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Abstract

Traditional way of conducting analyses of human behaviors is through manual
observation. For example in couple therapy studies, human raters observe sessions
of interaction between distressed couples and manually annotate the behaviors of
each spouse using established coding manuals. Clinicians then analyze these
annotated behaviors to understand the effectiveness of treatment that each couple
receives. However, this manual observation approach is very time consuming, and
the subjective nature of the annotation process can result in unreliable annotation.
Our work aims at using machine learning approach to automate this process, and by
using signal processing technigque, we can bring in quantitative evidence of human
behavior. Deep learning is the current state-of-art machine learning technique. This
paper proposes to use stacked sparse autoencoder (SSAE) to reduce the
dimensionality of the acoustic-prosodic features used in order to identify the key
higher-level features. Finally, we use logistic regression (LR) to perform
classification on recognition of high and low rating of six different codes. The
method achieves an overall accuracy of 75% over 6 codes (husband’s average
accuracy of 74.9%, wife’s average accuracy of 75%), compared to the
previously-published study of 74.1% (husband’s average accuracy of 75%, wife’s
average accuracy of 73.2%) (Black et al., 2013), a total improvement of 0.9%. Our
proposed method achieves a higher classification rate by using much fewer number
of features (10 times less than the previous work (Black et al., 2013)).

Keywords: Deep Learning, Stacked Autoencoders, Couple Therapy, Human
Behavior Analysis, Emotion Recognition

1. %@

NBLA 2 PSR A 8 - B A EeE = EEILAEDE - AR S SOaE P ERIEE T T Ry
[T - R N R ZE R o i €8 T3 17 Ry SO HE - A5 B oo fi 55 T P AE O B B2 NS 1 82 U7 T
(O’Brian et al., 1994) - A\ {7 BB ZAH &I 7E (8 %R {% (Karney & Bradbury,
1995) (Gonzaga et al., 2007) » BIRFEHITT Rl B H R AR EN R Z — « 2
NFEIZAT R AFAE — SR8 - — T EAOHFERGR - 55— HtIRERAR -

WIS AL BB RS TAZAY T Z R AU B AR TR - BB KB f i i =
[ AT AT By (Schuller etal., 2007) » ETARTE S IEAE A B 4 Ry —H 77
NFALT Fy(E9pa 2 (Behavioral Signal Processing, BSP) H HY{EH B ML (ST EENITT Ry
HIRYJTE  BEIAE RIS SRR IS - MEEE ) o m T eSS - AR BSP
PHFEE S E R AR UL AR HCE AR - $ARIETE - RO ERE L BT HEE BT H
(Burkhardt et al., 2009; Devillers & Campbell, 2011) -
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A SO ] BSP HYEA E S E AL 48R & &k Fial (Christensen et al., 2004)
B R SR S S F AR A SR 5 - B M E RS, T R — B EE TR Bl 1
Fr BE RIS R BV R o B0 B AEARR M M — Besd VTR 1T R IR A EfT R E R Ta
(HABRTT Ry ~ ABET R S55E) -

AR F IR SCHIB TR N AR B B bt R FE— B RS T Ry 7 B (Black et al., 2013) »
—Brnh S THER I - 2 12 R E R U L (acoustic feature extraction) - P % esE2
RAETTEEHES - 1RV AERER - Hoh » R S 2 B R AR G Bz
AR > BB S BN R - HERREHERIIE 2 — REEARE - 2K
MRt ERm IR EZ— -

TERFEREOT E - BT =F{EFE 5 =R E(Low Level Descriptors, LLDs) - #5#&8
(prosodic) LLDs ~ #Hzt(spectrum) LLDs F135/& (voice quality) LLDs - )& =ffizRsE &0
sl [ (speaker domain) » SESRERERWE ] ~ AREREGEHE ~ FIA 7> ASREEE - oK TE
H IR 20%5E 4] - &84E 7 FESTET ek (functionals) - ZE4E 2940 TEFFEUE © &AM
A IR B 2R B E W SO A AR e 4 0 AR T BRI S A T S R BB R -

RIS B E T A B I 2 A AP TIRYEERE. (Hinton, 2006) < €[S B2 T B 2
—REERNFRETR » AR B ERES  S—EBim ANBIBEE % EEHNHEE
o dEHE RS BV AVE - S EEE AN D E - KB E ISR
EEMER N L BB Y » ] USRI —(E HAREF R EERR - AR
SLEE A FTIRT « B SRR LTS B2 EHEZL A0 R TS 1 4C 4 P (DNN) ~ 2R (5 24d& (DBN)
FIEE A4S (CNN)E 42 ESE = (Hinton et al., 2012) ~ 24435 (Smirnov et al.,
2010)f1F- 2451 (Perwej & Chaturvedi, 2011)%% -

PA A P2 223 S A M BT 1 4T 23 (stacked sparse autoencoder, SSAE) - [
FHEUE4EE - $ET TR EUERACAERIM: - AR LR MaRiT Ry s (K - Hhe)BIeH
FUAS R BUREAGTT R I EER TO%EZ FUBHTREA] 40479 R EUESS & LR RS
(support vector machine) (Black et al., 2013)$27} T 0.9% -

UM R & BB NS © 58 B/ 48 AR S ST Pl Y &0k} (database) » 85 =24
SHIRMIEE FIEY SSAE ZRREFIECETDE » SEIUE S/ MARPIR MY R 2R A TE4E R - 5B
LB Ry -

2. IR EFIE

BT BRI T AR A+ Y A2 Al S B 4 P R (couple
therapy database) - DU TN BAY /M 4BRVERHEBIN A © IEREANWEEENRITEG S
1T By R4 &9 (integrative behavioral couple therapy, IBCT)fk%% (Christensen et al., 1995) -
BRINA ST 134 B03E - A RIIBABWIIRE - RFHE RSB R -

TERNE R R EREZ B — 1R - HREREEEE R FHARRI RS
BIEERE—(E H Al A B B AS I R RE R H AR AE B — B 10 3 S Ik » ek I A Ve BeaI Al
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WHIEERR - FEiiE 10 AV EER RSN IE T AR J7 2 MR REN B S = A i
HE o

TR FEE T = EREIE EAVEEE - JARAT - AR RUARRI R - EiEE =
s B EE - RS A %/\%%Eﬁﬁﬁﬁ%%mﬁﬂl TRl B BRI
17 B4y 2% (Social Support Interaction Rating System, SSIRS) (Jones & Christensen, 1998)
FIFEA R T BT REE5 245 (Couples Interaction Rating System, CIRS) (Heavey et al.,
2002)#E1TEF T WIBRF &5 SR K T i e AR » SSIRS F 2 A& 19 FEfT RAERI{E
B e EE - 5 (affectivity) ~ JE /€ AR (dominance/submission) ~ & IHT )Eg
(feature of interaction)fl1 == BEEF(E (topic definition)skE BzFrINZ » CIRS FE A&
T R AERIRA A R A B 7 Wk L -

1. 32 BN T RER S EREE 72382 SSIRS A1 CIRS

Manual Codes

Global positive affect ~ global negative affect
use of humor ~ sadness - anger/frustration ~
belligerence/domineering ~ contempt/disgust -
tension/anxiety ~ defensiveness -~ affection -

SSIRS satisfaction ~ solicits partner suggestions -
(Social Support Interaction Rating System) | instrumental support offered ~ emotional
support offered - submissive or dominant - topic
a relationship issue ~ topic a personal issue ~
discussion about hushand - discussion about
wife

Acceptance of other ~ blame ~ responsibility for
self~solicits partner perspective - states external

CIRS origins ~ discussion -~ clearly defines problem -
(Couples Interaction Rating System) offers solutions -~ negotiates -~ make
agreements ~ pressures for change
withdraws -~ avoidance

HEAE 32 ([l T AR BHEAT RsE oy &R R 18] 9 73 - [A—HaE » SURBEFEFF SRR
FEor o 1 B¥HETRIT RFTFSRAIEE K » 9 A¥ETRIT RFTRIIEE &S - FEE R
3 B 4 - AEEEIEIFE 10 738V A SRS R 32 (BT R Tel o » B 4EILs 569
&l 10 7y S8RV EEE - 117 BR T S (EAE B R -

AEawm S F— R X ERTN 6 BT AR TEESH B2 EET
(Acceptance of other) ~ E#1T f(Blame) ~ 22 7 [H 1EEAY & Eh(Global positive affect) ~ 5
522 & w4 E(Global positive affect) ~ 5517 Ey(sadness) ~ BYERZIR 1T B (humor) > 41
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22 o ZPTLIEISEEIS 6 FlEIT Ry 0 (R RN 26 FETT BRR o LhiEsk - 12 6 A mATRE
sy &R A FE (Agreement) - FR[EIE IV ETE 5 20 A A5 & 09 o BRI HA S 5 R 19 F
1957 BUHUAHRE (B8 (correlation) - FLERTT AHYREEIE /MY 0.4 F1 0.7 2 [ - S5 AL EEER S Lh#:
5 6 fET By THHIMERER -

2. Bt 6 TR FZ(agreement)

Code Agreement
Acceptance of other (acc) 0.751
Blame (bla) 0.788
Global positive affect (pos) 0.740
Global negative affect (neg) 0.798
Sadness (sad) 0.722
Use of humor (hum) 0.755

3. BH5EITA

AT, BMFE BB 48 B 45 %S (Autoencoder) F13E A 47 Fit 5 4 %5 (Stacked  Sparse
Autoencoder, SSAE)EEARZLME DL AR s S H B HEDE -

3.1 H4%EiE23(Autoencoder)

RS EE T BRI s A IR E 22 U520 (Rubanov, 2000) » B 54 & 4E S Ay AR U
BRI BARMAREE - RS EEEER D EEN AL - BANE R
N

Input Layer Hidden Layer QOutput Layer

. Bt



112 B 1S

el 1 # ALY 0 i =1,2,...,m > x € R™ > [Z5k/&(hidden layer)thiyh; > i =1,2,...,n
h € R™ » FEEEFE[H (weight matrix) W, € R™™ » {Ff%m & (bias vector) b, € R™ - fiE LR
T-(factor)F& i80S ek # (activation function) » #=X(1) -

h(x) = f(Wix + by) 1)

Hir f(x) = 1/(1 + exp(—z)) & sigmoid function -#H{EHy, > i=12,..,m, yER™
TEEIEM W, € R™M » (I [AE b, € R™ » H4mIEasH T F=0(2):

y = f(Wyh(x) + by) 2

BTERGBMELE WRIW, - RBEELT b BE—HERER
{(x1,v1), (2, V2) oo ey V) } > B M SHEEAR > x Rt AR EUE - v S EEEE » 7
PR {8 %8¢ (cost function) » #41=X(3) -

o =[5 (5o )|+

REB)FFE—IH g ZIE( sum-of-squares error term) » 58 — I £y HI| JE (regularization
term) » Hoh ) AREE =R 22 (weight decay parameter) » n & E 4RiEesEE > p AE |
ERGE - EIEE R T A | SRR AR 38 A2 i kA (overfitting) - 2 12 FAMT A A K [A] {2
(back-propagation);f#i &£ A1 L-BFGS {B{LE A (Andrew & Gao, 2007) » 51 (/)N
JW,b) & » F1&EE] WHI b -

110 By T 5 im ARHEUE AR B R SR IE B A R AV IERREAEE - J(W, b)
AFEE (sparsity term)#3X(4) - B4 By i 4w ft5 25 (sparse autoencoder) (Obst, 2014) -

q

n Pl Pl+1

)2 3)

1111]1

JsW,b) = J(W,b) + B ) KL(IIF)) @
j=1
E EF' KL = plog +(1-p) log—p »p By B B 2 % (sparsity  parameter) - p, =

iz hi(x) > B %Wﬁ%ﬁﬁ,ﬁé(sparwyterm)E{’j%%j q FRy bk e O T RL L -

3.2 HEBHE R B dwhs 23 (Stacked Sparse Autoencoder)
H 2 EFRER B 4Rt es 2319k 1% - R AH B 2008 R HEAR T 57 B 4R 15 25 (Stacked  Sparse
Autoencoder) » X1E 2 F—BHIARIE R L 5 T — @V A - (EE 2 7TE - A (Input
layer)2% H 55— ([ Fiibi B 4w b5 25 31| 9150 2 1% 155155 —FSiE (Hidden layerl)fy n {EEHS -
i n (EERE A A 5 — (EM T B dmihes }llﬁ{:féﬂ%*ﬁﬁ#@?):(Hldden layer2)iy p {E EfiRG -
SRS 2 BB AT Ry i b — B Ay —4H R BB IE R B SR DA SR %
.

A B B ER P HE 45 7 7 1 4R 5 25 (Stacked  Sparse Autoencoder, SSAE) » 7 %% if%
SSAE 1S EIF IR R T2 - BeAR S 7y JH s A A BEAT YRR -
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Output

Input Layer Hidden Layerl Hidden Layer2

672 BTG S ises

3.3 EhLHE

HAFIE 3 JEfeie @iy SSAE {E Ry FReE SR BV AUR - AN EE R Ei(low level feature)
dll Rk g R Ei(high level feature) » Z81% A LR ZRETEFERE(EHIR - AT — @i
H 4mtfhas R A0E 3 -

372 sessions

— ™~

Unlabel_data label_data
(except test_data) (140 sessions)
Sparse train_data test_data
Autoencoder (train_label) (test_label)

I

[ Network parameter >

v

~

Feedforward-Autoencoder

train_features test_features

3. EarE
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—EGE S KOETHR I > R A A g 2 BaVE R iS55 THIRHAE
R A R T (Black et al., 2013) « AR Ewm SR EHRHUT A L%BﬁT—
EE o AE 3 IERULEIVEEIE - —ET AEE 372 & 10 Sy g Eh(session)
Ry A B d5 (labeled data) F174 A 4% #35 (unlabeled data) > )2 A R &5 F A %ﬁﬁmﬁéﬁ
HEERACH SRAFLE 23 FSREF IR T 140 EAREEREIE 7 Rl SERIFTHEE R - #A
Bl SRaF4asE 25 AN —4HRHE - iy —4HRHE R T — B AE > EEFIA

3 P D EATE LN - WAV EEE AT RSB A R R > THEE
G -

4. EERRGTAGER

4.1 FEE

WilE 4 > FIFJFEA LLDs » £ =f@ 55 & [ 42 (speaker domain) » S FRHF(H] & (husband
H) ~ AR (wife ~ W)RIA 73 AR EE R (full ~ F)FTRRE AT UIEIRREL 20%5) 1
Fo—(EsfallEfE > VIBSER R —EfTHE - {TRENREE - FEH0R 3 Frley 7
7 functionals p B 1% > EEZE R (% 2940 {ERHEI{E - fE80 A SSAE DURT » BAFHEE L
EIERUEAE O F 1 YRR - SE4IRYRFEEAN AR 2% (Black etal., 2013) -

—
—
LLDs —
7 el T H/ —= |V
W W// —/
—
1 session ——>|| H — H [ | H ¢ "
Speaker Cut 20% —— | Compute
Domain Sentence C—3| Functionals
r A
— - = — )
—/
—|F
—
—

6 4. ERRfFEiE R
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723. 28 BEEAY(E AT & functionals

LLDs Functionals
1. MFCC[0-14] 1. Mean
2. MFB[0-7] 2. Median
3. FOnormlog 3. Standard deviation
4. VAD(speech/no speech) 4. Skewness
5. Intensity 5. Kurtosis
6. Jitter 6. Max position
7. Jitter of Jitter 7. Min position
8. Shimmer

4.2 B

PR A ZORLAE 569 SEHEE + 117 #5698 » 4k L Rah C RARER 4 (Black et al., 2013) » 7
AR 372 SRR - 104 B - 15 372 FERERUE AR AT EHGTOE - HIE
7E 6 T B AR SRIPHEIERT 20045 BRI (% 200475 BT EHEE IF B BRATHR B » 26 140
SRS | ORI O 1 1 - 1 ASIRERIR ) - 0 ABIMETHES - M7EEEN RO
ATEFEERE - TR 68 B 77 B o FIFEEAT B R IEEI R TR R 1 %
KLEER o R G - TR 6 F(T R SR 2 BB (s -

4.3 BEELE
fEiEEha - IR SSAE ZRIFGIFRTEEE - LR RETEEETHM - & —H KT EA
(leave-one-couple-out)iy 75 2R EAE Y Eizg o —BAdAIC & 2854 5% (greedy layerwise)
A G THEEE (pre-training) - JI%f 58 28w aEEN A Z SSAE » SSAE A FAL{EN & 2 8
TR > 77 A1) 2 b £k (hidden units) ~ 5T RHES ek i (cost function) iy B BRI =
&l 2 8 (hyper-parameters) f5A ~ p ~ B » ARy B 2R 2 B (weight decay parameter) » p Sy
Fi 28 (sparsity parameter) » B 1225 B TE (sparsity term)y 28 » S S BE S == AN
i o FeMeH 1 ek AONEERES - A15R 4 - EBICEN RRIFER S e - R
AR A E T T — & {5 P A Bk g B R S -

W 4 FIE51 - FEiE 2 E E s 300 HYHHE » SURFIARHEEE 7Y 6 11T Ry F- 3 AERfE
s o VB E S 15X p=01-1=0002-8=2-

BT ACHIE — RIS B R - S —BIRMMCAGER T - RITHHE 8
PR - A0 5 - (LR PR - 5 BIRRIBREEUR 200 AR - ERER A
i o (EHEVEBARE S 15K p=01-21=0.0001>B=1"
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4. ;;}Ehidden unit AT KR EEZ] 6 B THEREE - AT REm e

1% hidden Rated Acc Bla Pos Neg Sad Hum Avg
unit Spouse (%) (%) (%) (%) (%) (%) (%)
Husband | 67.9 76.4 65.7 78.6 52.9 61.4 67.2
100 Wife 70 73.6 65 74.3 58.6 59.3 66.8
Husband | 72.9 76.4 71.4 82.1 57.1 67.1 71.2
200 Wife 71.4 82.9 65.7 77.1 64.9 57.9 70
Husband | 77.1 77.9 72.1 82.9 58.6 67.1 72.6
300 Wife 75.7 82.1 71.4 78.6 58.6 63.6 71.7
Husband | 70 78.6 68.6 82.9 55 62.1 69.5
>0 Wife 74.3 82.1 69.3 80.7 58.6 62.9 71.3
Husband | 75 77.9 69.3 84.3 58.6 65.7 71.8
1000 Wife 72.1 79.3 69.3 80 53.6 62.9 69.5
Previous Husband | 78.6 72.9 72.1 84.3 60 714 73.2
method(Black -
etal, 2013) | Wife 779 | 843 | 743 |80 664 | 671 |75

5. %\% Sgden unit ZHT LRI EEZ] 6 F2 code FEMEE - HAEFREEHYT

1+ 2"
Hidden | Hidden
Layer Layer
300 100 Husband | 75 786 |686 |836 |579 |679 |719
Wife 714 1807 | 729 |77.1 58.6 | 62.9 70.6
200 Husband | 77.1 |77.1 |714 |836 |579 |693 |727
Wife 721 | 821 |72 77.1 62.1 | 65.7 71.9

300 Husband | 736 |764 |721 |843 |586 |67.1 |72
Wife 729 |80.7 | 714 |764 |55 70 71.3
Previous method Husband | 786 | 729 | 721 |843 |60 714 | 73.2

(Black et al., 2013) Wife 779 | 843 | 743 |80 66.4 | 67.1 75

Rated Acc Bla Pos Neg Sad Hum | Avg
Spouse | (%) | (%) | (%) | (%) | (%) | (%) | (%)
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& — AR AME s 150 - WIFE 6 > 1S E R HUAENER o [0 AV RE
207> p=01°1=00001>p=1-

3 G-Eggidden unit PRI ENEE] 6 7 code HTEREEFZ FIbTFEMEE

1st 2nd 3rd
Hidden | Hidden | Hidden
Layer Layer Layer

Rated Acc | Bla | Pos | Neg | Sad | Hum | Avg
Spouse | (%) | (%) | (%) | (%) | (%) | (%) | (%)

Husband | 80 78.6 | 73.6 | 84.3 | 59.3 | 73.6 | 74.9

300 200 150

Wife 80 83.6 | 729 | 814 | 65 679 | 75
Previous method Husband | 78.6 | 72.9 | 72.1 | 84.3 | 60 714 | 73.2
(Black et al., 2013) Wife 779 | 843 | 74.3 | 80 66.4 | 67.1 | 75

4.4 BBRGERILE
el FE =R [ R TR 5 45 2 L A3 S B P e R R G R R 7
X1 BETFIEBRE P IIET 0%

Method Avg(%)

Previous (Black et al., 2013) 74.1

SSAE One  Layer 72.2
Two  Layers 72.3
Three Layers 75.0

HHE 7 TPl A1 3 g SSAE B2 HikTFEiEim 0.9% « Z AT H] 40479 (EFF R EZ(E
FEOM > TEAMIfEE A 2940 {EfFE(E - B b AR S AT BB R g s - (HE
EREERN G FEBERAVERE - (AR AR BRI A
BOHY - R 7 TEZHEATISR 1 A 2 iR R A LRy - £ 3 B2 RHA
SFAVERIA > e L TR

5. &z

SRR Z BORE - a0 Pl HAEMETDNE R - BATARHIEHIEAMTEE - fEERR
s s o FAHe B BT B Rt as B R R Y 7 AR DR GRS > ZREERRT 2
AR ZEHYAERERS - H EVTERE IR (AR - RS EEHTT - IREEE R Y
R > AR A A AR AR AL R DAl ST ] © B tR&E R AR T F FH IR B B B2 A 4
T — SR RUE - SEHHETEEREE M SRR FURTTE RS - SRR T AR
BE S By T5% = A B5HURRSE 74.1% > 271 0.9% -
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AW RS 2T R EUE - B SE AN R - AEhfER
REAFTIET B EFRIA BB SUEZER - R0 MEREBENEI R EEEN
RS B RICER BERAL - HEEA MR EE S ERRR - RS E A
SORHIZERE > SEAIGREF HIIRA R E L LM BRI, - R RS R R TR BT H REA IR
FERLIBRA -
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