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Japanese Sentiment Classification
with Stacked Denoising Auto-Encoder
using Distributed Word Representation”

Peinan Zhang

Abstract

As the popularity of social media continues to rise, serious attention is being
given to review information nowadays. Reviews with positive/negative ratings,
in particular, help (potential) customers to compare products and to make
purchasing decisions. Consequently, automatic classification of the polarities
(such as positive and negative) of reviews is extremely important.

The general goal of our task is to classify the input sentences or articles into
positive or negative labels. The most basic feature for text classification in
machine learning is bag-of-words feature. For instance, the word “convenient”
has the weight that tends to be learned as positive and conversely the word
“inconvenient” are prone to be learned as negative.

However, the bag-of-words feature has numbers of shortcomings. To begin
with, huge human labor is necessary for making polarity dictionaries and build-
ing classification rules, and thus the outcome cannot cope with the new words
that emerge daily. This will lead to a data sparseness problem. In addition,
although the polynomial kernel is often used to consider n-ary relations, it will
not learn well because of these discrete features.

Furthermore, the bag-of-words feature cannot take syntactic structures into
account. This leads to mistakes such as “a great design but inconvenient” and

“inconvenient but a great design” being deemed to have the same meaning, even

*Master’s Thesis, Department of Information and Communication Systems, Graduate School
of System Design, Tokyo Metropolitan University, Student ID 14890522, February 24, 2016.
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though their nuances are different; the former is somewhat negative whereas the
latter is slightly positive.

To solve this syntactic problem, one of the previous studies proposed a sen-
timent analysis model that used dependency trees with polarities assigned to
their subtrees. However, the proposed model requires specialized knowledge to
design complicated feature templates.

In this study, we propose an approach that uses distributed word represen-
tation to overcome the first problem and deep neural networks to alleviate the
second problem. The former is an unsupervised method capable of represent-
ing a word’s meaning without using hand-tagged resources such as a polarity
dictionary. In addition, it is robust to the data sparseness problem. The latter
is a highly expressive model that does not utilize complex feature engineering
or models.

Therefore, we work on the sentiment classification task with distributed word
representation and stacked denoising auto-encoder, which is one of the deep
neural networks.

Distributed word representations, or word embeddings, represent words as
vectors. Distributed representations of word vectors are not sparse but dense
vectors that can express the meaning of words. Sentiment classification tasks
are significantly influenced by the data sparseness problem. As a result, dis-
tributed word representation is more suitable than traditional 1-of-K represen-
tation, which only treats words as symbols. In our proposed method, to learn
the word embeddings, we employ a state-of-the-art word embedding technique
called word2vec. Although several word embedding techniques currently exist,
word2vec is one of the most computationally efficient and is considered to be
state-of-the-art.

A stacked denoising auto-encoder (SdA) is a deep neural network that extends
a stacked auto-encoder with denoising auto-encoders (dA). Stacking multiple
layers and introducing noise to the input layer adds high generalization ability

to auto-encoders. This method is used in speech recognition, image processing



and domain adaptation; further, it exhibits high representation ability.

Our research makes the following two main contributions:

e We show that distributed word representation learned from a large-scale
corpus and stacked denoising auto-encoder with multiple layers (more
than three layers) contributes significantly to classification accuracy in
sentiment classification tasks.

e We achieve state-of-the-art performance in Japanese sentiment classifica-

tion tasks without designing complex features and models.
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% dA & L C¥filiZe L OHFi2#® (pre-training) %fTv, RiZ=2—F V%
b7 — 2 2T hH D O (fine-tuning) Z179H. WHIFEE T, AN A;
IR E D &R dA I X 2R A R S h, il S A NEERBITH 5 hiEE DS
XD AA DANE LTINS, REOPHEEE CIHIER T2 L, ZOhEED
B AT 4 v Z7EAHC K > THEEh, FEREROXT PABHAREICEISNS,
WEREE TR IR 2> & IEfR 7 SOV Z ORGSR RN X D & F T 0 ATH O T
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»iEns, (143.3)

X 3.3 BT, ANEIX 312 THoN3 S; e RY T, 1 FETEARTI W,
ZFo dAL Ik > ThpIo Rl IcZE g, 2B, PlEEo#HL P/, —F
DRIGENA 8= F X =F > TED, I TR i HHOHE Y — FRIGE n
EF3, LizhioT Wy OXRIGIEA 3.21 5 ny xd &%4%, FARkicLT, 1-1
JGEH ETCOBEATINE W; e RuXni-r L d (2720 i > 2), kgD | {TIE,
Y AF 4y VA X > TIEMES RV ERIURTE dyns DN ZTE78, A
79 W, DRICIE dans X M-y £ 5.
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B4E FHEBMEDRRER

4.1 LRFE

SdA Df#EZRTOI, WIEaER (P AT4 vy 7R ICL 2 0B ED
Wiz ir->7:. (LogRes-w2v)

RO HEROHEZ R T dIC, Bag-of-Features % {#i- 72 Fik (LogRes-
BoF, SdA-BoF) & DMtfE#x{T-7. 1-of-K {79ITX 3.12 LM U AHETHRZ b
VS eRVI #ERL, Z2hs oL TERIAN (PCA)TT d =200 KIGETK
TCHI 2 17> 7z,

CZTIRRIL a— 8 A %{#i[] L 7z Nakagawa & OFik EARNAE TR L 7-FHk, %
LTHIETANANR=NRFI A=Y DFHET 3,

MFS 7—%+ty bOPThb-2ELbREVHGOME (ZZTEREAST17) %
WISBER—R T4V,

Tree-CRF  AWFZELIETIC & W TOMFIRERIE TH 5l Z 2> CRF i
X 5FH (17

CNN Convolutional =2—7 V% v b7 =27 ZHwiFik [12]

LogRes-BoF 1-of-K DHiFEX7 b )LD average TXR7Z PV Z{ER L, PCA
Ik D 200 KT E TRIGHIRZ ii L 721750 2 BB (0P A5 4 v 7
hir) THET S,

SdA-BoF LogRes-BoF TfE L 7=~_7 b L% SAA THET 5.

LogRes-w2v HFED UK THER L 2 X_7 b vZ, BB ERE (0P A
T4 v 7)) THRT5,

SdA-w2v 3 FTHML 7, HFEOFMEHTERLALR7 F L% SdA % H
WITHERIT ) RETFE

SdA-w2v-neg Nakagawa & & [lfk, MERBUCK L TUMZ i L THFED D
RBZER L, SAA Z{lioTHEi%ZiT).

"o Y AT 4 v ZHHE Theano version-0.6.0, SdA % chainer version-1.4.1 % TIgus L 7,
Tscikit-learn version-0.10 % {#iff| L 7.
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Flo, REFHICT 5,14 8—3F A=%D Denoising & HIEIEE, HlHE/, —
FRICEAZLLT D & 95 il L /-,

Denoising DHAEZR T 72812, Denoising ZiiL TV WFE (/4 XL —
k%30 %) & Denoising %> 7Fik (/4 XL—1+5510 %, 20 %, 30 %, 40 %,
50 %) Db D LK% IT> 7. Denoising DFEL LT, EEShA/ 4 XL —
PO ZEUHAMTHEEERL, 202 AN FVORIET 2HHEICH
%,

LREDFMERZRT 0, PRFOEMB 1FHOLD L, 2R EDOLD LD
eIk,

v b =2 QRN 2B 02, hE — FoXtE%E 100, 300, 500,
700 RIGTLBE Z 1T > 7=,

4.2 ERT—Y VY=l

GED I REBOIERIC H7- > T, Mikolov & [15,16] ® Skip-gram 2> & {FR &
N3 word2vec ¥ 2 L 7-. 2-RICid HAGE R Wikipedia ® %'~ 757 —% (2014
411 ) %ffivs, MeCab S 12T h bt E LD b word2vee % HVTH A
A 200 RICCHEBEO MBI ZFERL 72, TEHD>ETNDOREREIL, BEE
BA MR %o e T Tl 426,782 55, BERBZ WAL L 7- Fik T3 431,456 &
Thd.

HERICI1Z NTCIR-6 DERAZH R f 0y PP AIZFAraLvryay 19 &
NTCIR-7 MOAT # 7 v # A€ A b NTCIR-J 2l L 72. NTCIR-6
B LU NTCIR-7 2—RA KB LTF A bavsyaryzlluilE, 7978
B WEEO S MR, ERISE, SIEMEERT 7 e AEREY TR -7
vay 7TTERENI-a—NR"ATHS, ANRETHERL-HEFEDOT—4Tlt, #
H e & e oo LT3 AD 7 / F— 21 & b SCREL TRk & 743
ffrohtws, APFETE, ACXIHLT3IADT? /) T—9D7 /) T—¥av
ERONEEEM - b DRMBHA LT, 7/ T—F DI ITBRST A T EXH T4

thttps://code.google.com/p/word2vec/
SMeCab version-0.996, IPADic version-2.7.0
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# 4.1 NTCIR-6, NTCIR-7 XU NTCIR-J OHfEDNR

2—N2% | RSTF4 7 | 2747 | Al

NTCIR-6 769 1,830 2,599
NTCIR-7 228 570 798
NTCIR-J 997 2,400 3,397

TOM N GUEE, WICRNEDT ) T—908 72 MiMT %, lja— 2Dk
(RSF1 7, FFT47) ORRELALICRT, 2—1RAKIE=2— 7 VRl
LEFEFNTLEY, AEBTRE EDBTH 570 =2 — b 7 VIR BRv 7z,

¥ - 928E 10 M EREIC L D TV, HEEIZIEME (Accuracy) IZ& - THF
fili L 7=.

4.3 HEBRER

TR ETEFTLFETOERERL, "7 A—FFa—=vJol#zELT
Wi,

£Y, RFEEZHOLIEREEZER 42, BEEHZEOIEMELZK 4.1 17T,

Nakagawa & [17] DIREFETH 5 Tree-Hilll & Tree-CRF D IEMRITZNZ
N 726% & 789 % T, Kim 5 [12] DIREFHETH % CNN DIEMEE 80.3 T
Hote, KMEICBVWTHOR=—2F 4 D MFS DIEMHIE 704 % T, Bag-of-
Features ZffI L0 Y A7 4 v 7L SAA I X 2 B0 IEMRIZZNTh
708 % & 76.9% THhot:. AL XHic, HiEoniuERzZliol-uPlA54v 7
[lft & SAA ISk 2B EMRIEZNZN 795 % & 81.7 % T, SdA-w2v L[
UARTA=FT, HERBUWMERBL 2T =7 I L TaFILE 5, EMEN
80.9 % Ic% oz, &k, SAA TOFEETIE, BT EN_IA—FFa—=v %
7o TS IERREDBE Lo A abE (P 4 F, /2 —F 500 X7T, /
£ XL—1F 10 %) ZEHALTH3, T

Flh, "MAR=NRFRA=FTLDOHEBEZFR 43D LS T,

TS 7 — & 1R, 10 FWZEERTEIC X 5 EARE T L 7.
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w

Accuracy [%]

78.9 I 80.3 I 70.8 I 76.9 H 79.5 I 81.7 H 80.9
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& N ¥ N4 &

~4
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65

4.1 {SEXMH & BFEOIEMRE

#4.3 FBcix, PREZ 38, $E —F% 100 ZooCHEE L CEED 2 4 X
L— P OZEGICHE D BRI L7z, /A XL —1F2310 % ORficb o &
b EWIEREDE S iz,
43T, P/ —F2 100%50, /A AXL—t%2 0% CBEELT, J§
O BAL E ¢ TIEMROLEA 2 i L 7=, PRIEAS 4 ORI - & b WIEMR
oo ni,

F 43 TETIE, PWHEZ 3, /4 XALv—+%20% cEELT, B/, —F
DRIEZENESETIEMELZRI L 72, B/ — F23 500 XITGORFICH > L b
WIEEREE S -,

Rz, FEOBEIAEM UGBS Ol F ko gk £ 4.4 ISR T,

BIc, TAMF—2ZEEL CT— 2 oRnictlE ) B2 %2 X 4.2
N
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2 4.2 iR UL

Fik IEfR
MFS 70.4 %
Tree-CRF [29] 78.9 %
CNN [12] 80.3 %
LogRes-BoF 70.8 %
SdA-BoF 76.9 %
LogRes-w2v 79.5 %
SdA-w2v 81.7 %
SdA-w2v-neg 80.9 %

F 4.3 NA8=RFA=% X BIEREOZEA

NI R—H i
0% 81.1 %
L 10 % 81.5 %
20 % 814 %
30 % 80.9 %
1 80.6 %
2 80.4 %
3 81.1 %
e i 2 4 N
5 81.4 %
6 81.1 %
100 81.1 %
I — 1% 300 81.2 %
500 81.3 %
700 81.2 %
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Accuracy [%]

85
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65

60

# 4.4 EHECBZR LB TFEIC & 3 ERRROZ(L
Fik IR
Sigmoid 78.8 %
GPEALB% | ReLU 81.6 %
tanh 73.7 %
SGD 80.6 %
AdaGrad 71.9 %
AdaDelta 78.7 %
Adam 521 %

it Fik

Accuracy of different size training data

80.3
79.2 79.2 78.8 79.5

78.8
G G P Sy

73.7

68.7

0 100 500 1000 1500 2000 2500 3138

Datasize

4.2 T —2 oRinic & b7 2 EREO L
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BHE BE

AETIRNETOEBR OISR X DB o fEHR E EBOHISC (£5.1) 27
WCEBEERTS.

5.1 Fi&

Bag-of-Features vs. SRR FEHFEZHPIESE (2254 v 70
k) CHEIE L 72554, 1IEM#%IE Bag-of-Features Tl 70.8 % THETIEE
BlTIE 79.5 % TH-o7, SdA THE L 7%, Bag-of-Features i% 76.9 %
CTHEEDHERBIE 81.7T % TH-o7:. TN6DFRD» S, Bag-of-Features
& Db HEESERBZ M L2 D IEMRHEIE 4.8 ~ 8.7 R4 ¥ F Lo As
Roht, ZOZehs, ZOFAZICEWTOREMUEBRO MRS IER
ICRKEWVWEWVZ B,

W48 vs. Z8 Denoising Auto-Encoder I3 21557 b
% Bag-of-Features IZ[HE L 7286, IEMRIZIBEOFHRTIZ 708 % T
SdA TI2 76.9 % TH -7, WFEDBEBEZEM L 72546, MIESBERE
79.5 % TSdA 1 81.7% TH-o7:. DO EH 5, SAA THEELIIZFHH
ERDBIGERE L D B IEMFIC 22 ~ 6.1 KA ¥ FodEBR o, L
7e3-> T, SAA BEIWAEREREZFRIL 2L wR 3,

BEERBRUE 42001905591, ALATFA=FTFa—=v LI
bhob o, MERBUIZML 72 FHE LT LTERE E R TIERE
23 0.8 A4 ¥ METF L7, ZHhid Nakagawa 5 DHG L ZEI b L ko
7. ZAONBZHFRE LT, BERBLMEZ TSI L THERIINS A
NR=AZAMEBET 6N S, 2 Ca—RNAREENAEERRONZH
Niz & T A, Bl )FEEDY 326 FECRENGEHUIT 1,239 FETH-7. Tt
=N A2EDEL YIERDK 3.8 %, HAFEHDK) 1.0 % TIEMARITK
ERBERITTEEZZIC W,

Convolutional Neural Network {4k D, SdA 12 81.7 % T CNN
D 80.3% % 1.4 K4~ FTLEl>7%, SdA & CNN & & b ICE&HETD
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a

1.2 5 1.2
a 1.0 -
é 0.8
® 0.8 0.8
E
e
'g‘o,a
£
o
E 04
0.3
: .
0.0
1 2 3 4 5 6

Numbers of hidden layers

5.1 chEEHEDOZEICPE S SRR

Za2a—=9NFy F7—=2THH, CNN OFEHRIDEZ I [12] 5 b5
5. UL, BRAALEFEE=y 72 BHUICEWRITORIC <y 7 27—
Y7 %% CNN &idf%h, SdA BEVEICE WL THEDIE L XITEK%
79 TETXVMRMLEBR 2R TCETVILEIGNS,

52 INFX—%H

KAZICHBEHIT, RTA—PREIBZILIL>THoNLBROEE%
T9.
denoising /A AL =12 0% DE 7K denoising % i & 72\ Fik (IEfFER
81.1 %) &HRBE, 10% AP LD/ A X255 21135 (EMEK 81.5 %)
WIEREED 04 R4 v Fom EBRs, L LRI, A X 24593
LIEMRENTAZ L MR TEL, TNIRTEL /A X252TLED
EANNZBEICTELRS BB EVHIFERBEZ NS,
FREE PREESD 1 00 AE (IEf#3 80.6 %) L b b, ZlEIchiiaEialk
FnizH (EMFE 81.6 %) MIEMEE 1.0 R4~ FET B EMBRT
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23.8
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15.0
10.2
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5.0 36
0.8 -

0.0 i i)

300 500 700

100

Training time [hour]

Dimensions of hidden nodes

R 5.2 i/ — FRICOZGISHE ) FEEIRF

Bz, Zhdiiio AE TRIETER v L ) MR LRFEEZRA S
EMTEHLLIBEATEEEZEAONS,

FRE/—RRT P/ — FORIGR LS ¥ THEEZT- 7225, 200 RICO W
TIEMRIE £ 0.1 R4V P EDTRICLLPEWL Aot BAFLELE
B 57O BHEISHBRZ L TREBH L LEZ NS,

T/, NI A=% (PREEE, B — FR00) &> ToFERROZELE %
nZNX 5.1 X 5.2 IRT,
[X5.11cdH3&Hic, PRFHOEZNEP L T THERIFEORIIIZIERHT
H5., ZRUSHLT, HlEl, — PRt 23784, M52 0 K912 200 XKt
WP LRSI B 2 MR TS, Tt SdA DRGSR T
pL#EZ6N3%, SAA IKBLTHIEDOFMED ) — FOFAERERHEICR>TWS,
IO nRIG —FDRy b9 —20%2EZ2%E, HEOBZ Ixnxn=In? Ik
%, W LA OBOBURIIIEEDS, bl — FRIC LA OB TH
5, 20O, L LOXITGEMMTH A D DD »P->TLE) EHFEALGNS,
Er, £430650h5 L1, P — F%E 200 X L THIEMRFEIX 0.1
A PO L ARw®, ], — FRICERPT LD L PRFE OB E N
F7IE) B L VRO EIcDo%dd 5,
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5.3 EMREE, RECFERVT—IVMIICLBEREOE(L
# 4.4 %L IEYEALBIS & ROB(L TR OE 21T

5.3.1 EMEILEEEK

ERDSFH=2—F %y b7 — 27 TliGHELBEC Sigmoid BI% (X 5.31)
PR DO —FTH % tanh % (X 5.32) ZHHT 2008 —KITH- 7.
NS DIEFIEBIEUINE 52 TH B LIERBERTH 27280, BEWICALEIC K
DIz K BBRADE ., S ICIERIPBIETH D 4 H36 LRIV TH 5 7- ORE
WEBE R S X 2D DR B THS, LErLZO—HT, KEVANMEER
o 725 A T R EDVINE { e % 2 &2 o IHED IR BN I I A 5 5 S A28 1T
53, ZOREICHL 72 DD Rectified Linear Unit (ReLU) 7127 » 7
¥ (X 5.33) LN AMETH B, ZORBIZEBRSER TR A WREDH B
DD, EDNEZINS 1=y MIOWLTHRMME L %Ot T EHITH
5. %7, FEOZHX ) LHHITH B0, FHEHE D E W) FIEBZET S
N3, INeDT777%2M53IKELDTERT S,

F#44 %D, AUEICBVTSH ReLU DIER 2 LA 3 Z LSRR THN S,

1

o(z) = R (5.31)
tanh(z) = :d' J: :: (5.32)
ReLU(z) = max(0, z) (5.33)

5.3.2 mBILFE

FEIFETHMNLHIWE, =2—F N3y b= TORERRAIMLT 27D
BB ORE{LTFEZA L 2. ZOMRIEEKR 44 TRL TV 3,

I b AN T— M 2 ol Fik & L THERMARLE Tk (SGD) o n s,
INRBFHEFIOVTOVFHRERDOARLE VTR T A= 2 KEHEH L TV F

21



15

05 i

y-axis
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Q

— RelU
— Sigmoid
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X-axis

5.3 SR

ETh 3. ZOFEIZEWEEDMBEETIRGATHORIRICIBRL P08, #
HEOPMHBEETKETES LFEML, NS TES LR E TEL % 2 RED?
#iFohs, 20k®, SGD & h bEWHE CEMICIUR T 2 T4 SR X
NTw3, P i{ffENsbDL LT AdaGrad & AdaDelta, Adam %34l
LENTWw3,

AMETIRING D 4 >Ofp#b Fikz M L THiEZiTv», ZofREZR 444
IWRLTWS, #»5RTHNS L IIc, AKD SGD 2id Bu:hfg% FHHL <
BH, SGD DERFETH % AdaGrad, AdaDelta, Adam (FZN % FE>Tw
%, Ff, W5412T, HFl{bFEED AE I8\ T 100 Epoch FEfT L R0t
EDOIKREZRLTWS, I Tld Adam Db PR L, Hiv>T AdaGrad,
AdaDelta #1C SGD DA T3, 2 L TICEL ZBEDOMED Adam 23R D
NEL, SGD BB AKEVHRLZ->TVS, ZRICHL 2D 6T, KEBRTIE
SGD b L WEETH B Z L IZMPO TR L Twiz,
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~— Adam

— AdaGrad
AdaDelta

— G0

loss

epochs

¥ 5.4 AE 28T 100 Epoch F47 L 72 PR & il b F i IR EE

5.3.3 T—HYAXICLZEREDOEL

FTAMF=2%ZEEL, J#T—4 %% 500 XAATHPLTVE, ZHICk
5 IERROZ N Z N> 7, K 4.2 55T — 225 0 XOREDIEMRHE bK<,
500 X F TRBIZICIEREREDEC o T M RTHEELS. 500 SCEARE MR v
Ziid 550D F — 7 ORIV iR 4 ICIEREIEL BoTWw3, Zolt
Mo, IS DF—F%2EHT 2 I LMBIEFLEDM LICBEIEE I EHE LS,

5.4 ZEHISHH

SN2 % 5.1 #2HIfT>Tw{, BoF, Log, AE, Neg, Prop, ans l&%
NZFN Bag-of-Features, LogRes, Auto-Encoder ( 1 fi® SdA ), 7usg, 42
KT, BT SVISHIET 5. HICETMEDRS T4 72T 4 72T P
&N BRREINS,

—HFLOEZEWICHEETS L, T7V®Y XA Lo EREBIHLTYH, BoF
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BEDBEFE LT — 2 A A2 AMBICREFECREE ST ICHEIc 5
TETWVBRIENTNB, £, WEAFHRL 1 Mo AE TRAEYDLZEEDOML
DR h B O “ERER TFTROELICHLTYH, BEFEZEF(NETET
W3 Z LTS,

WEBDS R THDB E, REFHEEARBZEERVWZEL VS LD RTIN
3, IZEEBROBIXTIE TRE) EWHIHEERS T4 TERABPRHTT4 7
A D OBIRBEBERE WA S, FU &) ichBEofizz, TEROHEZ
b5, EH5D8, ic THHLZ) K DTELLICE hEAZEL DIZA
WKkoTRERZEEZONS, FBICIB6DT7 /) T—2av ¥ TRIATT4TE
BT 4 THAFT SN TWi:, TROFIXTE TEMCHEET) &) BiEok
RS E TWEY, MEFETE EFNUTE o7, BELEZHEL 7-F
HETIRINICIEREL 7=,
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# 5.1

WHIHT D 7= D IEEH) & 22

IEZ B

BoF

Log

AE

Neg

Prop

ans

(1P

P

N

P

[l 2 5 HofgH R & Djha BT, &
W7 & Dl WEEFEZZE T T 1 0 4
DEMEDRRZHPML 7€) XLE
=Lt Twns ) EEiR-
? el

4TI L 7= 27 a — VBl ANIBH T
ZOIBHEL VLI ETIERW,

SRR I, I & e T 2 K E & 3
IS, HAREMN TERIEADRED A3
Hid, HADSE LA & 2 [l
2R S e T g, SED—FEO 5
Sz kT M S 5,

D)

Bol*

Log

AE

Neg

Prop

ans

3¢

LIV L N E AV Ho bt
bBH) EREROICLE.
HLHEEOREE TEERERT I ER QR
HERMIRETHD, ZILTIZH
WIHRICIEL WEES %2 & 7- 8, ERD
Mz IETE 5, LA 7.

A EEN YT, COESEFDK
WTHH W,
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FE6E BbbhIC

AMETIEHAZEOFMBERF S A7 ICHL T, HEFTBEROVEDT
B % word2vec &\ 7- KB a — A D6 DRFEDEBAE & % i Denoising
Auto-Encoder %@ L, HOREZ{S 2P TEL, AFETRIEIOL I %
BRAFBPEM e TG ZLTHEED P =7 ) TR EDOHMRITK 5
Bz Lgvnid, A3 A FHMES —BILL T WHEBEET 5.
e, ARXTRIBL TRV, hOFHOERT-yEMVEILIt&DZ
DEFHITE L 7 FHIEIE B L WHETH 5.

AHFROBEL LT, KETA T+ ZAT 4 TOMERKTH LAY A7 %,
B -ELA-HLEIREDHHEDBI A KIEH TS I L L, X072 F
B $ %12 &7z > T Recurrent Neural Network [11] % Recursive Neural Network
Tk b KIS OMR 2 A% 2 LR ENEIToNS,
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£V, KX OEICH>T, HHHEETH 2/NIIFHEBIZICD & D B O
ERLEVEBOVET, HOOYH 4 EIC, ARETBUHO LoFHHSFICT
DFHSNIMABICRIB SN E» S, KEMEZR->o IO LIcthEH 4
HDOIEEFTHERICES>TWALRE, ZLGEOXREEHZAL, BLTWiLE
ELA RRHTIIBEL S, FRCIEBELS RS2 LS EEo62%, SHHAD
BAMBWAEILIZEZZETHLH) FHA,. EDBIKHFRICODVTHALD, HFLw
FERICLB o7 ), KREGAROMEZ R D, =Y Ah— b 2ilEA
Eh LGRS HB8HHICHEICE->TwEYT, COMEEE =252 %,
MZEASTENRICHLE Y, BB o7 ATHREICH Y A, FEEXAMT
BHDEFTHEOVEOEERKOOER VI ENTEE LA, £/, /N
REDEPFTCTHBHFOERAEBEL L ETNLHAR, A vy —vy TR
LTHK DR ZML I ENBTEE LR W, CONEROHE—WETHB L
IKHEDZR->TVET, Thdarsn, NIFAEDO T £ T ORMEZYICE> T
9.

i, NHERRHIZ Wi uioBBdE, AEELRRZ ST TwEEwLO
iz, ELICWIREOIEL WIFHEZBI LML 4, %, #Hiz L LbEX
ZATANERIRE, o8B TEilERL EFRwEBVEY, BELLE=ZE
MEzHHHBE)TTVELL,
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