EIRT R R AR ok R A, HL
ANTH AT AR 22 (R AL B R a2 D ) BRI PR R4 . SR, AR A
F B B B R I 4% (self-supervised graph
attention network, SuperGAT)""! 1| T¥ 4E¥4 7T (gated
recurrent unit, GRU) "™ {F 3R, ] 5 s 5 H AR B
BEAT I B AR 3, I SEHTR R B EUE RS . A A
FH B V= JIHLE (self-attention) #4646 2 AN SCA ) 42
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JR RN, BT R SR R EE R AR
JR A 1 RS HL, DA AR B SCAR I 45 M A5 8 I B 4
BENAJRME S, T AR SCAREIRE T XCARF
Hl, gl GRU XA AL (Bi-GRU) 2R3 5 1] 45 5
TEREAR A R I 3. B, Iy 2 ML) 4
AN NS B 24 AT RN AT R, RN 4 2.

1 MRIAE
11 EFRELIMOLANE |

BIUAT 3T VR I8 2 31 (1 S0 5y 807 BT DAY Ay
Bk, — R TR BN A, 75— Kb F IR
FE 20 I 2 A5 PO BT 0. 30T 245K MO B 9 699, VR 2
SIESCAR 5y AT 55 E RS, KRR E B e T i 5t
NI RN R SO 5] S R R,
KT SRR AEVE o R B 7] B A AT A SR i
13 B, I HR ok 26 e 047 1 B 35 552 8
[ 34 45 16 B 2 1] S8 35k 4 9 A O 92, Joulin 25 A7)
35— Rl ] BT R SO AR 432KV fastTexct, B4 18
n-gram B (9T SRR STRAN, 58544 STRE I
o FF 24 P 4 2 B2 HE 47 40 25, Shen 28 AU 4 A VAL,
(pooling) X o] EBEATHEAE AL AL SWEM, J-7E 5 IR
TR 28 % 24 ) 2 3 3 b o BB AT 5 R R B
T2 X 2% R AU I 98 o, CNIND R RNIN 3 9 i B AR
FHEMBIR, EZAEN T 16 AR S5 R i
Kim" $2 # T TextCNN B FH 01 & 2 /4 R R
— 5 BB BB 2o 4 04T 4 T 43 3 Liu 5 A0
HETHK S5 WREIZ M2 (long short-term memory, LSTM)
VRT3 BN 7] (1] 2R S SEHLA, 7 SO 4y 2K
AT BUFMRCR. Lai A" R 1T CNN 1 RNN
92 £ 420 TextRCNN, &5 2 R 90 25 [ 4R 38 3k 0 50
KA R RAMATIRTE. 9 T 54 1 TR P T 4 4
T (KK RE 1, Yang 25 NP0 4 FH A 7 /4L (attention
mechanism) 3L A7 2 PR AL R 20 B 43, HFELA T
I S5 L K R i 2 STRTRAE SO A Ay AT 5
S LR YZ, EL T S 1 R T I A,
TR/ E 4R FSCfE B, BN AE 7S 4 H i A 5 1A
1] - B R .
1.2 ETEMCADE

VAR, E T E PR 45 B0 0 27 2 51 7 T B A
T E R R, — B 7S R 7 T I 7 SRR
A AT L I PERE. Rousseau 25 AP 50 A0 200K
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Pl 4 255 I 3 3o 0] SCAR R AT - B2 9 R A URFAE,
R E 1 B2 0 7 205 55 38 BURFAE IR 45 25 . Peng 45
NP2V by 1 f R B P, P )R R 2 g ok A5 3
AT BT AR, DUIA 393280 B K. BE%E GNN
(IR R, SRR 2 (1) 36T GNN R B B - SCA 43
Jerf. Defferrard 25 N HEH T B BUHZ R 4% (graph
convolutional networks, GCN), 7 H. 1 Jo £ U A 43 2RAT
S, R FAR S CNN B Yao %5 N[ 7R 3%
ANEF} 2 A6 2 (1) B K T A P PR 5 AR X 4 347 AR
3K, B T TextGCN LAY, Hufq T HH BRI, N T
F e L 1) B R SCRHE, Liu 25 A7 RS SOAR, 43 il
B SE R AEE BAILIE R 3 M B SO K,
FEH T TensorGCN #EAY. Hb, A7 S5 B o] IEEEI A

L 2 ) B A s s, KR B 7 2 FE 4 SOAR TR 1

5B, B E S FBOR T4 B K. Huang 28 AP N4
AR A 4R SIS B P AR ) Text-level
GNN BRI (T IG5, GRTT, X LB A LA 5
2% 2] (transductive learning), It LA TG0 & B B4k 4
LR R SOREAT 0 K. FEFE T GNN B SCAR S K11 A
gy30% >, Zhang 25 NPV 2 H TextING A 0445
A3 2K, AR R AN SO R g B b g I, R TR
P 22 R 2% (gated graph sequence neural networks,
GGNN)P! k2 5] juia| RoR. Agh a0 5] 2 36 1 kAT
SCAGHT %, Ding 25 NP i FH#8 1& (hypergraph)
oK FE T3 B LA RS SCRS AT R, JRR
HyperGAT R FE A B ERRY ). SIATT
EANIR], A I 3G 5 18] (8] () B R SCOR R AL, Nk

T GNN 77 8k STA NP AIE A S50t 47 Rt B

SRS YRR HRFAE R B 5 B 24 SO 23 ZRIF IR

®
N

2 CAREREE !

T I AL R 5 1 — A B SO W = oy,
Wo, W3, Wy, e VRS BUIE] R R TR Aw,, nie CARK
JE A SCEWE — M FSCREG = (V,8), Horp
TRV IR A R B, LS 7 18] 5 i B] R 9%
AU E GRS B B SRR R A A AN [R]
s FTUUMREE T e B SO P AN AAE RO R, R T
9 S B 2 AN RS L, AR I SOAR Bl g i
LI (co-occurrences) FlH) VLK #i (syntactic depen-
dency) BiFh bR SCC R, BLACA R SRS RUA AR

T 5, A e KN BT B P R R DR 1

B B3R Z ARG &, RN A /N 3, XA 7
XS Z T GNN IISCARIR 2. Hk, FIH] Stanza
TR S R i B R SRR R AT 4 VR 4 AT,
LAMRAT 8] 5 i 6] 35 A7 AOVEAROBR R 1034, He, 34
TRE T IREUCARE R R ITT A, (B ER 1 885 A B2 A
TUARIIRZ, Bt RIS mUAF 5 A0 5 2 8] 2% & 1
“punct” FIAZR BB 17 5 & [ “aux”. 1A SCAM 2
A T BN, #8733 9 a5 2 TR AR L B 5 A3 R A
RAMRIA 2 B RS, 81T, E5T GNN [777%
A ) 71 5 B M ) B B A A,
FT UAAR SR H e B 7 i M R A i A 0. SCAR
R A AN SCAR B ST SCRS A, R B

i1 SR b )

AR A TGRS T E I, B i
44 R 2o AT I 25 R ST R A 5 B B R S
L IR RS R 0 I, (B A L
BN RSO B 2 (50 R 4 R, JRIER T K
FRAAS T, et B IR 11 GNIN 2 3T BT (1 S0 A
7, T8 S 3ot FEF 2 K01 iR M8 B %2 GNIN T 950
S JRE TR HCUR, SORYH R o B 1) 3 4 AT
D38 4 78 5 20 S R v, 4R S A 25 4 £ LI
BRI AN, VT A S TR Bl S A PR
2 ki, SUARIGHE FI T 64 37 45 MR B 37 152
RUEAT 4025, REME A SOAS AT 1948302 5T

3 TextIGAT 5%

TextIGAT BB 3 BAUFE 3 M4 BT GAT 1)
FEREH . SCRFHVRIERE B, UL SCAR RN ], 4
RERFIINE 2 fiis.
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AR 2]

‘.“ !
K2 TextIGAT A 7545

3.1 EF GAT WRRXE

BEINIAKHRNNE = ey, e3,€35- -+, e, 5 e, € R
RN, dwﬂfljﬁ}\)\méﬁfﬁ: UTEHS1E GNN R4S,
SCA B A Y 55’]@@&(*%2‘7’:&’ VN ARERIY A 8
R R AN T AT BROECIR S 0 TR RS HOK 26
PN IR 5h0 € R BB ONE IR Ne;, B
hl =e;.
3.1 SR RN

R eh A Y 9 7 AL (self-attention) ™™ X 44y
NSO TE B4 JR R AE SR T AR A ST T A ) =, 5695
Ja R SRS AR O R R AT R HL B E R AL
il R 75 @ 1 e A1 o e A ) B R AT AR, I AN R
f“&ﬂ% RZIER RS, O 4 R R A8 H 4 7808

FRIE T SIWL# (scaled dot-product attention) ™! 34T

L, SO B 5L S ) —§, D AL
FOLF 5 .

*
¥

A = Attention(Q,K,V) = Softmax( oK” ) \%
9 9 ,«2

Hodr 8 K (key) AUE V (value) HIE#) O (query) /&4
A [ 1) 2 LT HY, 40 BENd 43 5 0 0 S e 431
() A5 IR . SR JE 0T A AT B P 204K (avg pooling)
BB R4 R R IRD € R, FLBAR R MIALHE 35 25
T B B AR (P RFAIE SR 7R 42 R SCARAE .
3.1.2 ®BE

I GAT W B AL, P (RN s #8w] DAAR
0 FOAH B 5 S EP%,E:W?%‘TEE‘J%TE%%EE H &
)7 RURFAE. DN 1 AR SCAR B b B 3 R e R T
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1 B AR FE AT Y B AR, A SCHR A A A A A
SuperGAT! S 8430 15 41 8 4 s AT SRS 5 115 2.
SuperGAT 2K GAT FFiE = it E RS AFER
FIMUEIAE 45 & 1 B A 2 2%, R 38 43 RN E A M
AR R B R HIRCE. AW ARARES Fom h?, 11 s TE
12RO B ABHE FURHE R 7mm! T LA R 3RS

- ~ T
ey = (Oveh et 1) o)

_oexp (LeakyReLU (eij))

@)= D exp(LeakyReLU (¢!, ))
keN;

L

.—U[Rzzauww 1]

r=1 jeN;

Forr, a2 = AL rb i B T 42 I 2, W AT
W, BB T SR 28, o NAEL MR 2L Sigmoid,
LeakyReLU SR¥is sR AL, NARGRTT i B A i 45715 4
RNZ IEE 77 (multi-head attention) HL#| 74 3k (head)
HIECE, BRIAK/NA 3. 18K SuperGAT M T2 57
B SCA ] L, B RUAT DL RS H SR A SR AT R T A

FASCAY Y b B 22 8 BURRAE .
3.1.3 FHr
EREW SERZ )G, AT GGNNP [

AER BE I SCAR 1 A ] 4 s (R FRBCIR S . GGNIN 2 K
8 21 A 2 [0 2 K8 AE R b B I 85 e 0 T IR iR ON
GNN, Lt ad [T HL A Rt s fn oy 5E 319 i R
FECRAS . ABERAE ] GRU (Al M S5 44 1 09 S5
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RURZS B B A, 10 S B A
Z= o-(WZb§ + Uzhﬁ‘1 + bz)

o (Wb} + Uk +b,)

"
Kt = tanh (thﬁ +Up(rioh™) "'bh)
W =Hoz+h " o(1-2)

1, Wy, Uy, by (x € (2,7, 1) 2 AT SR AU AN s 2218,
tanh 75 X IE )0 bR L 24 R A AR N SR T AN B
F17r s A B T 4R A EE. T8 R
1 22 [0 2% o — B 400 i BEAT A, 3l 4B GNN [
2 ZH T Ja RESRAS B 0 M IR L PO S HT = b,
R RE - nY T R
3.2 MARFIWHERE

R TSR AN SO 3 RS B, P
R 7 5 51 B 0 A 2 I 2% T LR
FRFAE AT R SR ISR e BIRFALE, DRI B A6t P X 1) 142
T2 P 2% (Bi-GRU) BE %48 5 37] 17 5 7 511 0.
Bi-GRU 5 2 t %~ GRU £ {4 B, T LA [Fl i Ak 3 5K
R A0S 1A RN AR SOR B L R op, ol T
A SOR T E AT B 3R] A D AN [ FR R 5 R, TR B
TSR, F, A% d GNN BIRRRUR S
H" =h{, by, h%,--- hy A LA AE /& Bi-GRU 46K
4, Bi-GRU [ EGBCRAS € X0 T

3 =GRU(Si1.h])

5 =GRU(5i-1.h])

FHorr, 9 RIS 4 R SRR T SAE Bi-GRU Ha i 1]

AR AR A . AR, BTSSR 1
FARTHIE, KA T RELHRS ;€ R,
33 xARFREI
FLTR I S A 0049 2 B RS 1 5
P 2 RN SCAHEAT 5725, TR L
S LA 2 A B AN A5 A R
Ci= Softmax(wz F(WoSi)+ ba)

Horb, Wo RORAUEFEFE, wo A 7] &, by A2 M 2218,
FRARL VEBOE R 2L, WX IE V) AR . Softmax FH T %f
T A R IRCE AT A — . R I RE
TH LR A1 IR, DA AR — AN R R ST A
[ RN z:

ZZZC,'S,'

i=1
5, K CARERIR 2 Hii N B Softmax J2 K Tl
PREE. I BL 28 SRS R BOR B/ MEA K
y= Soﬁmax(Wyz+ by)

L=-) vlog(s,)
k

Lo, W b, 43 3 R A A 22 16, Sl T B b2 4
$, 9 ORI kA ERER 2 (ground truth). K
TextIGAT 75 V8] PLIl 3 /N T A A 10 SCRY 45 26
@ﬁgﬁﬁ#a

4 S5
4.1 HiEE

T SR 25 BN L — M, AR SCRF TextING #5
BRI ) 4 AT 2 A SO ZAESE (MR Ohsumed.
R8 Fll R52) #4755,

MREY: - e R R IR R 4,
AL 5331 2L IETHVFR AN 5 331 4 MmVFE, BT
W R A —ANA) T S50 A I ZREE AR 1) R 4ok
H T Tang % A\

Ohsumed: i K% 4 4 MEDLINE [ T48, i T
5 4 (1987-1991 4F) H 270 FitE SEHIF (11T 4 2 %
Bk, B0 S5 FF (NS B A B A R B 23 S0 I
37521 10— /Nl IS 2 3, Ohsumed X £ F 7 /&
F—K11 7400 4 fF.

“R8 F1 R52: Reuters 21578 BUIBER 4. RS H
8 AN, AT LAFRZ> N 5 485 ANIZRAN 2 189 AN L
B R52 A 52 NG, vTLAAR 734 6 532 ANITZR SR
F12 568 ANMHASCRY. IR L BN O R 5 —
ESN VPRI

1 RN T VMR S R Gt HE AN RS
S I FE SCHR [10] 5 () SCARTE BR AN bR IC Aok it Ad B
B B 4, IR T NLTK o5 s i, BAK
Ohsumed. R8 fl R52 HIL/T 5 KA. KN
MR J& T 55 3CA, DR AN S rp ) S ] i34 7 A k.

4.2 XfEEILE

S, 0 LGSR AL BT DL 4 3 RS A

(1) 2T H IR R J73k M R 0 3% S 1 13 41 A 4l
FKOSCAHRE, £4%: CNN-non-static!'” #1 Bi-LSTM"*
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FhET CNN Al RNN AACEPERAY,

(2) ZET AR B 5k T AU ISR Bl
X SCRSHEAT 202, A4 fastText! ™ A1 SWEM!™ i Fh o) 17]
FRNAE P53tk B KAk (max pooling) HEHURFIE.

(3) T B J7 v 3 T BT 45 W SR 3k AT 5017
Z B B95E H., 403 Graph-CNNP %o 5041+ & T 3581
B TextGCNS FI ] GON 2 ] B /NE R 24 5l
[ B R ST RS RN ; TensorGCND 78 3] 5k & & =%
P AL P 2 1) £ 4% ; Text-level GNNPY Ky B AT 427 2
HOL T SR AT SCAR R IR 2 2 HyperGAT! 2y
AN SR ) FE R P ek Oy LA AT Al o 2K
TextING™ & 5T B A gh 20 A 4324 (1) SOTA 7,

R HMEBIRERN SR

Dataset MR Ohsumed R8 R52
Docs 10 662 7 400 7674 . 9100
Train 7108 3357 g ! 5485 6532
Test 3554 4043 2189 2568

Words 18764 "4 157 7 688 8 892

Classes 28 23 8 52

Avg Len 20.39 135.82 65.72 69.82

IS TR R, R T H SR A R,

R H# 2 R, 2T FRO BB T CNN,
LSTM Al fastText S54% e 22 2L XA il T
4216 R S L, FEL T 060005 ) T SO A AL B A
15 A I A ) 0 8 O R 2 T SEME F . JR—
MG SCA 43 S B T LS B A B 8 3 52
TR, Frb, BT GON [ AR i B2 ),
Sk 22 R ELAT 371080156 2R 0 SCRY O . TextING
I Text-level GNN 754 T QIR A 4 KU T
RO, (8 T R B AR B 5 1k, it
) 7 W) HyperGAT A6 FH B P 1 ) S A P
IR BLIREAE AL T e S A o 9 25 R A
TextUGAT K 30 [ 4547 032 b JEA B 28y 1
%, B BB/ P LA J 3 T 1 R 2 A LA .

2 PPEEORE S RBUR I (%)

43 XWIE

HF AT, BT sLi6 1 Intel Xeon ES-2680 v4
CPU #1 RTX 3090 GPU Lizfr. %4 &% F STk [9]
HRER LRI ZREE AT AR, BEALIE B ZREE/T 10% 1
SRR, FEARARE 30 UE 5 R 14 BE U B 2 B R R AA
ASLHET PyTorch HEZLSEH TextIGAT AL, BRINMES
P2 GNN. 8 g F Adam 046 2854 0 S 8047 5
3, Ohsumed #8512 21 %8 0.001, HABEHEE T

3% 0.000 3. N IR Z5 it #L 4, Dropout. |

TEAABE B B N 0.5, I BLF T il B BOTLE IR
SO o BB 15 A 60 B 3, B 9 0.3,
BASK A5 HE M B, RS MR AE I L2 (E M550 (weight
decay) YLE A SE-5, Hofl ¥ 4 A SE-6.

SE AT 300 4EJE ) GloVe il il 1) skl
TN SFR RGNS S FAT 5, HI0E T AL
R 590 AT B AN 75 R A (out-
of-vocabulary, OOV) 7 Tl &b # 2> 4 & ¥y UNK, I
MBI 540 [-0.01, 0.01] FHEENLRAERI G4 R RN 2
S R ) FC B 48 SO B 9 R 2 3
4.4 TLIWLER

%2 JEIR T ARSI ERIHAb B AR AR S K
IV B PS8 T, b TextIGAT 76 4 AN P SR 4E 3

206 FfHiARH % Software TechniquesAlgorithm

A MR Ohsumed R8 R52
CNN-non-static 77.75 58.44 95.71  90.54
Bi-LSTM 77.68 49.27 96.31 90.54
fastText 75.14 57.70 96.13 92.81
SWEM 76.65 63.12 9532 9294
Graph-CNN 77.22 63.86 96.99  92.75
TextGCN 76.74 68.36 97.07  93.56
TensorGCN 77.91 70.11 98.04  95.05
Text-level GNN 75.47 69.40 97.89  94.60
HyperGAT 78.32 69.90 97.97 94.98
TextING 79.82 70.42 98.04 9548
TextIGAT 80.56

7181 | 9813  96.04

TextIGAT FEALIHENT 45 S84 454 F1 GNN, 7R
th Hﬁj(%i{f(%ﬂi@ P52 R A DN B~ A A
T SO B RFAE 7E 5 SOAS G Ay 2Pl 4 OB
BIUNTE MR BLES PRI a4 b . DA U5 100 R A
Z A B LIk 5 NFPAS 2., (HIXFE 1 J7 2UAE 2 S
A Rk 16 7 IR e 1A R SR B R 2589 K% GNN
() d5 2% B gBOIR 28 HEAT e 6, W] UG 280 (R 3 SO A B A
FRO G PP AR AE. 3 I SR 56 B, AR SCH2 HH ) TextIGAT #
RUAE T b H At T P A R 2R AR B A T AN B BT
4.5 HRRSE

S I Ik ST IS TextIGAT #2784 S B gk AT
W, R NER 3 TR, H, wio global, w/o self-loop,
w/o co-occurrence 1 w/o dependency & LA B AR 1K,
oo KN ] S e S S B SRR N = K (7E2 NS
W5 BAA)VEAK IR II2. w/o sequential J2 AR 1Y A 2
SCARNGFFRFAE AR A8 FL. AN S5 45 S nT D0, I Ba SO A B
AEAT O R T FE B 1A # 2 S B 2 T B, o, wio
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global 1 TextIGAT X [H] 14 §E 72 B S 7R 17 46 SO 5
SRR ) 5 1A T R AR 2 A B B AN, ANESC R
(RILAEA A ) E s S A A —RERIE . e AT
LI MR E 48 8 R0 A Al A 354K 38 Y Ohsumed
BHE A O HERA B 45 AR 22 IX R SL B MR $di 4
okl g B EEH, T ANEWISAE Ohsumed #0455 2
SANET )L T TextIGAT A5 AL i 3L BLAT AV E AR ¢
RIE I, BRALPIRROC R A TAN TR, 7EAS R B 5
RAE N ELF I RBOR. Ik, ¥ w/o sequential 5
R UGB AL 45 I AT LR, RIS R 558 B 46
DA TextIGAT #RALRIKAE /7, JEH RN TR SCAHY
MR A, R, Frg Aot A SCATiE Y TextIGAT
A 06 75 1.

# 3 TextIGAT HAIYEHEISLI - HIHERIZE (%)

e MR Ohsumed R8* RS2
w/o global 80.45 71227 98.09 95.68
w/o self-loop 80.60 © 70.97 98.10 95.93
w/o co-occurrence | 80.18 71.19 98.04  95.73
w/o dependency 80.71 71.08 9797  95.89
w/o sequential 79.86 71.06 97.92  95.55
TextIGAT 80.56 71.31 98.13  96.04
4.6 SHS

B 3 DA R HCR Y [ Z H 75 2 R R T .
£ MR Al Ohsumed ##a4E £, 242 BN A BUE 2 1,
FERIR B T i AR SO R RE. T2 SCR B 5
AN T2 L, AR E T DRl iE E 2 EE, B
FEAER 0 2 2] BaRl R, [FI, O T VRS ARG I 2R B0
KNI, S8 BT LA BT A R 2R 08l B

HIERZ AT 18] 4 2 /F MR 1 Ohsumed #3545 1 |

FR R IR 1 2645 o L e Uk e 0 .. B b i 0 B0
15 BB, 4 147 ST B A8 0 4 1L
RE. M7 TextIGAT S5 BJ AEARIC ST A IR 1 50 T &2
ST HA R, BT FAE SCAR S 2R A
47 RN

FEl 5 TR T 7E MR S A 6 0 VP48 7 T F
Yo A2 0 T R A WU TR R 3, R
fy 17 5 7 AR B L, 3 FL7E SO v 5 2 A
E R SR B, A1 bR R 36, Rt
KWL RFR, TextIGAT HU T LUZE B /761
S T R A 4 Y AR TR R SO
S BRI BRI SRR, LI R A B4
ThSC A R .

0.81

#0.80

&«

0.79 -
0 2 4

X 8% 2

\ (a) MR

4072

071 |
&
=
0.70 |
0.69 - -
0 2 4
sz \
(b) Ohsumed.
B3 \GNN 12 Bxt i
X
5 s

ARSCHEH T — 114 B R 4 I ) g0 2
ARG R TT ik, AT R B A SO R R A R AE R 4
BUANE ) R SR RSRIRTH 4 FER . & 7 1 i R
JE H AR AN N SCAS R B, B R AR SE AR R R SOk
FRIEFEAR T AL, HY5R TR BN I SCAR B R A HL
PEESFIS S, FLUK, JE I B ) R SRS T AR N AR SO
5B MR H, R G SCR SR (5 BB . ek,
BEARYXS T GRU 254 ORI F, 8T 11045 s A1) I3
Fom PSS B S BT. TextIGAT A AL IE T 0 AA &
BIRFAIE, B 8% X2 A T B 1 RRT 45 14 1) SCAR 3EAT A 9
KA RSB BT 2 S I 5 R
RIRT L, SREG 4 FAER T AR SCHE H ) TextIGAT B A
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0.72
5N
0.68
¥ ===ofp== Text-level GNN
: == HyperGAT
064 | ¥
i = = TextIGN
+ —8— TextIGAT
0.60 . : '
0 02 0.4 0.6 0.8
IZREE L
(a) MR
g
"j,- anp=an Text-level GNN
L
—— H GAT
0.15 + -
- = TextIGN
il TextIGAT
0 ) \ .
0 02 0.4 0.6 0.8
IZREE L
(b) Ohsumed

B4 I ZREE Lo ot A B 2 f 2

a) Positive reviews
the art direction and costumes are gorgeous and finely detailed ,
and kurys' direction is elever and insightful .

b) Negative reviews Al
theological matters aside , the movie is so elumsily sentimental
and neptly directed it may leave you speaking in tongues .
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