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Abstract  Graph neural networks have received widespread attention due to their advantages in
processing non-Euclidean spatial data. At present, graph neural networks have been successfully
applied in various fields, such as text classification, node classification, and natural language
processing. They mainly deal with graph-structured data with pairwise relations. However, real-
world data often contains multiple higher-order relationships between networks, and using
traditional graph structures to represent these complex interactions may lead to the loss of
essential information between nodes. Recently, it has been proven that simplices can encode not
only pairwise relations between nodes, but also capture high-order interaction relations between

multiple nodes. Therefore, inspired by graph neural networks, designing neural networks on
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simplices data structures have attracted widespread attention. Subsequently, scholars have
propose many neural network models related to simplices data, that is, simplicial neural networks.
Unlike existing reviews of neural networks, this paper focuses on analyzing the cutting-edge
research and applications of simplicial neural networks in handling multivariate high-order interaction
relations. Firstly, we comprehensively summarize the research history of simplicial neural networks
in recent years. We then introduce related basic knowledge, such as simplicial complexes, boundary
matrices, and Hodge Laplacian matrix. We also provide graphical illustrations for better
understanding. In Section 4, we first introduce the simplicial Fourier transform, which serves as
the foundation for simplicial convolution in the spectral domain. In addition, we classify existing
models into two categories based on different methods used to construct simplicial neural
networks: simplicial convolutional neural networks and classical models. We further divide the
simplicial convolutional neural network into spectral domain and spatial domain two types. For
each type of model, we mainly summarize the total model design ideas and the basic framework.
In addition, we have introduce the application scenarios and commonly used datasets for each type
of model. In Section 5, on the one hand, we summarize the applications of existing simplicial
neural network models in four main categories: missing data imputation, classification tasks,
prediction tasks, and identification of influential simplexes. The classification tasks include image
classification, node classification, and trajectory classification, while prediction tasks involve
link prediction, simplex prediction, trajectory prediction, and chemical property prediction. We
provide detailed descriptions of each application, including the model used, datasets, and a
comparative analysis of the results. On the other hand, we analyze the performance of simplicial
neural networks in terms of model application advantages, training and optimization, time
complexity analysis and performance evaluation. Finally, we discuss future research directions for
simplicial neural networks, highlighting six key areas: weighted simplicial neural networks, deep
simplicial neural networks, dynamic simplicial neural networks, interpretability of simplicial
neural networks, applications for large-scale datasets and diversified application scenarios. This
paper aims to provide a comprehensive overview of simplicial neural networks, helping readers
understand their theoretical foundations, model construction methodologies, and practical
applications. We hope that this review will serve as a valuable reference for model optimization
and practical applications in the field.
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B Discecyeles FTEALIEAOTA B TEE M3 o2 ovsateatl it ok 52 b0 1 5 7 7 £
o UM VR B B B A L R B . U A
ISMnet34] et i AL XE DL R B K BB W T
et T U G R A R R ELA B B 4 BT B R LR
: S £35 4% 8 4 1 BB FERE T W A
SCHaan o) AL BDLW S FOR 5 P 2 U TS X1 AB 5 MO 5 % 8 SimFlash S ECHUBCHE e
‘Has 2 i AR UBOR B AL A *
SanNir A MLP AU SRR 5 2 L SG BN g b g sy g RO R BB BE T IR WS B

N




71 JEAE NS . AT 2 ) 4% 25k 1629
S
BT W kAR TR LT 3
SMPNN £ 0 0S8 B0 243 50 £ (TR TSR e ST
NN Tl R L L L L L T TF R
EMPSNS ot i o i 4 by B 0 BUBRCRAR B
R M W G R A T e K o B A T A Bl A B B B, B T
SNNPPE™ fsp gy e HAT B2 22 % e
s Topo MU AT K o6 2 P 4 2 A BT B B FUE R R S K
FHG SATUU 1A ) BLA R B KA A A 2 o S ML 2 12 B ) A T Bk
HM o s i T ok 2 St 55 T A
SANs#5) %%éﬁjgégf{;gmﬁﬁ‘hﬁmﬁ**I'“* Stk 1T 2 53 B8, T R BB a0 L8 42
SGATT) ZQ%?*“IENW?QT"*“*Wf“‘iiﬁ’ﬂ”* T 0 AR RO S B BB 5 5 2 AR
SONPSS 5| ANAE R R g g gty L APEMIE A R BRI g
NervePool 61 G A Wik J2 KRR S 3% & 2% iF WEERER —
" vy RN S YA Delaunay GG AMBATTUIE 0o o —
Eﬁﬂy;ﬁﬁf SMNNSH b o b 1w JEE AR RS i AR 1
Wz SMNNSY BIEREHE(CE M 2 R W T W1 2 5 SR B A B 2 (8 Ak
W 2% SMNNsE2) 3T B 4l T e I3t #4g A ol 22 ) 24 T R e 22 G AT 4
XA R XA R B T BT W A o R TR ,
wisrgsn RSSNNOO TR BRI RHCE 170 (AT o e I 4y %
iiig/ e ii‘%mﬂiﬁﬁ{éﬁéﬁiﬂéi%ié@‘iﬁﬁﬂ@ﬁﬁ)\ e e
R L EA G RAGH T LR . AR e I
o msne RS AR e T o b i 2

5 BAMMEMEHNEASEEST

R S R 25 6 4 ) B e 45 e (R 2
PO RIS 4 0 A AU R R ATl
VR R £ S 7 5 1 92 B 52 PR 3 4 47

HAEZALRE 1 & HE PR VERESE bR E IR,
501 M H
5.1.1 sk i i qb

e B SE TS o Rl R R R R R T A R
18t U SR R TRE A I A% i A A e e 0 R 2K 2
JELEAT S ORI A S8 B o 33X R B0 it 2 1] A2 X K

JUIE o
I 25 4 AT ) A P RRR S 7 AR T R O T

IS4
7

OB B D A5 RN UERG . PRI B R RO A AR
(Missing Data Imputation, MDID) Ji% & 4t i1 2% #1 #L
a2 PR SR R L. AR R L GNIN U 302 i Tk
BN B A M 55 19 3K C Ll b — ik
P 2 A 2 B 2% AT DLE — 20 DAl B AL AT
MDI {E: 55 b Y PERER B

TEVE SCF 3 TT T 58 iR v o Jd 3 7 18] Bt s
FEHLIE £ % & 3 B 1 (Coauthorship Complex, CC) #f
FroRpE. RS, WA e+ 1 ZEERIB
Hi & BLAETE R o T - B0 A5 5 U 3R 75 32018 U
FIUHWRE . B i S35 TR 98 1Rk vh 4 B
MG E G LA B N3k 4 FiR™ .

R4 PAGHNEELAROHED

i i 0 1 2 3 4 5 6 7 8 9 10
CCl 352 1474 3285 5019 5559 1547 2732 1175 343 61 5
cC2 1126 5059 11840 18822 21472 17896 10847 1673 1357 238 19

J&7% T SNN.SCNN,SAT #il SAN 7£3 4 iR
1y CC1 $dls 4 L sE s tkRe. vT AR & 1 SCNN
M PEREIL T SNN, IX F2 22 oy SCNN (1 38 % #5 fig
g AE BT 1) b R A3 P ik 37 AT A B L T
HasR T FRIREE S . B, 5 R SAN fEY
FE AT (1) [7) 2 J3E RAS () fle 2 0808 A1) T 35 B

T AR U R A M M T Sl AR
HLEIX F @A R MR E CEHZ ., A1, 5 SNN
F1 SCNN [ 5256 25 B A0 L, SAT BIRI A PEfg e 22
JE R & SAT fERA0E 1 B ARz ML= = )
BLA S S S5O A 0 3 58 0 IX 43 b T AR B A [\ 5
M), 61 52 0 1 RS PR RE



1630 it = L & i 2025 4F
F 5 BREHIERRANA FAZE 4 R (Accuracy * standard)
0, M
AMT%OMH Method BB £2 1&4 3;5 559 5;9 4;7
SNN g 9140.3 9140.2 91+0.2 91+0.2 91+0.2 91+0. 4
10% SCNN Ry 9140. 4 9140.2 9140.2 9140.2 9140.2 91+0.2
SAT 250 1840. 0 3140.2 2840.1 3440.1 5340.1 5540. 1
SAN L) 9140. 4 954+1.9 95+1.9 97+1. 6 9840. 9 9840. 7
SNN — 8140.6 8240.3 81+0.6 82+0.3 81+0.6 82+0.5
20% SCNN 8140.7 8240.3 8140.7 8240.3 8140.7 8340. 3
SAT — 18-0.0 3040. 0 29-40. 1 3540. 1 50+0. 1 58+0. 1
SAN 8240.8 914+2. 4 8240.8 96+0. 4 96+1.3 97+0.9
SNN — 7240.6 7340. 4 8140. 6 82+0.3 81+0. 6 7340. 5
20% SCNN — 7240.5 7340. 4 8140.7 8240.3 81+0.7 74+0.3
SAT — 1940. 0 3340.1 2540.1 3340.0 474+0.1 5340. 1
SAN — 7542.1 8942.1 8240.8 9440. 4 95+0.5 96+0.5
SNN — 6340.7 64+0.3 81+0.6 82+0.3 81+0.6 65+0.3
0% SCNN — 6340.6 6440.3 8140.7 8240.3 81+0.7 6540. 2
SAT — 2040.0 2940.0 2240.0 43+0.1 5140.1 50+0. 1
SAN — 67+1.9 85+2.8 8240.8 9140.9 93+1.1 95+1.6
SNN — 5440.7 5540.5 8140.6 82+0.3 81+0.6 56+0.3
"y SCNN — 5440.6 5540. 4 8140.7 8240.3 81+0.7 5640. 3
SAT — 19-40. 0 3040.1 2240.0 3240.1 4340. 0 48+0.1
SAN — 614+1.9 7944.3 8240.8 88+1.5 92+0.7 94+1.1
5.1.2 RIS YEFI softmax ¥ i PR £L 58 BB 3 25 4F %5 . HIGCN
(D E 4326 L5 A2 )2 b B A R A R O SRR AE L

— AR KA S R B e TR E M
Pl gk 2 > el v i AR A e R 2K S A 46 =2 ] g I
USSR DA C A IR B IS T S 1 IS L
S2CCNN Hf 15 4 1t oy H 2l 2 — I8, I 3 ad X
A ST IAT & B AR DS BUE R AE . SAT A
MNIST Hdls 2 vh R & F 5 807 0— 9 AR,
IR FEF AL D R o T 5 3R Y U 3 o X3
RW 5 B AR AT B 9 R B R A TR R
PAEAT I 7328 . SCNPs F1| il B4l JE it Ak J= 42 B &
Bl R AR, O 8 0 HE & 2 4> SCN JZ S BLIE 73 R AT
% . RSSNN fgfi A R AL i 250 5 4l E )2, i
WEE X PR LY SS RS Ak R R 2 0

PR T ERE. B )5 . SCHash {22 ™)
EAESR I — 85 A R U Ay LSH R, 23
B A

P 28 0 4 £ B A $5 MNISTY | TUData-
set" [ GTSRB"™ | [ #% % 4 4£°) | PROTEINS" |
MUTAG .PTC™  IMDB-B"" fii IMDB-M"*") %%, H.
RN 6 Fras . 3 705 7 R M /4% 5 paali
TE M 2 28 A 43 54T 55 X)L 25 2R (25 151 A
SATHM) , s2ag 45 0§ 7R . SNNs, S2CCNN F1 SAT
PR () 1 BE 20 1) Eb GON #2585 T 20.51%6.25. 41 %
1 29.34% ; S2CCNN Fl SAT #1114 G 4 91 He
GATHE T 0. 11%H4.04%.,

k6 EISXESERYES

B A 1. ]
MNIST MNIST %4 e i Il 2585 b 1975 77 5K TF- 5 507 R AN a4 o i — 7 SR R A1 SAT BITUFE] T 0~9 i FE R,
TUDataset @ﬁwww graphlearning. io F#2EAY 120 24K £l 5 . SCNPs £ 81 vp 1 3] 7 DD, PROTEINS, MSRC21 #1 NCI109
U R A
GTSRB 7 ] A A A R 0 R RO AR AL 43 A R Wy B SE AR A
EREAEES 6 AT 60 A IS BG4 B Al R G RHR SEB L S AN & 10 A A% R .
PROTEINS  PROTEINS 28 P J4H fi 8], — 1 2 1 26—~ L IE R W 7 A 15 5 2 A0 86 5 /1 A IR 3. 3o B 00 b
AR R RIS 2R .
MUTAG MUTAG $35 840 % 188 /i HAb 15 10 . b5 202 I Wi Ak & W) 2 05 7 10 0 2 2% % I o
PTC PTC 4 AR W0 25 2= Pk K L 02 344 FiL S84, DAL ST Um0 % K B B i .
Mbp s MDBB MR R i 1000 £ 2 IMDE 503 03 G0 AL . e 65 B 1 15 T AL R E T
BAE ] — L e A — i, XS EDRIE T 2 fE R IE A,
bpar  IMDEME— 6 REGR A i 1000 ¢ IMDB i 9 B G0 SR, o e — B
IRAE[F) — PR S b i D A A b IR [ =R W R 26 B B R R B FIRLL
AIDS AIDS {5 2000 Fh 4346 & 9 . B — R ES LLE SR B X 3R0R
PC-3 PC-3 1 27509 Fh B A B 6 Mg 1k & W 4l .
BZR BZR £ & 405 2K A R AZ IR IR A BB LR R R OR




739 A RAETE 2 2% LRk 1631

i 2 LA B 0T LA Y L B Al 2 R 2% 7 ]
TP RAL TS PARE TR GE I B 32 7R 2  J7 iR IS T 9
WHITEREERTE . BbAh . NF 7 R LI L 7 PR A 2
2P GAT AR BE fi 100 78 B 4l 02 i 22 90 4%
HOSAT IR R PERE R B A R . X ik — B 3k
B 55 2 T S ) o B 2 I 45 A B & 3 T T PIL R fE
U5 A7 RCHH B2 ) 48 R AL - AT S22 35 42 THESE R RE

R7T BEHERERRAHEBEHIBRER"

F5 AL 28 5 FoLAY ZH WL 2 bRl 2
TR GCN 10634 63.65+1. 82
250 GAT 9862 88.95+0. 99
i 45 SNNs 10612 84.1641. 23
T, S2CCNN 10315 89.0640. 47
25 IR SAT 10186 92.9940. 71

(2) TRk

73— WL B EAT 55 2 026 . SGAT @
i 22 )2 P B HIL AT 1 R AR 3 AR IR R AL A
ARAFIT SR AR s o T 0 R AR R
RAL 55 - HIGCN 5] A ZJZ w5 B B 8 BUZ - DU
B A URRIE R s DT B A A 3t R A
Ko Topo-MLP AL i 5 1% #6535 31515 2/
BEUIE 22 7 38 1 FH 25 B 48 458 2K R B0 AL T RO 43
FHErfitk . TopoSRL NI T [ Wi 2~ > Jr ik Hit il
TR R ERE

8 I TR RN S KB . il A
O AR . W UM A I SGAT BRI/ 5
HFATS BRI AL, H GAT BB /8 2 5 10
T GCN., R fafife i 28 W 45 RE % 58 71 112 URL

R8 TROXEZSERABES

Hodl 4 s bl el FHIE

DBLP 18405 67946 4 334

ACM 8994 25922 3 1902

IMDB 12772 37288 3 1256

Cora 2708 5429 7 1433

Citeseer 3327 4732 6 3703

Pubmed 19717 44338 3 500
Contact-high-school 327 5818 9 -
Contact-primary-school 242 8317 11 —
senate-bills 294 29517 2 —

R THOXEFEERBELHIBERY

HmdE B GCONGER)  GAT(ZH) SGAT(ZS 1)

DELP Macro-F1 = 87.6540.29 91.69+0.27 93.80+0.20
o Micro-F1 = 88.71+£2.74 92.65%0.25 94.58%£0. 20

Micro-F1 = 91.46+0.48 92.16+£0.32 92.4140. 36
Macro-F1 = 91.3340.47 92.06=+0.33 92.35+0. 36

ACM

IMDB Macro-F1  56.7240.49 57.32+0.88 59.97+0.41
’ Micro-F1 ~ 58.31+0.51 58.75+0.98 62.51+0.54

LM ER =S W & & W - S e
FEAZ IR = B AR NME B T AR 2. BeAh B L
il 2 S AR T TR (1 4y 2 o

(3) |l 432k

BRATE A 22 ) 28 TE B 43 AT 55 v R R 3
BN W 1. % SAT B T 8058 48 54T 55 1
T SCTE AT IE J5 T N SR AE 1000 A L 3 % i 26 5 1k
1 Delauney = f3 # 43 LA A= CBCHE 425 B S N2 |
FVEBGE A AR A B A, A RS [ 26 T
i s $ A A R DU )2 09 SATT B8 70 X A= i i S0 4R i
Tl &k P AL RAE G it 2 R IR AZ 2
ISR AT L 4325 . AE¥% MPSNs Ly FH T #U ik 43
AT 55 B AT DL 2o A 1 BR 40 52 TR 00 I I IR
P P B S VA A R R R . XA R Al R
T B0 B R N B A Z T RIS ORI
TR G O B (22T M sich b AD B0 43k 15 AN [
(A2 00 o X 00 T O A ) B S B L G R
HBE AL — AR 2T LAFRAE D 35 i i k5
FEL AR 3L 20 o DATTT DX 4 JIBE B 461 R 3350 BsF 461 19 970 Bl A 5K
Cinque % N FI B TE 268 J7 12585 8030 B0 5 4
R Bl 82 8 T T80 43 28 4E 55 1 SCNP
A, SANs 25 & s ali B #0E 5 B AL, 52
I3 B i A R

10 4518 T SANs 5 HoAth 5 40 i 25 N 2% 7E
B4y HAT 55 v i 6F B SR B ok R Sk (45 ]
S S5 R A A B B 2 b SANs A5 (1)
RBTE —FPITE BREC N B3E 80 T 100 % MR, 76
LS OB 4 b SANs [F] BEBUAS T A% 47 10 SE B
g5 D UEW] T AR BE 3 AT 55 i LR

K10 FTESEELRFER LI 4 R (Accuracy+ standard)

15 780 25 1) 1o 750 OTE BREL Synthetic Flow/ % Ocean Drifters/ %
1d 92.643.0 73.0+2.7
25 3 . _
- N MPSNs RelLU 50.040.0 46.5+5.7
Qi A& 38
Tanh 95.241.8 72.540.0
B 1d 66.5+0.16 98.1+0.01
IR <~
S g o 1 . +0. 7.040.
R 35 B R ) SCNN RelLU 100=0.0 97.0=40.01
Tanh 67.24+0.06 97.0%+0. 16




1632 it " Bl 2 i 2025 4F
CED
LRI o 78 WO R Synthetic Flow/ % Ocean Drifters/ %
1d 99.740.0 97.0+0.01
SAT ReLU 1000.0 95.020. 00
254 Tanh 10020. 0 95.020. 01
QEZIIPLHD Id 1000.0 99.040. 01
SANs RelLU 1004+0. 0 98.5+0.01
Tanh 1000.0 98.540. 01

DA B AT 5| A 7 AL A R
5.1.3 WML S

(1) i % it

HSNs #4i M55 &id — RN LM AR e dE 2
PRGOS eRECAE BEG L B k BR 0%  i 45 R AT
o DXFPTIERE AR P ] A m B S5 A5 8 A
777 £ T4 % 00 4 B . BScNets J2 1 ¥k FH T % % 15

2% A R £ UL DA T 7 % ST 5 B Ay o A
MEE A . X TSR & M 4, GAT PRae it T
GONL R 1 7E #2928 v 5| AT B0 L) A9 T
2, Ah X T HGON T 5 - B Cora %dfi 4 4h,
B TR HC A KA 4R B A PE RE UK T BSeNets. iX ik
0L i 5 ARUBE 0% S e A0 42 K5 P ) R A

S 56240 TS 7 25 [ 2+ HE 066 60 2 6 7 g B85 T T F 11 HEEWNEHHES
MRS 2 & - >N “ i - y = Z o I 1 [ET N 7
L /¥ f ,LI_J ’ /Hﬂ VaNy R ey T W P
TEJE AT 5 % 90 B, BScNets F FH T 0 A4 B 45 25 74 Cora 2708 5429 1433
L VIR RO 3 2 2 L 44 e 5 H 5 PubMed S
. Meetings 101 256 4
53 ; D=t Gh ; 47 T 0
S JE A S XA T A TR A OC R R AT Phone Calls 100 Lo A
F 11 FUH T W B BE B OO AR . 3R 12 @ Airport 3188 18631 4
7R T BScNets 55 i[5 2 6 44 B 75 6 B B0 Discase ok 1010
High School 773 6342 4
B i R B 4k 3 . #
/EE% EF‘ E]/J K gﬁ I\i Heo =H %%% EH » BScNets %EFJ:F ﬁ ﬁ Staff Community 55 441 4
P 48 LSBT B AR AR . 2 W L RE % 7E A A M)
F 12 HEMUASBEE FHEE L R (Accuracyt standard) ')
24 i Cora PubMed Mettings Phone Calls Airport Disease
— MLP 83.15+0. 51 84.10=0. 97 63.20+6. 22 60.10+£6. 72 89.15+0. 52 72.6220. 61
ik 35, HNNL70J 89.0040. 10 94.8740.11 71.004+3. 28 60. 90+ 4. 25 90. 78+0. 22 75.104£0. 35
P g, GCN 90.4240. 28 91.11+0. 55 72.08+4. 19 61.50+5. 80 89.27+0.42 67.40+0. 56
25 B GAT 93.8940. 13 91.2240. 12 74.00+4. 68 63.40+5. 20 90. 5540. 37 69.9940. 32
23 3k SAGE 86.24+0. 65 85.96+1.16 72.30+5. 25 62.07+5. 49 90.4740. 59 65.9140. 33
7 Ik SGC 91. 67+0. 20 94.10=0. 20 73.38=3.49 63.80+5.71 90.0140. 32 65.21+0. 23
1 3, SEAL 92.5540. 50 92.42+0. 12 71.09+7. 50 62.96+4. 17 95.16=40. 39 85.23+0.79
i HGCN 93.00=0. 45 96.2940. 18 83.20+4. 15 70.204+3. 77 96.40=40. 19 90. 80%0. 30
25 i PEGN 93.13%0. 50 95. 820. 20 74.17£5. 00 65.23+4. 15 95. 46 0. 71 83.61+1.26
25 i TLC-GNN 94.2240. 78 97.030. 10 73.20+5. 32 66. 17+3. 90 96. 60=0. 69 86.19+1. 23
1 3, BSCNets 94. 9040. 70 97.55+0. 12 88.05+5. 51 79.43+6. 04 97.5740. 67 98. 60+0. 58
(2) A H B9 LR IUIE Sto 45 B 55 46 55 1) GNN A It

SCCNN [ |- i) 5% #% 11 DU AT 55 9 8 3] 2R 2
s b AR T — Rl R T B Al S0 ) A 2 ) 4% A
A, TopoSRL J i 33 Il 5 4 it 45 o 5 B 5 4 JE 101
AT 55 o X T 45 8 B FF R 260 . TopoSRL 1 Y6l
FH G B i L 0 S — A [ dt L AR S A% ) o R
I T Jik B Al T 1 P A . B AE B A B S % T I
B LR TE A O 1 A SR A

F 13 R T GNN 5 Ath 746 JE #f 25 ) 2% 65
RIZE SR AR W AE S5 R i SE R 25 2. W RLAE
SCoNe,SCNN,S2CCNN F1 SCCNN 7£ B 4fi JF 15 il

SCCNN FE i fil] 2-simplex A1 3-simplex i, {4 58 43
SR TFT 4. 5% 2. 8%,

R 13 RARTNESTRRBE LHIBRER

(Accuracy % standard) =
TR 24 5] it 2-simplex 3-simplex
ik 3ok (P 38 ) GNN 93.9+1.0 96.6+0.5
SNN 92.0+1.8 95.1+1.2
SCoNe 95.6+1.3 98.140.5
T3 CBE A BR300 SCNN 96.95+1.5  98.340.4
S2CCNN 98.0+0.5 98.5+0.5
SCCNN 98.440.5 99.440.3
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(3) Bk T

SCCNN 3 i % Lk 1) i F5AE 28 47 65 B AR
2 2] B R AE R, DLSE BB B AR 5
SCoNe Fi| I 2& 73 $ 38 7 0y 3 7 X 2-4E 4l 2P
R AL AR AT AT, 2 A TR A 4 KR O i B9 4R AN AT
VN I i SO i <o S S S R R R I
SaNN i F 5% bk £l 52 BUAH &8 17 55 i ik A 97 FH
ff b s AT R B . TopoSRL ¥4 L 30 B 4fs 5% 4
NI Horp A SRS i — R
Mo X T4 WL F 91, g B 45 B2 HA5 1 8 1 R
TE 7R o 38 £ FOI R — A 95 5 A REAE R DL S
X — AN B 5 A FU

U SR AT: 55 0% 08 4R 43 4 : Ocean Drift-
ers fll Synthetic, W73 14 PSLIE 25 KAl %,
1 Ocean Drifters $t 4t % &, TopoSRL i A i 1 fg
A LT Projection #2718 T 14. 85 %, 1% £ WA KL T3 Jak
1) B 21T it 28 I 4% A B0 300 00 AT: 55 b g 0 A

R 14 PITERNEARER EHIBER
(F1 scores= standard) -

(R (i) Ocean Drifters Synthetic

— Projection 27.1540.0 52.0£0.0

i 45, SCoNe 30.0£0.6 55.4+1.1

i 3ok SCNN 28.5+0. 6 50.5+1.0

HAth TopoSRL 42.04+3.0 50.041.0
() 2 P i

EMPSNSs il i 7E 1 2 Fr 4l 52 T8 |2 2 8 BAL
AL AR TR AL R . 5154
& bl 25 ) 2% A L, EMPSN's B8 8% 76 1 4% 336 3 &
T 43 ) P e 2t o 4 B 5 AL 5 DT O A b R R ) T R
45, SMPNN W 55—l T Ak 27 2 5 19000 (1 20 4
TE 1 2 X 25 A0, L A 0 F AL AT 1 28 1k 24 B0

% 16 Kendall HEZE XM

£ BT T 5. fER PN ECHE 4 B, SMPNN G i
FESr T NS # 1 R AT I B AL 3 A SO 4R o T
() A B AR . BT R JLART ZcHls » SMPNN LA 43 -t
2V R R R AR AR A S A O 38 RS AR A S 4%
JECF T MR AR STk 2 T R i

# 15 &/ T SMPNN Y GCN 4§ 1% 45 [&] #f 4
I 45 7 AL 4 PE B WINAT 55 I SE B 25 K. T LR
t, SMPNN 15 i 47 886 4 B33 508 1 d5c Je ik i
Be. # KM =, MPNN,D-MPNN il SMPNN fi) 52
5 BT GON M GAT, 3% 26 B 358 T3 2 % 88 1y
P2 ) 245 ) 7 T B2 45 0 D A5 8 O T LA
SR TT . BN AH T AR G B P 4 W 4% L Bl
TE 1 25 ) 4% fE 0% B AT 0 42 3 2500 P i = B sC L
fFE .

FI15 UEUHRRNEREER FHRBERS

(#45i :log Mol/L)

GCN GAT MNPP D-MPNN SMPNN
Gt 3D (z338) [€=3:9) (2218 (538
Delaney 0. 878 1. 116 0.903 0.725 0.709
Huuskonen  0.917 0. 967 0.723 0.714 0. 687
OCHEM 0.952 0. 788 0.675 0.693 0.508
Tang 0.719 1. 027 0.704 0. 669 0. 566
Cui 1.072 1.017 0.983 1. 023 0. 957

5.1.4  RBIAT R Sy A Al

ISMnet i FH 4% Ye 5 14 #6455 780 A5 B B S (1) H 4
T 5 Sy 15 0 AR I bR 28, I 515 e 5 oo 425
JE rp P AE AR AR LR TEAG AR L A LU AT 52 ) B
aifE 5 R P RE . 16 s T ISMnet #5581 5 %
DL (CO) L JE R (DC) L H-45 bR (HD L 4 J
FE (ND)FI T BE CHD) $5 45 A2 R0 A 52 1 7 B 46 JE
1145 f A 92 86 45 2R /] L & B8 ISMinet 78 38 5] A 4f
T RZ W 1 7 1 R B T AR R W ROR

Dataset

MmO 2-BAREEES ORI

SCs DC ND HD cC HI NI ISMnet
Geology 0.142 0. 141 0. 237 0.151 0. 149 0.274 0.463
History —0.213 —0.239 —0.185 —0. 305 —0.284 0.599 0.672

DBLP 0. 084 0. 065 0. 091 0.038 0. 055 0. 204 0.352

5.2 MERESHT

5.1 1 RGLMEHEAS T BLAT H 2l I8 i 28 M 2% 1Y
ISE T 5 e B 3 2 v A R 0 28 W R 2R L BE B
AU A 0 A% U, A A B Sk 6 1 e 9
Lo iR A S HRBERIVE RE 5 A6 D 32 4 o 4 b P i
FRLITE 22 ) 28 RO B0 R I T T SOR Bk — 2D R
P ERARTE 22 R 25 (T2 AL RE F7 5 MR 1 S CHAE RE PR AL
FEPRAE LA PP IR SRR 1 S5 R 5 P Sk
5.2.1 ZALBEN 5 &L T

LIRS Al 22 I 45 3 2o ) I 0 A R R B 3 6 2

FOR L REGG A AR TR AE (&1 45 L SCAS 019 2% K3l 25
G E SINIDRPR o - R R RN 7 1 R G D
P K Al L BT o 2 I 24 R PR JGE 5 4 T A 7 5
Bl s s B AR nT DL IR0 1 2 RE A ot i 4
A B2 A RE Ty o TR IR S X T I A X B
FEAS AT L iR AL R A 10 P A5 K 30 30 3l I 1) 8
P 4R THBE R I R 0 T iy A IR AT (2) AEC
AR b 38 2 0 G SCAS #EAT BEALAIC Bl | AR 4 S
T R SRR Al DU 2R R0 1) 2 AR A B T
P R Iz AL RE T RS R 1 5 (3D FE M 45 B I



1634 it = . 2 i 2025 4
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Background

Graph neural networks have gained widespread attention
due to their advantages in processing non-Euclidean spatial
data, but they mainly model pairwise relations between
nodes. However, the relations between network nodes in the
real world are more complex, and using graph structure
modeling will lose important information between nodes. In
recent years, researchers have discovered that simplices can
be used to model multivariate higher-order relations between
nodes. Inspired by graph neural networks, scholars have
developed many simplicial neural networks models, which
have been applied to link prediction, node classification, and
graph classification. At present, although there are numerous
papers on the simplicial neural networks, the review research
on the simplicial neural networks is still blank. Therefore, in

this paper, we summarize the existing the simplicial neural
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network models, which will help promote the development
and application of the simplicial neural networks in more
fields in the future. Firstly, we introduce the development
history of the simplicial neural networks in the past three
years. Secondly, we divide the simplicial neural networks
into two categories according to the different methods used in
building the model, and introduce the representative models
of each category. Then, we introduce the practical applica-
tions of the simplicial neural networks and commonly used
datasets. Finally, the future research on the simplicial neural
networks is discussed.
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