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Survey on Hypergraph Learning: Algorithm Classification and Application Analysis

HU Bing-De, WANG Xin-Gen, WANG Xin-Yu, SONG Ming-Li, CHEN Chun

(College of Computer Science and Technology, Zhejiang University, Hangzhou 310007, China)

Abstract: With the rise of graph structured data mining, hypergraph, as a special type of graph structured data, is widely concerned in
social network analysis, image processing, biological response analysis, and other fields. By analyzing the topological structure and node
attributes of hypergraph, many problemscan be effectively solved such as recommendation, community detection, and so on. According to
the characteristics of hypergraph learning algorithm, it can be divided into spectral analysis method, neural network method, and other
method. According to the methods used to process hypergraphs, it can be further divided into expansion method and non-expansion
method. If the expansion method is applied to the indecomposable hypergraph, it is likely to cause information loss. However, the existing
hypergraph reviews do not discuss that hypergraph learning methods are applicable to which type of hypergraphs. So, this article discusses
the expansion method and non-expansion method respectively from the aspects of spectral analysis method and neural network method,
and further subdivides them according to their algorithm characteristics and application scenarios. Then, the ideas of different algorithms
are analyzed and comparedin experiments. The advantages and disadvantages of different algorithms are concluded. Finally, some
promising research directionsare proposed.
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W) TR LR R SRR R TR R . AT ST R g iRk, fE R — A NP-
complete [#] &, Zhou %5 A¥& FLH T B  BS 51 NS B, K TS B R S B, & LT
Pl 38 iz 17 B A
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Zhou %5 NZHEARSCHLGHE T B 7B RN . SRR UL AR SRS 5. th)s, 1E NS L, Zhou 25 A
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Huang % NUVYERE 2 FUG 43 ) il R,k 78 DA Sk 43 %) U S E A TO S (B I EAEF T Zhou %6 A2
N-cut HIEXHB BT 790 #], & moe 7 BRI 4 %1 1 8. Purkait 2 NU97E BT OMABGE L 1 REHIE
i, fE3R1 T RISBEG, R T N-cut S50 8 EIEAT 20 #1 % 2K. Huang 25 N4 Zhou 25 AU TR
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NUSITE Zhou 25 N U2IHR H f) 88 PRI o o2 35 o 07 50 7 (0 S lt 42 8 7 JLAEZR VT Hypergraph p-Laplacian
regularization (HpLapR )R {5 B $U 48 1) LA M %6 4345 .

BEAh, TETE M 5 ViR s — 2B B AL A S, X B DABE ML 8 BV R SRRl i — 2R BT
. Huang 25 \U7V3E T8 & _E 1076 IR BEHLIE 8 SR s 32 1 T Hyper2vec 83, Hyper2vec H 3%, = LR #
AXA
h(v,e) h(x,e)
d(v) 4(e)

a(x| V) B(0)- Y, W(e)
Z
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Pa(x]v,u) =
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FHHR, h(v,e) Bl h(x,e) 28 B CBRAERE H HH I IGER, wie) NI, d(v) N1 AL v I, Se) Nl e BB, ax)v,
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FA1, I TG L A R ) 444 f 45 g R il i
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3.2 HEMEKHTE

AR, B WA NS BEEIRN, THRERHENETESINE T &8s, HhmasET
B ). R i R T VE AL SAE T T vE AR 5 A BRI B T R, (BHE R ak, 3o Hr SRR
Rz, R HEEHNBES ST 0G0, WA, T o2k msk g tt, R0 AisdmE
TovE E AR T KB B2 4837 5. T4 Mg Bk i) B, AR GF R Ah 7 X Le B, AT Bk
BRI 25 I 26 5 300 AT TR T i
32,1 JRIFAML M4 5%

Feng 25 N2 R B2 4% (1) 2 &, 3R T hypergraph neural networks framework (HGNN), ¥ Zhou
2 NG L 0 P 3 1 7 0 B A=1- 0 N BIE LB B L 2 g B ep ) s CT I B BB RITE gfx=
QYN D', N T INE 5L, Feng 25 A% T Defferrard 25 NP5, i M DI HE S KRR A SRS g*x (T
ARk, 2GR E R EERTH R A Rk v IR A

1 1
Y =D, 2HWD;'H™D, 2X® (1)
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G R A BT R R R IT %L, HONN B GIN 1 ATl & 24k, M/ BR p 2% 2T RE ) S o, REWS X

Bl 11 &5 400 J A R R YT R RE RS B AT B AT RS (E T2 AR U I oy i B 7R R Dﬁ—‘?
D,", DA 7 8 Pl G R A7 AE NS R, 2 TR 2 A0 T I — 5 00 7 A 58 I 48 i P e s L.

5% HGNN B JE %, 325 N4 HY T DHCF XGE 8 P )k 8 5id. 25509208 32 S THCony 454,
Sy A6 P RV H B 2585 BT TR, B ERIUR I A SR AE R R — AN e S E R SRRk, &
AR A PR AEAERE. Horh, JHConv Z5 IR 58 SCI R

1 1
X :J(DVZHDQIHTDVZX“)@('H— x<'>] (12)

JHConv {355 F38 id 76 5 B FE P4 ST\ E— B R Ss 1 XO, bl 7 RS g e S5 1%, 9 HLiX
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i
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E I Gy H, Yang 45 A 5 4660 47 UM ASLAT S R A AL 4T 8 10 26 A0 @ et B AR 1 7 R Aok, HARW T
WE“%{ZWEQQM+ZWN&@WJ (13)

S, G, ARG, N Gy A (ve) FI(v ) E R B K RIIRAE, 00N k R BB A, w, Flw, 2 T2
AL SRLE AR U (R B4, LE R IF 7 (R B T R AR LM R 6 IUE, (12 00 o R F PR
ot A 12 040 4 15 AR A0 3% 25 3 5 03 AT T R, AR KR b (R B T A R

==

EROE

3.22 AR AXIE W L 1k

(1) BT HRmEERNTTE

Tu 2 ANV CR: 78— S5 E p i, [ — T A I TR R M BB R, X R AR A
AE R, ExEiL b, SRR EAEER, WM T &8 AT B IFEi1AK DHNE #
B Tu % N E ST EM—Br AR, BY R — B iy s AR AR, 5 B AEA, RO A AR RLAR B S5 T
R AR, A T R B R G AL, Al ATI4E Y autoencoder Z5 4R ELE T AR I G5 K AF R A A
HrSERE A=HH™-D, 34T H . 4 E B IRE AT ARHE M B i A\ BT B A — B AR B, s A U
T RR:

Li = oW, 2 % X2+ Wy * X W2 * X<+ b%,} (14
SijkES(Xia’X?’XIE):O-(W(B)*Lijk+b3)

X2 X3y X¢ B 3R RHE 1) &, b, o2 sigmoid 40 DHNE 51280 7E {7 81— B A fBh v i £ P 10
SEFE A, SR RTSCIREM Bolla’s Laplaciant, DHNE B AR £F 5 S 460 48 B 3 i ) HLAR B 1 7 A —
Bro B E R, B2l TFHEREMXmATAREE AR ESR, Rt DEHB S EE, REY IR
.

(2) HT HEESIMLEI 5

EE X DHNE 5 A PR T A B2 5 28 B0 [ 52 K/ M 03X — ), Zhang 26 AU T Hyper-
SAGNN AL, AbATTAERCAL (i F 7 28 i [ 3 2 P P25k o i B BT R A, Mg T S ST Az
T R I B ) R B AT S B RAE, R, 4547 AR A A S A AR RO I AT R & A
FW /I

0 =W, ((d; =5)?)+b (15)
Hob d AEIAEHE, 5 NESHE. BT Hyper-SAGNN AP\ JCALR A28 . $OH a2k, H I,
Hyper-SAGNN 5 DHNE A b B A S 47 )32 (k. {H2 B T Hyper-SAGNN #4i% T 1R £ 1 (B RFAE, o HAR R 1
A A .

(3) ET B HIE

b, Bai 2 NPT E HWGEH 2] 7K E. RREIFE, Bai 28 N5 B E 0L H] S B BRI Rh g
MIHEAT T 454, AT e BRI ST SCIR B Feng 5 AUSE LR SMIE], {8 Bai & NN 5%
SUT KRB H 2 JE, BB BIAE R LD AT 3 S RN ZR 0. K B WL 5N B S B 1 T DA
Wik — ) /8, [Fih, Bai % AFIFVERJIVLHEFHE T RBAERE H, A R EMEmA. B 8
PR AR B R B . B A SBUE T E — R AT R T, T A i BB
1] 3 DI 5 2R My 5 ST

exp(a(sim(xP, x;P)))
i > o EXP(O(SIM(4P. X P)))
b, o) — AN AR M O R K, sim(-) A2 B Y ASORACLRE RO ABLRE R B, NGRS T AR R ISR AL &
I BT IR B R B, 52 VR = AL S, 7E R4 N 4% I ) A% 3 1l G FE AR AR T 2 5], BRI, A

(16)
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BTG R E G R am %, SR RS, HEZEE R, LRV U #E SLd R F EARE T
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ER AN E MBI RS /1. M$R 1 T hypergraph induced convolutional manifold network (H-CMN)
R, AR H AR R ﬁ%)@l[ﬂ:

J,,(0,Q) = ZL(R.’ fo (X ))“‘*H 0 |+ NE ZZ A Il o) = o IP (17)
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(I 53 P(UC)RIZ 36 404 P(-|C,) it KL HUS HEAT LA, AP 0T SR, 5 H bR ¥ T
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2T ST ) ) B A V) o PR S R S R BRI, e 2 R R g R U0 e SR R A I o R
2 5F B R REAT AR AL, TSRS S 4T i 2 K 45 SR
4.4 EFZTN

R TIE — A Bt S 2 A8 B S, R AR A AT I 4 R R R G rh . S B R
WAREI /3 BRI R, WRTEA BR AT R0 ZR (HD ) fl BB P A B s o, A I S 1) ) — KO . DRA
B gt i, BEEETIR AN 4. EETMMNERE MRS 2N T HES, BT E
AIWTTE T SRS A S AR R AE R

B P AR R R — 3R L DHNEMSAC R (4 X 1 40 18 B R i i T A R 5 —
2 DA Hyper-SAGNNU U AR SR () AT 25 JE R 2188 B H AR BB I TS 4, 1R 2 05 i AE Bt ik fE o
N TR SRR IR £ 5N — S PR AL G R TR 4 R MR AME S, HSImplE HypE S R 78 3% 42 W i 51 N
T BT R AR A B A
45 EEMHRF

BE 0 SR RIS, WA E BT — B DR AR E N AN AL £E 2, PageRank FRVE K
JIZ R ARG b o] s o AT 1 A S AR R, R PR I 8 T BT S 1Y il

WAL T A R — 28 v R R I, B R R BE R E AT LUE W 2 Zhou 2 AUPHR I TR, ERTA
FEI AR R A R R I B, — ST I8 S0 B BE AL A A B UL K, Carletti 25 ALY
PEH T A ST B E MBI E S, AR TAEFIER: £ —8IB00 N, 8 B EEALEE P A 1S 5 E B
He 7 5545 GE BE ML & 77 A 1 s 25 P HE A LU A7 A 181 B 1 L

46 HEEHERG
L 7 45 70 T S AN T Ok, A 28 E B 2 BRI . QAT o i i AR B R S, RO R
TR MER, N TR UL — R, RGNS A, ENERAE TR AR AN EENRH TRz —, B
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RENS TR R RZERAS.

TR 2405 5, 1R 2090 AR 2 40 T4 B0 22 7043 Bk AT g aile3 7077 5 {5 4iE 45 B 58 3 v 1) )
i, Befs A X o RERAE, AT B 47 Hh SEEAE R A, 3 T P 2 ST LI B AE 35 SR HE RS TTL
AR, mEHEEN R T BE AR
47 MRES

RS S SR EM AT S B Z N, AL T, R TR R R E 2 A 2k R,
WAL U8, EGAS RITRIAAT X 500 Bt RBP4 K 7E 3D B 4928 TAE b gEAT b AR 4R 7Y,
DA AE A S WA 1 A 8 2 AR B g U7800 8 R 2 S VR AR A R AT 45 PR 228, VA TR BRI Bk H
FRAT 4 BB s T Bk, AERLSEAT S5 ST NGB B S5 M 00 1 B R K AE T B B BRI AR I M 3R 0k AR 2 T i B A o<
R, RIEEAER R R <R,

48 ESh

DT EFORETFAER S Z N, Witk g B S WA R 7R iR E S g ik &4, R
HERF (0190 B A 0 F 45 M A T VR RIEEAT. O 7 MR iX — 7] 8, Konstantinova %5 APUZEH T4 42 i A
B ERAE N AES 4y T B AL, IR — R E R R T F 4 it

Uik, Kajino™ ik — 5 $2 76 5 FARAL I FR s g I NI 23 AR AR 10 B R0 R B0 B AT EAE R 55 1% 97 40 T,
7R AR BOHT 2 T P R v o & B RS A R T Kajino $& Y 23 1 BB VR (MHG) U B8 5 250 kE 41X — 7]
4.9 4L

M, S EE R EAR . . RS EY STk, ML ARET A2 FRThAEL R
AR EAEA, negs & s, EEEN— R B RT R EERE A S, R YT
MR R A WA U B S 5k, ARG ER & LR G SR E XA Y fE, ik BSR4 T — AMESE AR %
B R X — 1] .

UEK, Tsuyuzaki® Vg 78 3 T e LAAE A BR300 7 3k XSG 1 A 4 i 2 28 2 i) ) — o — R A8 HLIX —
i, $EH T scTensor T HE AR T 28 H.5C R M EIGH /735, MR 9L — L858 1 40 fu 28 B, 28480, Yu
2 NI I T oA R RS- T HCIS, 80T T R AR B 2 B R, Wu 55 NPT 2 B 44
5 3 B AR A I, T B S MR A S B AR VR . 7E Wu S NPT AER S & R, Schwob 25 ABSIL
N, 2 RN AR Bk — D GRS S B B R AR 3L T I AR R B, SR A A T AR
55 m .

5 LS5O

AT B IR R o AT 5 R R T 55 43 30l S E R LU SE 58 . TR s AT S o, AT N i
AHTITIEIR B 3 A IR 79 star expansion®. clique expansion!®. Rodriguezl* 1 =k g IF =X 77 92
Zhou"fll Bolla ik 47 X} EL 5236, e 4h, SCIe & AN T HyperGCNP', HGNNI™| Hyper-SAGNN!I,
DHGNNMOUX 4 Fhh 22 j 4 7510, fEE B TMAT %, A SCxk DHNE! AT Hyper-SAGNNU U 5 f 7 725 Jg 1
XS
51 HIEENA

N TR BT, SeI KR R T 4R 4% 5] SCEUHE Cora A, SEEG AT KO ARSEVEMIE T 4 N R
£, HUEEEAREE IR 3.

e ORL: ABG##EE ORLEE T 40 NMAEMEB, BAEBA 10 EAR W EBG. X8 EHE & TEA B

I FaEE I, RIULTE 2R, RIG. 40T E 7 HAAEAR. X8, RAVEH k=3 1 k IEABH 24 ORL
Bl AT B B M, Bk E R A — AN s, BRI B AN AU 1A S ) R G S B 1 3 N4
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JEATRI . TRk, ORL #B %A 400 ANF5 AR 400 25101, 40 ZRAR%%;

o COIL20%¢): JgiF B A Bidi 4 COIL20 &4 20 AR WA [ A 403, A0 sodnit— ik kg,
WA RA 72 TG, FIRE, BAVEH k=3 1 k LA E LN COIL20 ik #EAT 8 B i, Sk A
AT, G SR  H AEANTY R E J J)F KTCE 8 T 1) 3 AN R Y A A

o Yeast™: FERER 4 FHEIREE Yeast (75 1 484 ANFERF B SL ). X HL, BATT I BRI BE R 1 iy B RFAE, DR
J& — 4 nuc FRIENARSE, BERER S T 5, (5 k=3 [ K ST 40 5HET Yeast £UHE HEAT 68 B EE;

o Cora™) 5| CHHEAE Cora 055 2 708 MEFEHIRY), BAHRYET 7 ANZA I — A X B AL
& HyperGCN — 3¢ FH R 416 5 Ab B 3ok (48 PSR 4. (B i T2 808 S5 TP AR AR 90T A, R T 38 S 3% o
REREAS AT R R, A SCHTE A B Cora 304 48 2B 1 IR L8957 11

e MINIST®: 557 ¥dE 4 MINIST 2 60 000 YN ZAEA A 10 000 MFHIMEEA, X B FA AL
10 000 AN 5 I AE A SR AL) R FRATT f 8 P 350 4.

R3O AT R R H AR A
Mok WANGE  BILME  CPWEART RS JONK

ORL 400 400 3 1024 40
COIL20 1440 1440 3 1024 20
Yeast 1484 1484 3 7 10
Cora 2388 1072 43 1433 7
MINIST 10 000 10 000 3 784 10

XTI L, FATE A I ER RS B N (L 4).

o GPS™): Bl M AERALE NS, (. BLE . W5 IR T R R

o MovieLens™: iZHlAEHA 10 T RN AFRICHES). R EDE MR (H/ . .
PREE) R ZR M b P ) 3

o Drug’: iZHIEE K H FDA KR F AR E RGI(FAERS), ‘B0 & T4 FDA A RS4RI 254
AR RE S, B W SR R R A i .

R4 T VRO E BN A 2
g WANE R CPIEARGE

GPS 221 1436 3
MovieLens 17 100 47 957 3
drug 7 486 171 756 3

52 LWiKE

FEN B RAR ST Lhse 36, FAITH ORL. COIL20. Yeast. Cora. MINIST iX 5 ¥ 4£ 347 1 BEAL K
g, S0%MIEHE A T ISR, 5340 S0%MEHE T, DA FEAS FRERY 15 s oy B Ui 3, BEMLECH TR E A
0. FEAEG% /M1 773 d, Zhou. Star expansion. Clique expansion iX 3 FhAAEZEEH 7 LLREPY,
CENTROIDP?, TRACE™), VOLUMEPSX 4 Rt A S 157k, Ak, ASCLEST 00 20t i 43 i 4 )
T 10% 20%-. 30%. 40%- 50%iX 5 /AN A B ZR 8 L gt A7 U 2, AR 30t T 00K, DA AN [|) Bk
HIEFEME. fJE, ASEH Star expansion. Clique expansion. Rodriguez. Zhou. Bolla. HyperGCN. HGNN,
Hyper-SAGNN. DHGNN X 9 Ffi i g1 50 IS HILTE Cora ¥4 FIREB A AR, L3 tsne FEYE )5 #AT T Al
k.

FEERTRIN S ¥+, A DHNE. Hyper-SAGNN iX % fli 5148 GPS. MovieLens. Drug 3# 4 F T
TR SEES, A RIER T 10%. 20%. 30%- 40%-. 50%MH A5 BT I, HA M T,

53 HR55H

AT S8 o LV B HEAT T AT B, DA B R TR i 45 R AR R
3 5 \TCAA 1, Zhou. Star expansion. Clique expansion iX 3 Rl /7 iEAE A B LA E 5 75 K F Y
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iAW EZER. Hh, LLRE 1 CENTROID X P Fl  BCE 7157 2U7E 3 Pk 4 DO 4R R DU X FR
SE; 5 M EAE S AN EURE T M RER DA BT E R, 1E1E U7 Zhou 7E COIL20 1 Cora H4E 5 FIHT IR H
FTE 5 FhOF i HRAKIK; Clique expansion J77%7E COIL20 Al ORL 445 I, 76 5 Mk ep RIUELE. HEK
kL, 5 R TIRAE 5 AN BRSO RER BN PR, AR R I L.

£S5 WEHETESRER (%)
Database Zhou Star-expansion Clique-expansion Bolla Rodriguez
LLRE 5.42+1.81 LLRE 5.6242.01 LLRE 5.42+1.81
COIL20 | CENTROID | 535£1.87 | CENTROID | 562£2.01 | CENTROID | 535:1.87 | (o or | 5400167
(k=3) TRACE 5.69+1.81 TRACE 5.83+1.94 TRACE 5.69+1.81 e e
VOLUME 5.62+1.6 VOLUME | 5.56+1.81 | VOLUME 5.62+1.6
LLRE 10.75+1.75 LLRE 13.75+1.75 LLRE 10.25+2.25
ORL CENTROID | 10.75+2.25 | CENTROID | 11.0+2.0 | CENTROID | 10.542.5
(k=3) TRACE | 14254175 | TRACE 14.5+1.5 TRACE | 14254175 | 073175 | 11.25£0.75
VOLUME | 13.25+1.25 | VOLUME | 14.75+1.75 | VOLUME 13.5+1.5
LLRE 15.34+0.16 LLRE 15.75+0.01 LLRE 14.94+0.16
MINIST | CENTROID | 15.26£0.18 | CENTROID | 15.65£0.5 | CENTROID | 14945022 | | oo 00, 14.740
(k=3) TRACE 18.44+0.18 TRACE 18.66+0.12 TRACE 18.49+0.19 oo o
VOLUME | 15.7840.04 | VOLUME | 16.4+0.06 | VOLUME | 15.49+0.01
LLRE 49.66+0.2 LLRE 46.36+1.35 LLRE 49.1240.2
Yeast CENTROID | 49.73£0.27 | CENTROID | 46.43£128 | CENTROID | 49.12402 | o 0 o | o0 0 0)
(k=3) TRACE 49.66+0.2 TRACE 46.36+1.35 TRACE 49.1240.2
VOLUME 49.8+0.2 VOLUME | 47.2442.09 | VOLUME | 49.73+0.4
LLRE 36.26+1.26 LLRE 40.45+0.75 LLRE 36.73+1.21
CENTROID | 36.31+1.3 | CENTROID | 40.49+0.8 | CENTROID | 36.64+1.21
Cora TRACE 37.9+1.55 TRACE | 41.83+1.13 | TRACE | 38.19+1.68 | S035%134 | 37.86£1.59
VOLUME | 38.23+1.13 | VOLUME | 39.24+1.38 | VOLUME | 38.07+1.21

T2 X 45 (115 R 43 2R 5 LR 6, AP, HGNN #7#F COIL20. ORL. MINIST. Cora iX 4 4542 4
REREAR, 7€ Yeast 203 45 F R T hyperGCN. DHGNN FERLZE 5 AN FE 4 (4% 1% 0% 7 T HGNN, {H &4k
KN TR, hyperGCN HIAIAE ORL HiEHEFHRFELEZE T HGNN M DHGNN, XA g2 N
HyperGCN i 4 ) 72 451 JEL B AN i & /N U0 42 . T Hyper-SAGNN B2 (07 540 28 S5, AT IR 8 S h 42
B BBIREE 2 2005 AR AT SRR AE, BRI RAES & E AR B AT o s, B4
R RATAT LLE 2 Hyper-SAGNN R 7E TG BB 4R P BRI, B2 T — 2845 57, Bk nl W, Hyper-
SAGNN X Fft A5 S 0] 2 75 7775 12y B bR BT sRAS I03T S A T35 S BT R A E M. W Lok,
TEAT B0 AT 55 R, WP I 268 J7 v AR 4% G T vk

H6 FEMMLRIOILS 7 A5 L %)
Database HyperGCN HGNN Hyper-SAGNN DHGNN
COIL20(k=3) 1.04+0.07 0.28+0 51.18+0.76 0.56+0
ORL(k=3) 13£2.5 6.75£0.25 27.75+0.75 8.5£0.5
MINIST(k=3)  5.37+0.17 4.63+0.07 40.6+0.71 5.54+0.02
Yeast(k=3) 43.871£0.47 44.21%0.27 59.43+1.89 51.82+0.07
Cora 17.47+0.8 16.88+0.12 45.06+0.75 19.3540.17

IR 9 B OTIE R MRIEA IS tsne VLR LE S AT AL SS R 10 Bron, FEEE S H O s SRAE X R
FAYREERIHRER. NE R RN CLE B AL G0E 7ik 30 s R A A 2 W L F a8, BhE—
Le Y N AEAE RO E AR 2%, T HyperGCN. DHGNN. HGNN X 3 i 8 72 e (35 di RAEAE PR 4E JG 1 — 2%
A R AT — AN B TE 09 40 A . Hyper-SAGNN B8 W v A6 45 B 22 1, K341 SR A 7E — S, X H7E
—EFEEE R T Hyper-SAGNN {E75 g 43 AL & P RIAEM R A, HFEZRY MARIEARNSH LEE W
B 4B
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HyperGCN (18.28)
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BEA, BRI S 1 45 R AR 11 TR (T Hyper-SAGNN BERY (G 35 f0 J5 M fe RO, AT 2L
B R S0 AR A BR). BRI LLE ;. /F ORL BN LIRS R, & S8 5 vE RN AR 48 W0 48 O ¥ A 45 SR 3R
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B 12 dre [l 0 25 A8 30 B B 5 A [R], DHNE AT Hyper-SAGNN P SRR () 45 152 3R %A TG, (H SR
KA 28 - K&, Hyper-SAGNN % () fa e 4 Z 5 T DHNE # %, HAE S0% I B3 s ol ,
Hyper-SAGNN R 7y 32 75T DHNE #5%!. {H Hyper-SAGNN A5 784 [ 9)I| £ 38 JiF B¢ 16 18 T DHNE 5 4

KT RAE drug FE AR B S0%EHE ISR R, AT LUE 2] B4R Hyper-SAGNN £51# 21K T DHNE, {H
TEINZRIT1A]_E, Hyper-SAGNN & DHNE [ 10 fi%.
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drug
o A\ \ method

.E N — Hypat SAGNN
e “, — DHNE \ N
B\\\\M \ ; %7 durg EHHLE
& ﬁx‘“ﬂ—__,_____ Method Time (ms)  Erro rate (%)

e T = Hyper-SAGNN 195 6.36

i DHNE 18 9.38

i ]
Train percent
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IRRER S U ST

HEEMERER T W RER . WRAAERE R, Baf—EEheREE. —SInEEdEE il
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(7)  BRICZAN, fE#E K E IR — SRR R B 3 ST AE, A AT IR AT 2 o0k R, R IR AL
B R) A, BIF T SR ) LI R A 1 o 3] D5 iR AN T SRy AT S S, D S AT —
SURE R R TR, AT AR P HLA e G AR 55 37

7 B4

AT R B 2 S TTE AT TR BT o, RO B 1 TT IR g e T T i AR 4% T ik LR CH AR
Tk, R EE— D ARE 7 R A R K AN [RLR: e O J O O ik A AR e OT A7k, AR BRIk, AR DT
IR AT TR 0y, R RIRITIEREAT T M B G SR b T AR IR A ) T iR R SR TR R
RS, Rk 2 S BT LT AT TR
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