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Joint Modeling of Individual Neural Responses
using a Deep Voting Fusion Network for

Automatic Emotion Perception Decoding
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Abstract

In the era underlying grouping life, affective computing and emotion recognition
are closely bonding with daily life, and impose great impact on social ability.
Understanding the individual differences is significant factor that should not be
ignore in fMRI analysis while most of the brain studies on fMRI seldom truly deal
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with it, we carry out a system considering individual variability to recognize the
emotion to the vocal stimuli with BOLD signal. In our work, we propose a novel
method using multimodal fusion in a voting DNN framework, where we utilize a
mask on weight matrix of fusion layer to learn an individual-influenced weight
matrix and realize voting in this network, and achieve 53.10% in UAR for a
four-class emotion recognition task. Our analysis shows that the multimodal voting
net is an effective neural network encoding individual differences and thus
enhances the ability to emotion recognition. Further the join of audio feature also
boosts the result to 56.07%.

Keywords: Individual Difference, fMRI, Vocal Emotion, Perception, Deep Voting
Fusion Neural Net

1. 4&5% (Introduction)

IS ThEE MR S 2 HIHL i (functional Magnetic Resonance Imaging, fMRI) S F 15 LL
I B HL T SE R FE AR (B LR R SR (Blood oxygen-level dependent, BOLD)iiZ< A b 41
R 545 50 A% (Zhou, Wang, Zou, Zhou & Qian, 2013; Fossati et al., 2003) - ELH > [ff
FURTEA MBI LRSS R B2 kR 1 - RISEE 2 BIAEIE RIS 52583 AT B8 2 A AR [E Y
MR AR MREELEASE - MR LR RV R R+ 1158 - (HRZ B ARSI AE Ry 28R
HRA - BRI R E A E—EE R B (EE - SBE LSRR A BRI T 2
R ERSE ROV - BT - — il A B S (B R 2 (B2 s B I T RE R
R PR T I IR ) S S A B B 4437 (Van Hom, Grafton & Miller,
2008) (MacDonald, Nyberg, Sandblom, Fischer & Backman, 2008) (Kanai & Rees, 2011) ; [i:
Fh> Canli % A5 HAFTE K & (E RS 72 52 H A0 DR R A BRI & 2 Rl 22 i HRas 45 S A
& $EER 894557 (Canli, Sivers, Whitfield, Gotlib & Gabrieli, 2002) « 53 4ME—{7) IERETRZE T
Hamann 55 A\ 8B LM AR B 1B & LA 5 2 FIE RS 2 5L AV 52 2 (Hamann & Canli,
2004) -

TEHEE RIS - KRB SRR EHE RS = 2N U7 A Ryl s RN 7 28 5 H
BT3RS S 5 25 LH AR RA 14 (correlation plot) s & {lE A8 722 52 » 5140 Dubois 55 A 77 28 1 {E
NJE 4R R E - Base R AU EERY TMRI {5 559 7] 5E14:(Dubois & Adolphs, 2016) ;
Parasuraman % A {5 FARDUHY D7 /A SR 22 (8 A 72 S ARl s B AR RO IR AU A SRR A AR
(Parasuraman & Jiang, 2012) - 752t )7 ARG R 25 fE{E8G 7= SEAYEE 24 281 fERASE
FA7E TMRI B35 5 Bhfgns \EHE BURRIB B AR E &= (41> Wu, Chen, Liao, Kuo & Lee,
2017; Alba-Ferrara, Hausmann, Mitchell & Weis, 2011; Schirmer & Kotz, 2006) ) » {R/D 7
R ftiRHE RS 2= B & RIREEF -

TERETE A - FeAMER RS B B ml & i 28 4% (Deep Voting Fusion Network, DVFN)
HEhIMEEREAEREER - DFE A TE S BN - rhEh2em s » sl
AR &g LB BB EEREE - SRR S nY SR N B ARSI R
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ERASLERS T o AT (finetune) © HEEER R IFIHEE: 18 (B2 E - BEEZE 2
51| 251 44T NS08 S TR - TS L 0443561794 % the USC IEMOCAP %
T6H/EE (Busso et al., 2008)ffraat - Fefie AR E G N 4 BBE&R AN ER bA
53.10%1y UAR(Unweighted average recall) » B F7 AFZ Y J50% » Wi P S = 38 22 1 g
(two-stage decision-level fusion technique (Wu et al., 2017))fHEL - A E Enss HgR i
8.9% - [t4h > FINNAFHERIRY fisher vector Bd DVFN %055 — @HY&E RS - (154
MR R 2 56.07% -

IER ST S R KRS B 45 = R RE (A DA S 2B R
1. R — R R S AR D S e A -

2. BEAREREEITEETH MR BRI E P2 IS S RDBRE A R SEIVRER -
3. IBEBHFEIRETINASEEN » (EEEEEE SRR -

FET RIS H oy iR B ¥ Rl & (Fusion) WY 7 A #ET T SRR [E1RE 5 55 =80 70 Hh R FRe /48
DiRe RGN EE - B T & RHER AR 7% - BEFEH - LUK DVFN
R 0 BIEE A ST AS B BB LR, ~ &SRB © B LA AR As S (EE
Sl fR AR RIS T A -

2. XEREEE (Related Work)

TE LRESHIS A2 7 AW R & S5 RE &I (Ayache, Quénot & Gensel, 2007) » 41
early fusion 1| %5 FAYRLE (fusion-level) » AN [E]HYE#E % (concatenate) » i A &
— (BRI IR 5 55— B EE Ry late fusion » f&F & A REFEUN HA AR A SR 73 8 (decision
score) 45& 0 FFTHM—ZK o [EAh - kernel fusion 7R Fy—REE RAVEUE - FI R H0RE P15
(weighted average) iy J7 =45 & 2 E A [EI R REAYFF EUE FHIFECH] -

AR B2 S A e - IRV 5 RE RS 774 (Ngiam et al., 2011) FsFl]
SRR E 4R 48 481k (cross modality deep autoencoder)sll| i & & 2 AR E R AT 1
f] /&= (latent space representeation).

LIS EE o AR 2R 228 B v AR A R PR 2 7RF 25 (EIBLRE LA early fusion 77 =X 2843
E Rk &g - DS (AR EEEE » SFERMTREHE AN EREEENTE A RS
SRS AR YRS R > 7T finetune o

3. 5% 57£ (Research Methodology)

31 B4 MmETH T EMRIZERILE (Vocal Emotion Stimuli
Design and Collection)

H {12 the USC IEMOCAP &}/ (Busso et al., 2008)35%s 1754k 142 & & BB 2 5t

FIEITINRE MRS S YRR - READRHE & B 22 i EUR S R LL R SR BB

L [EI R (Chen, Liao, Jan, Kuo & Lee, 2016) - L5 X5 FHHVE LB & 6 T [ HIH]

Bl REaBEER - P - ARDUCHEEES ~ | & e EEEE S EE 5
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YRR S I B B AR ZORS - LN E L4518 555 B the USC IEMOCAP
database ¢ ][] — 2 S FTITEE - SOIEIE 251 AJ3% -

3.1.1 1E4 45785 (Emotion Classes)

The USC IEMOCAP database H i it &34 (5 &8 58 AV IB 48188k - R (E &R E R 2L 77 8
fEEE A E S - S EE - BET - M AR e T o (H AR R A
[ 251 AJgE - (115 8 BRIV EBE M - B R TSR ITE - Fif12
FRIARIHCE (Wuetal, 2017) » e - ST - BUERLG R AR - i ~ 9
a8 > RIS 8 MBS IERTER AR 4 8 Wk 1A -

R K ES TG R 7 B 0%

[Table 1. Summary of the original and the merged labels of the 251 utterances used
in this work]

JFHRAR] | Valence SE& | Arousal 4k | BiE Rl E TR e
HeE =1 & 33 Class 1 33
51 5 iEF = 12
HE iEmA = 64 Class 2 79
BT iEfH] = 3
g aRs aH 69 Class 3 69
45 =1L = 19
T =i {5 1 Class 4 70
et =\ & 50

3.1.2 geiIREE B EEHRFEREE (fMRI Data Collection and
Preprocessing)

WM LIE S 18 (L EFE#e /1 /E 20~35 BRAVIE 1 Fos ~ BARELL RS2 ZHE - ILE R
st Fy block design - JREER H Y Rl 2 50E B H4E IR A (Valence ZIE[E ~ ik
Fegm) AR AB4EMEIERE (Arousal 25 ~ ot~ (K) HYSIE - LA block &HSHEE
Valence = Arousal iy —FEf2 & 2 4 5 7y R AE - HAEPN A R EEFRL - i A
TEEEMERIRE ) » MR faat T 5 i IRE - (2l B RVEIRREEE 251 -
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[Figure 1. Age distribution of the subjects in this work.]

KRET - T E—THIRETEE block 2 5 78T H & A EEHTHED]
1548 BN 2B E R ] o BAEH IR E RS & 3T scanner (Prisma,
Siemens, Germany) - TR=3(s) - %2 A //\(voxel size)ky 3*3*3(mm?) - B2 FL({9F|F Data
Processing Assistant for Resting-State fMRI (DPARSF)#:{THiEEH (Yan & Zang, 2010) » [
Fy—EHL)% SPM il REST Br#EnYHRAS - m] F 5% (8 i B A2 6 5 Bhi s il G A iz 2R
(2 » 24 ¢ slice timing, realign, normalize, smooth - SERYFIEIE% » FRFTEZREILIR
HBRNE BB — R E R B m RSN &8 R EE ) 2 154 -

3.1.3 ZFESEHEEL (Acoustic Feature Extraction)

FAI(SE FH W (B0 B B = 4 7] EAF R EHERE W SR (1) $RHUEE R P& it (Low
Level Description, LLD) » DAk (2) fEFER SENRE ST (Gaussian Mixture Model, GMM )
(12 =5 1A & 4R (Fisher-vector encoding) - #%{f9{#F Praat (Boersma, 2002)Ey {7 13 (@&
MFCC(Mel-scale SEZRFEEAE) ~ B ~ LU LL 60 Hz fiF 2% (framerate) 2 HLHY — &
R ZFERHEL o AR A E S TP M S 4ERE 1) T z-score B2 - HINEAEE REAR
[E » Feff#E—2F % Gaussian Mixture Model- Fisher-vector encoding (GMM-FV) 5%
T EHEIEESE IS EREE = GMM i{EH Fisher {5 S JE[H (Fisher Information
Matrix, FIM)ZT UL DLUE— T 5T B [ & 2K )| 9k GMM S8 Fr s iy 7 ey i > By
BRI 2 DUES AP i e AR E R IS BB Y BB A > BB EEREY— £ 51 LLD -

3.2 FIFGRRMEHEEE 2 FHEER (TMRI-CNN)

BM2F i AR MEERERHE AT Y B i s 58 - SRR RSSER AR S
R B HYREL(Wu et al, 2017) » HAMEREOCRIEE T I FT /N i I T E 2
B S P A 2 s 4 R A YE 2£ (Phillips, Drevets, Rauch & Lane, 2003; Holt et al., 2006;
Schirmer & Kotz, 2006)+ [K| [t 7£ AR FE 5 » Fe {5 F Automated Anatomical Labeling (AAL)
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AR I EE Y MR &R} > S 5 A A S AT A B4 > IREI-GRE & g
(Convolutional Neural Network, CNN) » 2BV SHE Z i & RAEE @ VS B m & -

1 CNN Sz - Kb Ae 4 @618 3 et (b)g -3 g 28 #E g » ) 1 g softmax
g DA 4 BB REUE(E - LI A 11 [EREiEE - S BINEE By - BUERNEL
B SR MR ek B (Rectified Linear Unit, ReLU) - {8 (b 25 (58 F BE B 156 1 [ 04
(Stochastic Gradient Descent, SGD) » H.2:#5 weight decay % £ & 0.000001 - momentum %
5 0.9 ~ learning rate 5 0.0001 > [F£4) epoch 2% 5 20 > H 3| MY R 1] 3 88%~95%
B RS BRI AS A i 51| 4 5 SRR - FRAPTE B8R — @ RS e 2 (500 1 EfiRk) 7E Ky ThAE
MRS R AR L -

Individual Differences

| Deep Voting Fusion Network ]
O
':lq b Voting Fusion Layer
XL O
E o &

O N

| GMM-FV DVFN Fusion |

16
R 00500
MFCC-13 a A L ATEV
D e @ %m’ u b ;,@l:::j" L

Intensity

Input Spoce Feature Spoce

2. ZITREE - LA MRl ZSE E ARG R © FfajaE %43 DVFN
RARE | TFE S SRR R 51522 DVEN gis -

[Figure 2. The upper part of the schematic is our proposed deep voting fusion
neural work in performing automatic 4-class vocal emotion decoding; While the
lower part fusions the fMRI representation obtained from DVFN with the acoustic
feature extracted by GMM-FV. ]
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3.3 FEKEMSHEHEEEZERE (DVFN)

TR AT DVEN 228 58 B B P Mmh & S EE RS AR B LURISR A &S f2 G Fr 2 AU I 4
% - 20E 2 AR - DVEN 884G 7 g beiE g © 55— g 2% g (dense layer) K¢
CNN ZZHY Y 500 4EFif#a 2R 4E 2 100 4 © 55 Jg Ao ffE > BV RREE AR 100
e EEFEE RN E Z R PR AT R 64 GEFE R 16 4 - &k T 4 (HEGES
(1 softmax layer DAfSE {5 &E 2RI o )%k DVEN B > F{F{sE A 73 8858 X Ji (categorical
crossentropy){F a5 eRE ~ ReLU {F Ry s e 8 ~ 1825554 Adam H £ learning rate
{85 A 0.0001 » £%{% epoch 3% & 10 2K -

3.3.1 #EFEE (Voting Fusion Layer)
M5 AREEmEE T BRI & 22 B2 E - HEETEZWT -

Hrp Dogfh e g f Byt - We BBl e f RREEESEIE - D, AlRy DVEN ZRRE 55 g ry
o PRI AR BEEEHE - EREENE - AR F2HE (bias) -
[ERPSUS > IR R BN S E (6 A RVRHEE REE (W) -

3.3.2 FEFERMAHEHER (DVFN)

DVFN ZefE ¥ ST At 20 B (DIERE & IS Wr 1% > ST ICRE EJE AT =
(masking) - (2)iRFSHEE1R AITE EHEIE Wagusted BEDFTEL AR S & 1E B @20 - ¥ DVFN
HELT R (finetuning) © 40 B4 - Wi R MEBGHVERIEE - M5 2 (a5 R HAYARE
NAALRETIEFEETRMES ~ R ZAHNE] - NSRS > AT W (FEE - 365
A—{ERIE(T) :

f(w) = {
R O B R R BTG + L O 2 (Bl » e TR R

HIZ S E AR IR S, - BEEIES QT BelPTEL Waguereo HU Wi 3 S48
(finetune)#([E DVFN Z24# -

1, if lwl <t

0, iflwl<rt @

3.4 BEEHEIMRIESEFES (GMMFV-DVFEN SVM-Fusion)

HAPIFE Ay DVEN 2 o B L 085 — g (16 {El fi7RE) A 20 A0 H B GMM-based 1y
B fisher vector AP - #E17 early fusion -

4. EEFLETHLER (Experimental Setup and Results)

M E Bt BAIR TMRI S TEHN 251 (EEEA) Sy HI By 4 JEIES 54 - (5
SR AT Y22 RERT - TMIER A leave-one-utterance-out Y58 Y EnEg /774 o FRAMIAVAE R B LA
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unweighted average recall (UAR)EE R o DU fy—Su 3R F 2R LL i ny 208 DU R Hoploat » Horp
AVB X% average-based ~ INB HI & individual-based V45 -

e AVBaverage: EfERATA AH FMRI-CNN ZEHH A5 R & PHIRE AT 12 28 SR )
=% (Support Vector Machine, SVM)4345 -

. INB Individual: $F1HE AH fMRI-CNN Z<HY o E 2 28 A SVM 433 -
i

o INB SVM-Voting: KiFrA A H FMRI-CNN ZEHY H VR = £ 5 51 SVM 733510 A
FH decision score #:ZZ(Wu et al., 2017) -

o INB DNN-Fusion: A AH fMRI-CNN ZEHY S HIRF LR LA DVEN 20 > 24
M RS AR -

. INB DNN-SVM-Voting: #FTHE A fMRI-CNN ZEHY HA9FEH = =% A DVFN Z24#
Hho AFHETHHEEEE @R SVM 4345 K decision score %22 -

. INB DVFN DNN-Fusion: A% =27 (5) 27 224 -
. INB GMMFV-SVM: ¥} 251 {35 F2#E7T fisher vector gt » FIJF SVM 5308

e CNN-GMMFV SVM-Fusion: ¥/ A fMRI-CNN Z£Hy S 4 1) 8 B S R
fisher vector #(]F5 Decision score {7 late-fusion » FEF|FH SVM 4345 -

. DVFN-GMMFV SVM-Fusion: $F7A AR fMRI-CNN Z£Hy S 094 % 5 &% A DVFN
S R Y RIS R o I B A fisher vector FIJF Decision score #E1T
late-fusion » E A SVM 434H -

4.1 fMRIE4E 745 5E (Emotion Classification Results)

% 2 BBAMAIH IMRI FE4ERAT 2 4E R - BEMERE DL 4 1 UAR 2R » TfMHeHiay
DVFEN ZEs R e - “ERERR A 2 53.1% » #2 2 FibFTAY4S S (Wu et al., 2017) » 7RE[ INB
SVM-Voting » tHEf#E 8.9 % o {3 2 R DLEEER - RHERSHYRHEUE 5 8 > JRE[ INB
Bl AVB Lh#ER - 45 BLA/MERRT - R LS TR SRR nIiEEs « [ERSERE
EHEE -

PEAh > B EEMPECAE RS - TR EER S IBHYS [ A > RE(E 1A 4 pS 22 I gE S [F] Y2
LERER SRS » [RNILAE A RUNEEE 4 77 B AE R « fe2 2 HJrm] DA A1 ek
A % P ZE A 3 5 (INB- DNN-Fusion) #2 SVM 43 J8 5 Il F§ decision score % ZZ (INB
SVM-Voting){#; 1% F I -3 EHE S0 A 2148 DVEN HYZ8C (INB DVEN DNN-Voting)
ﬂUEEﬁ\ A S EEREET(INB DNN-Fusion) - ZERERT] 5t 6.9% - a2 A Ry i B (i
SRS RE B N E RS s 2l - (MR A AR B S R 45 5 -
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& }/2% (EHT DVEN L{ R B ERmHS T 20T IS PFaa R - SEHERE L UAR(%)
=

[Table 2. It presents the 4-class emotion classification results of our proposed deep
voting fusion neural network and other fusion techniques. The accuracy is measured
in UAR (%).]

A-Class AVB: INB: INB INB INB INB DVFN
Average Individual SVM-Voting DNN-Fusion DNN-SVM-Fusion DNN-Voting
Class1 | 15.15 12.24 15.15 15.15 15.15 24.24
Class2 | 72.15 77.43 84.81 89.87 87.34 87.34
Class3 | 44.93 46.41 55.07 55.07 57.97 56.52
Class4 | 37.14 40.87 40.00 38.57 47.14 44.29
UAR 42.34 44.31 48.75 49.67 51.90 53.10

4.1.1 RRES T (Threshold Analysis)

AprgEd > FPPESIH A FIRI(E T AyAErER - R E R TR HIE & 0.001 £ 0.01 > Jif#E
FH Leave One person Out Cross Validation (LOOCV) 975 =ETT » 45 R40[E 3 Fios « ‘&R
1B Ry 0.002 I > Hff 4 SFIBGE TR R (- SR ACE M350 & B ERY N B0
= 0.003)AEHfEAF LA = - A L (H Rl & T HE B PR S AT E SRR By O RSB ety -

Threshold Experiment

53.5

53

52.5

52
51.5
51
50.5
50 .—
0.00 0.002 0.0

0.003 0.004 0.005 0.006 0007 0.008 0.009
Threshold t©

UAR (%)

B 3. FIEEGE « THIVIERITEDraba R o 2 E L UAR(%) 2T
[Figure 3. The 4-class motion classification performance measured in UAR (%) as
a function of threshold ( z) value]
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4.2 SHEEBEfMRIgIE4E5E (Multimodal Fusion Results)
% 3 REtdil MRl &R AT 2 &R - & n DUE SIE EA SR8 Y
GMMF 48 8 SVM S TUHH % 4% 73 1 (INB GMMFV-SVM) {8 1] 5 G4 5(53.83 %)
BBy AERER =2 63.63%; FHELI = A IMRI ZE73J5F (INB SVM-Voting) i A i
RN F2(48.75%) - HE—FEHN S MEAERIER 15.15% > BEFERE 2 T A AEERHET 5
— MR e S 2 24.24% o (LRI RIS ARV B0 5 s B m G 48 - SOB S 2 B
BIFERM NV LR EE A - A EFRER SRS IMRI @& ry )7 22715 —
HYGEIR - AR R G R s -

& CNN HE A EL S /S GMMFV gl & #E(CNN-GMMFV SVM-Fusion) » #ERER
WO R AN - A2 556.25% - LHENE NS - SEMENEINER) IMRI &k
{5 L AR 22 36.63%  H 55 PURIAY 45 SR 1. PR L AEAH A & SRAN AT 4 77 {58 UAR $27F 22 50% -
FAMVE R DVEN (A5 2 (@S 2= SRV A T EUHAY TMRI F5EEL GMMFV 4551
(DVFEN-GMMFV SVM-Fusion) » 55— TSR SO IAE 2 42.42 % » H AEAEMESR
PR 4SS 0 25 56.07 % -
3. BRETMRI ZRHHS 75 2 H VIR (S 4E Dt R - B R EPL{ UAR(%) £ -
[Table 3. It provides a summary of our recognition results using the fusion of audio
and fMRI, and the accuracy is measured in UAR (%).]

4-Class | INB GMMFV-SVM INB SVM-Voting CSNV'\II\/_I(—;IL\?J 's\fanV D\S/\S,\'\,Il__(étﬂsl,\gﬁv
Class 1 63.63 15.15 36.63 42.42
Class 2 49.37 84.81 76.08 74.68
Class 3 60.87 55.07 58.26 57.97
Class 4 41.43 40.00 50.00 49.22

UAR 53.83 48.75 55.25 56.07

5. &EsmEARANFE (Conclusion and Future Work)

FPAE R N B A {2 T I T 0 T A R e R B RS s R
PRI T EAFISETT RS » 40 el A 2 B TR, - L i 7 s
SEHA] o FRIPHEHAIET S A RS S ORI R - DA ISR EA
KPS B R S R (A A RO R S T SR B IR
SR 1 B LM SIS SN - FIFTZBRETEON 4 JES4EE% - JRMNTERER (Unweighted
average recall, UAR) T 53.10%6 » Jt 51 112 B3 25 16l 5 5 o o 25 1) (5 0 B O e
Frees - FLEFIN AR SN o MR TR 56.07% » HA— A TG AR
BT 75% -

A% 716 T DL GAE R+ EC— PRI F 4 40 AL S 4% (recurrent
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neural network, RNN)I £ %5 HA =0 1% 1 48 48 % (long-short term memory neural network,
LSTM) f& $¢ fi&§ =1 5% I 75 ) 1% 4& (Li, Song, Zhang, Hou & Hu, 2017; Soleymani,
Asghari-Esfeden, Fu & Pantic, 2016) » 22K & fMRI 24 BIFEE » v L—HF A E
B B 4 B R A HUSL Y AR 4 DUB S SE AR RHE - H = 0 FRFIESS ST ff ERE S
TEW TR I B e I 4 A BRI M » BHSZRESmHR H 2 B & 2 BRSNS - B0 S 5 W
BBz s B Gy 2 sl A S S Rl = R -
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