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Type of NNs Precision Actual performance Applicable operations

ContinuousNNs 32 bit

4 bit
| Discrete NNs (Ours) 3 pjt

2 bit
[ BinaryNNs 1 bit

High (Upper limit)  Floatingoperation

Integer operation
Look-up table
(constantvalueload)

Unknown Bit operation

O 1: Properties of neural networks
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0 2: Training process of discrete NNs
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0 1: Memory requirement per layer in bytes

for weights for LUT
32-bit float 4N; M, —
8-bit SSSE N M, -
4-bit general LUT N/ M, /2 28D
3-bit general LUT N/ M;3/8 26D
3-bit-bin binary LUT NiM;3/8 23D
2-bit general LUT N, M, /4 24D
1-bit general LUT N/ M; /8 22D
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O 2: Configuration
Value

16 bits, 16 kHz sampling

hamming window: 25 ms, shift: 10 ms
MFCC 39 dim.

[13+ A 13 + AA 13]

FBANK 825 dim.

[(254+ A 25 + AA 25) x 11 frames]
3-gram statistical

65000 words

3-state tri-phone

4000 tied-states

32 mixtures

# of DNN layer (L) 7

input layer: 1024 x 825

middle layer: 1024 x 1024

output layer: 4000 x 1024

clean speech 223 hours

(799 males and 168 females)

clean speech 3.5 hours

(15 males and 5 females)

Item

Audio data
STFT analysis

Features for GMM

Features for DNN

Language model

GMM-HMM

DNN network size

Training set

Test set
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RTF = (processing time)/(data duration). (32)
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O 3: Word accuracy (WA) vs. quantization bits for clean speech task

Applied model Word accuracy (%)
Training  Recog. Dl;?‘;rftle 1-bit 2];11? 2-bit 3&? 3-bit  4-bit  8-bit 32ﬂ':;t
- layer-wise 1-6 - - -2.24 - -1.16 -3.35 80.63
Normal - layer-wise 1-5 1.10 - 2.17 - 2.80 49.54 81.74 81.86
Training - node-wise 1-6 - - 2.13 - 57.47 79.07 81.82 '
- node-wise 1-5 1.07 0.69 2.17 1.33 62.35 79.83 81.82
Baseline PO layer-wise layer-wise 1-5 2.98 - 77.78 - 80.07 81.07 81.32 81.33
P1 layer-wise node-wise 1-5 2.73  41.17 77.55 59.45 80.82 81.47 81.36 '
P2 node-wise layer-wise 1-5 2.06 - 44.35 - 66.13 80.14  81.52
Proposed P3 node-wise node-wise 1-5 1.45 58.45 179.37 61.40 81.05 81.10 81.52 81.53
P4 re-train. (2-bit quan.) 1-5 — - 80.15 — - — -
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O 4: Quantization error (QE) vs. quantization bits. Discrete layers were 1-5 in all cases for clean speech task.

Applied model Quantization error
Training Recognition 1-bit 2-bit 3-bit 4-bit 8-bit
Normal training - layer-wise 9.13E-01 2.50E-01 8.42E-02 3.43E-02 1.96E-03
- node-wise 8.31E-01 1.98E-01 7.25E-02 3.33E-02 1.96E-03
Baseline PO layer-wise layer-wise 3.10E-01 1.89E-01 8.16E-02 3.29E-02 1.97E-03
P1 layer-wise node-wise 2.26E-01 1.27E-01 7.25E-02 3.58E-02 1.96E-03
Proposed P2 node-wise layer-wise 7.24E-01 1.38E-01 6.83E-02 3.35E-02 1.96E-03
P3, P4 node-wise node-wise 2.92E-01 1.52E-01 7.85E-02  3.44E-02 1.96E-03

0 5: Computer specifications for forward calculation

OS Ubuntu 14.04.2 LTS

CPU Intel Core 15-4690 3.50GHz
Memory 32GB

Cache 6M
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O 6: Real-time factor of forward calculation and memory usage on single CPU

Methods RTF (partial) RTF (all)

Memory usage (bytes)
total weights

(=1,...5 (=06 2 T q_1 75

Standard ~ 32-bit float 0.435 0.841 1 - 20 M
Baseline 4-bit (general LUT) 0.653 1.060 3 32 M 2.5 M
4-bit (general LUT) 0.220 0.641 2 128 K 2.5 M

3-bit (general LUT) 0.255 0.661 3 512 K 1.85 M

Proposed 3-bit-bin (binary LUT) 0.096 0.501 7 4 M 1.85 M
2-bit (general LUT) 0.111 0.517 4 128 K 1.25 M

1-bit (general LUT) 0.084 0.489 8 128K 640 K

Special 8-bit SSSE 0.092 0.498 8 - 5 M
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O 7: The Performance of Node-pruning: word accuracy, memory usage, and RTF

Word Accuracy (%) Memory usage (bytes) RTF (partial) RTF (all)
Pruning-ratio w/o retrain  w/ retrain (l=1,..5) (t=1,..,5 ({=0,...,6)
80% 0 74.48 0.8 M 0.018 0.101
60% 0 78.29 32M 0.070 0.233
40% 0.56 80.28 72 M 0.155 0.397
20% 1.35 81.29 12.8 M 0.274 0.592
10% 58.06 81.64 16.2 M 0.346 0.702

O 8: The Performance of SVD-DNN: word accuracy, memory usage, and RTF

Word Accuracy (%)

SVD dim. w/o retrain  w/ retrain

Memory usage (bytes)

RTF (partial)
(l=1,...,5)

RTF (all)
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32
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Abstract
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% Partially Shared Convolutional Neural Net-
work (PS-CNN) 2% L, N THIEFEERZ
FETLFEERET L. @EOEBEEE X
REDT—=RIZTRVENGST DEEDPBET
HED, RETFRIIFFEREROFEIZT L
PREINTVWRWT —XZ2HMFHT ST
LT, INUPNEINAET —XDATEEL
S H L AN TEWHAERE I RoND I L %
MEEL 7=,

Frim

HEEOSFEHIL T, WS N7z E g L U 72 B
DERHE OHRIGEH O R E LiFewsb. 27 Fna
TR EMHO LT D Unmanned Aerial Vehicle (UAV) TH#
RITNEIBHOMEIIMRHE S 020, EREH D LB
HENTWDIHE, AATRL YV T 74 v XEOHHE
7 s COBAERHETH S, ZDkd, Hixidty
YelTxasruRr7 A2, KESLTRET
L E DM FEMEZFET S Z & TEKRIH 2 A
B EERAELTWS.

7 RBATRIIIA 70Ky T VA 2 BT 254,
JEL] D EX 71 R AT BHEE 2 K o T Signal-to-Noise
(SN) lhAME R 3 5. 2D & 57K SN HEE T CHIR
FEZITOFHEL LT, BXRINETIZEZF vy LG
BESZGIUEEERSEMNFIETH S MUItiple Signal
Classification based on incremental Generalized Singular
Value Decomposition (1IGSVD-MUSIC) [Ohata 14] % H
WTYA 270 HR YT LA OGRS D S FENROE DEA

1

12

XM 2T, HESHTFIETH S Geometric High-
order Decorrelation-based Source Separation (GHDSS)
[Nakajima 10] % I\ T SN DR\ E F ¥ 2L &0 S (5
SRADE INEERDEML, ZONHEE OMEEE Con-
volutional Neural Network (CNN) [Lawrence 97| Talil
5 Fik [Uemura 15) 22K L7z, L»L, ZTOFET
EHE IR B TR SR D EREAL & ZML LT WS, £
F ¥ AV ED S OGFIHESEEE N D KIE AR AL DR
T HERZERE TR RDN S RN DS, B
RINZ A RHEE QWL 217D, KL DNN % H
WTRIE S0 o E#HGRN S 5 FiE [Hannun 14] HRRES
NTWVWBA, KEUZ: DNN QOFEEIZIIKREDYE T — X
DRBRETHSH., ERESFEZNEHLTEET -2y b2
WEET 2546, MOENRLEDOXRETIH>TWED0% R
TINNT=REMNETBEE (T /T—Yay) 2 AT
TIHOBERHZ D, T—REDPE RNINER L THED
T 5.

ARTIE, 2IEEO—BLIAT / T—YarInT
WARWT — Xty b &AW T HIREE S %2 )R EE
I FEEREL, ITNEEEIZDNN, BLUCNN I
HHLUTZOEMMEZREEYT 5. — IR ERYEI13Y
BIZHHIT— &, DE0DANEZNITHIET 2EE LWl
HOMAEOERBRETH LD, 7/ 7—YarvIh
TWRWT =R FEFICHHATE RV, BEFRIEIA
VT = ZITINA, 155 B 72 & PR BE T 15 T B B A K
TE2NMEEFET -2 LTHVWS Z LT, HHEA
ERDHE 2 NRATVDORT ) F—VarvTF—2&
EEMFHT S LN TES.

WMOHER a1 —S)LRxy NT—2

AHiITIX, Multi-Task Learning (MTL) [Caruana 97] ®
—FiT®H % Partially Shared Deep Neural Network (PS-
DNN) 8 L' 2% CONN (ZHE5R U 72 Partially Shared
Convolutional Neural Network (PS-CNN) DH#ig iZ D\

2
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Layer i Layer i+1

2: A hidden layer of PS-DNN

TR, ZF v 2IVEEE T2 TS EIRFEE 217 5 ik
ZHHT 5.

2.1 Partially Shared Deep Neural Network

PS-DNN O##i&E% X 1127779, PS-DNN Z=2D% 73 v
NI =255 =a—SVExy NT—2THY, AT
FERAEINVT =221 5 5EAEH, IR
FaEiE 2T A EE MR THL. YTy b T —
JHITATEERBNWEDO Pt TEY, HETHh
ENE X CREEOBI T — X 2V TERINS.
AN E L BAIORNEORIZ2MEE&TH 50, Bh)E
E e E TR, vy yhyl 221281758 @D
B, ko tagEs, FTHlORNEOH I TR L, H

i+ 1B ¢ yith iR OR (1) TEHE I NS,
ylfH Wzﬁ W§2 0 yll
ytt | = o 0 Wiy 0 yh
’y?l 0 W%z Wéz yé
by
+ | b} (1)
bs

ZIZTW, Wyl 5 Yt AOERITH, b 1N T
AR MV, o) FEZET L OIEEMBEKTH 5.
EExNEZBAEOHE NI EEOER Y MU —212%
BrE25. ZOMEEIE, HFIRAEE SIS HILD 552
EIEDOMBETITZ 2 L VW) FRIZE DSV T WS, —4,

13

‘ Convolution layer ‘ Pooling layer

3: A convolution-pooling layer in PS-CNN

FEEHSOHNIZE S ~HOY Ty b =2 D LF
I EE 529, X A —=RIZ—FEOAWTT — % DA
ZHOWTHEING., Zhud, SERE L SHEDEICI
FNFNIZEEOMIEE BRETH B L WD FHIZEDIN
TWa., ZOMEIZE D, FRAS L FHE M ILET 2
WFR & — RSO T — X 2 W TRIRMIZEE L 2D,
IR B E A QIR F IR A EOF I EE 5 2
BT B eI NS,

2.2 Partially Shared Convolutional Neural
Network

PS-CNN (%, CNN O&AAMAEIZ PS-DNN D& % HY
DANTZHDTHS. B, AMTIECNN THEES %
WO, 1 F ¥ 1IN0 OHEERFHEN Y ML R AR
W7z 2IRGTEDEF % 1 OB E AT, DF 0, —f%
K727 5 —Wif§RR#E%E 17> CNN O AN ISHE#EEZE £ 2
KIthids% RGB @ 3 F ¥ 2N UREZEDTH D H, K
FETH S CNN O AT ERD 2 kGTHS %2 < 1 27 Bt
RizEDTH 5. !

PS-CNN OEFEMAHA - T—1) v I EDOHEE % Fig. 312
79 . PS-DNN TiE&EDOH IR ML OEFEZ LA
4y & IEHEATRIZT DI L, PS-CNN TlidF v )L
EHEF Y2V EEEEF Y XU RITE. DF D, —BK
72 CNN TlE—2D 7 4 VR IIFTOFEDOETDF ¥ 2L
EASETEDIZHL, PS-CNN TR 72y b7 —2
WEEDF ¥y INBLICHEEF ¥ 2INVDAE A LT 5.
ZDREEIZL Y, PS-DNN & [Akk Iz OB T — X
EAHNIFALDD, CNN OEZELD AND Z &M T
5. 7=V UIUEIE—Z ONN E[FBRIZF v 2L T
LT =) RIS, HIIE ORI ORKEEEORE X
PS-DNN L [k TH 5.

HiEOHND, —DHOY T3y NT—=JIZFHEDF ¥
ANVOEE K, 1, HEF¥2IVOB%E K, 5, —DHDOYT
3y NI =2 EEDF v 2V E K3 £ T 5. Hi[EOH
J (XD X XY = e,
Bi+1FOH ] F Y ANOHIOTA X%V x H, 1))

LONN THEE 52O DSk LT, SERMENRZ FMLOR
THEF v RV L, FERBMERS MVOEEETA K, T —
LA R Tz 2 IRGTIEH % 1 MOEGRE ART HiEEFZONE. Z
DS EORFHISHOBEL T 5.



£ CltL) _ L D) L L] g gy

ST 25§ F v AN OHOF T Ay kT — 2 [
BOF ¥y 2N THIHEIRN2T, WEFY RN THEHE
ZiEX 3T, ZOHDOY TRy NU—=ZIZERDF v 3L
ThHhdGEIEN4TROOENS.

(i+1,5)
[‘31,1

Kii m n
(i+1,5) _ (4,k)
Con =0 E : Wh,5,tT1 yts,h+t
k=1 s=1t=1
Ki2 m n
i,
=+ E E Wh,s,tLg 4t s, htt
k=1 s=1 t=1
+b(i’j)) (2)
Ki2 m n
(i4+1,5) i,k
v,k o ( E E Wk,s,tL9 415, htt
k=1 s=1t=1
+b()) (3)
Ki2 m n
(i+1,5) _ (4,k)
v,k =0 ( E , Wk,s,tL 4t s, htt
k=1 s=1 t=1
Kizs m n
(i,k)
=+ E E Wk,s,tL3 445 h+tt
k=1 s=1 t=1
_i_b(',j)) (4)

ZZTmnE7 A VEY AR, wye, EEH, b0 1IN
A7 A, o) IJEHABEETH 5.

AT RER

RETFHZEOENME2 R0, FTECHHEACH M
U, FEREZ B L7, FEREEX7 L —ATEDIE
iR U7z, &%y b7 —21EPython D71 75V TH
% TensorFlow version 0.8.0 [Abadi 15] THE% U 7=.
FIRFAEAE 4 DOFILTHEL, N1 DNN, PS-
DNN, CNN, PS-CNN ¥ %&19 %. DNN, ONN 13 %4
TN 7V ax o Ty R, BRAA=2—F )2y
7 — 2 TR L 72 HIRFEIERR T, PS-DNN & PS-CNN
X3 2 Hi TR 7P FIE TR L - EHEERTH 5.
DNN, CNN TR T — Aty FONT /) F—>ay
FEADEDUPFEEIZMHH L2 WA, PS-DNN, PS-CNN
TRRT 7 T—Ya v T —XE GRS HERROFE I
5.
FE - FHlHOHE & LT, DCASE2016 [Mesaros 16]
D Acoustic scene classification (ZN kX T\ 3 15 Fli%H
AEt 35100 B DF T — R & AWz, b D EIR MG & 1T
5 72D AR 1170 D Wave 7 7 1 V& 5 DD T )N —F
243, 3.1-3.2 R T FNETEF 465 JifED T — & R
7 MVEERLZ.

3

14

O- - * microphone
O - - sound source
0.2 m
N 3.0m ©

4: The layout of the microphones and the sound

source

FRIHEHLZZ2F vy 2V EEESIEEEY I 2L —Y 3
VTCEE L. T, a— A0S R CIZ~ A Z 0k
VT LA L HROMNERBRPRIIRTEY THELED
SFYRNDEEER L. TOHE, M5ITRTIZ7 R
AT R CEBICINGE U2 ) A XY R EAZMNIT TR
LEbERZET, ~EDSNHDELF v R IVEEEF%
R LTz B, REBRTHEALZT— Xty MIGER
BMORVFI—TZHDEDTH B0, kI TWnW5b
BB Rk 2 7 ) A X2 EATWDH, SNEZEHET S
BRidAES L U T 7=,

AR THEA U7z SN HOFHR A% A 5 15RY. SN ik
0 dB IZ#i— L 7=.

SNR = 20log(S,/Np) (5)
ZZTS,, Ny 3 ZNZ NG5 O RRIRIE, M ks
DEAIRIETH 5. SN HIFEZDOT XN FOLLKR TR
INBZZrEHEN, ZDOXIRHELGETIIEETXM
DEDHIZE>TRDSNS SN K EL BT 555
NH 57, KRETERARIETERL .



# 1: Dimensions for the DNN
’ Hidden layer ‘ Units ‘

1 2000
2 1000
3 400

# 2: Dimensions for the PS-DNN

Hidden Units

layer Identify [ Shared [ Separate
1 1500 1500 1500
2 800 400 800
3 400 0 800

3.2 EFERFHMEOEH
BEPEBAD AT E LT AT 1 )V RN 2 R % 4
Uiz, £HFOH Y 7Y v 2L —ME 16 kHz i8i—L, 7
L — AlE 512 sample (32 ms), 7L —AY¥ 7 b 120 sam-
ple (7.5 ms) T7 L—AfbL, BRI E U TEHERZ
THERHE 7 =) T THERARY PV ERDZ. 20
D E D &, FNEREBE 63 Hz, LBRJEREE 8 kHz, X
TEE20 DAV T 4 VRNV I REERH Uz, ML ED
WL, vy NEEEY 7 Y =7 Honda Research In-
stitute Japan Audition for Robots with Kyoro University
(HARK) [Nakadai 10] T2 U 7=.
BHEBADATNL, 20 KT EERHEE 8 F v &
W20 7 L —LaR7z, EEFF 3200 IKTDNRZ MLT
H%. F7z, PS-DNN, PS-CNN O FH 4 B o H F71%,
ZF v ANVEDOEBIHEHALZE ) IV EDSFHMKICH
H U7z 400 IRITTDRT ML TH 5.

3.3 ZFEHROXMN

B HBOREMRE R 1-41TRT. RTOEHETANIL3.2
THAR7z 3200 {RTCDNRY MV TH S, FREEsDOHIE
X 15 LDV 7 <y 2 AJETH Y, PS-DNN, PS-CNN
DOEFFIEEMN O B IX 400 RO EHEEETH B, %
NTA—=ZF0ITEWIEQETHIALL, pre-training %
731 Adam THEH U7z, BEHJEIZH L TiE Dropout
ZMHEMA LU, drop rate IFBAAAET0.2, 7=V VI
TO0, TOMDET0.4 L U7z, BARIAAFED 7 1L X1

% 3: Dimensions for the CNN
’ Hidden layer ‘ Type ‘ Channels ‘ Size ‘

1 Conv 40 20x20
2 Pool 40 10x10
3 Conv 80 10x10
4 Pool 80 5x5
5 Full 400 1x1

15

#% 4: Dimensions for the PS-CNN

Hidden | Type Channels Size
layer Identify [ Shared [ Separate
1 Conv 40 40 40 20x20
2 Pool 40 40 40 10x10
3 Conv 80 40 80 10x10
4 Pool 80 40 80 5x5
5 Full 400 0 800 1x1

% 5: Accuracy of Sound Source Identification
| | DNN [ PS-DNN [ CNN [ PS-CNN |

100% | Avg. 55.88 56.27 55.79 56.75
S.E. || 0.6756 0.5742 0.5348 0.5275
5% | Avg. 54.07 54.57 54.36 55.09
S.E. || 0.6599 0.6584 0.5055 0.3268
50% | Avg. 51.63 51.91 51.95 52.71
S.E. || 0.5786 0.6525 0.5332 0.5357
25% | Avg. 47.84 48.04 48.35 48.74
S.E. || 0.6477 0.6526 0.5566 0.5898

ETDEHFETEx5 &L, zeropadding ZHH L7z, 7—
VY ITETIE 2 x 2 ORPFATRRET -V v 7 &iT5 7.
ETOHBETNY FH A4 L1L100 & U, FEFX 10 epoch
1To7.

3.4 ZRER

FEERFEREZEZ S BLUOM6-9 1R, MAEEIZ7 L —A4
T OFAIEME L U, 55 HEIREBGEDO A (Avg.)
L RUAREIMERSE (SE.) 2 RD7. 5 HEINET—XEy
FOW 4 D EZFIZH, TD 4 DDHNDFEDBIZD
WCTIE TRV TF—=RE2FH LRI T, 7/ 5—Yayv
LAY 100%, 75%, 50%, 25%DIGE DERE 1T > 7=,

£5 &0, BIKEIXY /) FT—Ya KK S5 3 DNN
< PS-DNN, %72 CNN < PS-CNN & 757z, W< D
DA THIH t REDKED p D p > 0.05 THELA
o7z,

HRAKEE [ K EREDH RO, FEERTHWH

58

w
~

accuracy [%]
3
0

o
vl

54

DNN  PS-DNN _ CNN _ PS-CNN

6: Trained with 100% annotated data



56

551

saf

accuracy [%]

531

52

DNN PS-DNN CNN PS-CNN

7: Trained with 75% annotated data

54

531
521 [

511

accuracy [%]

50

DNN PS-DNN CNN PS-CNN

8: Trained with 50% annotated data

TR MEDBE T — RIS NIBEODP S EENTLEST
W ZER—HTHAS. ARETRELZFiEIE, KSN
HBE N CERRAE 2T > =a— IV 2y N7 — 21345
MEOUIZZEH L TVWB L WHHEIDO R, FIRFAEERIZ
HESHEOME 2R FHIEL I L 2EM LTV
5. LU, REBRTHW:ZI—ATH5 DCASE2016
@ Acoustic scene classification HOF—X v M, &
2INERL 725 (BAE, VANT Y, BEHE) OM%ET
IRVFR—=IF =Ry bTHY, PERIhTWBHFIX
Bx S 2 T2 B AT WS, ERTIEZ OIS %2 2l
TR UTHWZ®, 2EIN-FRSMRILT 7
Fu a7 XEROFLUNERERTS, ©LAZOMOHES
EREMPANIZEL TWZeEZXoNE. KD OHEZ DML
AR OEE XN TWRWEED DA EHWTERT
5z, BABENPKESHAELRPo/zE
EZTW5.

4

ARTIE, vk TV E2BKRLZ2T7 Raa s
ZIZ &K B REMTOLEYFH OB EZ B L Uz, KSN

16

50

IS
©
T

accuracy [%]

IS
<

46

DNN PS-DNN CNN PS-CNN

9: Trained with 25% annotated data

HEBE T TOSERACHDOFEEFEICOVWTHERZ, £
Fy 2IVEEEESEANLTEHERETEC, FIHD
DI % FEMA 1228 X &5 PiEE2RE L. BETE
& —#&f)72 DNN, CNN & FEEARTH T E W FEHEE % 8
L7z, 51#1%, BIoF—2Xy 2 HWEREFEOER)
MOMGEEETTD PETH .
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Abstract

ART, M z7akr7LAnaRy MER
V7 hw =7 HARK % W28 5 O T =B
¥ AT 5 HARKBird O 572 5 1% F w] §EME O FeT
LLT, KREFEEEKZBITEY 71 21 kD
IR NI, FEO#E AY —H CTHAEMEE
LIV AT LZHWT T LA Ny 2EBREZT-
7282, WNRMEAED X 2T H OFEEHE DS
MU, 72, FREEKDO X 2T DITHL
TRERTA VR TIT 4 TEREIT72. FE
BROFER, K27 LI EMEAROX X0 %
FLEMNTERZ L 2R L. £z, HES
DEERIHRMEAED S 2T LBED X —
WWRESHEET LI R EPHS IR o7z,

1 [EL®IC
1.1 B=

B EOEROHEMIZ BN TIE, SRS O (R
{LITPE o TRE ICE D KATEIBIIT — 2 BNES IR/ 6N
5&512%57. UL, B—DO~ A 70hy &AWz
TFTI, MEBHRE 2T E RV OIEEREIRE
STHRWAR Y, ERMTEL 28N RMEEERD Sz
RIEWEL 256035 5. —f, EFETIIEED~ 1 7T
kI nsd~rsr7u0bRr7 LA 2HAWTEHIRD AHPAL
BEEMUZD, EMUZEIEZ L 720 9 28 0
Ry N TEBHECZBVTHREL TN S.

Fex DIN—TTIE, T DFEFHELIEEAN % B 5 O 4R8I
HziERAT 22 2HME LT, oAy MERA—T VY —
AV 7 MU =T THbHARK (Honda Research Institute
Japan Audition for Robots with Kyoto University) [1]
&, HROSHERLEICHVWONEY I 7RV T LA %
AW 5y A5 L TH5H HARKBird ##2E L, HE

DFTEDORA I VT, R, B8O, HIEOHEHH %
RITLTWS (2,3, ZOYATFLATIE, Eko#—D<
1 7 aR & WS TIRE S b - - 22/ 72 i
WA TE 5728, LREIEANDKERERIHLFX
na5.

INET, Fx DN —FTlE HARKBird ¥ A5 LD
TENKEE 72 ¥ DFAR 220G &2 17> T E 72, RIIZETIE,
HARK O S~ DEZ 2 iGHO Al et oMt & LT,
HARK O#EaEME: & SRR 2 FEH U 725 S O AT E O
FERMIZR I - BERI X1 - 2 2 A0 E R AT

BRIz, KREFEEERICE T 27 71 A 1 EROREE
D PNZ, FAIREOHE A Y —H THAERREIZ L7 HARKBird
VAT LEAWTT LA Ny ZERETZEBRO, SRAH
HBOXZT oM TRz Uz, £/, HARK
DRED —DTH 5 ERFEMEEETEH L, MRMEKRD X
ATHDIZHLUTBERT A VRI 7T 14 TERBIT- 7.
72, HRBE Y ALY AT L& OHEEAEH OB
Mo, R=hoA FEUFIZILLB VT4 ADEMI]K
ERHOWEEREIT-72. Zh5OFEED S, HARKBIrd
2RHWEZBESOBTEIO & 0 FEM 725 & B OIS
DHEEN AT 5.

1.2 HARKBird

HARKBiIrd %, 7«1 —J)L RIZBWTZAiCES IR T
BV AT LE B L, WEOTITHBIHIO-dD /) —
NPC X USB~AZ7aky7 LA %HWEHEl - oY
2AF L TH5 (Figure 1) . TOVAT LI, 14 270%K
VT LA TORGE O, KT %2I1ZUD, HARK O
RV FIREA & DY, Sk RoGes ) — b
PC E®D GUI THEAITHHEZR Python 2 X— 2 & L7227
DS NETH B, ML, Web R—U1% [23] 2B
N7,

AffFETlE, HARKBird N THWW 2 HFIRENL - 7 #ED

Thttp:/ /www.alife.cs.is.nagoya-u.ac.jp/ reiji/ HARKBird/
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F2ODF Y N7 =T RHEER L, $kF Hz — 5 O R b
THERIZ7AINVEFELRLY, ERETOFIEMIZIGEU
THENTEDLS1C Uz, 7, ERBIEShEA
7 7 AV MIZEH HARKBIrd 2 W=,

- 2qHOhRYTL

Figure 1: &> 27 A

2 FiE
2.1 WRE: V5A4R

%< O/NE (BEE) OF A, BLSEIZMITOE
FEENZ 7222 L IR WS HE 2 DB UK T 53 2T
() 2175, TARTOITIE, T A 2@ TOM
RODEREEADDFEHLEEZAAITE=ILT S 200%
ERHDHENDNT NS,

H#E, AMETHRETEIIAADFADIRT
DIZIE, A—FArFatBIx5EVWEYyFTHS HE
EAR—HRRRTF R E L R— DY HWHHET BN Y
FTWO LR DB %, AE—AP5HEFEDE
EFEEAHETETVANY 7EBRETF>TRUEZ 4. Z
DFEBRTIX, AC—IDSHABEOIXTHOFHEL &
WIRAFW, FoRIziFbnEEMEED X 230 EK e
ZORBEDOFHZ T o7z, §5HR, AC—AN6IZ2T 0%
HAEUTWARIFEAZIT> TWARWE & AR H RO
EREAL, LIMOEEPENT 2L E2RBLTWS.
ZORERD S, LD X 23 0T ILEBEER A O gk =
WhdhsbeEZONDZ ER U, £/, FRHZEERM
frevbh s, MEREZERT 572012475 RITEIEE
HEL, BAEELD D56 IERMRITOEBEABEMT 5
FERE2RUZ.

AWFZETIX, TLA Ny 7 LRI FFREN 21T\,
HERT A ZADBH I ZTHOEEICEZ 20 E%
ARz,

2.2 EERAE

FERIX, 2016 45 H 21, 22 HIZ# B RFERFBEa
FIRERMTE 7 « — L FRIEEEM T v X —FRk 7« —
VR (ZFREEEGRGRET) OFMTIThNz. Figure 2
2R, JAPE %R ARZ I E N B 7235 =N EE L

19

7 USBHEfm~r7urirT7L1 8F v~ 70Ky
7 LA TAMAGO (YAF LA v 70y F 4 74H2)) %
BlE L, AE—h (37375148 MM-SPBTBK)
BIOPCE~YI7uhr 71 25N UTEEDS
A2 sm BN RICEE L, 2o E, A¥—Aidds
MEZZE LT EMESICRELZ. ZORME, H2 11#E
KD T4 ZADRED THY, ZOU T A AESED T
ANy 7 EBRONGMEAE L Uz, EBRb, SR ER»E 2
TBEYUITRANME, w470k T VA EAA»S TN
FEERELREDORVEROARZIZH D, AAzsHllTsZ
ETRBOBENNE - 2B L FETHZ ENTE
5DT, ZIxERGAE L.

()

Image ©2016 Google
Map data ©2016 ZENRIN

Figure 2: ER7 1+ —II N

SEOEBRTIE, HEFEHE UL TERTS Y71 A
DWTHINIHEL-HE, LEOX29 0, WEEDH
BTHEBIZB W TS L - FfEMEERDO HE, LEOX
23D, R=huA FHEI 22T 71 ADE AT
DEBUZLBOGEZ2MHLZ. &SEESEIX, ERL
TR LIk TRARGEEZHE LT

2T OOEAESEL LT, BEICEESE 20K
UCRMIMIZ AT 5 ke, R EED S 290 izl
TIHE LU TEBMBICHET S 200 5E2FH L.
W72 EHE T, SBE, RBEBIZAY -5 5EE
HAEL, TXTLINGLTHET 254121, HARK T
D7 NVERA LIZHEREZEM U 3HBIZAE =05
AT DEHETEESICHERITo 2.

B EBRPICFEIRIZ AT o 2Bk F I L, 771 ADIFE
& {EMT S &S5 I2 HARKBird /85 A — X % W'H
FEEL, FIEMZT> 7. FIREMAERIL, Figure 3 D
AL U 72 FIREMAS RS R T & 512, HRMEROIST
BORZ & /%D T TEHILNTERZ., ZOH
TFERZBIEL, WNRMEED X 230 OIEZl, i, &

2http://www.sifi.co.jp/system/modules/pico/index.php?content_id=39
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U7z, 2T 0oL T, KR EZCICFE
HETHEIH Uz, IWEERICE T 21EBEEUNADE TK
IS U756 8 A — A OFERE E UTHEL 7.
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3.1.1 BABEOEEROEE

F9, TVANv I EITDT, BRSO ToGE,
MARTIELAEDIZTONEMINTVS X SIT,
FIFEMECTHBIZI AT 2HAE D72, TXT OO
¥, LEOoXZ23T0oEMWS (58 20 [[]) A5, H
FRDXZTVEREDLLTHSZ & (58 [ad 38 [m]) A3HH S
Motz £z, BENCEL T, EBOAZEZDLT
OBET L FRASNDD, EMGEPKELSELT
L5 RBENIEHFE VITORWERD D - 72, MEED
WARWERBIZBWTIE, EMEICEE> THEIZEZZXT
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2. TZXTVAMOHREATS, IFIFETOERMIZE N
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WBHZENEZLNS.

3.1.2 TLANy IER - INEDOHE

Wz, TLANy 7 OEREOREZDONWTEZRD. T
ANy ZRIFEDEWIE, XXATHOHECH S ICHES
L2zBZeNHoNEE -T2, £3, SHREIFEE 12 M
fEEnTho HEOX 23 0 EE kKT SL, SHO
LA 9 E, 12M05BE T 19ETHY, £TOHEE
FIZBWTHREOX 27 0 EED 8 W THEERTT>
7Bz A EE R A SN, £72, BENICELT
, SHREETIZOBUL YT 0.916 TH LI LT, 128
R TIX, E¥0.798 TH S L 12, KERBHOMEED
S MEIEIC BV TEWEICH 572, —F, LEIZELT
X, SXATOHENSHOEGAIIKREL REEDDME
NS o7z (12 22 [ 8 Y23 [H) . Zh &
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Table 1: BEMIZB T B X AT 0 B E HAAH, AE—Th0 OEAR
SREADSZTUES - - . . B
B MEREEOTATIER | SATYBEOSH RE—hhOOBEEH

BEOH (TLANYTEL) 38 20 58 0.655 0.345 0.464 0

8 4 31 35 0.114 0.886 0.960 60

H 128 19 25 44 0432 0568 1.000 40

. B 4 33 37 0.108 0.892 0.998 28

T EES =

Ha 8#p 6 14 20 0300 0.700 0.995 60

L 128 20 18 38 0526 0474 0.780 40

B 0 19 19 0.000 1.000 0.958 25

8% 27 24 51 0529 0471 0.674 59

H 12§ 29 22 51 0569 0.431 0.370 40

- HE 20 17 37 0541 0459 0.854 29

J’ =1

RIS 8% 2 28 30 0.067 0933 0.959 60

L 128 16 22 38 0421 0579 0.941 40

R 2 17 19 0105 0.895 0.885 21

_ 8 4 18 22 0182 03818 0.992 59

ANEZY L 128 11 21 32 0.344 0656 0.900 40

B 3 16 19 0.158 0.842 0.869 30

8F) 9 23 32 0238 0.762 0.916 60

T 127 19 22 41 0458 0.542 0.798 40

I 6 20 26 0.182 0.818 0.913 27

EHBEFER 1 22 33 0293 0707 0.876 42
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Abstract EEL, IEET-oTVWAE. 2565 5WIHDS 5B, 13U

AR TIEROMDEE Y AT LDHEEE H
e, TOODEMIEREERL - EIRA
EETVRET 5. BOWESHL, WOXIT
IR NT VB 0% HEIZFER T2 A
T LFE SRR HITEI SIS B VT, B
HOhRL - KL W o 7z i SHIRF I T
W5, L2L, ZOLIBVATAIR, Rid
MR CHRHIEBDOESPIHTNT VWS & \W\Wo iz
PRIV IET B BELH S & Vo WL D 5.
oL, BT - EAL - - FE S WoTz, B
Ry MNEROEAMZFHT I LT, KOWHS
M7V —LU—2DORELZHIELTWD. A
T, MEEHRICEHTS2ZET, ZThoOf
HEAREIZT HHERET IV Spatial-Cue-Based
Probabilistic Model (SCBPM) 259 5. &
S, MEETNVEMWEZT /7= a Ui
VAT LEMEL, FET— X E A7 TR
BiTo7z. TOME, BOTEHEMNDRAZIZE
WT, fEkiE & 0 mkT 5% DR R AR
T&E. T/, BEETAPEN TR VIRIIZ
BWTH, ERIELEEDL SR VEREDER T E
52 L DHERTE .

1 FL®HIC

LRSI, BIEPOFIIRETAZ LT, HERED
TS TIRED Z WU WIERPEED NS A2
V=V avh e e s &S RBRETKERTHIT LR
5206, RIET=XZY) v rYaRy NrEOoE T,
HEHEINTWS., FEREHFICEIT 5 R RE#ED—DI,
B ICHZREEEORLSHHRBREMET S
Thd. BAITEERENS 5WIH 1HH (When, Where,
What, Who, Why, How) % i3 % Z & % & ERiifig &

SO AW IFFBREETPTOARY MBI 2 EERERT
HB71-, Kz, FPEMHE (When), FEER (Where) ,
iR (What) , & adak « SIEFE (Who) & LT
WoflEFNTWE., ZNETOD AW FiRIE T T TN
DOERIZBE L TEBICHE T 2D TH D, 4W TXT
DI HE M T 2 MR FEEINS 2 A AT — RHIC
FEFT5ZeTHD. DFD, WL 72505 HFIRZ MR
WAL, EEEERD 25581 EThTNDEEL, FH
ERITDTETHD. ZOT7 T —FITIEZDDOREN
Hb. —DlF, WML B0, BENERHLTL
52 THB. I —2IF, HHROME & EEOEG
M7 & AW BOHEMKRGFEZEZER LU TWARWERTH S,
W iR D 72, FIREN & I B % [FRF I
175 FiE & LT BNP-MAP % [Otsuka 14] MR I N T
W5, E7z, BREIBRLANCE IR L 2 EH 2 K
SETIVIEMEINTE D, HIIE, BRT—22HS
Stochastic Block Model (SBM) &% Y b7 —2 #r%
BfRr 2 A% ) V7 TRHINTWS [Holland 83]. BIfR
AR, ZOMLEORNROBEGEHWT Y F
AR VT EFETH Y, FRHEBROE VT 255
E O BTG E TS BB & £ BRI,

E 7z, AL FEDOMEMTNE, R, W& Z Tin
FELTWANE WS BEIEGEE XA 771 E—ave L
TILSFRENT WS, BRI, 178507V %A
W RERR A 2 REE e U THBIc Tz 8T
FEHEDYTA YT =V a VKEDNH ETE DI EDHIS
NTW3 [Pardo 06]. ZNODFEEXATIAE—vay
DFFEIEHZRREDENT, ADOEZHLRIZLTWS,

ARETIE, ENLE FE DO EMRFEZI KD 72012,
EOHRHERNFIZU T2, BOTDEIRFRCIEEIRDOA &
IHHREELFETDODWIZR AT D—DTH 5. ¥R 51T,
FEIIE D DORED 28 ->TH Y, &< OEEIZRE— D
WTHDL VoI NsDEREZEL DD, HEYO
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ZWHM Y OBREICEWT, SEAEEZITS X A7
BEE=X) V7L UTHMEBINIR R A I D—DTH 5.

7z, BIRIZBVWTH, BOILMIED O EIRPR
B OKRE RGO LS HIRENHRO —-DTH D
[Catchpole 03]. EOHAFZIE = DD /HiENH D, —D
FE<arvro— I nNzEETOBMNT, 5 —D2IF
KD 7 1+ — IV NIZBF 28 TH L. BiElERMlz o
VhE—=V U EROMOMEE DR ARETH D, RER
SRR CTEBREZITS 2N TE S, ABTIIRE
WERZBNWTED, ZOHETIE, EBROEE N TEN
EDEDIZEHL T WA 0E2 BEEENTLZ N TES
720, HHENTWS HETHS.

SOBRDET I FE B THEEINTED, v
OBDAVRF 4 aryTHY EIFonhTEY, ek
FEMRE SN TS [Briggs 13, Godau 16]. ZH 5D
IVRF4YayTHOLNTWET—XIE1H L2
FY U RNDIA 70T 5 TR EINZETHS. 3D
Ul 707 x v CTHEINEZIA 074 T L
A Z WL, BRSO MEREN LD ZDIZED
FICHHTE 2 Z MG I NT WS [Suzuki 16]. HI§
FHEIZDWTH, EMPHHELEIAETDOVT NS,
RA7B 75T VA 2HWEZERNERTH S LR
TELMN, TOMWEREIMZOWTIEHao T\,

FATIZE UNE 15] & LT, HEMEZZREL 2R
EETIVPREINTWS. ZOFEE, FIHEFAEETS

T2ODEEE TN E DL LIS RETILE LTE
B, SHEMEZ2ZRUZEREZHVTENSDE
TNEMREETHEVWI T T —F 2l >TW=., UL,
DT 7a—FI%, DS T ISR ET S 120,
HRALEZ GEETIVIIKMTERD 572, TRk
T A0, EM 7L 3V XL X AHEMKIEDFE % 0]
BEIC U2 ETVBIBEINTVWS NG 16). LU, Z
DFETIE—EHDNTA=RIZFATENNTA—REE%
fioTH 5T, £7z, [Kojima 16] TIZFERE —EEED A
DIREREDTH 7. KFETIE, TNS6DNRTA—X
WZOWTO¥EEAEIZL, BRARIZBHETOEREZTL,
EFIVEFGL 7=,

2 BEET7IO—F

ok, M 2v 7427V A 2 AWTIERL 25D
ZHBIMZOH L, KoM emilhd s A7 L DR
ZHIET. ARCiEEEmRL - 26 - it - FEE X —
7y MIU, HEAEIZEWTINSEZRETLET IV
Spatial-Cue-Based Probabilistic Model (SCBPM) % ##%
T 5.
ETFIVOMFUZH D LT D 3 DDRENET 515,

1. FIRENIE R Z W72 SR FE 0 € 7 vk

2. HIENTEREZRLUZET VNI A—XD¥HE
3. WAL T /T —arvaERLULEEE

—DOHDMEIL, HHEHZITS &5 RHEMPEHNT
&, K2z OEYPHIZICE ZHEICXY, SR
PO BETERWI LIZHRL T WS, FEEE
WA BES ISR S O F (RRHZIBNT WA DS
T &) BRI TUEW, @D S £ < W RWEEDLRS
{HIFHAELTz. —J5T, MUSIC i [Schmidt 86] % DK
FiklE, BAOBREZREPESIMELIZT S & 5 ek
TH-oThH, HEIBREOHFEOERAMzHETES T
EWHE SN T WD [k 15, Uemura 15]. £ 2T, 77H#f
TS DEREMMBIT B 72012, BRI %Z G - R
EFINEREET S, BEETFIVE, DS ICHET 2L
AL ERARNCET MRS D 2 DDA SRR &
N5, PEECETAIOME LTI, FEAEOET IV E
LTE<HISNT WS BAHN Y A0 (GMM: Gaussian
Mixture Model) &\, R FIZET % 0412 1351
etk <HVWSN S von Mises 04 % W 5.

ZOHI, BELEETLDNRT XA —ZD%EE V)
AT MEVSHETH . BETTINTIE, FARZD5
B X e A2 B U CHEIIRFEL TV, REET L
1%, BNAEEFROWERET I TH D720, Expectation
Maximization (EM) 7))V 3V AL THEET LI LAE 2
oNdN, SHEEHOMEKFEEZZRL TEET 86
DD, TIT, ARETIEFZIZIREET NV ETDOEM
TUT) ALZEHL, ZOREDMHREMNDS.

ZOHIZTF—&AD7 ) F—vavIiZBlTAHETH B,
REETNVOEEDEZDIZIET /) T—2a vy ETH
5N, TRTCOTFT—RIZHUANFETINET D IZFH N
»hrd. £IT, ~MOT—XIZAFTT /) T—Yavk
U, BOZHETL2ONENLTHD. T5H&, T/)T—
vavOfEIIKEDT /) T—varInTnwianwr—24&
EDBODT ) F—arT— &SRR 5 E
b, ZriRpHds b FEMEE LTS T WA,
Bz, B3RO EM 7ILIV RALTHAIA—REEE2T 5
BEIE, T/ T aryInTuniRnT — X & RIETH
CAIRT IR D, ARICEANRD 0 FEANLHRT S
Z &M TE S [Nigam 00].

3 ART—RIE

ZZTIE, WERL-F 0o FlRz M - B4 - 2 - FE
DI=HDHA A Ay — RFEEHHETS. X 11%, <
4278757 LA TR 725 2R - @ - 28t - [
EDMEIZFEAT LU TOWNT 2 A — RFiEEZRLTWS.
ZOFETREINE D OMBIIMSIL THibhd., 20
HiDLABETIZZ NS DUBLZ DWW T DM 2R 5.
T - BT, FIRE, SHEOME, HEAT 2
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B - AL B [BE
K ﬂﬁwm
Mch DYERE o
—“—"F_—L‘- f > _~
o SN e
e

B 1 FUEMES - AL - B - RIE DA AT — Nk
T A4 TR TWAKEOHEERTTS. 2ok MUSIC
EERHWTCGERSI NS, MUSICIEETIEZENETND FH 6
T LT MUSIC 37 — P(6) LI (555022 M D]
U —%itHT 5.

|[a™ (8)a(d)]]
Z?iud lla% (0)e]|

72720, a(0) EFOFHILTBLATTI VIRT ML,
e lZ~vA1 2707 x> 7 LADF v XIVEOMHEETE] % [E
AIERERL, BEAHEDOKRE NS DIEIZYAR7ZEA X2 S
EEDA VTV I AiTHD. LiEMUSICIEDIRT A —
RTHY, FEBEMHOE, M1 787+ OHTH
%. MUSIC i T35 5UB /3 28R Ve B /> 28 & H AL
5ZLEFALTEY, FHDOD 2 HET PO) 1L H
L5, ZOK, ALyYalREBALHDDAERE
L, TOEY—2fEZ2HO 5 Zkiz& b, FED Gz
ET D, 7, BT LV—-LAZ T HaE#EL, T
L—LBTOHADEDRD ZHIMEL R THNILR—DF
JRe AR, R EIRZEMT 22 2T, HHAT 2
TA TR TVWBHKMEERET DI ENTES. o
DALY a)lRDOfEid MUSICHED /ST A —RTH 5.
TR ECIXIRAS D S HNOSERDF 2 Ml d 5. &
FOMOFHEE LTI =LA T4 — I V2R ED & LA
5N TW5. GHDSS(geometric highorder decorrelation-
based source separation) %343 Bt & [ D =k EAH R 1 %
ZRLUTE—LT7A—I VI RIRUAFIETH D, Sl
M A T, Fexld, BADOREX LA A Xh o
WEOWEDEES 5728, GHDSS % iz,
HIRFEETIE GMM 2 W EEEF )L E2HHT 5.
ZDETINTIE, —DOFEY 7 AIEROY T2 5
ERiD, B TOD B EFENSDFIE, TOH0Hhns
MERINEIRI NS LIRET 5. & b BRI, R
AR VIR SRR L - S EREE NS LR T T A0
RS e, —DDOHFRIFIATH->TEH T2 5 ADK
FARBARZ MVDNRZ =2 RETE S, A%
T, JEBA N2 DV ERHRE G AN E S 58 (PCA)
WIZEOIRGTEIERE R U727 ML 2 S8RHE s L.
ZDEIIZETMET B &, AT DFERHME x 132

P(9) =

J%]»&ﬁ‘i( (HZ.] "

)

Juls

N}
S ()

B3 (sec)

X 2: ERETINDORSIT vy b7 =0 KB ([FREZ]
DHFRPBZDODGE) BIEK x, x' XELADHD S
SN OFAIN EERBETH D, BIHNEHdIXZ
NSDERFRD AR Fb,

TOREGH T AR Ze b,
p(X, Scjs C) = ch (x)p(SCJ | C= C)p(c = C)

72U, 5o REI c D jEHDOY 725X (32, p(ses |
C=c =1), N() 3ZEENIARHTH 5.
T, HEOBM C 2REReBE, 7/ 7Y a Vi
AT —ROGEIZIEEEME T5Z8 T, EM7ILVITY X
LXK DR D 0 FE TS, £, ETNVOMERIT
MAP(Maximum A Postriori) #EIZ & 0, HFIROHEE %
TH5TENTES.

- >
— —

4 REZE

RO EFRFAE O & 5V T3 EHRRL I BT 5 2 2 128
BENTWARPro7z, ZITEREFFRMEEZFIHATES &
SICEFLEMEL U1H), ZOEFLDAT A
T OWTH RS (4.2 Hi) .

4.1 REEFTIL

RO GMM 12 & 2 HF2E 5 )L TIEOHERS Z & NIz E
FUELUT W, ULEd>T, Wl s k, Z 2k
STHo7z. BETTNVIIEDEHESHOMKFEZZAL,
ZNEMELIZEDIZHR-T WS, BEETNLDORSLIUT
VAW M=o RKBHEX 21ZRT. 22T, BElt 0F
ke DFW Ay = dia,dio, ooy digys o diie, (0 <dyg, <
21,1 < ky < K;) W& MUSIC 2 HWTEIHETE 5. 2
D, 3HTRR7Z XS IZRZ t OFIE K, HIRTET 5.
F7z, KoY OEEREE x,, 1 GHDSS 2 HWT
FAETESL. TR, M2 TRINSEZEHHE LTE
HLUTWa., UFTIE, Bt 3o zoiz
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BAREIZIE, AP &S icididans.

K

p(x,d,s,c) =p(d|c) H NSck (xk)p(Sex | cr)plcr)
k=1

(1)
pdlc)= [[ »didleci=c)

ci=c; it
[T »(didslei#e) 2)

cistes i
p(d;, dj | ¢ =¢j) =f(di — dj; k1) (3)
p(didj | i # cj) =f(di — dj + w1 K2) (4)
i) =) o)

772U, f(d;k) & von Mises B TH Y, Ip(k) 1 0
RDEFRRy VB TH B, 2, v EXDHEOEANE
ERINIA—ZTHD (k> 0). XN (3) TEEIND
pldi,dj | ¢; =¢;) WCEHT S L, ZOMRMHEEZ=DOD
BIEDOAEINEL, D, ZDO0FEMRFEL 7 5 AIZEL
TWARHZEWMEE & 5. — 4, & (4) TEHIND
p(disd; | ¢i #¢;) ITIEHT 2 &, ZOMEMEIZ=DODH
oM EIEL, D, “ODGEFENRELL 25 AZEL
TWVWARIZEWEZ L 5. FRZIZ DO EOFHELH
56 (K >2) 2583572012, p(d]c) iEX (2) D
ETTRTCOFFEMOMAGLEIZ LI > TEHRINT
W5,
CDETFNVEHVWTCHRDZ I A%MET 5 L &2,
AL OMDFIHED Y 7 A% EET2HERH5. Lz
NoT, HIHZT7ADMAP HEEIZUTFD LS 1245,

¢’ = argrcnaxp(x | c)p(d | c)p(c) (6)

4.2 EREFIONRSXxA—492H

A CIRIBEET VBTS2 EM 70 3Y XAIZDOWT
TS, £9, TERME X ITHIETE7 7 A G2
SNGE, DEVHEID L FEHOLE, K2 &0, XA
V7w NI = OWENS, clIMOFHRS T ALk
WNLICEHRT AN TE, kD GMM I k258 €
TINDNRT A—RFEFLFERRICEE 217D 2N TE 5.
UL, 9T ) F—arvols, DED, FHm
HOFEBERITIGEHITIE, c& d NI EIFRST, x T
CITHSLIZEH T A TERY. UTTIRZ I R ¢
CMT ) T—=2arvERTVWRWEGEEIZDOWTHIT 5.
EM 7L 3Y) ZALIZBWTI, T—Xty by 72
I A s DLBERDORMEZ GHR T 2 HEVH Y, LFD
EOIIZRBEEINS.

N, = Z ZP(St,kt =s,X,d) (7)
t ke

71U, s, EHEAE OFIR kBT EY T2 5 A% R
THERZR L U, X I4 t OFERMEE2TOESL
T3, p(sir, = s, X,d) FREETIVETEHHETLZ L
MWT&5. 7277L, 2&0, RAVT UV NT—2F
DUED S, plsik, = s, X,d) FHE & 7200 TRLS, B
Lt IZBIT2EDIENPDHFIREMALIRET HZ LI1ET
v, BRI, p(sik, = s, X,d) ZE5HHET 5 Hik%E
AT, FT, T2 TREHOZORZL ¢ 122 DDOFHD
ANHBHL LT, ThTh, HFlk, k , TEFEE X,
Ex (X ={x,x'}), HBEAMIE d P52 5055
BEZDL. THE, BRk OV T 7T A s 12T R
p(s,X,d) U FD LS IzEBINB.

p(s, X, d)
= p(d, e, )p(x|s)p(slc)p(c)p(x'|c)p(c))  (8)

c,c’

722U, p(X|d) =2, p(X[s)p(s | )p(c) £F B, =D
M EDOFWE B D56, p(x|c) ZMELFRET 2 0ER D
5728, FOEFLTWE T L —L2TIZHULT p(x|c)
EFHEL, TV ERE-TBEL LT, BEIEHET S
ZEMTED. £/, p(s|x) E s ITEATRELET T
D7D, TNUNADHERIZERZLIVEAOSNS.

von Mises 3 D/NT A=K Kk, ko IZ2WVWTHEM T
VT XL TREAETH S, TNoD/RT A —XDEH
A, EA von Mises 7D/ T A — ZH#EFE [Banerjee 05]
YHEPUZS DA D, Ky OEFE " 2o 3R 1E
DFDLSIim5.

Uy = Z Z Z cos(d — dp(c| d,z)p(c | d',x})

t x,x’ c=c

Ve =Y > > ple| da)p(e | ')

t xzx’ c=c

K/gnew) —A! <‘U/c=c:>

ZZTC, Uee & Voo FETN ETTRTCOREKLDH
ARV MZOWTe=(, z =o' ARERMAEDEEFH
T5. Alz) ZEAFO LS IcEHI 5.

Il(.’IJ)

Al) = Io()

272U, Ip(x) & Li(2) EENZTN0RE LIROERR Y
VB § 5. Ax) OB A () ZATOELLR
THHEAEETH S [Sra 12].

z(2 — 2?)

—1 —~
AT

ko DEHRE c=c 2 c#Ad &THZ2I2&D, FERIC
FEARETH S.
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Ny ITVR

X 3: #EEKETFINEHANWEZTO N XA TV AT A

5 JONYATVRAT A

WREETNVEIMAT B0 T NEA TV AT L %R
HLl, ZOVATFLARK ZITRLZED TNy 7Y
Kevay by R9rskd, Ny Ty RiEEEgd -
EAL - B - FEZITV. SR - EA (MUSIC %) -
Sy (GHDSS ¥) 121 HARK! [BJ5 10] 2 & B\ 7z,
Zuy b U RIE, W7/ 57—=Yavrokb, <
A0 74V TUAIIZETODIA 0T 4 VP onb
Microcone 2 % W7z, WEIEE 41258 & 512, =N
BEL, v 7 by 7PCITHR L Tk %EIT 72, T/
F—vavAvRER—7z—AT, B4 ITRTEIIC
el SIS, B, T ) T—Ya v LT
NV ERTEDE L., KVAFATRE—HIZTIN L%
DI B LD DT )V HEIIZ T OV DEH DB
TEHEOINBELDIZR->TED, 7/ 57—RIFFHEI N
FTRNUDMELWRE I D EER - BETAZ N TES L
N> T W5,

6 FPMfsEER
SCBPM % #Hli$ % 72812, F—Z v b (A)(B) D=
DREBF— Rty b EMAELE.

!Honda Research Institute Japan Audition for Robots with Ky-
oto University
?http://www.dev-audio.com/

X 4: kS AT A

£l T—&EY b (A): TRV RYPOB, I
6 LA, I RY (A) eI RY (B) X8R4 5K
DI RYT, ROTTOREA RSB0, HIT~LE
L7z

TNl ARV MR | &
FUXRE 5 red
Avn 7

LI RY (A) |12
va kY (B) | 13
Z DAttt 17

blue

green

T—XEv b (A)IX2013445 H5 HO® (HX) 2%
KA T O A TR U 72 [Suzuki 15]. 20D 1 20D
F—RENGE LT, 38 TRz MUSIC % EH 3
5Z2T, 5404y IO EINA (K6). ZDH,
MUSICEDI/RT A —=&X, —D2DA XY NHBEDOITD—
T =R BEIIGERUZ. Ts5 DA Ry MTx
U, DS E2FH»0IZ, K1OITXVEHWT, AF
TT7 /) F—vaveEiiolzbDrEMELT, T—Xty
NEMER Uz, =Xy b (B) 1201345 H 9 HO
(R 27 AV ADHY) 75 NV=T7 MOHEHE F 5D
REBMHCIEERL 72, I8k L 72 4 2RI 140 D1 R b
AL (M7). =Xy MEE 2R LEZ8D
D5~ %E N,

B5 & M8 IRENENT— &Ly I (A)(B) LT
A — Rik& SCBPM % WY AT L TORER
EHEELZHDTH S, ik, INEREMZ 10 E5 L,
TR HHY DX E T )V UDKBIZZTT, IR0
ZRUDKMDA RV & FRIL 72RO EE L THH % 17 -
2. TNoDT T IO (77— avR) ZeE0
IEDITNNLHYDKEDOEETH .

ZZTHW:, S8EMHME - ETF VAT A—XIIBTO
XoIHE L. £9, 16-bit 16kHz 3> 7)) 7 D4y
B2 5 &IE 80 (A—N—=F v FX40 9> 7)) LT
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WZE>TEDARY MDY 5 A%BE L. GMM DEE
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BAEL TN UT —RDEAEZE LT [Nigam 00].
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Abstract

M7k (UAV) IS LT~ A 7 7 LA 13,
WA RZEFET Ba—2 =557, %
ICRHESIRIIICE 5 ENS. AT, 2DES
Ix UAV ISR LTe< A 2 7 LA BRIV THER
Fr - FIEAR D% 9 B BIC N B RE O FREIC
fii, Z N5 ZERT % Tz DN H o b Fikx
RT3, BRIV AT LTI, ENEFINc
12%85 A—=24y bz VT2 A5 ILERR S 72
BE, TSIV SBHRARZ 2 —F)V
3w NIT—=2TDVT "I A@hHiEsNn%
MEEIEIC K > TRk g % 7 L— LR BUEEIRG
5T T, ENE Nz AR REET 5. T,
UAV B~ A 77 LA I K> TIE L 255 %
MW 38z2@ T, _E AT LOEMNZ
RUT=.

1 [FC&IC

AfaTlE, MEAMIZERE (Unmanned Aerial Vehicle, UAV) % |
W EAVSEREEFIfICH D fHTs. UAV IR LA 77 LA
ZRVIELEEZBLET Wo ) TECT) MRic] Evolk
SWIH OERZ MRS 5 LN TENUL, HIAIE, SEFEBRCA
WAL H A B T ENNEERIGATNCIBNTE UAV TZEN SHEEH
DRBESIETHTENTES. TOEIICHAENERET
SRR U, ZFONESFEZHEE T 210672 TRVEREN
fif] &L, RYVEEIEHED 2D ORI NS 2 b DOWiZ %
TFoTW5. UAVICHE#H LA 77 LA, aica—X—
EREYI0EZRED ) A R RETZ0—2—bbid, H
RS RBICE 5 ENS. ARITIE, TOXS7% UAV I
LA 07 LAZHOTEER] - BFEEAZT 5220
g ofEIcin, ZTNSZRT 27007 L —LT— 0%
WAt - KT S,

BITE, BUESRAE AN R e 8075

2 HiRIRH & FIFHERZRRICT S BRICEN
B DRE

UAV 2R A7 7 LA =R T 2550 RKEHRFEO—D L L
T, UAV HHOO—2—ERmYID &5 ED /A RCHICE S
ENEHTENBEFENS. coua—x—Fk, UAV OFR[TIREE
WCHBELEITHELS R D, BT LEKT BAM] L 72
NV MDEFEESOREIIa—2—3F LU T/hEnT &
MEZV., fRELT, VAV IR LA 77 LAIATIE
NZERESE, FI SN EAEWIREETINEENS T L bix
3. THIC, FTIKBRED /A XH b 528, UAV IR L
1A T LADOIERENELF v RIVEFRESEHVEE
JEENL & BRI T S SRS BREL FIcB 0T N A Ml
BT 2008hH 5. TOXI EEHMERE MV, HiR
W & ZER D85 A — 2 i b2 FRIRFC TS T &LV,
HEENZ T 250, BRERERNZRHT S0, &
DIST —DEWERT T2 Tl L, ZFOR[%D SN LEAMEWERSY
LT 2B H S, FLUT, FFEHIZT 25E1CE, SN
LEEB R W DBz T ST RREE N E <755, Liehio
T, SEN < SRR Z N2 ISR E Uit 217 5 e
N5,

CNETE VAV #ROXA 77 LA zH, BER, 77
HE, WBIOMZE T > TE T (1, 2, 3], SFIEMIH & FFENAIC
DNTUE, XA 77 LADERENMNFILETHS Multiple Sig-
nal Classification based on incremental Generalized Singu-
lar Value Decomposition with Correlation Matrix Scaling
(iIGSVD-MUSIC-CMS) i [4] KL, 10-20 [m] fEEHEN
TG DEIRTE UAV <A 77 LA DS EEOERMS
KUMHEMNTES 2Rz, COFHICIA, ThET
WKEHFERMEFILE LT, 407 LA 2V SR L U
TEMERETH 2 T ENHE TN TS Geometric High-order
Dicorrelation-based Source Separation with Adaptive Step-
size control (GHDSS-AS) ¥ [5] &, HEEEHD—DTHSEaH
AP = 2—F )V hT—72 (Convolutional Neural Network,
CNN) [6] ZflAEDE 2 T & TR F TS MCEifE
T 5 HEEA L2 RE Uiz [7]. CNN ok, HEiROEAIC
Fbllc=a—S)bxw bI—0Th5M, A& LT, fihh
% JA NGy, BRI & o e AR b u 7T Lz
G EZHWS T 8T, BANY MEITEARNHER T
5. ARTE, TNXTHELICHEEE N T EIFTEAL - Fi -
e SR DD T L—LT =T LTHAEL, JL—LT—
IRl UTHMERE TICBOTE &EHEN - dkRIMEREZ [F]
Wii{ g 5 HAHAZ SR T 5.
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[ Multi-Channel Audio Signal )
16 ch audio

Acoustic Event Detection

Short Time Fourier Transformation

\l, 16 ch spectrum

Sound Source Localization

Diyection per\&lme

Sound Source Tracking
for classification

Sound Source Tracking
for sound event

SSS for
classification
with params B

SSS for
sound event
with params A

Sepa rcgea’ Sound Source
soupds Classification
per ¢vent

classified resu(l; per frame

Voting for Event

Acoustic Event Identification

Separated sounds, their directions and
their IDs per event

1: 7L—LT—7 OE

3 BMERETCERRE L SR Z R
mEts 57 L—LT—7

AR CIREET 2 WM BREE T CE M & B Z2175 7 L—
LU= OWMEEK 11RT. VAT LEKRELLSIT, &4
AN MMRHES (Acoustic Event Detection, AED) & & A N2 |k
AR (Acoustic Event Identification, AEI) IZ0h ', FNZ
PUCETFENL - Mt - 78 - 387 - A OB Z NS S.

BEANY MaE (K1, AED) T, R 7 —1D 2243
(STFT) ZHW, &F ¥ XIVOE TGS %7 s &4
%. T iGSVD-MUSIC-CMS {2 fWVT, M2 Lan
5HEFEN 21TV, MUSIC I ARY s dS Lxlts. 19
5Njz MUSIC ZEAXRT baZ S LERWT, G4V e
BEFL, HIRKMZE XY R (K1, AED ICE9 %
FANY MEAIERTIE, £9, 1§52 EHEKEEHRE 16 ch
DARY FZ LZFIRAL, SEESZitdT 2. RIS, ZO57HE
Hx CNN ZHWTH#AIL, 7 L— LBk RE2S. T
N6 7 L—LROFAFER E BEA N MR SR 5Nz

BFXEERZHAGDET, EAXY MEOFBFERZ KD %
(X 1, Voting for Event). @BlIESOMLICDOVTIE, 3.1 HiT
K OFHMCRNS. £z, gLz 0, SHSFRENCE
WTIE, SR &SRR BT, WU/ X=X T
(b3 % C EDNNEETH B 728, X 1 HPlR TR AT EEK
DX ITHPFEY & D EHCE LT, 2 DDEEZ /8T A—&
Z VTR KRR, @A 7—2%29)0 g, <
DY OWNTIE, 3.2 HiITK DFHMTERS. &EIC, HFAN
Y FOKRIERE, #BAKERE EOX S IRET ZMTDOVT
3.3 HiTibR 3.

ERENEMEFEFEEHFEDOEMEONR b
sl

UAV B#HDOA 77 LA NEE2F v RIVEFREEE,
O— 2 OMEENVEIC A>T b7, SN LD IREE TR &
N%. TOXSIT SN LkDOENEFR{EHZZ2ZFDE L/H{FD GMM
DX IEHAZITINT T, MZOHMNELEBITERD, &
T BT ENTERY. T T, AETRFEESEL, T
R EEZITS T & T, HMEIMEI N ERE 2L, o
NSRRI B WS T T a—F kLS. TTT, ST
FiEE LTI, Bd L7z GHDSS-AS % fWVW%. GHDSS-AS
HRC—=LT =07 T4 REREDED 2 DO X
B A G DR THEERTTS 120, kD H % A 8— Rk
HRES (OFD, ARTHERE TS ANOFGEDRENERD S N
THREH) RIS DEcE3EDEEZLBNDS. Fz, ik
MTFEE LTIE, CNN ZHWz. CNN IEEGOFEINE L
TR TETH O, ARTIE, HElE BBy, B BT R
TS E ST ART va b LR E & #7x LC, CNN
WKHWS., 74—RI73TJ—RBOT)Vaxry 3D a—
Ty NI—=27 EEZ D, CNN R EEaSNThiEnisd,
HRESOWMNTEETH S L& X DN BRI ZIHICEE
TZEBEDEEZILNS.

il L7z CNN O#ERLZ XK 2 1IR9. ANEa 277 2 )b &N
VR 20 ot 20 7 L— LAz 20 x 20 DAY
Oy oLk, BIHRARE (32 H—2)V), T—V2IE (&K
W=V 7)) % 2 @3oHiltg, WHETHEL, @
Bretrolz. R, AR S NS 2 v, A
DFGEE, WBhERDB L ZICADPHT EEZISNE KA v A
Wi EDOFITA, KEBGTRIIESNZ 5 TEED S K
EBRRZZ, 87T ADFMAME A7 7 FE Ule. fED softmax
EOWIE, @8R TRL, 3.3 HioFAY RO
(Voting for Event) IC&EHWNENS.

3.1

3.2 FElu&mEpZERF&RELT 5 dDXEELH DL
SIS0

S EREE T CEIRR &SRR 2 9 B0, KRERTICE
WCHUIRT A= TRz RRRE(L T 2 C EWNHETH 5.
Z I T, ARITWE, EFEBLEEFEFEINICBNTRTA—2D
W73 % 2 DOX MUY THA 9 C & TR Lkl o
AR L2 X % .

FRENL & E R Chetd s S X [ ORI X] 3 1SR T
BITRTIED, EHEXEMH T, KHO a) Th, bl) pre-margin,
b2) post-margin DF/NT A—XZ VT, HRXEZRHT
%. ThZEREHEE 200 2%, pre-margin (375 DBHIA
HS D/ ST —DMEWER S DM 2 U i< A%, post-margin (&
FOTHIFLD/RT —DMENEB DM S U BRi bz EnZh
X9, HREMICHREGXERINZE Z 256, g4V kD
BilG « #& TR O EPEDINT — 13Kz, SN LKW X[H
ZENTHRHT 2080 H 5. Lich->T, MEHEOMEEIC
BT, pre-margin, post-margin ZEYNICERE T Z0EHH
D, FrEHEMEZDTBRIE Th L EREEZHRETES
FORDICKET 2080 H 5 (K 2, FHFOBERESID) .
—J7, BV R s X 2B 2 Y56, SN EEAYRE W,
BEANY FOFENE BN T L—LZHNTHR LzIES
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Log filter bank
feature x 20 frames

“frame
Input map (20x20)

Input layer Convolution layer

= softmax
\\ 2 =—-—-—-————————-———
NN )

N \

Full N \
LN Full R

connection \\ connection .

i

\_\\\_ %
—hh,____q______ NN
R-H_""“—H\"\ \\.

OQutput layer

Feature map

Hidden layer

2: FRPEEICH Wz CNN

Section with high S/N ratio — for classification

/

|
i
i
I Sound Source

b2) post—sz;r 7

Section with low S/N ratio — for event detection

X 3: FHEUE AL & SRR A C o & X

MEWz8, pre-margin, post-margin (375 %N /NS WK
<, B Th & GDICEET 2080 H5 (K3, LEOBIMER
ESR).

ARETIE, TNBED 2 DDEHIITIEND % 12D LT
A=Wzl biE ARETH 5 & F A, ENH - dkBIH
D 2 DDIT A—Z+y k Th, post-margin, pre-margin IZ X >
T, WHNTENA - FBHOX M Z1T9.

3.3 HEEHLIELTL—LZAVXHEENDOREL

FENLH < BRI, 2 DOIST A =&y b2 WS X R
HUS AT 1 DE AN FEHE (Voting for Event) THE
BENG. O, HEAXNY RO SHO CNN & SN EEA
HWERERICAEDETEE LTV, LAYk
MOMHINEEZFREMESTEZNRETEDTIEARL, K3
TRLULIEEDORMMZ B ERHLTWB 7 L— LZ23 R Lilkh 72
fTH5TENEELVL. LA LENS, BRI ZOERES
D SN L RATH Y, £z, K3 DETIVTRT XD ITHEMN
KEOHLAHT LE SN ARV RR &SRS RV, 22T,
AWIZETIE, SN LEDRDDIC CNN DRIEETH BV T Ry
I AEDOHTIDSE, argmax TEENTZ /— ROEZIEEE L
HixL, T OWEEN—EMULEDT L—LDARZHNT, i
MzirH T b9 %, CNN OBEPARED I —3)VHEEA N
VEOREEELLEELTVEDOTHNE, VIRV IR
JENSERONBHEGFEITEORME XCEKT T L—L TR
2EDEEZBNS. R TIE, ERZzdL T, TORGEE
EE L7z (5.3 HizH) .

4: FBRTHA LI VAV A 77 LA

4 UAVEHIAI7 LMK 3TRFER
YRTF L

RELETL—LT—7ICHDE, UAV DA77 LA
ZHWTCEBREERR S AT LR LTz, 41TRT LI I,
UAV 11, Asctech ftOZ7 7 Raa 7% Pelican Wz, &
OBEEOIE FICFERRIC<Y A 7 k% 16 HidE L~ 1 2
TLAE L, YA rakiE, ROEROEBETES C

TR ZEOMKER >z, TNHEDOTA 7RV OEFIE 16
[bit], 16 [kHz] TGRS NS, <A77 LA TCINER LTz H
FiESE, BRy MEROA—T VY=Y T FY 27 HARK
(Honda Research Institute Japan Audition for Robots with
Kyoto University) [8] ZHWT, HHENM, =HiHUEE, i
Heztro, SoNerlEs2 A& LT Python OFEEAE S
r—Y T % chainer' THEL = CNN TkiIEH 217 - 72,

5 RER

AEBOBEMWZ, HELETL—LT—7 O ZREET %
TLTHB. AWTIE, 5.2H81T, 2R LTI EINCH)
ELTW2EME S hOME], 5.3HT, CNNDOY T F<w 7 X
@ 5135 NTMEEEZ VB ANY Ml BOT, 55
RKNA LT 20 E 5D OMEZ TNENGHNTENS.

51 T—2UIE

FBCIE, RWCP HEBIEA « 58T — X \— 2 LTk
T—AN—ACFENSR 8 FHOHRZ AV, # 1 R (5
PEORFUTE) LIS 7 MR (e, B, BT, BRI UK

Thttp://chainer.org/
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0.608598

0624362
0647747
0.623193

0551611 0625323

23.1823.1623.1423.12 23.1 23.06823.06 23.04 23.02 23.0

052961 053821 0625567

0506008 0520891 0608106

0484035 0498784 0545359

0469327 0489386 = 0539644 0548596

0446383 0461401 0507518 0513455 0531412

0434946 0450448 0.495783 0.495825 0512434
100.0 200.0 300.0 400.0 500.0

a) Recall rate of Sound Source Localization

072929 0699463
0731614 0711874
0747104 0715597

| Q744679 0720989
| 0737031

0737471

0740724

2318 816 314 B12 231 2308 206 2304 302 230

200 000

000
b) Precision rate of Sound Source Identification

1000 500.0

5: EMEBIREHNIES RO — <y T

Gt N, R— 1T AONE) hHRERE NS, HiEIE A
Y—Hhn5 3.0-4.0 BiEiE, ZORICHERRE 3.0 - 4.0 %
NZFNHNL, Z1z 1 BN E LT 15 BED IR L TINGERET T
7z, NGk, BN T UAV & 70X % [Hlifin X B 72 REE Tl
E, UAV OHULAS 45 [°] F51, R 3.0 [m] Hisic Bz
& UUNER U Tz, S0, SRR > T, RS E T %5
BRI RO EDTH B EWVIRED R, iGSVD-MUSIC-CMS
FHITUT (272U, B0 MIciiE 2> 70— RNV R
ZERI AN BIVEIIWD T &, B L UEHEBPEIC—E DS
AEAFHAM (500 [ms]) PMREZTND T e D, BHFERICIFIE
ISR ODOFFEDFENZHENN S 3. ZHFHANIE, 2T —2D
8 HZz2 N, KO D 2 HZFHHCHWT, 8 MO Sz
AT B 8 7T AR R A 2TV, KB EMGE (K=5) %
Totz.

5.2 MEHIXREHRE O MEREETE

i A1 KR AR o M BE FE M T &, 3.2 i Tk N 7z
Th, pre-margin, post-margin %2 Z{k & ¥, 7 L — L X —
ADEMEHRR, 7 L— L= ZAOHBAEEZRD) S /35
A— R PR RLRINRD Tz, Th &, FaiMEhc B W TEIREN
KRS IR B E MDA LTz 23.0 5 23.18 £ T% 0.02 %A
TZ{k&¥ 7. — /5T, pre-margin, post-margin IZB LTI,
100 [ms] %A T, 100 [ms] M5 500 [ms] ¥ TELILEHE, &N
B, FHESRORER ZMGEE LTz, Z LT, a) ENMHON
T A= HWIZGE, b) R AT LT 2 DOXRMI ZH
HAEDRTIGEOMIEG Rz L, REFEOENMEZ MR
FU7z.

FERFE R 2K 5 1TRT. 51&, el b Th, Mz
pre-margin, post-margin & U7zREOE A FBIER, FAESTHED
HRBZe—Fy T LTRLIEEDTHS. t— 3y I
FEOHRE Z R 27D, BEDOEWETIZEANEL, A
DENEHINEEHEL 2B X ICKURL S DT, HEEMICED
R ZFHAMB T ENTES. 2B L, EMHERE, Th
MMEL, pre-margin, post-margin D& &I DONTH LT 3
DITHL, FHlESZRIE, Th HE<, pre-margin, post-margin
MK ZBIcONTIA LT ST hARENTZ. TDT D,
TEALE FkR7Z Tt g 2785 A— 2w MIFLORE
IC72% T EhRENT.

RIZ, 2 DDIRT A=ty b ZHHEDETIATLE
ROFRIMEREZ I KL LTz & Z OFRBIRD L2 X 6 12”7

0.80

Accuracies
= =
o -~
wn (=]

=
@
=]

0.50

with 5554551
$55: (23.0, 100, 100)
55I: (23.10, 100, 100)

with 555
(23.0, 100, 100}

6: A MERED LEH

NI A—=RLw M, Th 7 23.0 "5 23.18 £T 0.02 9D,
post-margin, pre-margin % 100 55 500 [msec] £ TE&(L S &
T, BHIREN & B 3B T 755 OISR A G DB 2 B
2L, &N Th,post-margin, pre-margin = 23.0, 100, 100, &%
Al Th, post-margin, pre-margin = 23.10, 100, 100 Z157z.

X 6 ZTENSRDIINTG A=2ty FD S BENHDINT
A—=Rtw hTHEY LR RO i@ &R, 0L ik
¥ %85 A=ty N CRKFREL Uz & EOES
REZTNTNET. K6 ERZ M5B, FEREL LT
FRAEARIE, ERHOIST XA—& By kRO TR EE AR
KDL ITHhEDSENTRAIREZ RT T b D. Lich->
T, ARTRET 2N & RO R RE LD EAET % C
EWRgENT. —)5T, B X0 BFBIMEREN LT TV R
Zehs, HICEN SNEZRKBEDO T L— L2 THWZEE,
HEENDZHZRNCE - T, #HMNERED EAHET TV S
TENTREEINSG. RETTXORERNEE AN MR OV
TRHMSBANRS.
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0
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argmax prob.
B 7 SED AT T L
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0.95
090 |
g
§ 085}
#
0.80 |
075}
0.70
L>0.45 L:-DS? L>0.GD L>0?5 L=0284
50%
Ilkeilhaods

@E%@@%@

5.3 HEEEZRBVcRREHAIXEDZER &5

R BBROBEADSEENTE 2 D08T A—Ztw R EHWT
EE LUz ONN &ENL « KB L7z ARy hOTF =24y
FEHWT, CNN OV T hy 7 RAEOHRTERENZ /— R
DEEMEEERELIZEE, EEOSIZMIME U TiRE
OWANKEZ R TELZO ML, K T7ICT—%ty b
7 CNN I AT BT L THRONIZMEED AN TT LR
T RTE2EZEDIB LI, 50%U EOT—ZOMEERED
0.80 ZHZ BMERLTED, ThHDOREDAEHNSE T L
T, EOXOFIIMBERER CENTEDZ LEZDBND. KR
TR, BRXEDREOT—21 Y kD 90%, 80%, 70%, 60%,
50% & 755 K ICHEEEORIME (IEFFIC 0.45, 0.52, 0.60, 0.76,
0.84) ZFFEL, ZTNZTNORIET CNN OFAIMEREN E D XK
BT B O N, X8I, MEEOREEFSN
WRRIMEREDHER 2R T, K8 ERZ LB XD, WHEKD
Bz L TN 2 &, @AltkRES M EL TV T & AURE
7. LIeho T, RIIEDIGHIDMGEI TCEz6DLEZENS.
TE. WNIMEEDRE @< R B DIE, EEOMEM 0.84 DL
TIEH, TOEE, 50% EDOT L—LBMEHTERVWT L—L4
L LTHEAIINS 2, KMEDVEOE ANV e & ORIH K
W B AREMED D B . MBI ORI, L OREOREDS
EEN « KR ZIT W 20D EERICANDD, T3
WENH 5.

6 HbHYIT

ARETIE, UAV B~ A 27 LA RO EARY MMt - 3%
MDIDDT L— LT — T 7ikat - £ LTz, UAV ICHEKE N
1A 77 LA a—2—FMY) D FENEAT B2, HIi
MBS EREE R COE RO L2117 O R ENH S, TOX
SHEE R TH, BRBEREA Ny Ml &2 Fic ks
5918, ARTIE, SFiEDHE S SRR AL A DY ke
Fihe, SIREMDSHNE TRHAEDEH—NRT L—
LU= R Uiz, #ATFEE LT, HaEaNX Mg
FiETH D GHDSS-AS & CNN ZfHA G DY, MG 7L —
LT—=71CB0TIE, KEBHDOIRTGA—=Z2L L TAY MM
H & BRI B Bl TV, SRR 2 BERE 2 3E A U 7z,
UAV BRI TIERCINEE U7z 9das 07— 2 2 VTR L7z
R, IHEBYD, AL INCI3 L B R HETH
3Tk, TNSORZZBMEREEMNNT, WHNEN & A
FAOXEMEZITS T LT, #EGREN LTS ENTE
LT lRULle, iz, FRRICEELE CONN OV T Rw 7y
ABOH NN SEENBMEEEEZANE T LT, HAXXYED
HiaERT 7 L—LZHUEEINT 5 2 LN TE, #HlEREDm
hicHEGTES T EERLE.

SO E UTIIM AR GRS R T T— 22 L, 4
TONA MEDOR F2XB T &, 2 EA LEETS AT
LICHBAL T L7 EHRITFENS.

R

AWZEE. JSPS EHiFE: 24220006,16H02884,16K00294 35 K T,
JST ImPACT 27 0R7 4 7 AF ¥ LI OE S Tz
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Abstract Ltjhﬁr‘i::u EWHBESHER EOREXRZFE
%W%ﬁb EEOHRTRZDEMBR AL
I:%ﬁwV5/¢@@$ﬁ¢ - BEE t,@ﬁ@ﬁ@V/t/ﬁiﬁﬁﬁﬁﬁkgot@

WCEWT, 2@EaHEbET2REERZLTHS.
HEERIER R > &2 Lf:é%ﬁf“!i, BIEE M OBR
B & EEH—B L2 EOJRIRT, BEE OEE

BfEZuRy Mv vy B 7T 3DIEAR+0ThHS.

AfaTIE, REEEELZZTBE L, REEFNOME
XEAERTDHETNVERSE - MLz, GEEOEH
%;ﬁiifﬁ@]afﬂuuﬁ/xTA R/ Rral= <37 Sl NI
EHEh, BEOSELGO R EEIC L > TR
FEFSRE A HEE L 7=, %%ﬁw £ 5 A ZEWT-MEX
DEEMHESE LIE, EHXEMERY = OOMmNbHE)
Ve 22 L, AR LEEa~r FE2EF LA
bETeRy Mk, FHIEERTIX, BETIE
WX VAR LEZEWEEZT > KueA KudR v b ERICA
(1) CHAL, A%RE - AM D LS ZFH6 L7

Figure 1. Android robot ERICA used in this work.

1 [FCHIZ

REETIZ R SN D HERITHE D BEEENMEIX, FEE &
FEEIWCE > THERKERHZRI- LTS, BifEDE
HEEEEL uufié’]i;ﬁﬁ‘@%ﬁié. HFIEEEIZ L -

T, WA ONIMCTHNERI T, LHARSHEICH
95, WHICE-T, FHFHEOEEE I 2=/ —
varFyrxl LT, MTEOEXKCEE TR
THILNTESL., ZDO KO, EEREEITREFEN
REBIEHEL TS, aIa=Fr—varahry
k& #%H fo_LBI"J REm 2BV T, EMEOBLES B AR
fcﬁ%h1/|50)§£m DE%{'—D&), )dué%ﬁﬁ@jzy V=
VEBLSTHT &ﬁf%é

EE# oI a=r—aroRy MIEWT,
&b v TNV EEAUI B ES OBEE G L
ORy MIvy BV 7 T5FETHD. L, ik
ATHFSE[Tamaki 2011 CHE SN2 L 912, AT 4T %
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Bz oRy MIBEHLTLEYRN NS D, FiHE
VEENEREEICKG LI AEREBEL BRI mb 5
NRETIERV. BIZ, AR CIXEIEE OREEICHE B
L, HEFENOEMEZAERT H2ET LV ERE L.

2 BEEMR

AR D FEARE WSO RT — I EOEBEARTE &
R S ENME OFHBEBIMRIL, ZEOMFRIC LV wE
é zh'C b 2 [Yehia 2002] [Sargin 2006] [Munhall 2004]. 1] 2.
! DEI u%%L@JEJ‘B 6 E EHTPODIEIQ% E ﬁzﬁﬂ{ﬂiﬁ( FO
@ﬁ%%ﬁiowbeﬂwzmﬁ XL, HAGEREH
BT, Z OFMBREIZ 022705 030 XKEIZ2 5.
- T, FO &BRHENMEDHBAMITEFRICEKF L TE
D, FO JEE D A CIEEMEZ AT 5 DITAR TSy
FEEZD.

L2osL7ed o, BRAEIEH2 OB EEINE &2 A ik
THRLLEE D -7~ Busso H 1L HMM X— 2D T
NTY XNT, BEERNOFEETORIELZHEL,
S ENE & £k T 5 7 V& #EZE L 72 [Busso 2007]. I
WHlX, HHAD ON-OFF @A A& LTofHE Rk
ETNEEBERL, CGA—V =z b a—~ /A K
v R M2 A L 72 [Watanabe 2004].

BEOSFEIZEB T, FHIMENME & 3555 7 O B
PERHREINTWD., FEGEICBWT, SELMNT
% Ex, EHRFAEM SRS D [Graf202]. AV T—
FURBIZRBWT, BT 7 B MO D I CHEER
BVEMFIEEFARE L U % < FL 545 [Beskow 2006]. H A
FEICBWT, FRERHEOEECMEE e S 2B E LU
T XD IRAREEHERE U A b 2SR ZE S U[Ishi 2010], BHED
B E & AREEERE O BIE AR 2 Vi S Tz
o k (keep) : FEH MIEEEME L PRFF. R—A72W LIiT»
XD LIy Ty MAES (AR AEER)
* k2 (keep) : FEFEL D HIZ o D ANEE I AR (56
MEDIRFF)

* k3 (keep) : REE MFEFEAROEHI AL, FEZX T
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FELTW2RWENY 47— LTHRALND)
* g (give) : MEEH DFEEVHET L, FEEHHEZ X364
ORI
* q (question) : XFREEH IC
B (T A ME DRETE)
* bc (backchannels) :
KB 5 k) A
* su (backchannels) :
BT 5 k) 7
e dn (denial) : WU x|
B9 % Jk @5
ZDOREERAE Y A N 2 AW CEEENMEE AR T D
EF NIRRT [Liu2012]. ABFZEIE, [Liu2012]D
JERMR BICAE T 5. —HOMGE#ELZ/mA L, K
ELE0D Y T AT L. BEEE I X o T RKER
e 7 A ZHEE L, BHEEEARET VAREL
7-.
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3.1 TFRARMORY FILIE

Wi 7 L—ADT XA M &SmO NT] & LT
DI, NI NIERT 570 e ARLETHD.
AHFZE Tl Latent Dirichlet Allocation (LDA) [Blei 2003]
MYy 7 HWTEEERERBL, 2EHERART.
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3.2 SVM%H ¥

PR — h T kL= 2 (SVM)[Shawe-Taylor 2000]%
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ENTWEHAIH Y FET VI Y X AT, FEMkRE
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EWMENE T SR, AT — X %
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FAWTHE T YT ) o T aITRY, ZDDNT
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Figure 2. Motion capture marker set.
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Figure 3. Averages of nod angles and frequencies. Error bars denote
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Figure 5. Co-occurrence pattern of nod motion frequency and

speech energy contour frequency for classes ‘bc’ and ‘kg’.
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Figure 6. Block diagram of the proposed model.
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Figure 7. Fixed nod example used in previous work.
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Figure 8. Actuator map for android robot ERICA.
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Abstract

In recently years, robots have invaded our life
in many activities such as manufacture pro-
cess or social activities as dance. In dancing,
robots have shown a good performance follow-
ing the rhythm of a music using beat-tracking
algorithm. In this work, we show an implemen-
tation of a deep learning based on sequential
learning model for dancing robots. The model
is trained without middle states mixing audio
information and captured motion from a per-
son, and it can substitute a beat-tracking al-
gorithm. The model generates quasi-realistic
dance pattern motion without constraints from
the music information and its start position,
and following the rhythm beat from a multiple
sound source music.

1 Introduction

During last decades, robots have been involved and be-
come part of humans everyday life, possible to per-
form dangerous tasks instead of humans, or appear-
ing in the media. As robots becomes part of hu-
mans everyday life, the should interact constantly with
humans. Thus in order to improve this interaction,
dance presents as a bound between humans and robots
[Oliveira 2015], and for dance performing they should
be able to listen with its own ears live sounds. While
robots perform a dance, they follow the rhythm on a
real-environment robustly responding to music, and gen-
erating continuous movements. Some techniques which
allows robots to dance, are based on beat-tracking im-
plemented for real time execution. Beat tracking sys-
tems are implemented to track the beat timing of music
pieces and synchronize movements of a dancing robot
with it. Real-time application [Oliveira 2015], allows
to track the beat timing, but it also overcome with
noise problems and obtain the desired audio informa-
tion from multiple sound sources, implementing a ro-
bust general framework. Beat tracking systems allow

robots to perform dance, but also to play instruments
[Itohara 2012]. Through a multimodal system, which
uses audio and video information, allows robots to play
an instrument e.g. a guitar. Also, a method which
can generate automatic choreographies by music con-
tent analysis was introduced at [Fukayama 2015]. They
proposed a probabilistic framework which generate au-
tomatic choreography without constraints, and which
can satisfy both music content and motion connectivity.
These implementations synchronize with the beat tim-
ing, a motion that is previously generated and stacked
in a database. In this paper, we implemented a sys-
tem based on deep learning to generate motion posi-
tions for dancing robots, directly from an audio in-
formation. Deep learning (DL) based models called
deep neural networks (DNN) and deep convolutional
neural networks (DCNN) have shown successful perfor-
mance on many signal processing fields such as computer
vision [Krizhevsky 2012, Clevert 2015], speech recogni-
tion [Sainath 2015a], and natural language processing
[Sutskever 2014, Venugopalan 2015]. DL based models
implemented for natural language processing task has
shown a remarkable performance, demonstrating that
can translate correctly long sentences [Sutskever 2014]
on translation task, using deep Long-short term mem-
ory (LSTM) models. Or also being able to extract in-
formation converting video to text [Venugopalan 2015],
mixing a DCNN with a deep LSTM (DLSTM) for the
task. Generating smooth realistic dance motion shows
as a constraint for implementations which only use the
audio information. It should be able to track the
beat timing, and at a same time separate the desired
sound information from a multiple audio input. Thus,
we focus on implementing a DL model taking advan-
tage of the sequence-to-sequence model introduced at
[Venugopalan 2015]. Implementing a model for video-to-
text requires a previous pre-trained DCNN model, which
increase the training time i.e. learning cost. For imple-
menting, we remark that is possible to replace a beat
tracking system with an end-to-end trained DL model,
which uses the audio information as input and mixing
with the current position, generates the next position.
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The DL model generates a quasi-realistic motion pattern
without constraints, separating from a multiple sound
source audio, the beat timing performed by drums.

2 Proposed Method

DL models have shown an outstanding achieve-
ment in different tasks which have been in-
volved, and sound signal processing task such
as speech recognition, they showed outstanding
performance[Abdel-hamid 2012, Sainath 2015b]. DL
models trained without middle states i.e. end-to-end
training, has become the state-of-art in multiple signal
processing areas. They can process information from
the same field, but also in multimodal fields such as
video-to-text task. Thus, we replaced a beat tracking
system that synchronize the beat timing and a stacked
motion pattern, with a DL model trained end-to-end.
The motion pattern of the task is a combined vector
of the normalized spatial position of a dancer, and the
joint rotations expressed in quaternions obtained from
a kinect device. A mixed model which a deep LSTM
network is connected after the plain DCNN but not
connecting it in a sequential mode, generated random
movements from the audio information. However, the
motion patterns are not linked with each other and the
generated motions are rough. Then, we replaced it with
a similar structure implemented at [Venugopalan 2015],
and modified the activation functions. Finally, we
trained it end-to-end using the audio as input and a
sequential motion pattern as the target.

2.1 Deep Learning

Recently, factors such as the development of improved
optimization algorithms, the availability of open-source
DL libraries and so on, have made the employment of
DL possible for classification or recognition problems.
DL based models as DNN and DCNN approaches, has
shown that can surpass even humans performance. Op-
timization algorithm which become part of the model
such as batch normalization, or training algorithm such
as ADAM, or adding noise to the gradients has allowed
to improve the performance of DL task on different sig-
nal processing fields. Batch normalization introduced
at [Ioffe 2015] is a mechanism that allows training with
higher learning rates without fast overfitting risk and
also can accelerate the training as makes possible to train
deeper models. Adaptive moment estimation i.e. ADAM
optimization was introduced at [Kingma 2014]. This op-
timization method allows to implement a robust opti-
mization with a little memory requirement. As ADAM
is an algorithm for first-order gradient-based optimiza-
tion, this method is straightforward to implement and
can be used on machine learning problems where it is
used large datasets or with high-dimensional parame-
ters models. Adding gradient noise in very deep models
[Neelakantan 2016] improves its learning, but it helps
generalization and training on complicated neural net-
works, as it also improves the learning from a poor ini-
tialization with almost a zero computational cost. Open-
source DL frameworks has allowed researchers to use

DL on different tasks. DL frameworks such as Chainer
[Tokui 2015], allows to implement flexible DCNN and
trained it with multiple optimization algorithm such as
Batch Normalization, ADAM optimization or adding
noise to the gradient during the training.

2.2 Nonlinearities Activation Functions

Recently researches has shown that the performance of a
DCNN also depends on the type of nonlinearity function
used in the model. Novel nonlinear activation functions
(Figure 1) has been introduced [Clevert 2015, He 2015],
improving the accuracy and performance of DCNN. Rec-
tifier neurons e.g. Rectified Linear Unit (ReLU) non-
linearity have shown successfully performance on vision
computer [Krizhevsky 2012], but also for sound tasks.
The ReLU activation function is defined by:

r@={;

ReLU activation outputs are non-negative, thus the
mean activation is larger than zero, and because of
not be zero-centered it can speed down the learning.
Then, a nonlinearity called Parametric Rectified Lin-
ear Unit (PReLU) was introduced at [He 2015], which
thus the implementation of a negative part activation it
can speed up the learning. Later, Exponential Linear
Unit (ELU) introduced at [Clevert 2015], was showed as
a non-linearity that can improve learning characteristics
compared to other linear activation functions. ELU de-
fined as:

ifx>0
ifex<0 (1)

T ifx>0 2)
alexp(x) —1) ifx <0’

)= {

Where a is a fixed value, and controls the saturation
for negative inputs, and ezp is the exponential func-
tion of e. It was showed that networks implemented
with ELU activations can speed up learning as bring
robust generalization performance compared to ReLUs
and PReLUs.

2.3 Sequential Learning

Sequential Learning models i.e. sequence-to-sequence
(SEQ2SEQ) model (Figure 2) has been applied for

— TanH
— Rell
— ELU (a=1)

-10 -8 B -1 -1 [] F] F}

Figure 1: Nonlinearities Activation Functions
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natural language processing task such as foreign lan-
guage translation task [Sutskever 2014] or video-to-
text task [Venugopalan 2015], and speech recognition
[Graves 2014]. DL models has shown remarkable perfor-
mance in different task such as speech recognition, where
a DNN with Convolutional Neural Networks (CNN),
LSTM and fully connected layers has better performance
than LSTM models to perform the task [Sainath 2015a].
However, sequential problems such as speech recogni-
tion or machine translation are best expressed on se-
quence with unknown length, and DNN could present
limitations due to the fixed dimensionality of its in-
put and targets outputs. SEQ2SEQ models based
on LSTM, was introduced as an architecture that can
solve general sequential problems. SEQ2SEQ intro-
duced at [Cho 2014] was implemented with Recurrent
Neural Networks (RNN) to solve these problems. De-
spite of RNN based models theoretically can be applied
for sequential problems, their performance gets reduced
due to the long-term dependency on larger sequences.
However, SEQ2SEQ implemented with LSTM models
[Graves 2014] have shown better performance in many
sequential tasks. LSTM cell unit (Figure 3) is defined
as:

i = o(Waixe + Whihe—1 + b;) (3)

ft = o(Warxy + Whphi—1 + by) (4)

¢t = fi®c—1+i@tanh(Wyexi+Wiechi—1+b.)  (5)
ot = 0(Waots + Whohi—1 + b,) (6)

hy = oy @ tanh(c;) (7)

At a time ¢, the LSTM computes a hidden state h;
and a memory cell state ¢;, for an input z;. o is the
sigmoid function, and 4, f and o are respectively the
input, forget and output gate vectors. c is the cell ac-
tivator vector and W is the weight matrix which corre-
sponds to each vector. In applications, such as machine
translation, two LSTM layers are used. One LSTM layer
is connected to the input and obtains a fixed represen-
tation on a time step. Then, the second LSTM layer,
which is conditioned to the output of the first, is a re-
current neural network language model. At the same
time, it is shown that deep LSTM has significantly per-
formance than shallow LSTM [Sutskever 2014], where
each one LSTM layer is replaced by a four LSTM lay-
ers. Sequence-to-sequence models has been also tested
on information extraction task, they can generate cap-
tions from videos [Venugopalan 2015]. Regarding to use
only a DLSTM for the task, a DCNN model previously
trained, sequentially obtains the features from the frame
image of a video, and then the DLSTM generates sequen-
tial words. The model learns to associate a sequence of
words with the temporal structure of the frames, allow-
ing to handle variable-length inputs and outputs.

2.4 Model Architecture

Beat tracking system can be replaced by DL models for
movement generation and synchronization. However, a
DL model based on a sequential learning can improve
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Figure 3: LSTM Cell

the performance and generate smooth motion pattern
while it separates the beat information from a multiple
sound source audio piece. So we implemented a DCNN
+DLSTM model based on [Venugopalan 2015]. The au-
dio has only one input channel. After the input, we con-
nected four Convolutional Layers each one with 33 x 2
dimension of kernel size. The size of the kernel is empiri-
cally set up. After each convolutional layer, a batch nor-
malization and the activation function is implemented.
ELU, TanH, and ReLLU has been evaluated as activation
function of the DCNN part. After the fourth layer, the
output has a dimension of 65 x 1, and this become the
input for the DLSTM section. Each block of the sequen-
tial section has three LSTM layers with 500 units. LSTM
layers with 250 and 1000 units has been also tested. Af-
ter each LSTM block, a fully connected layer is stacked.
Different activation functions have been also tested on
the fully connected layer. Each block is connected as
showed in Figure 4, where the output of the current last
fully connected layer is concatenated with the output of
the next first block and it becomes the input of the next
second block.

3 Experiments

3.1 Data Preparation

For training and evaluating, we used different latin music
genre such as salsa, cumbia, etc. For training, the music
tracks are combined with only drum, instrumental and
with singer tracks. For visualizing the generated motion
pattern, we used a 3D model implemented on a simula-
tor. For preparing the training dataset, we obtained the
position information using a Kinect from a person, and
synchronized with the music. The position is sampled
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Figure 4: Model Architecture

with a frequency of 30 frames per second (FPS) and the
music has a sampling frequency of 16KHz. To synchro-
nize the music with the position, we used a slice of the
audio corresponding to the same time of the position.
We prepared the input data of the network using shot-
time fourier transform (STFT) on the audio slice and
the normalized position was used as target. As for the
input, we pre-processed according the following steps:

e To synchronize the audio with the positions, we ex-
tracted a slice with length of 534 samples (33ms),
which corresponds to its position. This extracted
slice is converted on H STFT frames of 160 (10ms)
samples with a hop of 80 samples (5ms).

e From the STFT, we used the power information,
which is normalized between 0.1 and 0.9 on the W
frequency bin axis.

e We stacked the H frames, thus the input of the net-
work becomes a 1 x W x H dimensional input file.

As for the output, we prepared the position vector target
as following:

e Using a Kinect device, we capture the D positions
angles of a person. From the position angles, we
obtain the spatial information of 3 body parts in a
vector (z, y, z) on meters. And 14 rotations vector
in quaternions with denotation (¢z, gy, ¢z, quw)-

e For each vector component, we normalized it using
the maximum value of each component, between a
range of —0.9 and 0.9.

e Then, the target becomes a vector of 65 dimensions.

3.2 Training Process

For our experiments, we prepared multiple training files
using the STFT from around 15 music pieces as input,

Table 1: Models architecture configurations

layer name | output size 12 layers
input 129 x 5
convl 97 x 4 33, 16 channels (TanH, ReLU, ELU)
conv2 65 x 3 33, 32 channels (TanH, ReLU, ELU)
conv3 33 x 2 33, 64 channels (TanH, ReLU, ELU)
conv4 1x1 33, 65 channels (TanH, ReLU, ELU)
LSTM1
LSTM2 1x1 250 dims | 500 dims 1000 dims
~ LSTM3 |
fel 1x1 65 dims fc (TanH, ReLU, ELU)
concatenate Ix1 65 dims fcl & 65 dims from
previous step
LSTM4
LSTM5 1x1 250 dims | 500 dims 1000 dims
~ LSTM6 |
fc2 1x1 33, 64 channels (TanH, ReLU, ELU)

and a corresponding sequence motion as target. For
training, each sequence step has an input of 1 channel
audio x 129 frequency bins x 5 frames, and to predict
we set the next corresponding vector position as target.
We trained different end-to-end networks (Table 1) using
ADAM solver [Kingma 2014], and Mean Squared Error
is set as loss function. No fine-tune or previous training
was used for the experiments. We tested different param-
eters during the training such as the activation function,
the training sequence, the units of each LSTM layer, and
the number of frames using on the input. ELU, ReLU
and TanH nonlinearities are evaluated as activation func-
tions. A sequence of 150 steps is set for the trainings.
However, we also evaluated 50 and 100 steps configura-
tion. We used 500 units for each LSTM layer, but we
also tested with 250 and 1000 units. As for the input,
we used a model to predict the next position using only
the previous audio slice. The initial alpha for the solver
was set to 1074, and the target vector was set 45 dimen-
sions. We added noise to the gradient. We compared the
training of the models (Table 1) mixing different genres
and one same genre on the training dataset. We trained
the models for 10 epochs, using a sequential minibatch
with a size of 50 files. Each training took approximately
20 hours using a GPU NVIDIA Tesla K80.

4 Results

We analyzed the performance of the model for mo-
tion generation. Each model is trained with a shallow
dataset, but the models can generalize the information
for the audio input and can keep the motion pattern for
trained information.

4.1 Training Process

After training for five epochs, we evaluated the use of
different activation function and the performance on the
training process. We used the structure described at part
3 Setting a minibatch to 150 sequences and the LSTM
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layers to 500 units, we trained models with TanH, ReLU
and ELU activation functions at the convolutional sec-
tion. Figure 5 shows the training loss of each model. We
see that despite of training a model from the scratch, the
models have a fast convergence on the first iterations.
The optimization process can backpropagate the error
to the deepest layer; making possible a training without
middle states. Regardless the activation function, the
training process has the almost same convergence be-
havior. However, in Table 2 we show that, at the same
number of iterations, ELU activation has a lightly lower
learning cost compared to ReLU, TanH activations.

4.2 Motion Pattern Generation

For evaluating the performance of each model trained for
five epochs, we calculate the Symmetric Mean Absolute
Percentage Error (SMAPE) of the dancer’s motion pat-
tern, and the motion pattern generated by the models.
The SMAPE is defined as:

SMAPE = Z |Ft Ar| (8)

Ag| + |Fi

where F; is the output pattern from the models, and A,
is the pattern obtain from a real world dancer. Here,
we compared that the model can keep and generate the
motion pattern using the audio frame information and
the previous calculated position. Music pieces used for
training have multiple instruments, some pieces contain
voices from the singer or the crowd. The dance motion
generated has the shape of a wave, thus the movements
keeps the beat timing of the music piece and are syn-
chronized with the drum of each music piece. Figure 6
show pattern generated by the models and the compar-
ison with the pattern from a real dancer. Table 3, 4
and 5 show the performance of using different parame-
ters on the training for the motion pattern generation.
We compared the motion generated resetting the LSTM
each sequence period and following the pattern from the
beginning. Also, we compared the evaluation of the pro-
cessing time for the data forwarding using a GPU GTX
Titan X. The default structure was set to ELU activa-
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Figure 6: Dance Generated Pattern. Dotted Red: Real
World Dancer, Blue; DL Models

tions, with a LSTM of 500 units, and sequence length
of 150 steps. In Table 3, we compare the generation
error using same training parameters but with different
activation functions. We see that ELU activation has a
lower error compared to the other functions. However,
its processing time is quite higher. Table 4 shows the
comparison of using different unit length at the LSTMs
layers. The models were trained using ELU activation
and the same sequence training number. We see that,
using a larger unit length can improve the performance
for the motion generation. However, both the time pro-
cessing and its learning cost are quite higher. Also, us-
ing few LSTM units can increase the error of the motion
generation. However, the learning cost is lower as its
processing time.

Table 5 shows the comparison of using different length
sequence on the training. Using the same model, we
trained it changing the length sequence used on the
training process. We see that the sequence affects the
learning cost and the pattern generation error. Train-
ing a model with larger sequence improve the perfor-
mance of the network. Due to the length of the sequence,
the learning cost is also affected, increasing the training
time. However, due to the models have the same pa-
rameters of dimensions and activation function, the pro-
cessing time for real world application is not affected.
Having a larger dataset for the training can lower the
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Table 2: Comparison of Learning cost of activation func-
tions

. Training Time
activation
(minutes)
TanH 1182.79
ReLLU 1152.02
ELU 1139.81

performance of the models. For some tasks it is required
larger dataset. However, we see that since the generated
pattern is related with the music, a larger dataset with
different motion pattern can affect these motion genera-
tor models. This becomes a noisy output for the motion
(Figure 6).

4.3 Sound dependency

The models generate motion patterns from the previ-
ous motion step, but also it is required the sound in-
formation. Figure 7 shows the motion generated when
the sound is stopped and became silence. We stopped
the audio input at the middle of the song, thus the
STFT input became blanked. At silence input, the
DCNN feature outputs have a same pattern for all the
silence frame. This features have been self-learned due
to end-to-end training. Therefore, the motion output
is stopped. However, after this silence space the sound
is restored. The model restarted its pattern generation
and generated the pattern from the corresponding au-
dio input frame matching the generated motion with the
trained one. Thus, the model can generate pattern from
the audio input, but also can continue the generation on
non-continues audio inputs.

Table 3: Evaluation of activation functions

SMAPE . Average
SMAPE | Training
. (%) . Frame
Activation ) (%) Time .
without . . Forwarding
with reset | (mins) .
reset Time (ms)
TanH 19.73 20.34 1182.79 9.16
ReLU 19.67 20.27 1152.02 8.54
ELU 18.57 19.2 1139.81 10.94
Table 4: LSTM units evaluation
SMAPE . Average
SMAPE | Training
LSTM (%) ) Frame
. . (%) Time ]
units | without . . Forwarding
with reset | (mins) .
reset Time (ms)
250 19.76 20.28 663.99 10.16
500 18.57 19.2 1139.81 10.94
1000 17.81 18.53 1305.85 14.97

5 Conclusion

We proposed a method for motion generation using Deep
Sequential Learning which can be trained end-to-end.
We showed that the models can generate correlated mo-
tion pattern and due to the low forwarding time, they
could be used for real robot tasks. The models have a low
learning cost and also can be trained from the scratch,
avoiding the use of other process such as auto encod-
ing. The proposed model shows reliable performance for
motion generation. However, the motion pattern is also
affected by the diversity of the training patterns.
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Abstract

This paper presents a method for generating
the gaze pattern of a robot while it is talk-
ing. The goal is to prevent the robot’s con-
versational partner from interrupting the robot
at inappropriate moments. The proposed ap-
proach has two steps: First, the robot’s ut-
terance are split into meaningful parts. Then,
for each of these parts, the robot performs or
avoids eyes contact with the partner. The gen-
erated gaze pattern indicates the conversational
partner that the robot has finished talking or
not. To measure the efficiency of the approach,
we propose to use speech overlap during conver-
sations and average response time. Preliminary
results showed that setting a gaze pattern for
a robot with a very human-like appearance is
not straight forward as we did not find satisfy-
ing parameters.

1 INTRODUCTION

During social interaction, the gaze has important regu-
latory functions [1, 2]. Early work [1, 3] tried to search a
systematic relation between gaze and turn-taking. More
recent work [4] underlines the collaborative nature of the
gaze in turn-taking. The authors in [4] show that ”the
timing of the listener response is collaborative process,
accomplished by joint action”. Consequently, a robot
holding a conversation with a human should participate
in this ” collaborative process” in order to have a smooth
interaction.

This paper presents an approach to robot gaze control
during conversation that take into account this collab-
orative process. The goal is to make the conversation
flow smoother by providing the human with the expected
gaze signals that occur during turn-taking.

An expected outcome is to reduce the risk that the lis-
tener interrupts the robot. Without signaling, it is quite

*Research supported by the JST ERATO Ishiguro Symbiotic
Human-Robot Interaction Project.
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Figure 1: Close-up of Erica.

frequent that the human interrupts the robot because
she or he did not understand that the robot intended to
continue speaking.

Using gaze to signal the turn taking is also expected to
avoid undesired pauses caused by the listener not taking
it’s turn fast enough.

In addition to provide the adequate signaling, the gaze
pattern should not be unnatural. The implementation
of a human-like solution to the problem of unwanted
interruption is all the more important as we work with an
android robot developed to look very similar to human.
This appearance similarity amplifies the sensitivity to
unnatural behaviors.

For this reason, the proposed gaze pattern should also
display the same habit as human to avert gaze during
utterance formulation [5]. Humans tend to avert their
gaze during formulation to reduce the cognitive load.
This a natural phenomenon we are used to witness dur-
ing a conversation. Thus, in addition to the turn taking
signal, the proposed gaze pattern generation also tries to
reproduce the aversion that occurs during formulation.

2 RELATED WORK

The use of gaze by social robot during interaction have
been investigated by several authors with different per-
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Figure 2: Example of possible sensor network configura-
tion.

spectives. In particular, in [6], the authors recorded
human-human conversations in order to estimate statis-
tics from the gaze patterns. Then, these statistics were
used to implement the gaze control of a NAO robot.
The NOA robot was judged by participants to be more
thoughtful and it was able to manage the conversation
floor. In this paper, we would like to achieve similar re-
sults using a robot that is more human-like than NAO.

3 ROBOT GAZE CONTROL

The proposed gaze pattern generation is designed for
Erica [7], a robot that was designed to have a realistic
human like appearance, see Fig.1.

The components of Erica that are involved in the gaze
control are:

e a sensor network,
e a kinematic model,
e and a closed-loop controller.

The sensor network main role is to track human
[8, 9, 10] and determine who is talking [11, 12]. For
this purpose a human tracking system is combined with
a sound localization system. Figure 2 shows one exam-
ple of configuration with four laser range finders (LRFs)
for tracking humans and two microphone arrays for per-
forming sound localization. During the experiments, the
human tracker system was not using LRFs but RGB-D
cameras attached to the ceiling of the room [13]. Us-
ing the sound localization (the red arrows in Fig.2) it is
possible to determine who is talking.

Figure 3 shows the joints involved in the gaze control.
The kinematic chain controlling the eyes direction has 7
degrees of freedom (DOF):

e yaw and pitch for the eyes,
e yaw pitch and roll for the neck,

e yaw and pitch for the waist.
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Eyes yaw ———>

Eyes pitch

Neck pitch
Neck roll

/

Neck yaw

Waist pitch —_—

Waist yaw —_—

Figure 3: Kinematic chain for the gaze.

However, the current implementation does not use the
neck roll.

Pneumatic actuators are used to move the joints.
These actuators are controlled by on board PID con-
trollers. The commands are sent to the robot at a fre-
quency of 20 Hz. The robot provides a feedback mea-
sured by potentiometers also at the frequency of 20 Hz.
The on board PID are tuned to favor smoother move-
ments which results in a lesser control accuracy. Conse-
quently, it is necessary to rely on the feedback to get the
achieved positioning.

Using the specifications of Erica, a computer model
of the kinematic chain was implemented. The posture
of the model is updated when the feedback from the
actuators is received. Namely, the model provides an
estimate of the current posture of Erica.

The kinematic model provides the current gaze direc-
tion of Erica’s eyes. The goal of the gaze control is to
send command to move the joints of Erica in order to
align Erica’s gaze direction to the desired gaze direction.
Only the eyes are controlled in a closed loop because the
accuracy on the eye movement is greater than on the
waist and neck.

Erica is able to track a moving person walking in front
of her using the gaze control. This is illustrated in Fig.4.
The top of Fig.4 shows the yaw of the focus direction
(solid line) and the yaw of the gaze direction given by the
kinematic model (dashed line). The three other graphs
are showing the command values (solid lines) and the
potentiometer values (dashed lines) for the control of the
waist, neck and eyes yaw. We can note a slight delay,
which is expected, and some overshoots. However, the
graph for the neck control shows some large errors and
the one for the waist some small errors. Then, we can see
on the graph for the eyes that the command is different
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Figure 4: Close-up of the axis command (dashed) and
potentiometer feedback (solid) for the yaw.

Figure 5: Robot utterance and voice activity (red).

and it compensated for the error as expected.

4 ROBOT GAZE PATTERN

Previous section showed that Erica is able to look rela-
tively precisely to a given direction. In this section, we
will discuss the gaze pattern during interaction. In par-
ticular, the focus is on the gaze pattern when the robot
is talking.

4.1 Gaze pattern timing

Figure 5 shows a typical utterance of the robot. It is
possible to have a precise voice activity detection for the
robot speech from the text to speech (TTS) module.

The goal is to produce a gaze pattern that presents
the adequate cognition and turn taking cues. Such a
gaze pattern is illustrated in Fig. 6. The gaze pattern is
a succession of gaze aversion and eye contact that have
timed in a specific manner.

In particular, if a single utterance is considered, as in
Fig. 7, it is split in different phases:

e The cognition phase, denoted by C, starts before the
utterance and overlaps the beginning of the utter-
ance. This phase corresponds to the duration during
which gaze aversion is expected as the talking would
be formulating her or his utterance.

e The final phase, denoted by F, starts before the end
of the utterance and persists after the utterance is
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Gaze aversion Eye contact

Figure 6: Gaze pattern for two consecutive utterances.

Figure 7: The three utterance phases.

over. During this phase, the turn taking signal is
sent to the conversation partner. If the speaker
wants to give the turn, eye contact is sought. But,
on the contrary, if the speaker intends to continue
talking the gaze is averted.

e The body phase, denoted by B, is the duration be-
tween the end of the cognition phase and the be-
ginning of the final phase. During this phase, a
succession of short gaze aversions and eye contacts
occurs.

In order to produce the gaze pattern, it is necessary
to anticipate the start of the utterance to be able to
perform the aversion of the cognitive phase and the end
of the utterance to be able to start signaling the turn
taking in advance.

The sequence of actions that results in the robot
speaking is indicated on the time line of by Fig. 8:

e a speak request is sent at time S to the TTS module,
o the synthesized speech is ready at time T,

e the lip synchronization commands are sent to the
robot at time C,

e The lip movement and the sound production start
at time V.

The delay d between speech request and actual speech
production is due to the necessity to synchronize the
speech sound with the lip motion. Because of the pneu-
matic actuation, the shortest possible delay is 500 ms.
The expected end of the utterance is known in advance as
the duration D of the utterance is deduced from the syn-
thesized speech. Thus, it is possible to access in advance
the voice activity of the robot and all the timing infor-
mation necessary to create the gaze pattern are readily
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available. Note that to generate a cognition phase longer
than 500 ms, it is necessary to add a pre-delay.

In order to have a more natural gaze pattern, it is
important to introduce some variability in the differ-
ent phase durations. In the current implementation, the
start time and end time of the different phases are sam-
pled from Gaussian distributions. Figure 9 shows that
the phases are determined by four distributions.

In the body phase, the gaze pattern is composed of
short aversions and eye contacts. This is done by sam-
pling the aversion duration and the duration between
successive aversions from two Gaussian distributions.

Note that when the robot is listening, the gaze pat-
tern is also a succession of aversions and eye contacts.
However, the duration of the aversions and the intervals
between them are shorter. These patterns are generated
this way as humans also tends to do shorter and less
frequent aversion when listening than when talking [1].

4.2 Gaze pattern direction

The eye contact is performed by having the robot look at
the human that is detected by the sensor network. The
sensor network gives the position of the person in the
room and the height of that person (the top of the head).
In the current implementation, the gaze controller set the
robot to look at a fixed offset of 0.15 meters from the top
of the head.

During gaze aversion, an offset is added to the gaze
controller that results in the eyes of the robot being
averted from the person. The gaze aversion offset is char-
acterized by two angles # in the horizontal plane and ¢
in the vertical plane.

To introduce randomness in the gaze aversion, first
the ”general direction” is selected among ”"up”, ”down”,
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Figure 10: Sampling gaze directions from Gaussian dis-
tributions in the four ”general directions”.
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Figure 11: Speech overlap caused by missing the signal
indicating a short pause.

7left” or "right”. Then, the magnitude of the aversion is
sampled from Gaussian distributions, see Fig. 10.

5 EXPERIMENTAL SYSTEM

To asses the effect of the gaze pattern on the conversa-
tion, it is necessary to define a measure of performance.
For this purpose, a conversation monitoring system is
used. Using the microphone arrays of the sensor net-
work, the speech activity of the subject conversing with
Erica is logged. The utterance timing and the gaze pat-
tern information are also recorded at the same time.

Figure 11 shows an overlap situation. The subject did
not understand that Erica was just making a short pause
and took the talking turn. Even if the subject voice is
detected it is usually too late to avoid a slight overlap
as the robot commands are sent in advance. This is a
typical case where the robot should use gaze aversion to
signal the turn is not over. Thus, a measure of perfor-
mance is the duration of the overlap (the blue region in
Fig. 11).
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Figure 12: Speech overlap caused by missing the signal
indicating the robot is about to talk.
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Figure 13: Example of delayed answer.

Another overlap situation is the one when the subject
could not anticipate that the robot was about to talk.
Then, the subject starts talking just before the robot re-
sulting in an overlap. In this case, illustrated in Fig. 12,
not signaling the cognition phase by a gaze aversion re-
sulted in the overlap (in blue).

In addition to speech overlaps, the conversation is not
smooth when the subject takes much time to answer to
the robot because the robot did not signal properly the
end of turn. Thus, measuring the response time of the
subject, the blue duration in Fig. 13 is another good
indication of performance.

For a given conversation between a subject and the
robot, it is possible to calculate the total speech over-
lap and the average response time. These two values are
used as the measure of performance for the generated
gaze pattern. Namely, between two candidate gaze pat-
terns the one that results in less speech overlap and a
smaller average response time is considered better.

In order to compare different gaze patterns for differ-
ent subjects, the random generation of the phase timing
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are only computed one time and stored. Then, it is pos-
sible to compare the same realization of the gaze pattern
by replaying the stored version to each subjects.

Preliminary experiments have showed that creating
the gaze pattern using Gaussian distribution is not
straight forward. The first attempts used the means and
standard deviations that were estimated from human-
human conversation in [6]. However, the generated gaze
patterns were not satisfying. In particular, the cogni-
tion and final phase tended to be too long for the robot
utterances. The reason is maybe that the subjects in
[6] were familiar with each others and had conversations
composed of rather long utterances. In comparison, the
robot-subject utterances tend to be shorter. Another
possible explanation is cultural difference as the results
reported in [6] are for English whereas we conducted our
experiments in Japanese. It is also possible that we are
more sensitive to the gaze pattern mismatch as Erica is
more human-like than NAO.

6 CONCLUSIONS

In this paper, we motivated the need for a gaze pattern
generation that helps the robot to have a smoother con-
versation. We presented the architecture of the system
and explained the concept of the gaze pattern genera-
tion. However, the implementation and testing of the
system was not done yet as preliminary results showed
that finding a reasonable set of parameters for our robot
is not as simple as expected. Thus, the focus now is on
adapting the gaze pattern statistics to our specific robot
in order to proceed with the evaluation. A possibility is
to generate the statistics by taking into account the du-
ration of the utterance when creating the gaze pattern.
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