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Why do we need hypergraph modeling?

Hypergraph isomorphism
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structure neural networks co'r:'lyp’::irast!lrjr? :‘ool

Hypergraph
neural networks dynamic system

Hypergraph

|

Hypergraph computation application

Computer vision

Other areas

Intelligent medicine

« Obiject detection
= Action recognition
+ Depth estimation

« Protein—protein interaction
= Survival prediction
« Brain disease diagnosis

» Finance prediction
+ Chemistry analysis
* Materials analysis

« 3D recognition and retrieval
« Scene understanding

= Tumor diagnosis
= Organ segmentation

+ Educational teaching
* Recommendation system
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B SHREUEK. EXMEWT, FamiES R
HIOTEAEAR IR P U EAR 7 52 21 7 BRI 3x A )]
DA T R 00 il ) P AR e e o T R 00 il )
AR YRR P A DI R ol T st AR 2 (1] R A DG
Yt AR PR GE R AR 25 0], B “IHJE” IR AN SRR “
TN XA, ZAEALE AT DUR AT REHAL S AU R
BIgEig . R0 Ja B N BT TS B0 1 44
DRI, 2T DR 30 A ) 2T AR B R A A4

BE T SRR (1 B R A2 ) — sk B K B s 1 7
%o feg i S A0l BV E TR R E AR, W
RV, e R, DA T X SR A g — A
KEEEE, HR RSB —RMINZT . BEESEEER
o, BRI A, X T RES
P T2 8] 75 SR S SO A BRI . g eix — a8, i
BERFE, 0T LUK R 46 0 O RBE R 40 i 2 AR/ N ) 1
Blo axm) DL b 5 A B AR TS 10 22 240 F8 33847 75 R
FE, B TERNEE B2 T U8 2 ks - R



LR SHL - 88 KA B 0 X IR B AT 5 A ) /L
BIME, RS Rg A R R

FERAR P BE I EARZE R OL T, AT DU 23 J= i &
FEROR A BRI E A . B e BRI N2 AT, IF
il FH KNN S8V N RS T iE — A>Tl . 85Xt
AT BT B 5, 75 2078 22 18] ) SR e B R
e BEIENHZ AN REE THAT BRG], Il
TlRSRENRRTEERER

FESEBR R T, A2 K AR S b )1 0 1] o 2 A 2%
I, BB AT BRI TS SRR AR OIS R I FAT 5
W HEAT A OB B 2 2T e — R R R T 5 — L
T, BEE AR LA X, SR A I8 o Ak
PRI REAT AL . FEBLIERE R, 7 E TR AR AR e 2
[AIBEATIBEAE L, IRl 3R A B R R 24

B T IR TTIRAN, R R A ) L A AR R HIORE B e
BTSRRI AR Tk AR EIRR47], F-ATRT A
I TGS R SRR SR A2 22 IRV RV AE K. A 1B SR 4R
WO, AT PR R AN R R BU L [48 1 R A4 1 =i < &=
RN BIHER S A= AR oy, AT PR T S

4. BEMTERNNA

AR, B RRER A AT S GE Ak 1) Fo o B
XEHIREEW R ZE IR ZUEE . SRR B
TS T H R R R A s R RE ST, FEVFZAE
FHARRE TIZHNM . R, BATES TR EHE AR
SR AL S

4.1. BEEZPRHEE

WE 11 R, B R A B A A Y DR R
SRS S R PR R 22 4 P AR, T 22 R DR A ELAE R AN A
J T PR i B A8 EL N 4 o T R 52 2% v B O R Y R A
71, HETEE TR R R R 2 TS .

4.1.1. T HE BT AN i

R P SRR AR R [ R [49) 2 IR R A AR, 3
rhEEBENT R, EAR-EEFAHESEM  (protein-pro-
tein interactions, PPI) {E A4, PPIFA B+ T & A 5 )
sifgfEtE. Ak, PPLETTH Tt BAAREE DiRe s i
wEB (WEES0D. [FFRE, 29 LAENTT R, ANEZY)
Z RV [EE R RS oA F Al i [ 51-52) R . K
REME A A PR SR 2GR BAE R, B AIK 0 B R SEB B AR
IR R P A BIER . BeAh, AR
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EA] TR A R Mg, MWmAILZEY). 24980 H
5PPIZ A1 A4 () B eI . STHR[49—-52] 7] AR 7T A 51 iR
PEAE 25 WRE s R INESH 25 R AR 5%

4.1.2. AfIANH L E

8 BT B RS A PR 2 R AN EAE I B AR
Sk AV BEE AR AT ZH 23 P 0 I A 1 25 40 ORI I 22 4 e
5] (1) A8 ELAE H[53-55], M= H A F= ke,
AR TR W I ER T . B0, 28R B B
PR A 25 A7 5% 4 B TR 28 AR i T R S8 1 5 2 R R B A
Bo BANGH M EICZH 2R XS R R T R, A TR A DGR Bl
X LG A5 [E] B RAAE SR B AT 8 SO . Bk, R R
A7 R S A R 25 5 4 M TR) 52 2% ) v B O IGO0 T8
SERI 0 o3 30 B B AR AR TN [S6-571 A B2 .

4.13. B EHK

AR B A RS B [58—61] N BEAS [F] [X Sk B 41 4R 2
)5 A0 FLAE A 20T R, wldE— 2D %0 52 44 i Thik ik
BSMEAER. B, Kikb I E 0 LIRS 7R
il X 35 (6214 R 8 B TH B RE A ME R PR PR &2 0 S I X 2
R PR 52 2 SR, A 280 AR P o X Sk 87 114 i 2
Ao UbAh, A8 EITHSE0E T T EL AN [ MR 2 8] R K i
LREER, WITTHERAIX 43 155 5 50 BRI .

4.1.4. LW ARG K

FEImM R SE e, BEAEH B AR R AAEL (hu-
man phenotype ontology, HPO) X i#EATRAE, (1556 —
R B AT ML TR SR & .l HPOVE N AL,
THEET HAH S i [63-64], MK REOSBLIAN R R Y
Z RIS R EAEH . X —I7 B B TH87R 2 i
() L (R SRR AE 0 T 7 L 98 A P S0 L ) B PR 5%
A%, AR AR SR IR BB AT R R R
PR o R A A UE SIEAE ) W () e RUAH SCHE L 48
AHAVE S 22 R T I R A EEAME, T — SRS L
P59 0 A R B2 0 P SR BRIV ARl o kA, i S R R
PRI AL REAT L, A BT Y248 259 5 000 TR (R J2
KUK filan, ) A R T4 7 245 W (R AH B 505 E 50
IR R Z, BETT A TRINTEAE 25 B/ E AR (RS AR

4.1.5. FHAEE

T AR 8 T 2 M ok B AS [ £ 1A PR s LA &
ZHEBEESMEZUMER, WA NERE B BEREE .
W2 BUE KRR IT IR %5 55 [65-66]. 8 X Fl iy
%, AT LR RS N TE[67-68] A fi B e 35 5 1505 U AT
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Protein

Nodes: protein; edges: interaction
Tasks: multi-gene interactions, protein
structure, protein—protein interactions

Y ey
Oy o

Drug—protein
interactions

L

Drug

Nodes: drugs; edges: multiple interactions
Tasks: small-molecule drug, synergistic
antagonistic interactions of multiple drugs

L W
el &

%o
- e

Drug—disease
interactions

Disease

Cross-domain hypergraph (disease, drug, and protein)

Nodes: diseases; edges: co-morbidities
Tasks: disease associations, multi-
phenotype interactions

----- HPO (" HPO“&dfj

S f
nrol PO Qenpo

:

HPO

@/ \ e Ko
oG
HPO HPO

Brain

Nodes: brain regions; edges: connections
Tasks: brain function prediction, super-
resolution brain graph, brain evelution, and

disease biomarker - I
Inter (population)—intra (organ)
hypergraph

Population
Nodes: subjects; edges: co-occurrencs

Tasks: imdividual similarity, associated
characteristics, risk grouping, and

spatiotemporal evolution
Q Rec
O "
e Sard

Population-level

Inter (population)—intra (cell, tissue)
hypergraph

Cell and tissue

Nodes: cells/tissues; edges: interactions
Tasks: cellftissues complex interactions,
tumor region relations, disease biomarker

"

Cross-level hypergraph (cell, tissue, organ, and population)

Bl 11, AEEEPH1ANEE . Ree: AR ; HPO: AERAAMKIL,

o DN 2 36 1A R SR 90 73 B B2 13k SIS 7 (1 44K
o BEAL, TR RERS B A 2 A B IR 10 B RIS
o NERESBIR  riR AEE y Ax i LA -

FECIEA b, 3 R A AR TR AN A T A Hdhe
A LA S — A [R]85 50 SR AR S P R i
HEZL . XS 248 F 1R VI T S5 VN R IR RAE 55 (i
TRz AEAFTINAE) SOt T NS ARG VA SR .

i =

4.2. TN R

TR AR N TR R EEA L, R
REBERGE P IOBA K 2. WK 12 PR, RO
R — e B RGN THSAESE,  RERB AT R % 2803
UL AT 55 h K R 2 b G0, AR R IREEAS
v BRECHE. 3DIRGBI SRR B A 3 A I A

4.2.1. FT B E R BE R
TEENERAMTES o, R gD S ARLEs . SEF5
DL AR 06 % 2 18] A2 FL[69-71155 5 4% 1 i 25 M o
PEHE T AR HTRESE . BT B 4G R B B X e ok
B, BEAERTE T SR R TS B, RS

TR 5EGTHEME, BRI R 25
A 25 ) 1 K die F) SRy PR SRR 3 41 B e e 10 ) 4 T Ao B
fift. IXEERHMEB A Z M. AT . AN EESE
2 AU SR B HE AN AT AR LA

4.2.2. FE T EIRIRFEAL

ST B IR B A T VA O iR T B D57 R R
P, SR AR BN SUE BRI A L[72], EPfRE
U2 TR N ReP Al 7S Wl =R SN oY
SR FH B PSS R R AT IR B2 A 1 B S 3 4R TH IR 1 s
B B, EESNEIRES, RHERIRERS X T Uk
il 8 P AR AR 22 B L, AR GvR FE A v J7 v 0 DL Xof
Bas@ b, Mk T, HEREEEERAARH
FRIR AR A IS S, SCBsE AT . SRS O IR A T
TR TF R Gi 22 4 . e TR I 52 55 1 0L I 92 2% 7
W, R RIS SRR TR PUE I N s, Uit
BRI B poe e

4.2.3. FET-HE B A v T v
BB 5 vk B = R B = I S B 5 B 4 s A AR
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Action recognition

Dynamic

evolution of _
multi-joint .

association

Pixel <

~
P Joint Pixel locale
correlation

o
(Running)

Depth estimation

Registration

Point Corresponding lines
A ol

Inter-hypergraph

Inter-hypergraph

Scene understanding

(An adult is chasing a child)

Object detection

12, N T .

e, R T ALGRCHETT IR RE AL AR 3R B 3R B X 3 X
SRASRYE R RIFR . B i Pe 2 QK. SKBL T BN
R ECAERCR [73-75]. UL = Bs ek u B, i P Bk
B T R m Z B B LT S 30 iR R, BRI A
HEh 2 aE . HLE SR 3D RS N T o i e v 12 RE
WA, PR o DAY B e M 75 1) PR 45 s B
I PRI . IR E IR, (LGl Al
AT F) B4 AR B, T 7 R 9k O T s g 281 A2
Wk, BRFETH T BCHER HERME 5 2%

4.2.4. BT EEIN 3D R B %

TE3D M RN S RAT S+, BEIT R IRN
AT 3D B AL A () v B L AT 5 P 4 SR, S bR RS A )
BRI UCEC[27,76-77]. B0, 1E Tk i 4k, #8 & J5ik
A TR UCECR LA Z 8, BRI R
FERR R . TE IR R R R R AT, R T
X 5 4% 3D MR i ORI S TE e, N P SR IR
ARG . Ak, 8 EIE AT R F SO = R 5 2%
Ft, @IS 3D HAE R S AT, B L K S S
PO IR B 5 2K

4.2.5. B KR BRI
T GE N3 S B U7 10 2 M EL - ) SRS PR AT — 2 P
B, AE LA B2 R A3 5t P K e B RIS AR EL AR . A LE

2T, EERSIRAIZIR S R O, A S
SO AT B AR . A, 5 RESZIE AN T R U
HEWH T &RZES5E ARE. TAMBT
) 5RO (OIEZEES . B RIERATRD) [78-
8012 18] YR A SRk o IX AU BT 50 R0t F9T 00 A fide
AT, L RE SR A B RS HEIL S I BRI STt
NICEEAT . BLAh, B FREE R T B R R N S B
ANFPREHEI[81]o FEUK BRI K R AE R S, ]
RERE PRI AT 2 AR &R, AR R, IR )
i, FERE I AT HORR AR AR XA, AT A R SR )
SE ST R8I X SRS SR S HF

4.2.6. FET ) B dnta il

RS ERE R 2 BRSO BB S B H Ar ks
Mz, 8 Ed I 3 broxh 5 38 B PR 55 [82] 2 Al 1 &
FRHE, BTGk gE . RS, @8
Elfets Wt R 5SRO B @i, Bt gt
G ANYERE RO RIATIRNGRL, NI R B Akl
MOUERRTE. i, 75BN, R E T2
A SEHE AR (MBS, 17 AR@hRE, B
T FAT ARG LE KRS, AT R 22 4 2 AR A ) (R

3 [26,49-78,81-99].50 45 [ B IR, 8 B B
FRI =2 BEEEE. HHENU A A 45 .
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&3 B RN RES

Category Domains References
Intelligent medicine  Protein, drug, and disease [49-52,83-84]
Cell and tissue [53-57]
Organ [58-62]
Biological system [63-64]
Population-level [65-68,85-86]
Computer vision Action recognition [69-71]
Depth estimation [72]
Registration [73-75]
3D recognition and retrieval [26,76-77]
Scene understanding [78,81,87]
Object detection [82,88-89]
Other areas Finance [90-94]
Chemistry and materials science [95-98]
Education [99]

4.3. L5118

NP B B S A R, A 7T DA 3D X R AR BT
N, 3% FH 3D X G E 4 55 ModelNetd0 1 v - 5 i
AT 7 A BT 55 5 HGNN [18] 5 3 T- 25 1
TR E BRI 2 M 4% (GVCNN) [100]. 7£S256 5 8
N ZREHE L) 20 31 N e BE DN SREE 1) 6% 8%~ 10%- 20%-
30%. 40%-+ 50%. 60%-. 70%-. 80%. 90% F1100%, LA
P HGNN 7EAS [\ I SRS B R I PERE R I . S0 45
WE 13 FR, FEERWT:

B, EAH ARG EIR SN T, R E TS
HGNN [ 2 % 3.30%, AHEL GVCNN BEAK T 52%. BE
ENFHHE B IIRD>, HGNN [TEREmEE T . EEER
fr)72, HGNNAL 72 20% Il 2R304k B AT SE 35 GVCNN
SER M G TERE, X ERE FSERAN T, BE
THE AT LR AIK 80% M 3HE 7oK . DL R SEBe 45 A 7 iE il 1
T T AR SR B 5 SRR TS A PR RE D THI I R A A

5. BEETIA

DeepHypergraph (DHG) [101]/2 25 — /™ & 37 7F Py-
Torch 2 b1 FI DASCRF R B H S50 [4] 00 TR IR IR B 2 2] P
Bl 14 A1 15 9353 7 | DHG HOAU AT D) e

WP 14 Bizs s DHG AR AE B 2544 i EAT Bt i
AL, SO S SE B ALY B AR ig . jEAL,
DHG 24t [ (B4 (1) |8 588 A B ¥ DhRe, i e
RIZIEAE R =P KRBk &, HEM IR T B R M RE .
DHG 1844 5 FH 1 7 38 ar 307 0 Bl 5 90 JE A% 32k vy 250 2 R 30 1)
R B Lt rh, A AE A i 45 ) 5 R AT R A R X L B 4

—O— Hypergraph computation method (HGNN)
A  Data-based method (GVCNN)

80% reduction in data requirements

52% reduction in
classification error

Classification error (%)
(=]

2L
0 1 1 1 1 1
20 40 60 80 100
Training data ratio (%)
B 13. 3D % Gl sEae a5 R .
DHG architecture
Graph Directed graph  Bipartite graph Hypergraph  Directed hyp

Low-order structures High-order structures

Correlation structures

Construction Graph Model
$ *
Add edges Hypergraph Convolution
+ *+

Remove edges Feature smoothing Message passing

Bipartite graph
bl

tral- d
EEEE Spectral-base

operations

Spatial-based

Neighborhood operations

Basic operations Structure transformation Computation and learning

& 14. DHG 444,

DHG function library

Hypergraph Min—max scaler Batch-based Epoch-based
e evaluators evaluators
Normalization Task evaluators
Bipartite graph | B
datasets File loader
Recall NDCG Fy
Graph datasets Downloader Accuracy Precision ~ mAP
Datasets Datapipes Basic metrics
Data Metric
Structure visualization Model builder High-order structure generators

Structure builder

Auto-ML

Feature visualization Low-order structure generators

Visualization Structure generators

B 15. DHG Mt/ . NDCG: JH— b i R ; mAP: PR EY
{E, min: E%/J\; max: Emi‘ji, Auto-ML: Elijﬂﬂ%%)jo

PASCHAART T %

E 15 87 T 2T PyTorch #4 8 ) DHG = % D
1% % SRR S AT AT 3 T PyTorch (R RY, Jf N B T Dhfgsa
KEESEEaTMALT B, DHG 5 & 158 b 46
BRI B A% 3o bR B, R T R Tl A ) S A
A, [FIES, DHG Jy BRI B g5t 324t 7 B0, (E5E R ]
AL R, (ES 421 E, DHGIEWNE T LI/ KA



RS BRHERE G, KEATFEIRELL L
PEALTERR . b4, DHGAER | Optuna . REHS H 310
AL AR S 45, BT AshFla: %> (Auto-
ML) J5iE[ 10210 00, A2 AT I 25 P/ P ASE AR I
HhFHREMALE 5SS

6. 45t

AN T REETHEAESE, T AR R AR Y =
KI, FFRIEERE S @b R P EH . H e, AR
E T B RN =B OB L B, A T TR 3
WIE. FEfE, RENA TERSWEERE., BEEGTHE
AR e R B T AR S R B R o i I o R PR R 22 Y 24 5 4
G2 N 2% I L BT, IRUE T B 2 N 28 AU R
SRR Ak B T . B PR R RSO GBI REBE Al 4 R AR I [ A
PR RERRHE . AL RS SE TR B AR = T
AN E SRS, W 1 an ey & 8 EH R sk
AR S5 18] 54155 A = RS . PA 3D X AR il Al
SIRLE R K, SEgs T RN AL, BEHE
DL S I (7 55 4 B8 14 [ B sk 2D 80% 1) &4l 75 5K, B AH
[FE 2 N S R i 1 52%. e, AR T H
T PyTorch FIFFIRVRFE % ] DHG, 31X & — AN [A] I SCRFE
B A v i O 2R AL 1) FH e L A 4

RGBT E OIS E B R, A0 2571
AR . IR, KRANUE S 4! (Large Language Model,
LLMD 7EHRMEAAE R N SCARTT TR I W5, 23
TERFWTZ . EIRE SR, KBRS LLMAE
it e — MRART ST T . LLM SR E KA B SOAR
B, ROk R A I 2 2k m b S R s B —
ERR. KEBETFHES LLM 44, A2EIEA LLM A& R4
M AE B ERARRE 7T, TR A SRR S B GRS 2 ]
B o oy — MEAF T BTE R R A B . BEAE £
PRI SE, IR B SR L 2 bt 2 3
DRI T % R v 280F) FH R T8 =5 SR IR B I R ARy
HE, KRG B THES) & AT SRR AR T, 2R,
R ITEAFAETH R B R T S AR S A R . ARk
B 0 8 TR AR Tk — AR A B B R S5 A T 5
DASCHRRRE R KUBLEE I 110 e 25 A
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