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Multi-view Autoencoder-based Functional Alignment of Multi-subject fMRI
HUANG Shuo,SUN Liang, WANG Meiling and ZHANG Daogiang

Key Laboratory of Brain-Machine Intelligence Technology Ministry of Education, Nanjing University of Aeronautics and Astronautics, Nanjing
211106 ,China

College of Computer Science and Technology,Nanjing University of Aeronautics and Astronautics,Nanjing 211106, China

Abstract  One of the major challenges in functional magnetic resonance imaging({MRI) research is the heterogeneity of {MRI da-
ta across different subjects. On the one hand,analyzing multi-subject data is crucial for determining the generalizability and effec-
tiveness of the generated results across subjects. On the other hand,analyzing multi-subject IMRI data requires accurate anatomi-
cal and functional alignment among the neural activities of different subjects to enhance the performance of the final results. How-
ever,most existing functional alignment studies employ shallow models to handle the complex relationships among multiple sub-
jectssseverely limiting the modeling capacity for multi-subject information. To solve this problem, this paper proposes a multi-
view auto-encoder functional alignment(MAFA) method based on multi-view auto-encoders. Specifically,our method learns node
embedding by reconstructing the response spaces of different subjects,capturing shared feature representations among subjects,
and creating a common response space. We also introduce the graph clustering process by introducing self-training clustering ob-
jectives using high-confidence nodes as soft labels. Experimental results on four datasets demonstrate that the proposed method
achieves the best decoding accuracy compared to other multi-subject fMRI functional alignment methods.

Keywords  Functional magnetic resonance imaging, Functional alignment, Multi-view representation learning, Multi-subject

analysis, Brain decoding

W E BRI Z — RIS 5 A AR PR
TRAT i N0 T AEBL AT LG 2R 2 B0 O BRI R B 2
TEARZRL 25 FHLAS 2 20 U, 3R 58 N 8 K 4n Al T4 2 AR A SR R R S LT B AR B R R R

1 58

F 5 H 19 .2023-06-21 R4 H I .2023-11-30

FATH R [ RFHFE 4 (62136004,61732006, 62006115, 62106104) 5 [ 5K & 5 HF & 3141 (2018 YFC2001600, 2018 YFC2001602) ; H [ 18+
Ja B2 54 (2022T150320) 5 1 [/ T BE P 22 (CAAD — % 25 MindSpore JF it 4

This work was supported by the National Natural Science Foundation of China(62136004,61732006,62006115,62106104), National Key R&.D
Program of China(2018YFC2001600,2018YFC2001602) , China Postdoctoral Science Foundation(2022T150320) and Chinese Association for Ar-
tificial Intelligence(CAAD) — Huawei MindSpore Open Fund.

WG VEE 5k 58 (dgzhang@nuaa. edu. cn)



142

Computer Science THEHLEIZ  Vol. 51.No. 3, Mar. 2024

FRATTAT LA T 22 Fb 77 ik ok 0 42 O fig i 20 3 G0 B T R
T HL W 2 4 (Single-Photon Emission Computed Tomo-
graphy,SPECT) | IE H F & & Wi )2 1 #§ (Positron Emission
Tomography, PET) | it £ 4} /3% ( Near-Infrared Spectrosco-
py, NIRS) | ZH 4 4 3£ % 7 5 (Event-Related Optical Signals,
EROS) . fili # [ ( Electroencephalography, EEG) . i % 4]
(Magnetoencephalography, MEG) , 7 )2 B §ifi it R (Electrocor-
ticography, ECoG) F1 1 fig #% 3£ #k A f% (functional Magnetic
Resonance Imaging,fMRD) , 5 H Al & J5 3% 4 1L, IMRI E
ALT WA EZA A DAER —F IR AKX = A, K
H A I % 7K SF 4R #i ( Blood-Oxygen-Level-Dependent,
BOLD) {5 % W 4 ifn i A9 A0 38 22 Ak o AT ) 2 A 3 oK g 1%
35 2) e LLTEA 7 LA ] © %0 80/ 8 T L 42 41 5
A A3 E] S AR R DT A a3 AT A 28 3 Bl £ A1 TE
HEA Y £ 20

U AR NATTHE Nl P 22 3% 3l B8 48 40 A 7 T Ui 1 48
DR SR BRI 22 MR L A2 24 NS Bt 19 EMIRT 40408 475 48 Tl
I 1 22 VRIS R0 07 figp ple ik 4 ) BT % B 6 3 A AL 2%
2GS BE R W Z —, 76 IMRI BR8] 2 0
KB B ERAIEECEEMN. —Jrm, 28080 5 T 5
SR A5 R A A B BT ) — W, o T F R
ARV 2Z 8] Y 22 5 P 2 90 IMRT B0 o0 A % B AR
7] Bl 12 2 1 Bl G20 Bl 22 A)HE AT ME B 19 T R R A 3 45 A R
DU 42 3 i 2 T2 06 25 R AR B, ZEXRE R L R HE Y
F2 % H A T B R A (R B Y AR R PR 2 254 22 S D AR 1Y
12, DT B A b LG R [ K 2 (B A 20 B X D
T8 o LA Bl — S ok L ANl R B o M TR R 0 B AL RS 2 )
Ao XTIk AT LU B 9 N DLR 0 A TR B 2 ] 3
[ R A0 22 S, O A G il b HE BT A [R) P 22 245 4 L) E 22 1)
MR, BARZ P IMRT Hodf 45 090 1 7T 58 2 88 m 43 17 19
=N G (BN R Y 27 ) | T R T i v e N TR
— A S FRATRT KNG Bl AR . R E R SR B DS, fi
H 220 EMRT Bdle 2 Ak W B2

e Ty v AL S P R - AR B A R T R T BRI B AT
ATLAZE G R Az BRES A A v R R 4509 MIRT 1% (i
HE T BRES M R AR ) JEAT A ME B9 B T U7 25 B 10 Talairach
XEFFO L SRTAT LT VR R BE AR B R [ Y i 2
B DX IR/ JE R AN SREE M) 25 AR IR . SEBr b L TEIF £ M-
RI WF5E 0, A BREE A A MEAL T T AL B 2L 3R, AHILZF L 1
RS o 3 PR e A o AN ) i A % R A 2 T . A e
(Hyperalignment, HA) 2 i & A WD RE R k2 — . FE%K
2 b R ME RT DL SE i M B AR OC 43 BT (Canonical Correlation
Analysis, CCAYM™ S ZR7R H gk, 7 LUK T 2 93k IMRI
FEHIFERCHEE L ZAE CCAL SR, 15 4810 2 6k 3 K
THERIT 52 30 5 2 220 W i X2 7 T X [ o ) 9 e 5 O o g — £ 3
[F) Frg Al 28 e 7 R ALE o T AXAS 56 13 A B 2 9 A5 8 A it =2
) fy 22 5 . B 20 AR AN R 1 B S i T ABATT B AR
KFATMATR % BA — Se L [E (Y R AE . AR IR I T
— R T 2 E B AR 0 BRI Re R HE T . RN E
B IMRI D) 58 A5 HE J7 23 A 5 42 W45 4> 90 00 45 1E

KRR T IR IE N TAE S W E A, HIELRATRAZ
BLIEL 1 2 T i o > B3 0 5000 2 ) i A 2 ) R T o
Xof 1 2o DI A B B e ] 2 75 HE AT 20 B R0 6 L DA T 52 3 2 fiE
M o %77 1 30 3 T A AN [ K 0 I A [ R A 2T N R
A AT S — > 2 S g w7 2 1) DAAS 48 AR [ o oy 3
FRAEFRIR o A SCHY B R1HT A4

DRI T —Fh Ik T Z WL & A 2 4 4% 19 20 BEAC i T7 122, 42
P A [ B Y L AR AR R

2) {1 P 2 WU 1l Bl o 2 > L ] 267 [ g ) 5k 4 3 1]
FOR AT RIS I A DL A P AN S AR L T 4 M A 4 A TR
WA 2 0] A e SRR AR R, HL T A 3 DX 43 S TR] Y A 28
R

3)SEER S5 R AW P 2 05 VAL T B RO SRS R A 2 K
AR DI RE R 7 vk . P v T TR JE .

ARICH 2 BA P2 HE IMRT R D) e A e 19 A ¢ J7
BB T IR 55 3 T A SO A 19 3% T 2 IR A 4 8 4%
B4 22 1K TR AR D BE R D ik 5 5 4 R O 5 B D vk
7B S SR IR e T AR SC 5 ik WA A s fR A LA A SO R
KKk

2 MHXIE

RAEE AR AT 2 83835 i %218 2 B A UE 3 2 4% 7
A, A% ME (Hyperalignment, HA) F1 4k 52 miy fij 45 #1
(Shared Response Model,SRM) , ##% #fEJ&—Ff H i 9% )12
8 A T REARS T vk R — O U B A ) A 1Y T RE A U
J5 kR H HA RBEZEARH w4 e s ) P S, T
B HA ¥ = 2] 80 52 (7] B i, Xu 25 I8 & 7 15 T Ak 48 A% o
(Regularized Hyperalignment, RHA) Jy &, F| F #1 22 & K 1k
(Expectation-Maximum , EM) 53 1% 48 5 4% IE Wb i S 4k .
Lorbert ZFM R T HA J7 ¥ 78 {MRI Wi R (19 28 3 75 7 T
By Ry BR 1 . A ATTHR 32 Hh T A% A% (Kernel Hyperalignment,
KHA) 75 AR 2 D e R e 1 — Fi R 28 4 20 R, 7 Hik A %5 (] o
bk HA BIBRH . Bk KHA W] LA e AE 2k 1 0 g 4 m) 4
1 HC 1 BB 52 21 7 >R 1 1) 11 2 % pR B BR i . Chen 5542 1 T
—RINEEMIRRAMET ., B e AR I T A 5 E 4 R
# K #E (Singular Value Decomposition Hyperalignment,
SVDHA) ™ Il B & SVD 3 0k o7 & FF E 4743 it . 9% ) 3
1t HA J7 85 a5 0 i 28 g 17 A5 =X e S 21 4 8 5 /N 1)
AR 28 18] T o 3% 75 W A AN A4 4 2 o B 1 9 00 R R T 3
HHEE ., Guntupalli 50U IEFFIE HA PR T — LR RAE
23 [A) A LG P AR 32 R AT L) 5 ey 7 G 170 R A ) RE R B
B A [R) A 25 0 07 2 [ %) 4 2 ) T X Ty B 7 K A AR
R RS S8 0. %07 R i R R 4 S 2 A /N 8 Patch
P SRR AR Patch A3 & — AN CCA AL, 58 o
HZA U CCA BRI R AL, 7T LA [R] Patch w28 15 52 18
B SRR A S . e Ab, Yousefnezhad %5 HF & T —Fh 3 T S 5L
HOTR AR TT ¥k JF W %07 13 i 44 R TR B B A% #E (Deep Hypera-
lignment, DHA)Y!™ | 1833 DHA f# ok T AF £ % ] 150, [A] i 422
THT Sr ML RE . AL ABATIE SN T WA A R T R
43500 Sk JRy 30 ) 531 4B 4% HE (Local Discriminant Hyperalignment ,



OO AR T 2 ALIE B G A Y £ i I R AR S RE R e

143

LDHA)M™T F1 W B # % 1 ( Supervised Hyperalignment,
SHAM . fFHAT BB AR, gm0k B [ —28
S0l B4 0 B =2 ) T BB xR BE 22 1 DG I L T e B At 2K i) % R
Z B SR HR AT RE 23 b

BT — R I ERAE T B Z b, 3 =206 i BB (Shared Re-
sponse Model, SRV ™7 1 J& — Fif & FH /4 22 9 3K i 32 4% 5090
GIAT T U, H B AR AR R K 22 A R A 1 I s 1R B T
J& 5353 B (Principal Component Analysis, PCA) 4% R 5% 8| —
A e = 0 AR 4 2 ) b, AT B BB i 2 R i S A L ()
B B A AR 22 Rk, e Ah B TR A S 5 &% (Convolutional Au-
toencoder, CAE) 7 {5 AE Ay — Fh AR 4R M B AR WA & ik . T T
2 IMRT AR, 207 k% SRM E 37 E SO 2 IR A
b a8 9K J5 il “ R IR AT ” (SearchLight, SL) #4720 #, DL
1o AR R A3 SR AR R S B RD iR e G ik, i T

£ A B AR A
W E G B DR

J§ 46 2 18]

ik # 1 RO

\ /

N (cv

\

Y
=

LESEL
1A

0000
_,|0800
0800
A
>
N,
o,

#Wik# S

ES

Ak RE G

CAE [ S% T SRM F1 SL, P it H ) 7] 45 24 B AR 5
3 AXFE

ASCHR T —Fp T 20 A %00 % 09 2 g0l & IMRI
DIRERCHET s . AP 1 BT 7% s T B A 280 o £ S o D 9 A
2 Pk B g LA A i T 8% X N — SRR B — Rl
IR 2 i /N A AT 9 R T R A R 2% AT 61 X S [ 3
FA NI AR R R o KR 7 RS LA o) 3R S EROR R
IF) WL P A AL o A AR il 2 2T i AR B A R A
R WE AN E . ZSUE AR E S
FHE 22 b R AT T AR AT AR AR — A1 B B A e A A L R
7 B 5 2 WA BT 55 . 7T LA 3hee ) R R A 2
IF) Fry e [a] 22 7%, PR UG T LA AR et Ak B 22 5 30 o A A A
25 PR RHERRE T .

% Rk AR 2 EA A 1A
R® X0 =Xx"R®

©)
P

BT T 2 LR 1 SR 45 4 1) R A o A 2 AE R 5]

Fig. 1

3.1 sHiEMEMEZZTEMNAE

i S AG A e 3 % S AU e .V R IR R A B
CRIL R — A —4E i) . T Oy DL EE & B [8] (Time of Repeti-
tions, TRs) 2 B A7 Y I [A] f B £t o 56 ¢ D00l & AL 3R

680 IR0 4% ol 28 T 1) 5 X0 € RTYV L 0=1, -+, S, X M,
T 171 % 4 28 00 7 B — 91030 47 U — fk A T, B X ~
KO 1) 0=1, .S, FoATHL 01 F 60 H A% 86 B S 7T 9
{1 3 i o

arg min 3 | XORY —G |2

K6 o))
s.t. G'G=1

H ,GeER™Y ZEHFE A, R € RV 24 ¢ A1k & 1 i
SHAE R T LUK B T4 ¢ A0 A0 TR BR A 3 4 a) e 36 31 3
oz, X B IFRA AR RS 2 M IR R R E
BBAX B, 0 4B )RR AL fE 7 Tk P Sk = s Il 2 BT

5 AEAE WSS 5 0 M B9 1. B G—=1/S 3 XOR . 3%
A T 0 T34 08 3 A7 M 4 o) B 2 B o R Lt 1
AR B . FOUCR 2 A O T A i3 3
EEMMAHGTG=1,

Schematic diagram of the proposed multi-view auto-encoder-based functional alignment method
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Table 1 Classification accuracy of different functional alignment methods(mean= std)
Algorithm DS005 DS105(WB) DS105(ROD DS107(WB) DS107(ROD) DS117
v-SVM 70.654+0, 97 *** 16,8141, 77 *** 18.2142. 32 ** 30.69+1. 04 ** 27.71+3. 86 66.79+0. 52
HA 79.95+1, 24 = 38.65+0. 62 % 45. 9040, 04 *** 46,9240, 94 *** 49,2340, 63 *** 80.21+0, 73
RHA 82.05+0., 76 *** 34,6540, 62 % 34,9042, 04 *** 48. 6540, 37 *** 51.51+1, 23 77.2140, 85 ***
SRM 82.3240., 79 *** 40,0640, 19 *** 45,6440, 05 48,5241, 75 50,5143, 327 76.66+0,29 "
CAE 86.24+0. 65 *** 45,4940, 26 *** 48.0640. 06 *** 57.0440.,47 % 65. 0840, 34 *** 82.374+0.30 "
DHA 88.3240., 25 *** 48.7740.51 51.9140.19 ** 67.3240. 48 *** 67.87+0.21 % 84.17+0. 36 ***
SHA 88.19+0, 14 **= 50.38+0. 25 *** 53.77+0. 31 ** 68.28+0, 17 *** 68.09+0, 42 *** 84.65+0, 48 ***
Ours 90.29%0.35 51.69%2.07 54.86+1.23 69.1240.22 70.87+1.18 86.75%0.26

T T D U LR L Oy s k0 B p L ¢ TR p<C0.05, xx FIR p<C0.01, xxx FIR p<L0.001,

TEARSCH M 2O E A RS Re b AT MR A A ERE ., FRAI M, I E o=1 M =0.5 5 1
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Influence of different hyperparameters on method performance
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