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Abstract  Developing robust cross-subject EEG-based affective models is one of the key problems
in affective brain-computer interfaces due to the challenges of individual differences and non-
stationarity of EEG for building satisfactory affective models. In recent studies, transfer learning
has been successfully applied to reducing the differences of feature distributions between source
and target subjects. However, it is still necessary for users to acquire a moderately large amount
of unlabeled EEG data from target subjects. Unlike the existing transfer learning frameworks
solely on EEG, we propose an alternative approach to applying eye tracking data for calibration.

In this paper, we propose a novel approach to leveraging heterogeneous knowledge from
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spatiotemporal scanpath patterns to enhance the performance of cross-subject EEG-based affective
models. The main ideas behind our approach are that what and where subjects are watching
would elicit their specific neural activities in the brains and such useful information would provide
important clues to emotion recognition. We introduce heterogeneous transfer learning to use the
modified transductive parameter transfer (TPT) framework. The TPT approach consists of three
main steps. First, multiple individual classifiers are learned on each training dataset of source
subjects. Second, a regression function is trained to learn the relation between the data distributions
and classifiers parameter vectors. Finally, target classifier is obtained using the target feature
distribution and the distribution-to-classifier mapping. To quantify the domain discrepancy across
subjects, the scanpath sequences under the same film clips from different subjects are encoded and
compared as a measurement of domain discrepancy for subject transfer by using dynamic time
warping. The scanpath patterns are used as guidance for what knowledge should be transferred
and how to transfer relevant affective information. We calculate scanpath-based kernels and
EEG-based kernels and construct the cross-subject affective models with the transductive parameter
transfer algorithm. The proposed approach has two advantages in comparison with the existing
approaches: (1) the easily accessed eye tracking data from target subjects is utilized for subject
transfer; (2) with only eye tracking data for target subjects, the proposed heterogeneous knowledge
transfer approach can utilize the discriminative properties of EEG from other subjects. For conventional
framework, the calibration phase requires recording moderately a large amount of labeled EEG
data. In our framework, the calibration phase for new subjects can record only eye tracking
data instead and transfer discriminative information of EEG from potential source subjects. It is
feasible in some scenarios where collecting eye tracking data is much easier, while adaptive
models are still able to recycle the representational capacity of EEG recorded previously for
emotion recognition taking the advantage of high performance of EEG. The performance of our
proposed approach and the state-of-the-art subject transfer methods are evaluated on an EEG and
eye tracking dataset of three affective states (positive, neutral, and negative). The experiential
results demonstrate that the scanpath-based transfer models achieve comparative performance
in comparison with the EEG-based models and the scanpath-based subject transfer models
obtain the mean accuracy of 69.72% in comparison of the conventional generic classifiers with
50.46% in average. These experimental results demonstrate the effectiveness of our proposed
approach.
Keywords  affective brain-computer interface; multimodal emotion recognition; cross-subject

affective models; transfer learning; EEG signal; eye movement signal; scanpath
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B3¢ 21 7 vk 32 BRI TS ) B2 48 A ok T80 il v 20 A1
ARABAE . 753X HEL AR B0 HR 2y 5 1 22955 Bl 9 A O R
TN A BRI B 4500 0030 s v DA 3 22 5 B
Z [E)RHARLE . 7 4 BB HR I %) 450 R 00 328 e 4] A A1) 3l
A I [A]RLRE FEAT HE T, FRATT AT AT 31 5 2k fil vl
TR LR B L R 2 BT 78 7 12515 31 85 ik
17 TR 7Y

AU T HEXS BT BHELR, H 2 A
J2 4 IR AR 2% [ v R T i ) B2 RN IR 345 5
rh IR R T L Y B R R AT S AT X AN
[ 4 3 14 BCHI 4 A1 52 BT S P s B U A
AL I T THE T I A B BB R . aT LA IR
B 30 B BN R T RS S R U R R T A ) 5
T RS YL 33k RE R — U7 THIAE 2R GE b 5 DA S Y
IRt FE v B AR Sl 2l AT LA 7 R 4 AT A7 fii
Bl 53— P e A B R S i o bR 2 v
H B0 T LR T BR R T R ) A R B L R AT TR B
AR X AR e 1L Ge 1 IR - AL 10 rh gialiT 7%
fi i 78 5 5

I D AR S R ) S RO RS 2 A T i AT TR
Mo A IR e ATAE A R SE D= (a0,

Vi E AR LA 8 2 . 35 TR A
?ff&"ﬁ?qﬁmm(Support Vector Machine, SVM)
VER o2t .0, =[wi, b, 15 T FFAE 2 18] o i) # 7
2% H s R %UMT@)F)?/T

Inglzf\\u;\\ 4—AL§]zo/x;4%b,y;> (2)
b ~

Horp £Co) B4 5% pRi % (hinge loss).

TEH 2 46 IR — A Il H R B R 27 ) I 4K
o3 A th D—>6 RS O &L i T K 23 A AR R
{14 S5 A0 4 5 Y T S A O Y 3 A 2 3 e i S OC
A L LRETE B bR 25 15 LAY AR B Hh 00 2 25
ST 2B, T AL O S A ﬁﬂﬁﬁ@i& k(X X))
AP B XA X Z AL . X A T
PR A% BRI i T %8 & 45 11 (Density Estimation, DE)

AR S B 5 T Bl b B2 B0 B B (Earth Mover’s
Distance, EMD) A4 4 BE* . 3 F % B Ak - A0 42 08
P LA -

ke (X, X,) = L EZM(M,M (3)

/1L11

Hrbon,m ﬁj\ﬁ'JEXHX]EI’Jﬁ’%ImX(')%%%1‘2.
T FE X X 2z 8] Rl 2 3l B B EMD,
i k-means BIEITEHMER 7= ( (v w)) .,
(vg »w) } Il T ={ (0] yw}) sy (U why) ) BIFFIE 5
(signatures) , Hoit o) Fl v 23 il 02 X F0 X (BB 28
O o T ey o vl 2 B AN 5 SO 0 4 A ME. A 28 S
W ik e RASEH N 5, A BRI B0k A A
FREMME. X XA X; Z 06 3 iE 3
EMD 1] LAsE Xl
Disp (X5 X,) = min chiIf@ (4)

fpg= /11

- i -
s. t. 2 :f/ul = Wy z :f/)q - w
p=1 g=1

H, f,, &0 3 48 & (flow variable) , d,, & #b #f 5

(ground distance) , & XN d,, = [|v, — o) []. AT,
BT EMD MR M AT
ke (X5 X;) = e Prn X)) &)

Hrf o & — D280 X T EMD S5k HAR Yy, i
WEEH S 75 M SCHR[40-42 .

PETH SRR AR B 5 A1) 22 SRR ) e [m] ) A
B (multioutput support vector regression)™*, @] LA
2] B WL eR B S AE 22 B D S A e ] AR A
Wb R BOE L f:P—0 E XN

F(X) = ¢(X)'B+¢ (6)
B=[B s Buri I c="[crssenn o BURBUA
01 Y -0 ¢<X>;‘%M§N}E’ X B — A e 4 25 [ AR
LE PRI W s /IME LT B AR R B FRATT AT A
%ﬁBﬁc

M-+1

mm—§]uﬂu +x§y<ue—f3<x>u><m
3 5 %l/\mﬁ[@ K,BMH@HU%JJJ
f(X) =

TEZ R I iﬁPL : » Tuia S E[F S A T £4C
AR/ ZARETT RV A e T AT E TR
3 A B 53 5 180 2 5000 WA e R

e - FAR G 28 2 09 2 B & m] AFE B A H AR

vaw‘m+c (8

BAkbR B AE SRR 0, = F(XDE 0,.= f(SD
WA 2. 25 % HARRAE « F13 288 S 5800, X
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() TR 45 b 25 AT LA |l DA B R 81 3 y =
sign(w/x b)), Bk 2 845 T [ AL T 2 2
B R AR B Bk X TPT Bk 2 41
WL EEE A S SOk 40 ] B Sl Bl 3R
1A% 27 9 A e X B8 B 78 35 T i F ) B8 X
A5 TR AR5 T 4 A 2 1 i 4 1 S A R

Bit2 HETHMEASHIH (TPD L
TR 7 k.

A VB L B AR AR D e Dy L LI )

Sieer s Sy B AR IR HL BOHE B X ORI 9 0 )
% S* L AR S 4 i L SVMs B4 1E U4k 2 51

s BAR K2 S HOA i w0y w) b

1o A U538 )P M e 2500 o A A i A A A g 2
B0=(w b))

2. U HMIGES. T =(X.0 L M1 ={S],
0,0,
3. TP B3 0 H R0 3 O I A A R K R K
K, =x(X;, X)) . K, =x(S],S)).

4. #hE K'LKE L THAT S R 22 6 S e 1 ] 0 48
B2 S] LGOS,

5. HE (w; b)) = (X)) FI(w! b)) = f(S").

6. KM :w b w! FIb].

4 SCIGEE

AT ST B R O . S S e rh fi
JH 1 SR e, TR 2 38 B O A AR R A A
SRR RGBS R A 1A A A8 ik
HE AR 2015 5 10 55 i 700 A B R0 AR5 A1 48 B, e Js A 41
S bR B PEAN 48 B o A5G YN 2R A A i AR Rl 4
BL 7 1 VL M a5 B O B A G S RO
4.1 ERMEBIRINBEREESE

YR R SRR AL 7E S B i 1
B R TN TR SRS TR AR L B i H TR B
Hds . 38 A B EEAR L AT 1R R B
VE 19 26 5236 00 I 08 25 b . IR SR LS B TR A
W 5, FIAIL 5 A T DA 3 3t DA A %o 1 2 % A B A
RAF I RICRD Y T i AR R 55 R I HL 5% 1 BEAE N
55 28 S 30 (0 R A

FATHERT I P W58 TP R 7 150 AR A
BOHRZE T 20 A TRl i 2 5 3 0 X SE A R
Bl AT 1 VPl . PP AL 8 AR 00 45 1 28 OC B DL LI 2
B WA 4 BE 35 A (valence) i & F2 B Carousal) , 43
AT T 5 - PR, e 15 M HLE BB
PR S = 281 45 1 0 R B < QR T P v D BT

Fig 25 394 5 A5 v B B M BT R &y
JE 4min, XY R BEARR S 5 #H N iR T
I 1R A3 B R WX 15 SIS R BT L LS 3 i &
B 1 5.

FECSEE AL E 15 DB Bt (session) , B4~ By Be %
O — AL B TE RS ML e BOB CHT . A S s
FIRIE R FE R 3. s BR A5 R 5 A 45 s B[] ik
PORARYE B IG5 KRR AT B IRVEM A K 15s
MRS, 28 1L R T 7617 45 52 56 vh i SR F i) v 5
By,

x1 BEXBFARANEZRFEAT

1 26 b 2 M5 R BOR TR A BEH
iyl DN 2
1 T — 3
1E T ATR®Z 2= 1 2
1E T XA S 1
E T T A 2 2
rh [ A 58 7 A o 5

TATHE S T 13 K9l (7 1 B 6 24 bk,
FIRTEHTE 18~30 %) S 5 S0, ] 78 52 50 i 48
PR T S5 A H A RS AR DGR R AR SR
PR R AN BRIl 5 Boad # b R i
FAUAT) B AR 2L IF AT 20 5 A ~5 43
HAEAATT B O A 4 B VAR Ry S B R A8t TR 0 1
WAREEB N SR EEERE 2 HBR
TR AR L B ik A2 op L FATTAI A EST Neuroscan
oG FL SR B AR G5 AR L PR 10~20 Z8 48 Ha AR 7 1 i it
62 3 HL A5 5 . JEL G i LR BR AU Ol 1000 Haz, 4
AR B AR T 5 kQ. W3R4TSR SMI R 3)
IB B R B 10 SR R S 8040 , 158 ] SMIT Begaze 73 #r ik
PP T 45 F IR 2h 2 800, HH 2 Bodis 8 e AR 18 S0k
5 R D g U 1 S 2 SEED(SJTU Emotion
EEG Dataset) -4k [0] [& N SN BLWF AL AL F1 K 252 WF 58
NG BRATFS.

4.2 HHETALIE 4R AEIR EX

Y 20 B B e TG ER UL P 9 S ok i g
AT R R I 5 5 B T 1~75Hz 1y
I R WAy AR AR 5 EAT R R AEE] 200 Hz, DL
DIEWIHRE AR AR EE BRI O 1s
8 i FEL A 5 e B o 31 JBORH 7 719 ki FL R ALE

TEFFAESE b R FH T 3003 8 4 AiE (Differential

@  http://www. neuroscan. com/

@ http://eyetracking-glasses. com/
@  http://bemi. sjtu. edu. cn/~ seed
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Entropy.DE). #£ Z Hil i #H S0 58 . 3R AT & B3 4y
TR BE A% 52 1 3 32 3% %% JiE F# A (Power Spectral
Density, PSD) & 8l H 5 47 iy P gL | — 4>
WAL e R 25 397 3 A5 N (o™ I 208 1 1053
AT (O A

. 2
h(X) =— J ! — eXp (x 2/1) log 1 :
2o W2n6’ 20 2ne”
exp (I_#)_dx
26"
_1 2
—?10g2nea €D

JIT LA B 23 90 A AR AT LA ARk e B v A
(Short-term Fourier transform) , £E JJxi B3, 4387 57 &
(4 5 B (0: 1~3 Hz, 0: 4~7 Hz, a: 8~13 Hz, g
14~30 HzFl 7: 31~50 Hz) T 543 5. FH ik, 62 %
0 FL R B R A 23 A R E R RO 310 4E. B — 44 B
RZAA 3300 2 il A AL AR
4.3 e MIER

X ELF AT R H B — 38 X5 iE (leave-one-sub-
ject-out cross validation) J7 ¥k 47 PERETE M. o5t
S B UK — 44 i BoHE 1 S 4R CH bR
SO T H A 12 44 Bl Y B s S IR AR GIRIED . XS
FAEAR 881 Generic Fe 28 J5 1 (baseline
method) , JATHE B A vl I 09 1 i 3 TR & — 2 AE
N ZRACH S PR ek Sfr ) LI 2R — > ad
oy, FRATWESE 7 A v B0 B 1 T4
XAl ] S H AR B G S A ALY 49 0
W X R ITEAEAR P RATIRZ N GenSub. 383 58
SCHGAE  FA TR B PRI e A AR BCH Sy 9, BRI
TEIBCERARALAY 9 44 Bl Bodhe i 47127

FATHH 1A SCHR Y T R AE 2R DA S A
ity R T L Bl A T I R 2 2 W O k. Hoh, 1T E8
4% 4y M1 (Transfer Component Analysis, TCAM®) F1
% F )84 53 81 (Kernel Principle Component Analysis,
KPCA) A0 B AR 2 > — AL 7E I A H AR Jek
e [R] 5 B8 43« 2R 20U BURT H AR SR 2 B — A IK 4E
1 e L1 € 8 3418 (T e L1 S R = el ]
AR RFAIE 53 A 22 S M T AR A /0N o () I AT 9K O 35 AN [
A BIME B e AT H bR 7E BA AR AT H AR R
PR LT B — AR R g (o) L TS
P(¢(Xs)A~P(¢(X:))H P(Ys|¢(Xs))~P(Y|
$(X7)). TCA Fl KPCA )75 [ 2 FOR] I 28 L5
UET7 43 B8 A5 g 25 F1 50, B Fh 5 32 #4d £ 1k
Bt AT AL

E— 20, W M2k i X % 7 i (Geodesic Flow
Kernel, GFK)" 4 B T JGH A4S 725 ] 5 33 26 125 ]
FAE PN B bR 8z 18] JL AT F0 52 11 )8 vk i A8 k. B
T3 e OF 0 AR 9 3E 8% 2% 2 583 (Adaptation Regu-
larization Based Transfer Learning, ARTL), [A] i}
Al T 45 ¥4 XU BRI X (structural risk function) , 1
Z 18] B B 4 43 A PEIE Goint distribution) A & i B
— & (manifold consistency)™. 46, AT E| A
T ) B #5 {E UT Bt B 1k (Kernel Mean matching
Algorithm, KMMD) {E f te . KMM 553k 19 U AH &
fli PHIRIFN H bR S8 2 18] 9 4% B . i T T A
DA RS [l BRI, % TCA Fi KPCA B3 36 47]
628 — 2 PO EE 1 H AR 2 J5  BE B 28 B
AR 12 2RI ZREHE 1 — SRR A 4R (5000 M4
AOMEN I GRAE. Z wi A X WF 5 & B, % F TCA
1 KPCA LRI PE BETE 5000 Il Zh A A I 56 A £2
. T 5 Z ST S R AT HORS AR SR TR ) /Y
TCA 1 KPCA %77 3. FEA S FATTR FH— X
— 5K (one vs. one) fift I 2224 5l 73 26 45 [R] L.

5 XWERHW

AR R G LA SO R 0T S E A 1T
S ITETE R g 25 O B R, X BEERATRE T
Bl — 38 LR 7 .

3 JEN T AN R W I B8 7 vk I ) s R R
9 I v FOH] G Fi i R AT ORI . Hop L SR A
Ji i BOAF SVM Il 25 F 43 2548 B0 1T 50. 46 %
PIEM 7. 14 % i bR fEZE . KMM J7 ik B T A G vE 1
Hi Al T IR A e 2 1] ) 8 RE L L TR BT A T
PR g B 2. AR R T T A0 R T ) B A A L T
B IATRES R B 5 H bRl U L 9 BB, F A
FH R i s Y BRI R AR A, B GenSub.
Qe A 2% b 5% 28 0E A 19 R SBUECHE L DT IR 2 A S
A BRI FEATI IR S — A~ i A e D 7 [ fgi 2,

FATH H A AR 22 W AE 0 U5 WUEHE ATk R L (H
TR BRI 2 2t S Fo AT H AR SC R 45, )
fE2 5|2 11 IF % (negative transfer). Tl 1 iF 5%,
S TR U SUR H AR B AT 55 2 A A O X AR TR S
WIGREAEAABA HT L O 2 78 H AR E = A i 15
HR py Rk B FRATIRZR 1 38 2ok R A Y B s R
LR R L Sk 4 BT T 1 5 RS S8 BT B .
LR ZE R R, FRAT KR GenSub B #5014 6E L f#
Y 2RO 1) Generic P BE 2L RS (iU 8. X
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: ‘ \ TR 2 33 7 B AE Y G o AR L B R B R
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L al IR 4 45 0 D 22 0B ok, 0 B G 4
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= L - SEAS 7 R 1 5 T 4 1 R B0 B 5T
1L B3 AR B 36 45 L IR B T 3§71 7 41 5 A
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TFAE RS BT 0 6 A 46 b B o 1 B M

0% 1 T,

N 4 J R T 7 TPT HESE bR B 4 R [ it
St FE O TS 2 1] AR LM R KE B L 95 3 3 B A S TR

i RS Bl B LA S T A LI 0 A . A R
5 R RIIEEE 5 e R g ey o O SRR P A ) BURLAT . S5
FGHT O o7k ST T B Ok AR GRS WIS SCER Y 5 O RS A Ok A R

B, DE Al EMD 43 il & 5% H DE # [ L & EMD # A AY | HAH i
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Background

Affective brain-computer interfaces (aBClIs) have received
considerable attention in recent years due to their assessment
of users affective states from brain signals. In particular, it
provides a quantitative evaluation for enhancing human-computer
interactions and treating psychiatric diseases. However,
building a robust affective brain-computer interface is still
challenging and the existing frameworks for aBCls require a
time-consuming training phase to calibrate, which limits
their generalization in real-world applications. An intuitive
approach is to recycle previously recorded electroencephalo-
graphy (EEG) data across sessions and subjects and train a
generic classifier without taking individual differences into
account. Unfortunately, the performance of generic classifiers
is dramatically degraded for new subjects due to many factors
such as non-stationary nature of EEG, large variations
between subjects and changing environments.

Many research groups have introduced various transfer
learning or domain adaptation techniques to help reduce
calibration time and tackle the differences across sessions and
subjects. While the detailed implementations vary, most of
the existing methods considered transfer information solely
from EEG features. It is still necessary for users to acquire a
moderately large amount of unlabeled EEG data from target
subjects. Moreover, most current transfer learning methods
focus on homogeneous knowledge transfer, which means data
from source domain and target domain are from the same

modality. In contrast, heterogeneous transfer learning aims
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to transfer knowledge across different modalities. How to
efficiently extract heterogeneous knowledge from different
types of sources is still challenging.

The goal of transfer learning is to reduce the calibration
time in aBCls. However, sometimes even collecting the
unlabeled EEG is still annoying, time consuming, and higher
cost. In contrast, it is attracting for new subjects to wear an
eye tracking glasses for recording eye movements and improve
the performance of affective models by reusing previous EEG
from other subjects. EEG and eye movements have comple-
mentary information for affective sensing in terms of neuro-
physiological and behavioral changes, respectively. Transferring
affective knowledge from eye movements to EEG helps
reduce calibration costs and obtain high recognition
performance across subjects.

In this paper, we have proposed a novel subject transfer
approach by leveraging the heterogeneous knowledge from
spatiotemporal scanpath patterns for building personalized
EEG-based affective models. We have

proposed approach with the state-of-the-art methods, which

compared our

has achieved comparable performance with the homogeneous
knowledge transfer while reducing much calibration time
without requiring to acquire EEG.
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