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Abstract

Traditionally, classifying over 100 hierarchical multi-labels could use flatten
classification, but it will lose the taxonomy structure information. This paper aimed
to classify the concept of word in E-HowNet and proposed a deep neural network
training method with hierarchical relationship in E-HowNet taxonomy. The input
of neural network is word embedding. About word embedding, this paper proposed
order-aware 2-Bag Word2Vec. Experiment results shown hierarchical

classification will achieved higher accuracy than flatten classification.
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1. 43 (Introduction)

B ERNEEE S K 8 E%% > hGES h AP E s (synonym)
Flan: R —88HE— - HREZRI B o HEE T REVEE o SOMUA R EE R AH(E
fiE & (concept){H ELZE R [FAVzE] > B0 BRFIMEELERVERE - 1S W & &8 RIT 28 DR BT
S (HEWEEEAREER - MR L EE = 2 b i A —(#5E smt o] DA =
FAR P a2 2 f =4S R - Rl oG s E TR B S s e A Rt 2 &
&

TERE S AV GRS 73 1T (ontology of concept)t » AT (i FH EE 25 M489 (Extended-HowNet,
E-HowNet"){yza g2 & MU e AR B B2 A48 2003 4 dh oL iF 72 be & ST sl B/ N AL
[ /]N4H 57 B (CKIP Chinese Lexical Knowledge Base)fy s & Bl 8 Iz 3R 5 4 Al 2 2 H148
(HowNet)Y5E 5 1E Ftk il i ah ~ #8 7 LU B (Huang, Chung & Chen, 2008) » DUETHYEE
Fe 755 (sememe) 78 28 25 R 1V 4H & AR A0 &1 B AN SE RIS, » DU B ERE 2B Es 2
] > RS HY a8 1 B & 14 2 eIV R (%(Su, Li & Li, 2002) (Liu & Li, 2002) -

B (B ARG S 1 25 (B 1 5 O] i B 25 A 8 (multi-label) » 17— (BB A S FE R HY
BB — (82 2 (multi-class) o J& 28 K148 th & — (8 56 s b A B B S (R 40 s
(taxonomy) ¥ [ 2 — (& [ g =R & » HLRE &Ry A TR » 1 Rt 2 M B
{mental {1 } TEEE A4S FE 2460 EE 2 e g (R AR - Zas 2 S IEE& &N
YiRg > &Y -> g > K-> null (null FF REGES - RS ZERENG faL &R A=
R E T U R R E 0 EH) -

J@F(flatten) 73 32 A 2L SRS @ U & S LEEE S - HERNASH
CERE LI ERBRA RS e BCARIE AR g = (hierarchical )73 M R EoRE - RIS S AR
HI4EZErER T P e AU & s DU &S Ak i 2 P g U S A o s Y > 4%
g A By S| A S A B> AL S HE Mikolov #2422 Word2Vec? (Mikolov, Chen, Corrado
& Dean, 2013) (Mikolov, Sutskever, Chen, Corrado & Dean, 20 13RI &k » 2% E H
SoE E N SRR (R 2-Bag Word2Vec ZEME - 7S LU [E]HY 58] [A) & 1 A R 5] 1) £
HIRLEE © 4ol A & 0] LURFEE B et AR S R H T FRIEess (=) &t 7] DUE AR sE S av b
L -

! http://ehownet.iis.sinica.edu.tw/index.php
2 https://code.google.com/archive/p/word2vec/
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[Figure 1. Taxonomy of E-Hownet --- take {mental|}5 7%} as example]

2. zHHERERE] (Word Vector Model)

REEEARATRE & 748 AW 72 (5 H 858 1) AR FEEE R/ 44 Mikolov Fir HiHY Word2Vec
AL > HfiEl & Continuous Bag-Of-Words (CBOW)FI Skip-gram » A2/ EEH, 2-Bag
Word2Vec » 1% % BLRiE A FHVE 1% R85 8 H AT a0 A% SR (52 58] [ EAHEAY -

1£ CBOW ([ 2 =) 71 Skip-gram ([& 2 ) AYZREET - f2fg S B Hy ]
JFifd (prediction matrix) ESAH[E B M’ € RUVD > 4 4 [E] fir B 14 5 {55 FH (5] A9 FECHI AR pek -
ks s WA IR EIDSAEMAGEEGT R EER - HEEEEE &5l40
GERA B EARATSE AN BE % -

ABHFZEEE Mikolov FiTEE Y Word2Vec fHEI &R » $2HY 2-Bag Word2Vec » 3% 55
THaE 2-Bag CBOW LK 2-Bag skip-gram - DUE] 3 /Z{H] 2-Bag CBOW Al » 2-Bag
CBOW i Aty (2 x d) 4Ef9fE - HAHRHIE (projection layer) NI » HAEsd 2 Al
L 1% (N 52 5 B e W i ARS8 [e(W oo, W), €(W, 5 ...y Wo)] o FEEZSHESE By
M’ € RUIVDx2d, ﬁEﬂbﬂﬁfﬁﬁﬁfﬁﬁﬁfﬁﬁ%?Ejﬁﬁ?ﬁﬁ’ﬂEﬁfﬁ%° 3 5 fHIZ 2-Bag skip-gram
S0 {55 P o L FECHIAEPEM, ~ My, > AUINE M € RUVD X4 b =258 T AR I AT IR IE T -

EERE Ef?iﬂﬁ’]?ﬂ?ﬁ%ﬁ%ﬁﬁ%*%%% HIEHE ZHFNREER » RSB E
(weight) A1 > M'HYR/NE By fes » Il SREERIZS KA BRI BIHF IR » BULH 5 R &

AFEAINER - DB AGSEER/DIVERL T » &6 EZEISRET R
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INPUT  PROJECTION OUTPUT INPUT  PROJECTION OQUTPUT
W, y iy W,
W 1 W 1
M’ M
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Wy W,
WZ WZ

[E 2. Word2Vec PR » Z=f7 CBOW » 1% Skip-gram
[Figure 2. Word2Vec model. The left side of the figure is CBOW.

The right side of the figure is Skip-gram.]

INPUT  PROJECTION OUTPUT INPUT  PROJECTION OUTPUT
W, M W,
W, W,

W
Wy
W, W,
WZ W2

6 3. X HFFEHEH Z 2-Bag (RE » Zfll%5 2-Bag CBOW » 1555 2-Bag Skip-gram
[Figure 3. 2-Bag model proposed by this research. The left side of the figure is
2-Bag CBOW. The right side of the figure is 2-Bag Skip-gram

DMK EREEB B EEK S E (Hierarchical Multi-label

Classification using Neural Network

3.1 ER (Model)

bR 8 R A R E MRS FE R e - B A8 BiEm DI
TRt Vs g A B (o FH 2 (B S R T 1T (o P o A e B ] R A A R (S
M 0 T8 4 Ry ARBFTPTIR tH 2 PSR A 200 - TERENAEE (depth) & P& L
{58 FH— (a4l - TP E B — i > Sty B E R S PSR rEs - K
—{EZ% g (Multi-Output) #5Y - [EEIEER A &AM - E& MR 2 B Eisin
A — B &R (B 1 69 null £288%) - FrLA—(E &SRS A _E
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T~ (top-down) FEEFILEIRLE - HEARLE S BEIEER () EFIEUTRE -

oIl SR PR B —Brah > — (I H AL 4 RS S AR BRIV S — JE &N (depth 1 BEZSEAT root
ERREHIPE ) - LA —EFSRE LR — (8 g (Depth 1 HUJH) - SRS EE S RTHY
F AR EEIEEEL (Back-propagation) » & — I XE A 2 & FTRON — (EZR fEE P g o
AR - 55— PSRt sk oe 1% (B 4 BT BIEEIZRRRiss —fae) - S50
J& G 5 ME — (B AC RS S IR - 22 RITE R R — P g o AL AR v L B R A —
FtaH i AR $E (concatenate) RN/ EE & & ez ayin A (18 4 756 —F&)E
ZEA) o LIS G A BT E R E E Rk — P& e A C R | 6R - AL 25 P g 1o
2 Bk 0 7D e | E DA T Bt

A PR R A B R AR — (B s (55— PR g Z A SR ) - R SR — PR gy
B ORy S8 PR TR A - IR A B R BRI R —PE e - fE PR AL AR
Y & (5 softmax > fRI&EIT N —EIE MBI EHRZ -

Input instance x e -
TR
[nputiver QO OO0 ® - @
Layers corresponding to .
The first hierarchical level hidden layer ’_[. . . . . s . ]

Outputs of the first level (class)

Are provided as inputstothe - - - - Izancatanatall @ - = '
Network of the second level - -
/ Depthl N, classes
. Input layer —[ XX ] [x + N, dim.
Layers corresponding to —d . 4 . . . . . . L
The second hierarchical level ’ ) :
nadeniave - (@ OO O © - @)

) ]
a Depth2 N, classes

' [ ]
16 4. LR S AR S SR [ U 2 7 AR 2
[Figure 4. The structure of Hierarchical Multi-Label Classification using
neural network]

3.2 [EE=EET/EEHE (Correcting Inconsistencies)

B IS e R AR e ISR 2 1% RS B R R — (R R B 2R IE
TSR G BN Bl —(E TP EAVETES (subclass) #TEM - (HEFTE LAr
Eii%E (superclass) 1747 o 8 LL00 J5 53 4 IR IR AE T P e 1y 1 AL 4 s 1 02 25
i AS R > B EER A RS B —{E5E s TEHIAS S e B M P e & F A MR
PERY > FrDAE g R B FEfERi{& & (inconsistent) » FERIHERASHER EAFIEHIIE 2
EEE - EHREE RS EREEERNFEETEEN -
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p(X) = T3, log(0(X,0)) N
S P I 2R o AR SRS R (EH Softmax - (1) A7 AR 1L
L% Y B AR RS softmax HERFI FiE » Hith L BEEAu FE—E k&
A PR T A IR > TR IR IR Z 2R Y e R A 2 AR B 1 R
IIAEPEARAR GRS Ry B I 43A N Ey B AUERIEEA N RERES) » IR
BB 8 R/ MEHERE » SREIERER -

3.3 MAEEELE 7= (Measurement)

BB FAYREAL 7 20R IERESR (accuracy) » Hat B R IEMERY A8 S B B 45 A LE
{8 > A B AR 1Y 2 A4 I e A A B R M RS 55 e A A 51 P g e 1 T e
R WM EREREA Y YRS IEHER B R G IEHER - SR T:

R IERER: RS A IEMER 558 L AT A Wl U A IR
BEIEMER: B EZ RS IR

Z1.word a IFHEFRSIERNE
[Table 1. word a test path]

type Depth 1 Depth 2 Depth 3 Depth 4 Depth 5
TEST classA classF classC null null
word o
TRUTH classA classB classC null null

LI 1 B > 40 word o #J TRUTH Fris > word o S {E ARSI HYETES C - {2 MG EL word
o AEAERS R TGS SR S AE R C o (B H P 2 AR IL A > F -> C (B S TR -
IERERSIE Rk 0) Fo— (BN FAERYRRIE > SHRIEREREFLL Depth 3 Rofill - (R Fy word o ££
Depth 2 5t #8358 - Fr DUERT RARAS IERERIF {275 Depth | SyIEHE » ] Depth 2 Al Depth 3
B RybBEh ;ML EIEER 5 Depth 1~ 3 #05T RIERE » 177 Depth 2 51 Ry -

/0

O 00
\g-*

[ 5. word a2 R HEEERERS R
[Figure 5. word o test and truth path]
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4. BEERELSYMT (Experiment and Analysis)

4.1 EBRERHEEEZE (Experiment Setup)

TEEET 5 A & A EERME2 (1) LDC Chinese Gigaword Second Edition® ~ (2) Sinica
Balanced Corpus ver. 4.0 ~ (3) CIRB0303* (Chinese Information Retrieval Benchmark,
version 3.03) ~ (4) Taiwan Panorama Magazine’ ~ (5) TCC300° 1 (6) Wikipedia (ZH_TW
version) - DL_b & aBRHER AT RS IR UIFE AN % 2 Bridles(Wang, Wu, Liao & Chang,
2013) &5l % 4T 4.4 (557 - K T (05 m) B FORSHE - R EENLGE m) B 2 Al SRS IER
&~ FEgEAE R - PEALRNETE0 - JISEEER - BAEEREREO AT (c=17)
HEFE Ry 200 4 - GESREREBESIER /NS 25 GE 5 > Ief% IR T 19 E{EE A E -

EF AR AR T - ER AR A R BRI  fla

TR AR B A L 0 (BRI A B ERERREEE - fIRRAREE RS R
AU R ) 8 AR LAY - IR EIEH] S B E BRI E IFRESEEARS - Hrf 90% 5
AR IEE - Har 10% B HE0EkRE -

A 2 S HE A - T B A 4 D W 2R — B A
EHF5ERE Ry 403 EE SR -

TERETRESER GO 2 AT - (EERAEN RS EREI (AR5
BHEZAL T 3404 (& - M5 —R0V{EY) B 1SULE ; REFRDVIVER » HhHE
/N 10 BHYBTRIA S21 {18 > /s S BYA 321 - /NS 1 YA 107 fi#l - RIRSTHEER &Rt
BRI - PR (E R ARG 4 - REFT A (8 A BRIV 30 HYSSURTHG 24E 22 30 45 - 2th]R
FERHE 50924 SR 52906 (+1982) (+3.9%)

4.2 Y4388 (Flatten Classification)
P JE R 25 8 B e R ZR R _E T P T RR R 2 0 7 0% - LR A (o e A o
(K-Nearest Neighbors Algorithm, KNN) BlE1HE g% (Neural Network) °

TR EERT - WRSVE K E - AR EE K AU REAREERE -
P B A REAY 3 B TR s AR T T DUE B — SR R BUA ORISR R K
B BERMRRAEAEE LR E K E  MERZEBRTRERIE - WRFLER
PEE (tied-vote) - R EARDIE R A B —% (Top 1) » A REAE DU HER Al 55—
HECRE (Top 1 MAX) - [z i 4T a2 (o FH 8R4 BERE (cosine distance)

* https://catalog.ldc.upenn.edu/LDC2005T14

4 http://www.aclclp.org.tw/use_cir.php

5 https://www.taiwan-panorama.com/en

6 http://www.aclclp.org.tw/use_mat.php#tcc300edu
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R 2. RV)E AT IR
[Table 2. Accuracy of KNNJ

CBOW200 | Skip-gram200 | o0 Skipz-g:agl;lmﬂ
Top 1 55.8% 53% 55.2% 52.7%
Top 1 Max 63.9% 62% 62.6% 61.1%
Top 3 74.4% 73.4% 74.3% 72.5%
Top 3 Max 80.2% 79.4% 80.1% 78.7%
K value 8 10 8 9

%% 2 453 Mikolov AT Y Word2Vec A SUBELL AR ST iR 2 2-Bag HERIEIAK
1547 > iR A DAARB AT R FECHI B 2255 CBOW F1 2-Bag CBOW IERER By

R AT AN EE T E 5 4S R ERES AE s m &8 5 H Word2Vee 1y CBOW Al
Skip-gram HEAFHVREE - SUESEFHACAERE T BEH Word2Vece Y5 R EEAIZLRE %
08 e SRR SO (1 A -

FE 3. B PHRE GRS AR IE TR
[Table 3. Accuracy of Neural Network]

word vector Topl Acc. Topl Acc. + POS Top3 Acc. + POS
CBOW 200 54.1% 58.4% 75.3%
Skip-gram 200 53.7% 56.7% 74.6%
CBOW 200 + Skip-gram 200 55.4% 59.5% 76.4%

IEEEERET A POS (part of speech) 1% ¥ IERERATEZZE - POS 4% one-hot encoding £ 11 4
A& 3% POS [ &l CBOW = Skip-gram [a] EAHFE& & 1y 211 4E[m & - ) CBOW 200 +
Skip-gram 200 + POS % 411 4[5 - HFE 3 {551 LA POS Fil{i&1E & [ &AL o]
DUFE S ERER » L rfEa] e & 2L CBOW 200 + Skip-gram 200 + POS [ FHERELE »
& CBOW 200 + Skip-gram 200 H i ]3] ] & AH#E_E AR MU E(L R - B A2 T
YEHYRER o 55 CBOW 200 + Skip-gram 200 + POS FYEFEGEE] T 59.5%[1 TERE® -

4.3 [EER =% (Hierarchical Multi-Label Classification)
EREA S EEZ TS CBOW + Skip-gram + POS 7 411 4ERH > IFHERFIEAT » i1
P 5t 25 A S RS A (3 PR 35 > HE bt CBOW il Skip-gram 5 200 4 > 53
SMIIA POS one-hot 7 11 A& -

FERIMORISE » &5 FIAEMITL head concept (% » IRHEABHIIITUENILFAERTHG (caf
node) 1 root BT SN AR » SERIOBCRER — BRARESIN
R T HEFE T R P R B mull -
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4. [ SRR TR Z WG B IE TR (LR T 157
[Table 4. Accuracy of Hierarchical Multi-Label Classification (Correcting
inconsistencies)

Overall Accuracy Layer Accuracy

Depth N Ace. Topl Acc. Top3 Ace. Topl Acc. Top3 =)l
Depth 1 98.3% 99.1% 98.3% 99.1% 3
Depth 2 90.7% 95.0% 90.7% 95.0% 7
Depth 3 81.9% 89.8% 81.9% 89.8% 18
Depth 4 77.1% 87.0% 77.3% 87.2% 83
Depth 5 70.9% 83.1% 75.1% 86.3% 85
Depth 6 65.8% 79.4% 72.4% 85.2% 127
Depth 7 63.4% 77.7% 79.8% 88.9% 78
Depth 8 62.2% 76.9% 87.1% 92.9% 23
Depth 9 61.7% 76.5% 91.8% 95.6% 31
Depth 10 61.3% 76.2% 95.6% 97.6% 38
Depth 11 61.0% 76.1% 98.2% 99.1% 10

FEIEAPE B A 3.2 B IR G774 » sl IEMERBURIN R 4 & > BIZIE
T 55 AE Depth 1 #| Depth 2 B {EZ 00 4 (EH] (3 JH->7 B1) » FHBIERERL T
THRFAT 8%

4.3.1 B TPRFEEAREMEE (Given Different Layer Different Weight)
15 P g =02 R T e &S A B M4 SR T S B R R g HY IERERRAR - R 5 s
Depth 4 F| Depth 7 2 IEREFREL AR JE 80% » (A HANFE FE i (ERESS - T RE IR R Ry iZ @ i1
B % B HINEE - LR AT DS T — R [ERY weight SREFHE BHER A AEE A
HR&REAERN - BHEPREIGER -

5 L] DARE 25 P g o B — (B S BUE AR A ARG (R RS » 5 LI F i/ N B
aREE - DIy 7= E B — (PR EAUREE - SN BERE 2 RS T:

K

de(X) = —gi(w) +log [ e exp(g; (X; win) @

Horpn B—{E R di (X)) > OB Ry o3 BSE R - Mde(X) < 05533 H1ERE > logarithm B
exponential 7 £y [ b o H Y Ryt 02 752 20 (X w) 1T n RIS E A= 51 B underflow
FRE -

IERE AT DUE il IERES R R AT A SRS e B2 - & n i~ > )
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RN TR & B fymax; ;. g, (G w) > B RIE AT SRS o #5350 0 B KAV &S R
AR AN PRGN SRERE - AE(2) & Fy:

d(X) = —g;(X;w) + g;(X; w) 3)
() g;(X; w) FSE Rl 2Rk B (class conditional likelihood functions) > A softmax 1%
GEIR X R RBTEA  MARE—4H R EMREE w R KB LA E > ()7 A& P& softmax
%4 R LI weight » AT TR2 S By

1
/
(X = —ZH, X, W, +log [ %) exp (T, X, w)n)| “)

HhC eERAMZERERINTIERERR » 27 AR A s R DL S IEHERR IR BB 22 o

MR ENSEEE X > WG ENiERE R e HEEEE - o n A
M 5T e T RIS BE - 1T LE R HE(3) R A zero-one function EFRIBLPHEL (loss
function) > JLEELL sigmoid function (5)E/EE & -

1
1+exp(—yd+6)

2(d) = (&)
TRRENEAY 0 MFEZ 0 720 8 0 Ml y A loss HEFHEEAYEEE -

K5 BINEEIEREES » BIIEE (KR [EERERE
[Table 5. Accuracy of each layer. Accuracy of some layer (circled)
are lower than the others.]

Accuracy of each layer
Depth N Accuracy Classes per layer
Depth 1 98.3% 3
Depth 2 90.7% 7
Depth 3 81.9% 18
Depth 4 77.3% 83
Depth 5 75.1% 85
Depth 6 72.4% 127
Depth 7 79.8% 78
Depth 8 87.1% 23
Depth 9 91.8% 31
Depth 10 95.6% 38
Depth 11 98.2% 10
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1£ Minimum Classification Error 3I| %R B DI FE T [ A b 2 80y & 5

a4 (X;W)

W, (t+1) =W, (t) —¢ aw, ©
B e BB MmNy FA AT LUZE 2§ 5 (chain rule) KT

S = e v
oo ”(;‘(;W’ Fo¥f sigmoid FHATIVEE R > WIE Fy

2O = ye(a)(1 - £(d)) ®
Hrpo-

1 8a
owy,

=—Xc+ % [ﬁzmic exp[(T1i, XLjWL)TI]]_ [ﬁZj,j:tc exp[(TiL, XLjWL)TI]]

1
=—Xc+ % [ﬁzmic exp[(T1i, XLjWL)TI]] [ﬁZj,jichLj exp[(TiL, XLjWL)r]]]

) jzclexp[ (Tt Xu,Wi)n]Xi]

Xj j#c exp[(zll,i1XLjWL)77]
SISk 5E R S PE @ E 4R 6 AT » B EFR S G/ N fian 2 Al e B REEEE 58/
@R B/ o IMAEPSE T EMERRE BE NG - ETEE DR E R REZ RS N AT
KREF > (BREE SAABE R EERE— R A TES -

RS A /N SRR 22 VAR B P R IR B By 1 o FE B/ N S ER = Al SRESE Rk %
TENEAPE B A T S By s v DA i R P @ ME YA E A T 3.2 HIE P EE RS
ST AREINT weight - FLEREF(DFEEISLLA0 T FToR:

p(X) = LN=1 wy IOg(U(XLk)) )
W, ki L g 2 HEE > R EST R A PEE o Bl N4 Z B EwW, -

s AME B 1% YIRS ER TEDHIGE B 4055 6 Ao RN A weight 1% HARBS IERER 2 55 11
JERARAEIE weight FYEF 2 T 0.3%IERESR > Ky 61.3% > i{E Top 3 15/ HEAARG IEEZR [
F0.8% -

=—Xc+
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100%
95% -
90% -
85% -
80% -
75% -+
70% +
65% -
60% -
55% -+ 0.6349 .5886

50% 0.50
Depth | Depth | Depth | Depth | Depth | Depth | Depth | Depth | Depth | Depth | Depth

1 2 3 4 5 6 7 8 9 10 11
e=@==Accuracy | 98.3% | 90.7% | 81.9% | 77.3% | 75.1% | 72.4% | 79.8% | 87.1% | 91.8% | 95.6% | 98.2%
==@==\Neight |0.9954|0.9296|0.8066|0.7789|0.6844|0.6349|0.6309/0.5886|0.65140.8494|1.0908

—e—Accuracy =—e—\Weight

B 6. & /BB EHEFRA weight E2
[Figure 6. Weight and accuracy of each layer]

6. FHEEIEEEE R TR
[Table 6. Accuracy of each layer after adjusting the weight/

Accuracy Topl Accuracy Top3

Depth N original add weight original add weight classes
Depth 1 98.3% 98.4% 99.1% 99.2% 3
Depth 2 90.7% 90.8% 95.0% 95.6% 7
Depth 3 81.9% 81.9% 89.8% 90.5% 18
Depth 4 77.1% 77.1% 87.0% 87.6% 83
Depth 5 70.9% 70.9% 83.1% 84.1% 85
Depth 6 65.8% 65.8% 79.4% 80.3% 127
Depth 7 63.4% 63.5% 77.7% 78.4% 78
Depth 8 62.2% 62.3% 76.9% 77.7% 23
Depth 9 61.7% 61.8% 76.5% 77.2% 31
Depth 10 61.3% 61.5% 76.2% 76.9% 38
Depth 11 61.0% 61.3% 76.1% 76.9% 10
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4.4 FEEC4ERETE (Discussion)
P17 5 ] B R AR I AT 14 SCA AR I BE (G Pr | 6y > BT DA {881 [ 2 1l e 2 Bl S DL LR
sERBAE R s > (E T AR N e A Ly 2 3 (H EL R PRI 1 SR DAL B RS AE (DL
[ SRR SR ERAIIE IS A - Blan T, B TR -

E B0 2 55— 2R B 2 R A TS s R BTN [ - B4 BREE N (E B8
W EPER R () - TIEEERRCE —2h (R BEEM EOPFO e B RS
B RS FEHE S LE AR E R AR B 1 EEHAVEE 2.
AL Y 2 ET N - AiE - BERE - BESEEE -

EARERAMENER IR 2 &8 B2 TYIGIT AN EERAE A
B R (SR MBS 2R (R MEABTEC 2B RS IERE - R
S TR EEHIRE R T - DUN SR B EOE B4R b BB B R A AR S
fEkE R BAIEEE BRIV T - IR B e S R E R M AT R
%% 0 I E BT A R R T L EE R A T A s R S B EEVEE R (HiE
ELREA R SR SRR R A A TR E - HE Rblsrsl i FREY BB H R RO R -

5. GEmERARKEY (Conclusion and Future Work)

KT HE 5 2R (taxonomy) 7 [ =X 20 R 8 & AR 1% DUBTHIAC A R 2 LAY P g =X
SRR Y > HE A E R A MR st B S AEEC - tER RS A fsEl A &
1E 55 [F & J7 A FE /M2 2-Bag model » H Ky Riga][m) & 7 f 2 jg 2t E 1Y weight 8
=1 H 5 E BRI G EA - ERASESHEENIER T » 3ISEER 4.4 (2
A3/ (Wang, Dyer, Black & Trancoso, 2015) » [R5 20 E/ 4% 2-Bag model -

EEPE R tbar TS (hierarchical) BARFF= (flatten) 7347 » K& [EIBE DU
AR L R > REIHY 2R e U 2 s R R e HFE gy - R
s G RS A SRR VBRI B EAMEE - RERGERKE » BE0B 2 EERg
Ebm~For BE s o MNP Bt B &/ NaR 253 B0% (minimum classification error) »
R ETEESREENEREY T AEEHE - (SRR NS R -

AWl A=A BN - KA DAEARAZE P A SO AR - s sy
R o AN g AT BUA D T FE AR A R R R A TR g S R E A Bk E -
BIE R B 8% 240 - EVENZRER -
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