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Self-optimizing Single-cell Clustering with Contrastive Learning and Graph Neural Network

JIANG Wei-Kang, WANG Jin-Xian
(School of Computer Science, Fudan University, Shanghai 200438, China) .

Abstract: Single-cell RNA sequencing (scRNA-seq) performs high-throughput sequencing analysis of the transcriptomes
at the level of individual cells. Its primary application is to identify cell subpopulations with distinct functions, usually
based on cell clustering. However, the high dimensionality, noise, and sparsify of scRNA-seq data make clustering
challenging. Traditional clustering methods are inadequate,.and mest existing single-cell clustering approaches only
consider gene expression patterns while ignoring relationships between cells. To address these issues, a self-optimizing
single-cell clustering method with contrastivedearning and graph neural network (scCLG) is proposed. This method
employs an autoencoder to learn cellular feature distribution. First, it begins by constructing a cell-gene graph, which is
encoded using a graph neural network to effectively harness information on intercellular relationships. Subgraph sampling
and feature masking create augmented views for contrastive learning, further optimizing feature representation. Finally, a
self-optimizing strategy is utilized to jointly train the clustering and feature modules, continually refining feature
representation and clustering centers for more accurate clustering. Experiments on 10 real scRNA-seq datasets
demonstrate that scCLG can learn robust representations of cell features, significantly surpassing other methods in
clustering accuracy.
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autoencoder
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M =S xexp(DW,)

O = exp(DWy) “)

1 = Sigmoid(DW,)

Horr, S & —AN0F R R, T Ay 22 B IR ot A B
AL KN T (size factor). M,©,T1%3 5l /& 5 41,
BB AN TR RN, W, Wo, Wy i
WERISEIERE. exp, Sigmoid ZR7NFH N 1 2R 41
ZINB $K 52 3y ZINB A AR SOMBAR, R

Lzing = = 10g(ZINB(X*"™ | 7, 11, 6)) 5

For, xeountf{ 3 5 4R (1) R IA H P
1.6 IZidizE
1.6.1  TRIZRHT B
T S HT SCHTIR T VAL A - 3 R . AE I R

T I PR R AR AE D 1 7 S R A 3G T R
v,V PP D I R S ) GNN Zfis2s () #%X (1) 15
BT B A A AE R IR, Z = f(),Z' = fOV). Z % T
IR Z,Z’, scCLG I N T X2 > T8 54
s IR, Bpdtth, ASCR A InfoNCE 4 2k WE Ayt

NB(x | p.0) =

6 LR -Z5iR Special Issue

544 S T

L A512%. InfoNCE 4 5% 52 — i T (R R A 2 18] £ % L
PR, FEX M, IEREARH A [A]— A4 i A2 7 AL & o
BRI R, T H AR A HAL N A, X248
M i, BTSSR

e (simi.2))/7)

Z (Szm(z,,z/)/f)+z (szm(z,z)/‘r)

J#i

l(zj) = —log

(6)

For, 2,20 o3 A A ¢ AEAL IR 1 AL 2 h 2l
GNN % il 3% J5 153 B 5 17 22735, @ 1 R %o i) i
B, o REH LT R RER S, RSN
sim(-, ) F 5V SR S i) B 2 18] () AR DL 1) o 8, At
A58 RN 2 ARBZAR 1O, B

sina) = @)
TR HONT AR 2 A
1 &
Lins c1. = 5 Zl [z + 1) ®)

o, Ny VRN,

Z,7' sl FNN g 2% DL & ZINB B 15 21
ZINB 7341 3 M4 A (5) THEXS R 2R, T
WIZRH B 28 145 R B L R

Ly = A Lins cL + LZINB 9

Her, mﬂ%%$@ﬁ3~i*ﬂ’\h5‘%miﬁ£%ﬁ Lzing 7& M
MNLE ZINB 39 %m?i’]ﬁ By

'\' LZINB = —(LZINB 1 +LziNB 2) (10)

1.6.2 BB

TEIX — B B, R0 2 T TN 2515 21 1 G A 25 E
1T R SR A R R E R R . O T SRR
HUVRFAE 2 ST BEAE A — N AR AT IR AR BLAZ2 25, 32 315
BR[191/1JE /K, scCLG K —Ff E LAY 1) S SR IE i ix
— HAr. BT SE — NMRRE SR 0, H
O M8 —4TARFR — /Nl 5 5 %’\ﬁﬁ%z EIEVY:EE s
e O THHEAZ R B AR A R P, 18 B /M Ai PRI
O Z Il KL HUEE, RIELI R I TAL. XA KL
B, FROMTREHR.

Dij
Letuster = KL(P||Q) = Z ZPU IOg_j (1)

Horr, pijogij o ml R RE P AL Q T ER. 7 scCLG
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PIBEE N, 5 FE O Sebr BTN 5 5% O 1 AEAL
FE, 3x BLAH A2 2E ¢ A0 An RIS, B b, 4HB @ BORFE
Fonz MR j IR O o I SRR BE T LA 38 (12)
RN

2 -2
(I +jzi—cjl| /@)
gim i =il "/ 12)

a+l

K , -
E (1+||z,~—cjr” /@) :
=1

Hrb, K ZRNEH, o4 « A0 E HEE, [ %
N RE L o RAE NI — H S B AE, 1%
TG AT K-means 5% RACR IS o0 HAT 461k,
2 J Bt o A AR I T S . AR AN 2 0 1) 43 T A )

oA O B IR BEAT A — AL, 53] H AR A fE kP, B

RUTR:
5 ;
qi'/f' b
Pij=KJ—,_]a (13)
g qu?j,/fj,
J=1
Hr,

Np
fi=> 4 (14)
i=1

Horr, f, REBRBEB IR, Ny & I GRALIR KA. FEFE
P#ALAN O B ER, O Al P RiZRATRERE, #420 (11)
25 AR R AR A AR Y, BT DLAS 21 B A5 B i 1 R R A
R, BOd RN R FRATE S AL T 4B R R, JER
SYBOAIRFAE 5 2] AR A — AN AR R AT 1.t T4E

B P Scbr Boe g B RE O RS B, K2 — 4 E

AT RE.

T el 57— ANF BOJI ZR I GNN Zwdid 857 58 A
MBS I, 16 F K-means BT IR, WA
R, Z I MRS, 51T — M Be— P, SREUY
JRL R o g A A% AT A 2% F 5 ZINB fi k. ANk —
Fict, o LI 2 45 21 ) A () A AE BEAT 3 B JR AT,
75 BN B JRERAR . BT — B Be a2 2 U R
AN IRAEA FIRL IR A R AR RO IEFE A, IX AT g2
X R A 221, P2 AR R I 1 SR AR O[] — A2
il AV AR B AL 9 SRR AR ). AR S S 0T B 2 5T ) SRS,
A AT BE SRS R GEARIX A o0, Bkt ANt
ATREAAS B Z 18] (RS EL, T A2 25 FE R AR A2 (CR2K
) BEAT I EL. X T 40 ¢ A R R Lk

esim(zi.c)/7)

I'(z)) = —log N EEE— (15)

Z e(sim(zic)/7)
J=1

oo, o M TE LR 1 R ORI, ¢ R BL 2 0%
K, e, FRRAMM | HHHERITRA KA B K 0, i
SRS O K.

= argmax(qu) (16)

3 (15) AREHD LLI TN S A 5 HPTAE ) 5%
A, Tz B il i) R b, T2 A T RK
AR5 00, k2P, AR Kk mT DA A

Y 1 ,
v Lew oL = N, E U'(z) (17)
P

Ho, Ny UG HER KD,
223 LA B3, S B B i 24 A4 2K R B D R
Ly = A2 Le_cL + A3 Letuster + LZINB (18)
Horh, o, 23 72 R4 %30 o B R 2 4, 1X 3L
Lzing FIRESZ PR 5> ZINB 45 2% 1732,

2 SIS
2.1 HIERESMEETMNIERR

N7 AT PP AL AR SCHR IR U725 seCLG, WELKR
R FCHIEE T 10 D HE K1) scRNA-seq Hif . 1X
%ﬁﬁ%%ﬁ%ﬁ?%ﬁ%ﬁ@?iﬁﬂﬁ%, ARG 1K LY
TETH %E"Hﬁ%f’ﬁﬁﬁ*?ﬂﬂﬁ@ﬁ‘]ﬁiﬁ%. WS
& AE AL AT TR JEVE RE VP AL A i A 2 T 2. iX 28
ARG T & TR, Sk B 205 6 2 A
[ ZH 21 3% B 1 scRNA-seq 28 . B E4N{E BAE
1A, B AEEE AR B ARSI, T &, A
0% H, B PR H DL S i A i S i 2

F 1B HASINEIEE 3L 10 1)

LAETE S WG HiREE BEFREE 40585005
Adam!*” Drop-seq 3660 23797 8
Bladder™” 10X 2432 22966 2
Klein™” inDrop 2717 24047 4
Mammary_Gland™” 10X 3282 22966 4
Plasschaert™ inDrop 6977 28205 8
Pollen™" SMARTer 301 23730 11
QS_Diaphragm™  Smart-seq2 870 23341 5

QS_Limb_Muscle®™ Smart-seq2 1090 23341
) SMARTer 2881 21143
Drop-seq 18664 23500 15
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ISR P12 A% B SRR PR i b Rt
LAY (1) SV REHEAT VEAS, 70 2 AR L ELAE B (nor-
malized mutual information, NMJI) F1iff & 2 1l 2 %
(adjusted Rand index, ARI). NMI Al ARI #{ A UL FH Sk i
IR RO LS o0 A IR (AR AL RE FE . 45 58 N
ANTRBE (hrZE &) U R v, e [ 5 NMI it
7
_21U,Y)

HU)+H(V)
Hp, o vyRE UM vV 2 EE R, HORERAZX
H5. NMI U A0, 1], BUE B GEREEE 1) RoR
BB BMRAT. ARI HH 7 R0 T

EHEEEENE
pXEIE S D)

"

NMI (19)

\ w

Horp, ( j )%iéﬂf}&, ni,'éz%%@am%é%%% U Ity
Wi RNRELER VIE  RPHFEAKH, oK
U SR i R IREAR B, b AREE VR ER j R IREAR
B, n RREAI REE. ART BUETEE -1, 1], %
EARK GBREEIT 1) o BB i
22 IWIMESRE

scCLG /&3 T IR 5 22 SIHEZE Py Torch™ sz HL i,
Python fit 4% 3.10.9, PyTorch fii4< 1.13.1, CUDA A
11.7. 43R5, CPU N Intel(R) Xeon(R) CPU E5-2678
v3 @ 2.50 GHz, ‘&£ A NVIDIA GeForce RTX 3090, £
£ %% N Ubuntu 18.04.6 LTS. GNN % i 2% & — AN
JZ ) GraphSAGE, H [25E (1 4E 5 45 5 h 256, 64. fi#

8 R 20 R 2 I 4, LB P A 4

19 64, 256, A1PH-HE DA P B R O AE 2 12y
64, FFEHE R 1 L1 29 0.2.‘-%%%.jw'(batch size) 9 1024.

At A ) B e BN 1, 6 E AR R R R A
TN 0.5.
23 HEHEE

scCLG HIZRIRILRAN 9 DNIA 73 scRNA-seq
B ST AT IR, 43532 Seurat!! . CLEARMC,
Contrastive-sc®l. GraphSCCP". scTAG™ . scDeep-
Cluster™, scDHAPY. scVI®\, SIMLR™. Seurat & —
AT AE I seRNA-seq #odf 70 4 TR FLER KT

S AT BRYE, RS ARSI AL AT K E A A Louvain
J7i%. CLEAR & —/N3ET B MBS B ST i g A ik

SCRNA-seq Hl 4 H7 T 1L, EaIN T — Rt i 204
487, FE INONGE K 76 21, Contrastive-
se fl A BB AT 2 ST By i, Eim b

L R R DR AR R UM TR, GraphSCC I

2 R 22 I 28 4R RO R F A 2 TRl M 45 4 26 R, @
WL W B AL AL 22 2] B R IR, sc TAG A& —
F T B2 M2 1) scRNA-seq Bl KRGk, BT £
AR TR AN B R 2 N 2% (TAGCN) X 1 45 K $ 8 3k 4T
#ifih. scDeepCluster 7E 2 B i &5 51 N 17—~ H
KA scRNA-seq #7341 1) ZINB 525, scDHA
Je R AR 7% B Gt 3 AT R AR SR B, IR0 A T A
oy B9t #s (VAE) (¥ H 2% 51 W 408 S it — 0 5 21
fR4E== 8. scVI 22— H T8 scRNA-seq Zids 145
A LR, A ZINB BAFIAR 5 [ gt 35 LR BEAE
W7 R EEHE scRNA-seq i, SIMLR i A £ Kook 5]
FEARZ RIRAR A SE AT IR RS,
24 %i’ﬁﬁ%‘t&s‘a -
W 7 AR B I TRA AR,
- 104N 52 /) scRN A-seq %45 4 ¥ scCLG Al Eid
9 MNEFEIAT T LR B 3 (4RI FE 4 (NMIT) T
JEIR TR BT AN R R 2 R R R, g
ARSI 1 SRR A SR H 572

i

Ny

1.0 F o B scCLG
' I Seurat
0.8 B CLEAR
B Contrastive-sc
= 0.6 | B GraphSCC
< B scTAG
04 1 I scDeepCluster
02 BN scDHA
B scVI
0 e SIMLR
?39*& & o 0\&‘6 %a@& Qo\\?p . Q“@% Q\\{a“\ r&\°q \o&a
d i Q\{b% W ) (&0 D Q\O 6‘\@“3/
@‘Z&&& Q%/ dtv}) ,go%

K3 AR FER S LI AR FEIRIE
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1.0 F
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0.6

NMI

04 +
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B4 SNSRI S L1 NMT R \ . ="

L}
-

M3 FE 4 A 45 BT LE 21, seCLG 7E 10 A4
BHmEF R 4 NMEPE%E (Adam, Mammary Gland,

Pollen, Tosches_turtle) LG8/ AR {H LA NMI {E - +um

WA T RARHO SR, AL B R4 R A B A A
BLE 4, (AR PR DU I A SRR 9 scCLG. B
HERAE scCLG WIS I 2R 46 |, 5cCLG ot
et A LR 0 45 SR Y, 22 ERAR /N, TEAR AN B AR 0 45
B seCLG R I T456 K F. WA -5,
scCLG [f15 KR IUIE A KU 5 A HE(E T 7 1
BRI 9, 9 ELTE R MO0 B b f b M, K
WA KA BRI B 3N, 1K %W scCLG 2 AL MR T, %
g SRS, I LT LA AL B ) UL I ¥ 75
Y B H B /b (B E 42 Pollen (301 AN) AR iR Bk £ 1)
H P54 Tosches_turtle (18664 ) I, scCLG #{HF T
B 45 SR T — A 7732 AR 18 Ak 1 B EL 75 I
45 51, AL A RS 5, 76 R SR 4 1 B
BORWT g2 5 BUK (W1: seDeepCluster, Contrastive-sc).

5 R T 2 24 0977 scTAG GraphSCC 4

b seCLG SR 40 - 35 R P s B . T A 4 -
40 ﬁﬁ#%\f%}?%iﬁ‘b?%%ﬁ%, I H g
BINAIA 00 7 A scCLG R T 0 2% 5T, i
2 2] B INA T R R AR R . ARV R F R L2
>]f] Contrastive-sc. CLEAR AL, scCLG X T B 45 #)
(1) FE S S 4 R T A M TR PR 25 4 56 R AB B, (AT
SCE TR B ST ISR I, A BT ) B A = L
FRIER IR,

Bl S R TAFRBPITERE 10 MR %L B
ARI/NMI $8 5% 351H, JTCW & ARI & /& NMI, scCLG
FRENAT T v B AUMEL, X AE B T AR T HAd v
Pk .

 scCLG

N Seurat

B CLEAR

I Contrastive-sc
B GraphSCC
B scTAG

B scDeepCluster
N scDHA

B scVI

B SIMLR

' \ 0.85 |

080 |
«Tors |
= 0.70 +
L 065 ¢

0.60 —
0.35 —— NMI

0.50

0™ AR (o5 O PO Gab WS &
RO 8\0{,’6@\\"0@6&5 ssge&c\o RO
NGRS syrarS
Bls  ANFZFETE 10 M4 LI AR NMI ¥{HE

2.5 AL HR
£ scRNA-seq JARMIMITT T =7, mlLAL A& —

i ELILAT RO o A [ 5531 1) 4 BQ&HEE"JEFEQ. ZS
SCRH -SNEFE A Bt 77 7R, K 204N 1245 2 o 4

AR 2750 902 e U 1Y T Y
BRI A R 43 LA 5 1 £ 7 R i e ok B 6
<7 HRER T iR 10 ANJTEAE Klein A Mammary
Gland X P M E0HE 4 19 t-SNE Al M4k 45 1. K 6 Al
7 B —A EARE A, ST AR R L S
(2 AR 2.
£ Klein 3354+, scCLG ¥ BT M4 Bl T 5N
T 4 ARGy, AN F 250 2 18] DX 53 B 8, T 28 500 2 1)
BER B, XRS5 3] T BN R AR IER R,
HoAfth I3, scDHA M scVI WA H x5 28 1 @R, T
CLEAR VL GraphSCC NI R I %=, Bk R 2R 0 AR
I HAELLX 23 AN 25, 7F Mammary Gland %4 4
F, scCLG M XHEMT A9 R B 4 NRBIAEAE (.
gh. 4, fE, ARG b, T a e oy
— LA B, AT Al TR, scCLG AT AL 45 3,
HTFRIRAR IR AL B8, ARG X o, A KRR,
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FMRAE— L. HRge bidkAT 7S, AR 8 k.
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o4 g, | 04t £ N TR 8 P U TR LA RV R, MR |,
YT TN - SR R IAT S 0 B ARG T 40 AL 26, — M
0 020010 " 0 0204060810 SR B (01 i 20 AR TH 0. 9 7 38— S5 B0
(a) URHRHIE (b) scCLG IR E o A
. S LR e sy AN BT AR T RO, SUE
o e O TRty sy . SEAT V60 BE 1 (R0

BY), VI 45 A5 X REAN BN SR 1 40 B AT 4 015 21
AT LLE 3, scCLG 3R HIRFIE R 7R 5 R IR SR AE AR B A E 5, JE8 ] K-means BVESk 52 R B K. 16

ELA BRI TE (R 2R45 R ARI=0.5965, NMI=0.6062), FIRERT 10 NS B 04T T 5200, S22 i o i
X T EARIUAER SR AR E PR — R R iE e, S T B G A AR R A R A, R AR bR Y
AR B B AL A 7By RAEFRIIX 73, [RS8 40 i 7> WALSZH (I pre-train) (45 5L, YAARKRAC 2 5 4G 4 700
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Romanov
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“(b) NM1

B9 scCLG ANH AR A ¥ SRR B A 11 b S 9 24 R L
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2 0 24 ) AT 80 20 A BRI 2R . AR T Ve A
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{5 B DS 2 R A 5 ., PP 2 0 24 30 474
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B, 450 il A o 0 B BRSO S0 8, e Bk
SR TR (KA 2% R 7. S B0 B 1 7 3B
24 2 THT B0 0 L 3 W A 75 9 9 2 B Q9 2
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BET MRS scCLG R R H B 47 i

P, BT UL 2R ER SR R FIESL, S & D AR R H
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