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Emergence of speech recognition function through action learning
by reinforcement learning using a neural network

Seidai Egoshi and Katsunari Shibata, Oita University

Abstract: In recent years, the ability of speech recognition has been greatly improved by introducing
Deep Learning. However, we think the present speech recognition has two essential problems. First,
since recognition is learned separately from the other functions such as action generation, the learner
cannot understand the meaning of the recognized words. Secondly, it is hard to provide the teacher
signals for a lot of words in advance. In order to solve these problems, we propose to introduce the
”End-to-End Reinforcement Learning” approach in which voice data are the input of a neural network
and its action output is learned by reinforcement learning. In a simple simulation, a robot was given a
voice to instruct appropriate one of 4 possible actions and learned to generate an appropriate continuous-
valued action for the voice only from the reward at the goal. After learning, the robot could approach
the goal according to the voice guidance. That means that the robot could recognize the voices correctly.

1 Fim

A, HIE¥HE (Deep Learning) % WV /284 — Vi
WORERTFHELESEREEZHELTY, EHEZED TV,
SHAIEMBISICEL Z2I2&>T, IRy MEZ
NETOESIZTHTHRAMEZEZITD ZITTERL, #HIX
WENED LS R, AHEBEL2GTOEBENHEEFING,
ZOESBRHWTIE, BARY hOIIa=r—Y 3 Vi
HOEZMNHRT D EEZOND,

AIa=r—YavOhTEELKRE 2 R/-95HE
BTy, BEEEE VALV VIR Y NEHWD Z TR
WEEEIRE<HELTVWS 2, LML, Hna3Ia=
T aVREIDOEBRE WS BANS, BIIED G G
1Z1% 2 DOMARM RIS D D2 LEZLIIEZT NS,
1 DHIZ, ZELORY NOTEIERR Y & 8L T2
BINTWBETHD, DAY MIFRBOFEIFIZ/TE)
ZERLUTORNZD, EROHEMRZ M5 72 5 il =
fIH5Z2EMTERY, 2DHIK, YOS ICHNEES%
T DMMEVND L THD, MR/ & — U FRFR T,
HLDNHONIMFES ETOHREIZNF LU THOZFYOHELT
HhifE 52525, LML, BRAIGHEDOR VI O
TEHEERBOFE TN TES L, T82d. b
SWLHEBIIHIGL R B a— OV ETOHRITIIE
EXZWMELE VS BIENSFRTIERNEEZLND,

INOORMEE RIS 272012, KX T, HA
THIREERBIZ WIS 72 End-to-End LB D7 70 —F
3 ZEEAEICPEATE I L 2EETD, ABOMD
£, WHTRRBWIBEITD ZENTEE=0—37
NAw MIE2T, BV INLE—XETORTOMH
ZHER L. mibFEEETS, =a—J )by b eifby

% 36 @EHAI B BHIEA S NN ERAMERES 2017 11.25-26

BEMAGDED LT, =a—J )by MATRIZHEY]
BATEN % BT D 72D Dk~ SBte % . RERD S BN
WCHEETEZENTES, 2O LiE. Fx DR,
DeepMind (Z& > T, T TIZWL DDDHIMRINTH
%9, X517, WADHIEETIEV LY bRy b2
BATDHI LT, IR X TRl & v 2RI AL
HZ2 0§ HHEAEDAIRIZEIILTHY 3, KR
T—RDFEENNBET D D 5 A il DWW TE [FRRZR P
WHATEHTEDARMELEHD, ZHIZE>T, ORY
Mo HEAETFEDOX ) EY O TEEDREKRO MR % M-
ARl E P I Lo THERTEZDTIER VR
fFXNd, TIT, AWETIE. =a2—F0 32y M aflio
b FE A FHWT, HRE 2 AL U TR TEI S
AT 2 EIT &) G R RE AR TS T B T REME 2 MG
35,

2 MRAE

2.1 RIEFBE&EFRH

FRALE R LN & EI S ¥R TS FIET, DRy b
(T—=Y Y M IFATEER AR LT, g% bET. W
fifl % 3% T HL D & 5 RITEIO¥E 2175, ZOfTEEEL
T, T—Y Y MITEERICBE L 732 5 NERERE % ¥
BL, T—NWAFETEZLDI485, BIZIETV 7F—
LOFEED X DT, WE AN ZMio THbEEE2 7o 72
Ba. 2 N — I NERTRHE & R 5 WG RO AE %
WS4 5, FRRIZ, VAL YRRy R EAWTEHRIIA
CHER L., HEAN R TlILEE 2170258, &
FHNRE 2 BT EBERAONG, ZTDL IfTO A
REIE, ITEERD 72 DIZBEIZE U T HEMIZER Y
N2 ZRNEERBL L U TSI N, HAjcRilmh

— 129 —



ERUET 2 BEIEA L. MO MR ATEI A
% & CRROIERE fF > 7 GHEBMET D Z L AW
Xh,

AWML T, 3y 7= BEEBED R Y T —2
74— R\ IGERTIEERI Y ALY MRy
FEHWZ, ZAUCE- T, BRIIT 22 AL LK
EEEFTD, 3 b T—IHOZ a0V OWERE )
%

N N®
l ) (1-1 0 (1
W= D e |+ wengion | ()
=1 i=1

TROLNG, ZIT. NO G o= —nvH )
U BFE= a0y BFHOEMA, o)) 1318 i
FH=a—OvOENTHD, HLH2HD Y INIE
74— RN\ IEEOHZETHAT D, /o, F=a—
0y OHABIEIEY 7 EA RBIENS 0.5 2510260,

1

(14+e "it)

of) =
=AU,
AL IE TR Y MPEBRICE 22 2 ME L., ik
Bz > 2 DT XS Actor-Critic 235, Actor-
Critic Tl&, T—Yxz YV MKt I2B 2 =2—F )
IV IANEUHEES, AT L, 2 D0DEFEEZFFOH)
PRI MV A, TEEIL, SN2 MVR, 2I1A T
BREZTD, BB Ry DAEFRIX [-0.5,0.5] Dl % £
D, T—VxV MIT—IARET D LW r, 2521 H
%, FEIIRAD TD #4725,

e =11 +7Vig1 — Vi (3)

ZIZT rppr ERZIt+ 1 THERASND WM, V, 128 ¢
DAY NT—27 HJITH D IREFME, ~ IXEIE[ET 0.9
WCERAE U 7z, BUE 51, BIfEL T (actor) #8 A, FFAf
7 (eritic) # V, TEHTN

Ty, = A;+arRy (4)

t

Ty, = Vi+# =11 +7Viqa (5)

Tkd, SHBEHEE-04 525 0.4 1IZASBNEEIF-0.4

72304 8L, ZIT, aldFEKTO5 ICHEL

7z, HEAMHEIZ BPTT(Back Propagation Through Time)

EOIZEY, MADBAAEEICEDOTERT—ZD
OO £ TH#l> THEFT 5,

OF

Awyz = —nawgfg

(6)

::T\n@?@%ﬁ\Eﬁﬁhzzg?aﬂ—%mf
TROOLND 2F/EETH D,

AARIE (C K D REERTEI Z
ETEANS1DRE

—
feedback
1TENCERE I DISBRLD
SA AT 1 DB
§3O AJ )J *'1
5 0 LA |
£y Mw‘mk M N "P“W"@w‘)ug,,,mw_*__v

Frequency[Hz]

i —

Fig. 1 Reinforcement learning system and network
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Table 1 The parameters used in the simulation.
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Fig. 3 Learning curve (Number of steps to reach the

goal).
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Fig. 5 The network outputs(1 critic, 2 actors) for two

of the voice data for each instructed moving direction.
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