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Self-attention Hypergraph Pooling Network

ZHAO Ying-Fu, JIN Fu-Sheng, LI Rong-Hua, QIN Hong-Chao, CUI Peng, WANG Guo-Ren

(School of Computer Science and Technology, Beijing Institute of Technology, Beijing 100081, China)

Abstract: Recently, graph-based convolutional neural networks (GCNs) have attracted much attention by generalizing convolutional
neural networks to graph data, which includes redefining the convolution and the pooling operations on graphs. Due to the limitation that
graph data can only focus on dyadic relations, it cannot perform well in real practice. In contrast, a hypergraph can capture high-order data
interaction and is easy to deal with complex data representation using its flexible hyperedges. Nevertheless, the existing methods for
hypergraph convolutional networks are still not mature, currently there is no effective operation for hypergraph pooling. Therefore, a
hypergraph pooling network with self-attention mechanism is proposed. Using hypergraph structure for data modeling, this model can
learn hidden node features with high-order data information through hyper-convolution operation which introduces self-attention
mechanism, select important nodes both on structure and content through hyper-pooling operation, and then obtain more accurate
hypergraph representation. Experiments on text classification, dish classification, and protein classification tasks show that the proposed
method outperforms recent state-of-the art methods.

Key words: hypergraph; convolutional neural network; pooling; graph neural network; hypergraph neural network
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ToRIENEEMALR, KA MLP P2 8045 BB RO Z PRy, RE VR e B0 & N1, JF R
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Ying %5 A2 DiffPool 23X K TAE I L AURER, ¥ Xt 15 AT A L A S, T 5 B
WAL BRI S5 1, B RVR A B By — MR . BRI, DiffPool 7EVRE GNNs ()& — 252 7
FCREL R, R P 2 P R A BT AR . T R B ) A — 2750 S0t A AT A, R AT B JE TS L R
FARSRCAE MRS TIZE W AH IS T — 2R,

o T RUAEMIMAL.

T 416 A58 FH 1 2530 PEAL A () 2 Cangea 25 A4 H ) gPool™, %5 i A Fl — AN 10 & p RS Ao 3,
PRI PR IEORE & A 2 w0 A, A B 9 A 25 4 B AR BE Y AR E . gPool ML R 0 T

y=Xp/||p||, idx=top_rank(y,[kN]) (D)
A’zAidx,idx 2)
b,y RITA T R M5, XM p & s AR R 55 B0 1) 2, A7 Ak I R 48 B A0 P

N T BHE gPool 15 G AN R 25 FE BT R 3 41 45 K Bk [, SAGPool i FHl— 45 I8 & B BEAT 47 s vE 2y, A
25 58 T SRR EFI R 4S54, GSApool #E— 0 e vE A L, A3 F W AN PR 43 75 SR SR & 1 R BV )
It b | KRGS SRS R EEER K, 1T T B RHER R 6
1.2 BEERAMLE

H T P AT DA Sl 9 S R AT AR, 3 T G A v B R B A O, Rk i P T T A B R R
JZRORE. SR, A% 4 IR S B IS AN e BT B B R GE A b DU R PRI BT VA
BB B, X AH SRR RARAK. 8 1R 5 AR W 4% (hypergraph neural network, HGNN)!' L — Rl OR 75 By 30 47 i
WIS T, % ITIRE L B R

A=1-D;""HWD,'H" D" 3)
S, D, M1 D, 43 59 22 75 T s B2 RGER 120 52 o8 A LR, 2 3 UH — AL B L o2 P R SR IR REL R v 2 i S AL T
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Hh, ORT 2S5, XA Y 43 B2 BTG 3 SRR AE M. b o omot B rb 1 A4 X B e 28 o
FRIURFAE L 72,

B 7 HGNN XA BRI k4, 8 R 2 A3 BAR B3, SR10, DA M7 E#R R SE T MR ER,
FEE A R TR DA BN B AT R R 2.
1.3 F#HASBEBRA
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HET XE B BT AR K A, TEikdE T RAE S
(2) X TF B B R A Z QT RS, B A0SO AR R EUE k. i P R A S A
B A EL R, RN T DATRT St 3 - [ N 9 RN P M S5 BR AR A5 2. 10 24799 R ()RR AR A7 AE B
RZEFI, SRR TTVETEA R B A R
(3)  HRT, 1o v i [T 53 25 R R R PR 2 R B 1 7 st AT, AR LAt X A & 21 DL 1
Ir AT RS B, ATRIGER B AERFAE B A AR BOR Z2 50, BT RN B AR 5% A 0 AN g B 40 ) sld Je 3] B A
I 0 JAT S5 o, B0 B AR AR RO BT T+ b 1.
Bt BLEAR SR TARROBE FEBUIR, A SCHRE H 08 B A I8 2% ) LS 4 b ol I, 8 182 F 1 S8 2 il it
EAEF R, BB SR IEAEE L2 G0 0 B 7 KA 55

2 BEENBEMAML

AR A — e TR TR R 1V R 0 R A I SRR 5, FRATIA A A i N (R ) R
RJE, VEAN AR 3 A T B R AR ARHEZR (T 2 ).
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—
vl | = — 2wl P e -l il 057 — 3
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w I ¢ . s B LW v
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= self-attention v B
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el y2 va4 2 el y2 v4 e2
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BRI NB RS 8 AN AR 3 480, wsk, B Bk NUHIE B IR E, &l B B B RS
TG 15 20 5 357 (01 UL, 8B AL B, ¥ 5e@ i MLP 22132, MEEDBE M £ AN A, FEHE
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2.1 BEEX
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el \".2 v¥|l1 1 1
vl v3 V) valo 1 o
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ov6 o7 v|io o 1
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B3 8 N1 Al 3 2% R A ol 1 T B L R I
HEE G T DL SR FE He RV FIROR, H v AR — TUE UK

Hwe) 1, ifvee )
v,e) = ‘
0, ifvege

WA, Wik veV KEHOE LA d(v) =), H(v.e), Hil ecE MEHEX N d(e)=)
2.2 BESHE

FAIE G EM S T HGNN A 32 2 1948 B h s 7 Wi AE 05, e sh &l BN 7 a5 B i = LH] rE
AR EE, RENS T I 3 oy B B R SURRIE R B S HME B, &R A 2 4 hyper-convolution i fior.

ZZ RN SRR ERTE T SRHEAERE X, X = {x,%,..,x,}, x, e R, o, n A H, o) NEEANTY
SR NFFIELERE, x, 2R3 56 i A0 s RRE. N T 3RS R IERIARE 1, BATIIN T BiEREMLHI, W —AN i3t
ZHIBUE I B a ZEUCI B E R #2848 R0 B 2 R AL

attg/:a(xi,xj) (6)

H(v,e).

vel

att = Lealg/ReLU[ z attij] 7
i,jev

Horf, ae RPN, ant; FRon 5 pj X 05 i M E BV, ane R™" FoR BT A 1 RUITE AR, LeakyReLU 72 AR 2k Mkt
TH R
DN T N Y R I e YT R AT R A N RO R A I B A, FRA R — 25 e R R R P ) %
ARG, TEX L, FRAH R B —Fp e v B, PR B AR TS A i X0 i I 57 i 5 R
—HL BhG S ORI MR I softmax VBN B — NI BEAT A Ak, AT R R AT SO I TR S T
Lok, AR T — PG EaE R, R URRA
H=softmax(H") (8)
H(e.i)= {attﬁ +att, + att .if.i,j ceandi#j ©
0, ifige
Hh, ecE, ieV 4 HIFRHIAFINT £ H' (e, )Rl e 545 5 i CBREE, j Rl e spAy0 & LA A5,
BT 5 i AR e AR — B & Hp, A2 JH — A 1 T R SR IR .
Hy WAE— A7 3% T & (047 O 18 1 10 DUBRFE BE, i JRATT 7T BASE S A RHAE R 7R A
X=H,*X (10)
Hor, X, ={x,, %00 X, ) X, € R, m NHEIDEL, x, 225 § DN EBIARFE.
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N TR EEIUAE, BATH ZXEURAEEAT — A2 I AR #e. ik, K — DI E SR E
e b (R T BA B, BET sofimax JA—4k, 15 280 ALE:
W=softmax(matmul(X,,b)) (11)
Horr, beRY A% BH, WeR™ RIA—{b MBI E.
R ER 1.2 71 B B 0 e I P B3R A A AR
XU :U(D;UZHWDE_IHTDV_]/ZX(I)@(”) (12)
Horp, XD e R™RE 1 BIAT AHEAERE; 0 e RV ZIREUBBUZ 4EE d, I S5 RHE A R B oft L
PR SeL UM, it BEUHT AT AURFAEAEBE XD e R BN R R LUE V(S BAE Y - A R R A
M, [H Re 6 ROt R DO B B & i B
23 BEMLE
FRATTE i AL 2R AT B 11 TR T R B L, B B SR R, R PR S5 R B R
kAN AL i@%tlﬁ$pzﬁe(0,l)7%*/l\%72<§ﬁ, B PR E BRI R E A
n

g bR NEEERZ, SRR CA BRI S B EN S AER, ROR AN SREE
SRR AT B EL L. R, AR —A 2 2B A Hl(multilayer perceptron, MLP)!'E it 4 ik %, &
REf @ R R ERHEE S, BB T:

Score=o(MLP(X)) (13)

id=top k(Score,k) (14)
Hr, XeR™ & dy 4 SAFIEAEFE; o/ softmax BRI H MR MEEIT SR DT 0-1 Z )
ScoreeR™" L 1L YA — 01— 4E 3T SURFAE ISR, BIEEANTY S PRAE. MLP AR A0 2 ARIE BT S IRHE (S
BASHEBEER, M2RMEM A S RGBT SH. top_k REURYE Score 1R 1814y #ik =1 k MEM R 5] id,
o (RS AR DR B R oR. RIS ZR T] id BB AURR R R R RIER I3 S5 A i AR T DA R Dy

X'=X4.0S8core; . (15)

H'=process(H,4.) (16)
Hh, O TR MG IEIL R ; Xy M Scoreiy 53 M NIRIEZR 51 id £/ B8 BT FURFAERERE AT 3 1) &, PRI AH I RE
i 0 DR B 5T A EE SRR BN DAIX Gy, BT B 4 RO B H 9 255K OR B RO SR IRAE R, X, i TR
] (1 I TR o 54 8 L (R AR B B AN [, JRATT s SRR A 00 1) Ak 38 9.

©  EHMERARRE T A, AL S BB S AT A, T 1 G I i v ) B 1228 32

@  FAEOLCT, RAE G R ] S ) g R O B A

A (16)H 1 process(-) BRI S5t F IR GG BIEAE. B 2e, XA H' 43 5l =2 Ak, i 8 P P R A0 40 B2 R A L
B SRR RE, AL F2 T B 2 FT7R 19 hyper-pooling FEEE K 7.

24 EHE

N T R AR T RURFAE SR AR, AR R R KN IR P 3RS, BATTR ] B R A AT S (E R AR B
SR, A 5 1R R P RE B — R AE 4 T 1) 5 AR R T2 240 £ P A0 SR R o I % 4 P RS AR A5 R KAl
AEIS 19 B — E b i BACR P BRFAE, 101 S4B RE 08 15 2B — 4 P (0 T 39 4FAE, X = sRATBE S 2 1 X i
P B B R AR AR S, O B 5 4 AL AR AR (5 S, JF HLAE 32 5 P R0 (1 R I AN 88 KA B O 48 2.
B R &L

1 ol
h:N2x,+n}3xxi (17)

i=1

Horh, N it Al R R R X VSR SRR, A 2 R B
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BT S5 EGR K EB LB T Rt R SRR e FE B RN R, JATESE 1 MEESREME A4
8 AL B S TR B, A ISR EYIEA I R 3 R B BAE R, ARG XA H 2 O s SR A,
PASRAS I ER R R R, &5, KB ERREANLIER R E, F3RARBERIE RSN T 0805, B4 8K T
T RE AR SR A

layerl T
‘ Hyper-convolution \

——{ readout }—

‘ Hyper-pooling \

layer2 ’-{ readout }—
Hyper-convolution ‘

i Ut —b— w —

Hyper-pooling ‘

PEENEEES v
layer3 H readout }— CrossEntropy
77777777777777777777777777777777 4 N T Loss
T

‘ Hyper-pooling ‘
,,,,,,,,,,,,,,, o

I—" readout }—

‘ 4 i
I . i — S
! Cosine embedding
@ «E»

B4 b R 25 AL

RTINS ), 5N TR O R £
© XK. B bR RORRR R > TSR S TN bR & 2 8] 1 22 )
lossl = —i igﬂ» In Vi (18)

ieD f=1
b, D RN GEAEAR; F o R E 4R, B T B MR g i bR R ) &y,
55 1 U ZREE BTN AR 25
@  REZAHCUEESE. AR AR, ATy & 3 BER BN ECY B A, AUE R F
28 1K) A2 SR A3 K% PR 0 e K B T 6 52 [l A R AN BE AT ROt AR SR R EAT S8 T IRk, i A SO
(18] X 451 2K B BB BETHJT ik, BIN AR ZAH ALK :

loss2 = i(l —cos{emb(g;),h;)) (19)
A-B

ABy=——— 20

R N VTE] e

Horb, cos(4,Byit 5 A Fl B IR TZHIE; emb(g)eR? S&¥ B SLARZEHEAT Al J (17 B3R R; hyeR?
Rfa— AR E RS, OIS E N, RJE R SR f S B U RO ARIE; loss2 (K H
B4 /N P ) 2R 7R 2 T Y 22 7 R P
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w2, NZ HAR R PR MR Z A fESRBrh, JATIEE SN SINPR R AL I 246 9% 1 A i
A) SRS S, fELE 3t e % 345 SE 47 R R0

3 X I

A 3 MES EIPEERATIOBR: SCR IS, EH D RME A 2K, 5 H A S8k 1) )7 =3k 4T X
Eb Sz 86 DA R B th— R AW Bl S ag, ka0 b vl B FRAT TR 2R X Rk
3.1 ARG

WF— AR, — A ERRRI, — AT — A8, &) TR TA R, XEE, B SOR
My — B, BATHIAT 5% RO SO A HE Bk AT 5 26
3.1 HE&E

AT AT A B AR, RAOTRA THANANESEE 5 MRS, XEHRECE ZH TG X
Ay IITERE. RS A RS2UR BRI S SCA, Hp s 1 A% £ F58. MRPIAT IMDBRUE H T — o b i/ 2K 1
WA IS, AEMNEZ, MR JBTHECARE, KESIFERAE A3, SSTPE £ o 4 28 1 BT e B
Yotk A8 5 IR, £ 1 RS T ORI E MM ES

F£1 UAGBBEEMES T

R8 R52 MR IMDB SST

Doc 7691 9130 10662 50000 11855
Train 5501 6560 7108 25000 9 645
Test 2190 2570 3554 25000 2210
Avg_Sentence_Length  12.86 12.97 16.52 23.85 18.06
Words 7070 8149 20291 135371 19175

Class 8 52 2 2 5

3.1.2 %
BAVERE T 4 PR R AR AT LR
(1) TN BB s e 9920 1 5 B BT BN X SCAREAT 49 2K, 3% fastText!™ I LEAMPY
(2) BT B0 AR E 2 SRR M) 83 S8 0 18] 5 41 rh A 3R SCARCRFE B9 5 1%, A3 CNNEPL LSTMESTAN
Bi-LSTMP";
(3)  FET EIAR AN 4 R AL 3L A 5 P 45 M Al 412 B 1A 2 IR 22 B, B HE Graph-CNNPL, TextGCNU'A1
InducT-GCNP¥. Z2ix B, FeA140 B4 T TextGCN 1E 2 SBLi) B4 s0 AN A g A
(4) FETFHEMREA: HyperGATV R 5 — Ok 88 1 45 ¥ i i F T SCA 20 4R 55 1977 45, HyperGAT (w/o
LDA)=Z A5 AN £ #iA{E B 1) HyperGAT.
3.1.3  SEEGHMT
AT iy PyTorch SZH, 7£—& 11 GB 1) 2080ti GPU _LEIIZEAMR. 78 R52 A1 RS #dide b, BEHLA:
B S RIIAA R /E MR IMDB R SST 34548 I, 1 F 300 4 1) GloVel itk N. [l 4 i B B My 128,
L2 IEMEBEE A 107°, 2 5] SR A b AR A (7 B0 B2 05 40 HIAE 1074, 5x107°, 107 1 0.5, 0.6, 0.8 f
M. FRATE AT HEmE Y AL 150 4 epoch. Xf TIELEMIR, FRATE 4 BRI SCh A LR, B4
8 RS ST P R I S BB AT MR SR AL RARAD. 4% BESTHR 1977 A0 52 B 20/ R A ok 43 B B s SE 047 S8 56,
FHBEHLIEL 90% I S A5 RN S 2L, 4 30T 10 10% 48 938 IE SEREAT I6AE. i SEIR #R3E 4T 17 10 YOFR &
TR A 1T 2 1
3.14 SLIGEER
o rRMAEE
BAVEAS T S BRAE 5 ANIE R R, 4RI 2, OOM RRNTFHFERT 11 GB. FATIBA
(ours)7E FT A HHR & LIRS T AT B4k, A HR RN R VR R L 8 B 36 A B 8 65 5 vk aff
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AR b bR SCE S, R TR A 2 RE S v B 3 0 32 1 S BT A, 4 SR HEZ RE G AR A b R B B A
B, Bt B B SCA R B R OR

T2 AR SCA T B A b MR S HE T 2 (%)

Model R8 R52 MR IMDB  SST

CNN 94.02 8537 7498 86.15 4230

LSTM 93.68 85.54 7506 8591 41.92
Bi-LSTM 96.31 90.54 77.68 86.62  42.63
fastText 96.13 92.81 75.14 8021  36.08
LEAM 9331 91.84 7695 8329 42.93
Graph-CNN 96.99 9275 7722 OOM 3523
TextGCN (transductive) 97.03 9393 7620 OOM 41.18
TextGCN (inductive) 9593 8586 74.71 OOM  39.05
InducT-GCN 96.66 9320 75.15 86.22  41.28
HyperGAT 96.94 9424 77.66 86.32  41.96
HyperGAT (w/o LDA) 96.39 94.08 76.51 86.67 39.54
Ours+LDA 96.58 9226 7541 86.62 44.66

Ours 97.12 94.55 78.14 87.18 45.84

tbAh, BATERIL:

(1) BT EURGE B i 7 R AE g s AN B 48 F3RAS T AT MR RE, ARMEE B BT %, MR A Ak
TR T XKW, YA 0T EAE RN LSk aAEE S KIS R4 5, HE
RN RS BT A AR TF. A SR H A A8 B Ak X 45 20 g 0 HE A b AR SR 15 IR B B, 78 SUA IS I8k
SRR R, T AR S AT A I AR B R A LR A SR A R B, AT T
P SST H¥E b BB SCA, ZCARTE ST IR 2 (2 T 751 Bi-LSTM) /7 v 1% B4 R R,
TR AT R R 10 R A% A A oo HodEAT 25, W 5 o, AT BT T — N SR F— AN K ST
A, BT SR FA R, PO S R B BB T A 3 A, BRES 3 Rt A A B R AT
A5 L A SCR RIS L B4 WIS ARAE R 0 F1 1 (—3k 0-4 F£ 5 AN R, Bk, 15 E ).
B, AR SR S O SO TR K. BT Bi-LSTM 5 k3% 5 — RN — AN 804, T B i

BINEBIEARRR AN B ARG s F5E 1407, EaRERERT, BITAA, %
AR HE R ) H “disguised as comedy” 18 S, HBET sl 7 1E 7] 15 18K (1) “comedy” 7E SCAS 15 ik
B E, I AR A i T SR P A B 4] ) R R R R AR ) R AR, FRATIE AL 3
EMALERAE e 2 0 G AR SO R SR ], mABUE T “dreck” T dE“comedy”. bk, RZ B
WA REE RS S T H LI XEERE, R T TEZNE X (W¢as™<a”);

(2) ST TextGCN HIF A RA, BEHER TextGCN HH NS48 2 76 551 25 B Al i S pr g oA
14 R B, R R YR B 58 B R A e X B2 I S 4. BAR AR St T (R, H
PR TV RN T S EOM N AZBTEFE, I B CSH B IR BRI N B, 2 20 A 3 SO A 4 )R I
BB UGB, T TEIE B BT I A A7 28 3 T, A 495K TextGCN 2feidk 7 Bk kA, 78
YRR BEBEAT 51 NI B (AT (5 2, (B[R I A T 2 R I 53 R 1%

(3) HARSC—HAEHEE @A HyperGAT, HAEH SCILBIRR A 75 2248 LDA AR 8 I 25 50 A
FENA R 10 A EBOCHER, IR B R— DA T I B SO E . XA 22 A
SRARBR IR K, W BEVE AEAR 2 B 1) LA Bl 3 DG HER], 35 IR AR SR AR /N, W DG VR SRV 1) ==
EOCEER]. AT 51N 3 OB 1Y) HyperGAT FR A, 45L46 WoR, FFARELIRIFIAR. AT E
B, AT T 51\ LDA MBIk, 75K 2 X RF OurstLDA —47. 2T, B AR M5
NFEEA W ORI BOR, RIME—LEIEE AR TR, X3 ARATME S N R 2SR 1
HAROAKR, TRZANE R FE WL, Mm% LIREFMBUER. 1A, BT LDA HREF B A1
i 2, 36 BB N %8I AR B RO IR AR, RS 91N 0 HAb R B ok = B 45 i, o]
PUVE N AR BT 78 9 2%
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“The Master Of Disaster - it 's a piece of dreck disguised as comedy.”
label:0

The Master of Disaster - it is

H piece of disguised

“While Super Troopers is above Academy standards , its quintet of
writers could still use some more schooling.”
label:1

comedy

While Super Troopers is above Academy

standards ) its quintet of writers could

still use some more

1st layer pooling deleted words 2nd layer pooling deleted words

K5 fEE RO R A (L A R RICA)

schooling

3rd layer pooling deleted words . the final selected words

o AfEIHHE

B3 TR AR L S BATNE A AAEAER LA OOM R WAFHAER T 11 GB. MILLZF,
AT B A B2 9. BHEXR TextGCN 75 2RI A F I Z5RSTAR AN SCA M g R SCA ], XA A]
G X HFER BRI T HyperGAT, 58 9K 40 S SCA I 1] L ) 3 SCAR JT oy T BE D B N AT, (EL AR R AE )
SR8 T PRIEBE R AOR, — IR ZOIN B — MR BB, X2 A A AR G K. BRATH R R R R gy R,
H— O — A0k, R /& ZARANA AR, JF BI85 R, XA S0 7 R RE.

%3 RS #5045 KB L1 GPU P 1731 K He e

Model TextGCN (transductive) HyperGAT Ours
R8 931.58 MB 41.75 MB 33.52 MB
RS2 1289.48 MB 46.85 MB 19.62 MB
MR 3338.24 MB 80.99 MB 23.14 MB

IMDB OOM 297.96 MB 156.46 MB
SST 665.16 MB 68.51 MB 23.15 MB

o FRiCEE KNI
FATTE MR F1 SST Hda4E L i 7 JUAMSERITE A R I SR Eidis L) IR B, 45 Ran Bl 6 o, — i ot
T, BEE VRIS IIZREUE LI I, P 5B B R AT S A RO PERE . EAE R A2, BATHIR R aT DAAEA BRI
Fric o TR T HAR IR R RUR, X RV E A J S 37 5oh o A R

SST

0.70
; o

oes| | f ——0urs 0301 4y —e—0urs

v
o] H —v—hyperGAT i“ —v—hyperGAT

; ——text gen(transductive) 0259y —a—text gen(transductive)
0641 4 text gen(inductive) A" text gen(inductive)

0.0 0.2 0.4 0.6 0.8 0.0 0.2 0.4 0.6 0.8

3.1.5  JHEhszIG

6 AR ZRE A AT Ik o g

N T I UE AR A SO SRR o AR L, BRATHEAT T — RPIBH AL SR, 45 R MK 4. wio attention %
i BB B REEE L], RIATES 1.2 95K HGNN 1F 58 B G AR A . traditional _att 52 K A SCc T (KB AL

http:// Www. jos. org. cn
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HEVER S SONE S AR E AL 5 KPR AR A wio convolution FT w/o pooling 43 il & 2 448 & 45 1
RN A A R AR AR, w/o loss2 7 25 B AR SZ AR LR 10 2k IO B AR 4A . NZE AT DUE Y, dsE ] — 5>
HeIHARN TR Kb, BRBHRERS TRAREBIIEN. HRAERERNERE, Eafdisk b,
A5 T e 28 (1 PR A o B 3. I U A B AR A R AR AR AR R NS 1), BT R B AR R AR 0 S RS R IR
AR B R B S GBE R R, g5 RR T AT TR B R AR R R AR A, B AL 2 1 5
N, A RIE T A B4 FP IR T T 1-2%. X U008 B A FURN it A A BE & b AT BB A 2. b4k,
RIZARER RGN, HARE R R T T TR, JLHORTE RS2 R EAUR BN EE. AT
A ZAR R B A B T AR 28 AT BR AR AE BRSO % 1, IR BIR 2 1 R52 #k & LRI H &N
R, K th g BB L BT 208 B LA BRI N A A, RO A SR 4R B R B A WA
B ERIURIBRCR, TASCER B B S8 E ) 7 & A Tl E RN 40, e/ A EdssE+
KR LF, AT m Rz .

P4 R HOR R I B K B (%)

Model RS R52 MR IMDB SST

w/o attention 96.80 94.12 7797 86.89 45.16
traditional _att 93.84 90.51 77.60 87.06  43.21
w/o convolution  87.90 85.60 74.70  78.18  38.82
w/o pooling 96.48 93.15 76.70 87.04 4348
w/o loss2 96.80 92.02 77.15 87.11 44.39
Ours 97.12  94.55 78.14 87.18 45.84

32 REHE

T AR IFRATT B T A A P B R, R AR SCHR AR R B R AR S A, AR A BG4
PEECIHAT B 0 R LATSS. BT H AT M TE & 14T 48 4 AT 55 St 4, DAL 8 R B8 K 2 ik
TE N B R A A 5%, Rt RSB RIS, AT — A FoN— DR, — B RRI A
G, —MNEBERR—EER, WERZEREEFER, RITHMES X EH/HAT 5.
321 HdEb STy

FATIR F SCHR[32] R &1 %8 12 43 S i B PR 4 Cooking HEAT 5236, 2 5 801t T3/ 4 BB LI NEE 1
B X BIGEURRIR I RN, BB RAEE— . sAh, BT SCER32] T MRS S
BATHIAE, VR R FE %A 48 H ISR RN AL R 43, FRATTBENLIE B EE 21 70%AE R IR, 10%1F i
ESE, Rl BIVE M. R AT, FATBENA R SR, REE4EERE RN 128, 3%
Ak b 2243 A E D 0.000 05 A 0.8, FATIE FH FL45 S m& Il AR L 150 4> epoch. FrA LI HBIZAT T 10 1K
FEAR I A S E P e

%+ 5 Cooking HIEEME S it

7T Bl
Dish 39774
Train 27 841
Valid 3977
Test 7956
Avg recipe_Length 10.76
Ingredients 6714
Class 20

322 HeZ sz g R

BT SR IGAT 25 R R, H A G R DB A (Y R 2R B R AE SR 4 KX — AT 55 RO b s, JRATTH I
TR A 1 S R AR AT L

(1) HGNN _max: ¥5E, T HELERMLE HGNNUE B ST, K5, SR 6 80 R R E bk 4T

FRER;
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(2) HGNN_mean: ¥%c, F% T8 B4 A4 HGNNUIG B 45 sk SR, SR fAf o0 ) 7 2 i AL E AT 15

HESA.

ST R, AT T S A AL R ARAD, IR AR SR b R A S AL ATV AR TS R
Cooking K MM 4 ERHER 2R, S5 R WEK 6. WATHIBAAEX 155 EFFEMA E L fPERE, A1 5L
MZEAR. KUY B, BATHIRER T DR LS td F AT — 20832 (1 Bl 1% 00 L th o T 1 5 it 1 g
HOR la, JF B I SO 2, TR It A R A R RE RS B S A 1 .

F 6 ARREBELE Cooking HHE 4 i1 MK 417 %(%)

Model Cooking
HGNN_max 77.62
HGNN_mean 77.62

Ours 77.85

33 EHRESE

D&D % ¥ 46 42 B (U AR, |z B TP B FAT S R B R B 2R RN T 1 178 N R
BAMR, Hd, — AW EARR—FEER, WREFDSZENERDT 6 % (Angstroms), W H—&10%EE;
—ANEERANEAR, SRR ZE QTR 2 R, [T 55 RN AR AT 2K
33,1 BEAESTIRANT

BT AT R £ X E 0, % TEREFRRNEO RS, RITRARMR g EamER: &
e, A JEE AR B ek R AE N — AR ER I EE O RN BIRRIL T AR, 5% DHGNN BRIy 3
T8 P i s R PR (T VA R I R . BARSR, BRATIHS NN J7 5 R K-means BTG Ak, FIH R
R4 JR GRS I (R SR IR T T, AR S & NEAR; ARSI, XTRTAE N AT
K-means B2, MR WK L8 BR8N g PR S I EROL I S 7%, I kAR AL S R0 S %
A LFEIM R — 4. £ 7 4T D&D HdE 4R L E S 0L

*# 7 D&D HIEEMES T

4T o

protein 1178

Train 942

Valid 117

Test 119
Avg_Hyperedge Length 85
Amino acids 89

Class 2

TEARY 2 B T, FRATRENLAE BT S I T B, B 4R O 128, TR E 29 0.000 1, 3 2k
LR I BN 0.8.0.6 F1 0.5, FeAl 1l B4 5mg Y A8 5T 150 4> epoch. BRI, 45 & 3RATIRLA i %E &
RV (1R B0 10 1, ARAE 2008 k-NN S50 k B AL 10, K-means [ EUR K0 C WHE K 8, IR
() S BB A 2. FRATT B ML B2 B 4R 11 80%1E I ZR4E, 10%1F A MAE4E, FIAR MMEAMNREE. BT S #6iz
77 10 VRO 45 Wk 42 1) T BV R
3.3.2  HEZgANsLIg R

BATLEFE gPool'), SAGPool ™ Al GSAPoolVEE A M Ay B 2, I A5 FH I 48 S vl il ik 078 2 HOS A7 1E 35 43t
(ARHD. FRATTVPA, T AR SCHTHR MR R 3L 4R R 7E D&D O (I W 4 L M vE R 6, 45 L3 8.

%8 AR D&D SR b il 5 % (%)

Model D&D
gPool 75.01
SAGPool 74.78
GSAPool 77.31
Ours 82.35
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ATLLE Y, AT MERE B SR T4k, Gad b, ATy B R P 45 b BE AT 26 AR AN A 1)
BEWY S AP M OCTE B _E R B (5 B, AT HRTH 7 KR 2. tbdt, JATIEH B T R A7 75 5 4F 1ok 5 5
Fede a1y i, XA AT LR AR R AIBT TE AR Z —.

4 B %

FEAH T, FRATER E —Fh B2 B A 2% .l il A B v L R S AR E S U R
P22 P A 2 R U A YR AIE 3R, BRATII VA RE S AT R s B R IA RE ), R B IS4
AR 6. R KBS gt R W], BATIIBIEAESCA N . 3F 70 KRR A 7 RAE S5 P AL T Hofls
Jrik. ARRMWET AR OREEART: (1) S uEAE H A YUk A s R %) . LM TE BE 2 K5%)T, RATHIE
RS FRE S RAFHIRCR; (2) FHRA RH T SAT I 73, PR I ZR W IO 2, 78 MR ) 5 P 1
(3) 5 K B 4 Jo B Ak ST N 2 s, BT AR N PRk R 2 U AR S Ok AR 1B, B AS [ Ak S Ak
o0 R UL AL 2% T AE.
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