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Abstract: In this paper, we propose the method of emotion recognition that combines the emotion identified result of auditory
and language information. Specifically, speech is divided into auditory and linguistic information to create an emotion identifier
machine for each. In terms of emotion identifier of the auditory information, we separated the sentence by each word and compared
the two method. One learned by in-putting one word per cell to LSTM. The other learned without separation. As a result, for now,
the accuracy is higher when the sentences are not separated. However, as the amount of data is expected to increase in the near
future, we assume that it would be better to separate the sentences for an improved accuracy. Moreover, in a model that combined
the identifying result of language and auditory, we were able to identify the emotion with accuracy of 78.2% for test data. The
number was higher than the identifying results of auditory only or language only. This leads to the need for creating a large corpus
or increasing the amount of data by data expansion in order to further improve accuracy as a future task.
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EEALREE3 RelLU
zHEE 4
i ek Softmax

2.1.5 LSTM-base D EHFEREH
Long-Short-Term Memory) [19] Z M\ 7=. LSTMIZRNN
(Recurrent Neural Network) DL & L CT1995 4EIZFEA
Lt, KRBT — ZIZKTHET L THD. ERORNN
IZFETCERDPSTERMKGFLFETRERTHD LD

_&z», LSTM OREZ2FEE LTHD. 1 HaE (384
WICDORFHEE~ fV) &1 B EL, 3 DOLSTM-
LayerD212, EfEGEOHIEN O HEEOMEEZ RN
L72, LSTM-Layer O{EMAEIEIEReLU, ))& DG
1EBIE T softmax B A WS 2 & T, HROBIZLTH
J1U7=. epoch %%, I vBa%k, BRI, FHMBA%NILY
HHQCDIMH ST b D EHELWHOZFEHLEZ. b0
RIESE O T ViZiIKeras[a) & AV, /8T A — & 1335
BUIZRRE L7z, B EIE#RE 1TRT.

= 4 LSTM-base 7w 727 O&EMERE

Layer_Name Content
ANE HZEH (time_step), LT~ 27 kL (384)
LSTM f&_1 (time_step,128)
dropout #_1 0.2
EuR(AisE ] ReLU
LSTM [E_2 (time_step,128)
dropout #_2 0.5
ERUR(AESE) ReLU
LSTM g 3 (time_step,128)
dropout #_3 0.5
P (EBIEL 3 RelLU
ZihalE 4
SR Softmax

a) https://keras.io/ja/

(© 2019 Information Processing Society of Japan

Vol.2019-SLP-126 No.8
2019/2/28

22 ERRIckIRIERR
221 FT—4

AARGREIE D T "N E DO LTET — 2+ v MIARE
nTWehoiefow, MR T — L TERT D Z &I
ST, BT —HIE, FERFI ASEF=—/3X[20], 4
KEFEa—/3Z[21], Twitter =—,3Z[22], livedoor = =
—2a—Z[23] hHED. a— L, TEFAL
RFEFEERKBRICED TT — I R_XR—2AL L EFEERTH
5.
EOLEHET XX LT, UFO LI
N EAT o 72,

L TRIE D T~

(1) SCED xR PHIE % Google Cloud Natural Lan-guage
API[24] ®DanalyzeSentiment A Y v R[b]&fEH L T{T-
oo ThUE, BESNETXANEFARTEDOT A LD
BRICHOBIENREBEZF 2N T5bOTHD. Lk
ALIT X A R DS f: & {5 .

(2) BHEHESINTZLOEREIZ, TF A ME4 DO
15 & DMICFIEETHITT-.

L LN G, FIEETHEDT DO+ 3R EDOREF X
NMIET—HtEy DL ERRETH-T-. T2 T
%?f)t7’\/1/ﬁé'<7 HDFET = ETIZLTT —F I
REITo T, T —ZILEFIRL, FEHT — X E20GEL NA
VIR HEER L7z b O & FE A AGEICHR L 2B+ F Ik
Th5d. FEICLDIEERIEDENI LT 5 & X
HOLFENENPNIZY, EIFSVELICRST20T52 L
NHD. TOMWEEZFMLUFR LS D% B AGEICHHER
THE, ZOBWBRTEWE LA LT —Z OFLRNSHIFF
T& 5. A, FERIZIXGoogle Cloud Translate API[25]
EHEALZ. ZOFERCL>TEETFT—% LR UEKRE
N, WIS VEI LSRR AT —FEER L. 2L TT
ANT =22, FET—X ERUFETEDT X
(4 o@@‘@%%ﬂ%ﬂ 12100 3CTEHM00 30) 2RV, 5
FET—H ONFRIZ DN TIEES 1T£T.

* 5 S S‘ﬁ‘é’%‘%fﬁ)ﬂbtv — &

H ang

Oyl

‘ neu ‘ sad H

FHT—X 1950 | 1950 | 1950 | 1950 | 7800
fhiR7—% || 3900 | 3900 | 3900 | 3900 | 15600
FARF =X || 100 | 100 | 100 | 100 400

b) https://cloud.google.com/natural-

language/docs/analyzing-sentiment



IPST SIG Technical Report

222 EBEOREHMNFE
T3 FOWIR LT =X #HWTENTHORSE %
B L7-. #kBISETEIL, fasttext[26][27][c] DT % & b 435k

BEZHWT, 1 TR 2B/ EIE DML RO T-. fasttext
IZFacebook Al Research[d]. DT 1 7 F VT, b EX

ENTT 7 ANENNT DL, HEORT MARIDAR
LT XA NDFEPERIITADTIAT T ThHS.
fasttextlZ & 57 F A ~yHEITH V)8 OTE ML BT

softmax BAEMBMEDLINTND DT, FEFOMREE 1T
5T ENMND. epoch #1320 T, FEEIXaccuracy T
L7z,

23 TELERBRORFEIBOKBSE
231 T—4
BFE L SHEOBIERROMEEOBEICAWT — X 1%
MmeKT—&ﬂ6#%T~5%%mt%@T&a
— X DOWNFRIZONTIEFERE TR LT,

* 6 FErSEOFRIGE,rSBEEEHETILEDT X

EEH FEH &t
FHF -4 80 & (Bf# 40 &) | 4 = 30 i 0594 F3E
NYF—parF—4a | 104 (BaE&E548) | 4/ 10 F#F 400 F5E
FARTF =R 10 & (B2# 54) | 4 8= 10 g 400 FE&E

232 BELEEOHKERY LTIV

T SEBROBEOSEHT L LTEUTOLIIC
7= W@Af B @D&,%%@ﬁf%
BEEFEBRQ2) TNENOER, N4 T AEFEEL
=, IO ﬁéf%%% ENLT U NSy b ERA K
X BHERE AN LT, —EOEKEE % A softmax
B AT D Z & c:iof%ﬂi‘f* IR AHEERMEREE )
T3, ZhICL o THBLSHEEROBAOAEFEET S
TENTED. HFEERESHEEROMEOXITLLTICR
T P(X),P(Y) 13576, STEEROZNLHELNDE 4050
BAEICRIT AR TH Y W T hicxh+ 28, b
FEARNALTATHS.

m

:ZP XWM+Zanm%M()
j=1 k=1

exp(Ap)

S, = ——— P
T exp(Ay)

(3)

epoch %%, Hom bBE%k, HRBEE, FEMBI%IXQ2.1) 12fE
STEHLbDEELWHLOEMH L.

C) https://fasttext.cc/

(© 2019 Information Processing Society of Japan

Vol.2019-SLP-126 No.8
2019/2/28

3. RBRLEER

F7, BEOHOFHARERIZX2 1Z7R7F. FCL-base *
LSTM-base Z L€ DBIHE RiLepoch FDOH T, vali-
dation 7 —Z{ZxF L Closs i HARWEEOEAZEH L
TR THD. E%fb@*y NI —2 %?—5?3@?&0)75
DREENRE L, T—FILERE ThH o722 L ER S
5. Fi-, %‘@?éiT—?ﬁi?E@ﬁﬁ@:, Ebn e
FCL-base D8 EWV. LavL, 7F—XILEZRITBE VD
EZWDL IR o TVWDHZENAZITOND. ZI05b
LSTM-base DF v h 7 —27 DI DEE DA ER RN &
Wb, ZOKRLY, T—2R45%E2 T\ &,
LSTM-base D% v k7 —27 D Ji/FCL-base D1 kU —
780 RL e ZERTREND. ZIUILSTM AT —
ZOWRLFET LT, BHEOFELY BRENRL 2
HETICRKEDFET —INPMETHH-DTELEEEZD

n5.

T0.0

H |[STM_base

67.5 -~ mmm FCL_base

65.0

62.5

60.0

575

55.0

525

50.0

before_augument after_augument

X2 H#DLSTM-base & FCL-base D5 Lk

WIT, SEOHOREIERAIFERIY, 8T — ¥ ILERT#

UD*EE%H:%« L7ZbDaERT (R LT.

KT SEOT—RILEOKERE
HEARAT  fhERE

accuracy(%) ‘ 46.3 47.5

JEIRAT L U BIRGE OBENR R R o TWND &V )RR
(2o le., TNENOFERIBUC OV TES ICRLdl L7z,

=8 EFHT &Ry XL LNOZERE
EsulEs

AAE | 8667 12513

o

JEET — 213587 — 2 T VRERESHRRR S B
W2 W&, ZOROIERTL Y bFEERM ELEOTIR
eninkEZ NS, BIZIETTOXEN RIZCHDES
DA T OITLE LB AL &0 CENFHREREND &

d) https://research.fb.com/category/facebook-ai-research/



IPSJ SIG Technical Report

(ZORY) 2 — L& FEEHARTOITEHLNTT] L0 )
215, 22T TRY a—24) THELW) EWHEE
N Z TN, BBENME L LIRS — 2120, Ak S
NEXLENRTTOLTEE ENFIER WD =T ATED
HEIZR S TND EWVWIRGEEZLLTO L H I L TITo 72,
FVOFAOT =% (Or), FiEEFEHLTHERLEZT
—% (Bng), FAYVEEZRHBHLTHMR LT —4
(Ger) L\ H3 DDOT—HMnb, 2 DEENDoc2Vee I
L ORT MAALT- b D Dcos FELIE & bLlg U7 45 R 0 8
EERITR L.

%= 9 Doc2Vec (2 X & kiDL E

B\ iR SEE H Ori - Eng | Ori - Ger | Eng - Ger
ang 0.45 0.44 0.70
joy 0.47 0.45 0.73
neu 0.43 0.41 0.73
sad 0.47 0.45 0.73

Doc2Vec & 1%, Le © 23383 L 7 Paragraph Vector[28] &
WO FET, TEOEIOXEENY ML, XEST
XA NDOGBEREHFDLZENTELENTHD.
Doc2Vec D% £ 7 /L2 1Zdmpv(Distributed Memory
ParagraphVector) % U 7=, dmpv & 13JE0OEFE~Y K
JVEXEID A AN L TH I E PRIEEE LTHEET 2
FIETHD. ZHUTEY, EIZBT RSB ST
DEEBERTENTE D, dmpy OFET—HIF, it
TR LPRT A DXETHD. ZOXLEDHEBLF
TZH T Deos FLPIEA T Z LIZL > TERITWA EE,
BITWRNWTEEAEEE L TRTZENTE S, XHOH
PEEIZ- 1051 OFOETHRSH, 1 ICES<IEE250
XEIFIETEY, -1 [ZES<IFELE2 DOLEZE TR
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sound(fel) text sound(fel)+text
actual\ predict ang joy neu sad ang joy neu sad ang joy neu sad
ang 65 26 7 2 54 6 12 28 91 0 7 2
joy 26 52 10 12 2 78 14 6 9 76 9 6
neu 0 5 74 21 6 16 54 24 3 7 61 29
sad 0 4 17 79 20 8 12 60 7 3 5 85
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