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Abstract

Text classification is a classic topic in natural language processing. In recent years, deep learning
has achieved promising results in natural language processing, such as Convolutional Neural
Networks. Convolutional Neural Networks is useful in extracting information from row
signals based on computer vision, and it is also achieved to natural language processing.
Character level Convolutional Neural Networks (Char-CNN) achieved good results for text
classification, which quantizes text and learns text classification using letters as features. However,
Char-CNN has a problem that the learning feature is too abstract and loses meaning to make
accuracy is lower than word-level models. In Char-CNN, learning a character string as features is
higher accuracy than single character. We attempt to find a method of character sequence for
improving CNN using etymology. It can avoid dimensional curse and learns with a meaningful
feature by the etymons. However, research on etymon-level deep learning is still scarce.

We propose a method that uses etymology to make the etymon as features and to clarify the
effects of this method.

This paper evaluates the performance of etymon-level text classification by comparing it to that
of word-level and character-level text classifications.

We conduct experiments with text classification in three methods to evaluate the effect of
etymon-level. The first is to evaluate the performance using 5 machine learning models and
evaluate the accuracy and training time. The second is to learn with a Convolutional Neural
Networks using various corpora, to evaluate improve speed in accuracy and loss. Accuracy and
loss are recorded each epoch. Third, we perform text clustering experiments using word
embeddings and discuss the results.

We collected etymon data from the Online Etymology Dictionary (www.etymonline.com) using
a web crawler. The dictionary contains approximately 44,000 words and etymon information. Next,
a large corpus (word-level) is collected, and a etymon-level and character-level corpus is created.
Then, the corpus based on characters, etymons, and words is converted to a vector, and feed to
machine learning models.

First, all the words in corpus were converted to prototypes, and then, replaced by the etymons.
For words such as SUMITOMO, which are in the corpus that are not included in the etymology
dictionary, they were converted [Unknown]. In Char-CNN, string type data is interpreted as a list
of character types, so a direct loop is used to separate character strings and add them to the
character base corpus. Next, corpus is changed to a vector using tf-idf or 1-hot. Then, it is divided
to 80% for training data and 20% for test data. Finally, fade data into the machine learning model.

The machine learning models are Naive Bayes, Support Vector Machine, Logistic Regression,

K-Nearest Neighbor and Convolutional Neural Networks. We experiment text classification using



five machine learning models and discuss the results.

We experiment on text classification of Convolutional Neural Networks using corpora with
different characteristics. Since the etymon is a common semantic code of a word, the etymon-
level model does not increase so much even if the corpus vocabulary amount increases. And the
corpuses used have different characteristics. For example, British Broadcasting Corporation news
from large vocabulary British editors.

Moreover, the etymon embedding demonstrated good clustering performance. We train etymon
embeddings using Skip-grams. And evaluate it in text clustering using K-means.

The performance of etymon-level text classification is clarified. Results show that in NB, SVM,
LR, and CNN, etymon-level is better than character-level, and has a accuracy close to the word-
based. Etymon-level clearly increases accuracy and decreases the loss faster in CNN. In text
clustering, etymon-level is better than word-based. Etymon-level is a competitive method to

traditional methods for text classification task.
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FoTIA T 4 FO T — T 4 g ) =T, IWNEES LTV A EEED
FEAR . GEIR. HPEEIBR S 58 & BRI HEEOE RN I N TV D, (X2.5 £ [X]2.6)

com-

word-forming element usually meaning "with, together," from Latin com, archaic form of classical
Latin cum "together, together with, in combination," from PIE *kom- "beside, near, by, with"
(compare Old English ge-, German ge-). The prefix in Latin sometimes was used as an intensive.

Before vowels and aspirates, it is reduced to eo-; before -g-, it is assimilated to cog- or con-; before -I-,
assimilated to col-; before -r-, assimilated to cor-; before -c-, -d-, -j-, -n-, -q-, -s-, -t-, and -v-, it is

assimilated to con-, which was so frequent that it often was used as the normal form.

B 2.5 : FEFRIEH

3

Related Entries

com- contra- counter- con contraband contraception contradic
contradiction contralto contraposition contrapuntal contrariety ¢

contras contrast contravene contretemps control controversy ¢

X 2.6 : BE#EE

4

PAERZF AR W T X b EE

BIEE T, BBRFZHWTEAARSELEORIZEZZ < 2, 2013 4R,
Nastase HITFERZHHISFEE L CEEEDO T X A NyFa %A 326 L 1IEAF=R 89%,
F i 80% D& R & 4572 [7],

Nastase HIXHFE LA XV TERN DD ATEELE LT —H L L, sBREEEND
H@OHEEZEY H L, CBOW X7 huizdml, 4R —hr_X7 b~ %
W R SFET X A NpBOFEBR AT o 7=, SEHREE F 3 il CBOW LK FAEA &
Z 3ot

3! WIA Y T4 RERERED & B DHIEROF /ﬁrﬁi&fﬁbé
AT T A EERFERED & HAFEROBEEOFmR TH B,
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25 HEBESEEKRIR
Word2Vec I n—gram <° HMM KL Y WRoTHIE S L7223, £ 728 T8 DR 72 E@F“ﬁ
E‘E7b>2>‘?>5 Mikolov HIXHFERIBIERDO Y MZ& —Re~ F v 7 RTRE L,
HEEDBEHET VERE L2 [13], HEEoBEHIZB W TiL, HiE 0)3/77\
MEBREFF L. BWROFENFEH L=, Bl 2Ix,

KING - MAN + WOMAN = QUEEN

F 72, Kunser HITHZESWERZ A WTEORMAZHE L, K EEL A
WET XA Ny EOEREIT- T2 [14],

2.6 KT DEFE

AW TIX, UL ISR A7 TE 2 575 LoD, GBI & B & 3 D rH
BT NERET D, RGO BYIE, BEETIEAR < GBI B8 T D
DRI, EDFIEDHREWONIT D,

CNN (TN & — A%t 9 D NH OFRFNZ M5k TR Y | 7 — & 2 fiEdifb
L CHEAZFHE L THERMFEZ BN, £O%EET 5, AMITEOREFIEIL

— g DEIHIAREEEAM L, o LIELL, FREFINS— A7 L7 0D B
HIRESTDHZ L Lli‘ﬁé’lﬁ‘é LEZOND, FEHETLVORNIAREED 2V
2a— AR EMZ T2 LIS T 5 c‘:%i bihvd,

F 7o ABFZEICEW T, HIRGEREOMFEIC XV | REEOBEE ORIt O
ZHET, BEMELORMETEE T LD iﬁfﬂ IZHENEOLND EEZEZ LIS,

e~ ’C\ AWFZEIE BIRNSREEEME, AIRS B 72 D O = E 2B\ T oWt
HIEDHFIEIC L > THERTH 5,

Zhang & DIFZETIX, BRI = 22— T )V Ry N U — 27 N TFALIE DfF 5 % ALEE
TLEWIRRAZFMAL, 7F A2 EF LT LR, TALT7 7y &
BT rtrarstvr MeZpsd, RIFFETIL, Zhang HDLTF- L DE H
A= —FNVFy NT—=T ZHWET XA MNpHOFEREZEER, =a—7
NFE -y NI =7 OFREEZEZLE L ET VOB BZRD, FER LI ED EN
oo LFLANLEN L, ERICGERZEMAL-Z }:’C I$72<, KV EWEE
T HZ LB TT XA MPHEOIEfMGEROM EE2RKD 5 [5],

AMFZEIL Nastase © OWFFEEEIRZ HRISEE & L’C%E% SCESYFA D FE R &
) LEANFIZEID TV AT, CEOEWRIZE D 0T 5 ERZ1T 9
[7]

HEE D MEB KRBT, HEEORIEIZH 2 HEEOREHEHRZ H, SURD G HFED
RELE 7 2?“5%52“(&)5 Fhicky, v Mok Difﬁ%@?r%ﬁi“é%
%o FAUTK LT, BRI BETICEAT 2025535, HilxiX

etymology — etymo + bio = biology

JQ::

confluent — con + re = refluent

9



NI AN Kunser SOHESHMERAZRAW-CE I TAZ ) o TITHE L,
a3 FERL LD TR A ML BERELONE AL EET S
[14],

10



ﬁ}

FIE BIRZTZM L T ORMEE DIRSE

3137+

NGOk =S| \:ﬁVNwii$VNw@£ﬁ&ﬁufﬁéoif\%@@
AT, HEED 3 — N A [THEEN D AEIRICA T I3, i8R 2 — "R 2B T 5,
ﬁ_ mﬁﬂ~AX®7%in%m7kw W@L T IVE L ORI 78 12k
N AT 9. W EE T MIERDOHEFE L~V LRI X 912979,

% %&@%%%Twi K3.1DkHcFEETSH £F. TFAMTTHD
FEAEIREEEICHA L, BEIRICET 35, I, BH LEFERY|Z X7 MLk
E#éoﬁﬁm\? &%%W HETWIZED, FHEITO,

d—/NX

b wmER
EiREE

b =R
ERO—<2

X 3.1:ET1DFEN

11



3.2 BIALIE

W EE T T ST = R ARNC, TF A MNXORTZQEEITH, £, B
FEL LD a— RAE LF LYV EER L )LD a— "R |ZEETH, RIZ, =
—SATFA R ENRT MVICER L, BIEEE1T .

321 3—/XRYERK

a— RZAOERIE, T THEL LD a— 2 a— RN, T XCOHEELF
EIZRAET D, A SNDEENEFOBRZER 2 — A BNT 5, F7=, &
EIZEG F I TV RWHEEE L, UNKNOW (2 Ha X5

FEAREEEIX., 72 —F ZF|H L T Online Etymology Dictionary A hk
(https://www. etymonline. com/) 7> 44641 GEOHEE L 1 5 HEEDEMRF R
WAL, BEEZER LT,

5] « 3C TThe cat sat on the mat| DFEMREFE, (¥ 3.2)

‘The‘cat‘sat‘on‘the‘mat‘

‘ *to- ‘ cata ‘*sed-‘ on ‘ *to- ‘matta‘

K 32:7%AXFDOEBEEH]

WFE LU, string A Fld char A 7DV A k& RpT7-0, BRIV
— T HfFoTXFY A MPEND, TNICLY | XF L~ a— _XAREKT 5,

322 FF@DHARYT FIb

Word2Vec W T EfEE XY MNVIIEFET 5, BEOBEETETT VOIEER
IZBWT TF-IDF 2 L, EraoEWNDa— S ZAEIZB W T 1-hot X7 L& f#
AT5H, 7FA BRI TAZY 728 T Skip—gram 2 A3 5,

TF-IDF & &, XEOPTITEH EN L RO & HEE 23§ 2 e FiED
—FETH D, FIIEBRRBL N T A N EOSBHTHEHIILTWD,
tf-idf (X, 2 DOFHEIBEIZESWTEE L TL b, F9', tf L Term Frequency,
HEEOHBIME CTH 5D, idf I Inverse Document Frequency. 7 CESEEE 245
T, 2L T, ZOZOOEENT T, tf-1df $#5EIC7e 5, tf-idf (FRDOXD
XOCEERTS

12


https://www.etymonline.com/

tfidf,; = tf; - idf;

D
=log——m—
|{d :d > t%}|

1-hot X7 RVIZHARSFELEICB W T, XEHNOHGENRXY MLOIEAH & &
., 7X A MNOHFEEZ 11275, HlIERiXOX 1.1 DL HIZT D,

Skip-gram |THEENSTBRBOFED 1 > ThHhH, LENOHELFIZOET O
FELRT A, RTOEREMRFT L, BEAEEZ D,

323 7 — XZ¥LGE

B X, v AT ¢ 7 XA, KTk, YAR— b7 br~ 2 O ER
IZBWT, a— 2L S BIZHERT 57280, K-fold RREMEEL T %,
ﬁ%ﬁﬂ(wmrmM®HM)kﬁ\hﬁ% CBWTHGEFED 1> TH D,
FP. VTN T—H o RIZ, =T —H T A NT—H L L,
%é%\%bv~%/77 ﬁ&bfﬂﬁ?é ZLT, hb—=rF5—4¢L
Lizilom —naH L CTARNT—2E L, TANT—% & L7285 %FV
— = TICAN TR T 5, 29 TR IRL T, X TOLEI S il
LEFOT AT =X E LTI L E TRIRERE TH D, HWTETIx. 7
—ZYLRDOFE LDV, T NV OZYBMEDORRGE - FHITFED 1 > Th D,

33WMFEET L

ARETIEL, ERIEHT 257 V2003 5, #EOETE £ 7 /1L DR,
BEOA—RADER, TXANITAZY T 3ODFDNH D,

F9. FHEOIE 5 SOBWTFEET A EHWTT XA Ny A ERT S,
5 DDOETIVTHMANA X, g VAT 4 7 XA, BAR— X7 b K
s, BAIAB =2 —F Ry N —7 ThDH, IRIZ, F _HHIL 7 Da—x
ZEEA L, ﬁﬁﬁﬁ% — N Ry RU— 7%%wtv%x% YA FERT
%o BB, BB TIEL RER L UL L HEE L UL O R A -V = SCED
&72&)/&%%%ﬁ90

3.3.1 TlE— &m@%ﬂ%Tw%mﬂﬁéo&zzfmﬁﬁ%fﬁﬁﬁéﬁg
FEETIVOREERE R

3.3.1 BT ILREN
PLUF I3 8 =7 V2 /B9 D,

13



BRI A X
Bl A XM i) 2 0 s Th A0, BIIEECTH b Tl Y | @bl
FENT 235 @V ERET 5 2 & b5V, B X5 R
BN B TH Y FHNCFXILTPCIR) Bk 7257 7 A& M7 5 [15],
FP. NS XOEHE AT, D7 T ARND HHEAITRORD L HITEE
ERAN

p(C) p(Fr, ..., F,|C)
p(Fl,. . ,EL)

Z LT, WENRRDY T A& MNT20HETROKXD LD ITEFRT S -

p(C[Fl, . -;E;) =

classify(fi, ..., fa) = argmax p(C = ¢) [ [ p(F: = £i|C = ¢)
¢ i=1

Y RT 4 J RAEIFE
RYAT 4y ERIE, mYy ARG E L THEHNT 5 —BIEBRIEET
ILTHY, X —A FHITHE D B OFFEIFET L O—FETH 5,
TOXDILHITERT D -

. Di
logit(p;) = ln(1 0 ) =a+ Pz + 0+ BrTi,
13

1=1,...,n,

PR—FRT7 = v

PR—F"R_R7 Z—=<3 0 (SW) X, 1990 R DI 0 E S B RS BLIRC
BWTHEDLDNYO CTIMRE MBS0 TH Y | @O REERE 2 8 E3 5, FIlT
— XD EKY TV R ORRBED AL U T2 R (B 2Rk D, £ LT,
ANV TN EED E>BIZH DML > THET 5, ST —3x kL
MAEDOETHWIUR, ERERSELARETH D, [15]
EFUIRD L H 1T

E(w) = w|® +C ) Ay, §(zi;w))

=1

K T35k

KiTFiElT, 8 o5 b T, RbEBNRT VI ALTHDLH, D
TIVDLFEIT. EOEED k A IO 7 T Ao TIRESIND, T
oYy Enniinmn el 527012, YOI MO a—7

14



Vv FlEBEZFHE T 5, £ LT, 2Dk EIEOY T D BT, RS
F2NTFDOY L TFINDSFEERD D,

BHIAIH=a—F )V Ey NU—7

B IIAI = 2 —F )L F v b T —7 (Convolutional Neural Networks, CNN){Z.
BHRIABHEEZZORATEREZFOIAEHE N =2 — IV Xy N —F =2 —
TNy NT—=7ThHY, T4 —T7—=TOREN LT NVIY XLD 1 D
Th D,

BRI = 2—F )V F v U —27 OBFFEIE 1980 FERITHAE Y | LeNet—5 13k
WNCHBL L2 B AH =2 —TF NV Ry NT—T ThHDH, HEET. T4 —7F7—
=V 7 BERORE L HUER AR M OB I, BAIAHL =2 —T Ry Y
— ZIIEEICRREL, ar P a—Z Y g s BRE B Y OfEEI s
INTW5D,

332 REFEBET LOREIFR

B0y L RO U DB AAAR = 2 — T Ry NU— 2 BT 5,
XHR L 725 2 — S ZDFLRILT I, D WVIEFER TR MVCEE L, %
BT —5 L LTBRRB=2—TF N Fy NT—7ZT = A R 5,

T 2 BAAR=2—TF L%y hT—2 XK 3.3 OifE AV THEESh
b

O—/\NR g
75— | 357 ZANR—
BRI —/X I:> FUI I:> I:> ______ I:>
NFEOA—/8R a
Vectorizer )
TF-IDF or 1-hot Conv. Pooling Fully-Connect

K 33:BHAHB=a—F1%y F7— 27 DREEFIH

FEET VLI OOBEHRIARE L 1| DOEEREEFEHT 5,
BBIAIBIZIL 3 OV A XDE) T 4NV E—N5HDH, 3 ODT 4 )VE—TEX
N3 5. 7TTHY MENASTTHERZ MLERIUZ ETHDL, 7 4V F—ITIEH

15



PDZT o ELT VAR L BEEFEED 0.02 THY , AT Z7530.01 T
HbH, ANTAFiE1,

TV NIRRT =) TR S,

S ITR S A COFEES (REITIL 4., WA 3 ThD,

Ny FHh A L1288 THDH, =HhvZ7iL100 THDH,

02 ARMIIR AT hrE—Th D

IYFEERIT softmax B CTH 5,

BRI T oa— " RAEMEHL, BRIALR=2—T Ry NU—T & HN
7T XA NEEERT S, T NVIEK 4.4 OBARIABL=a—TF Ry N T —
JETINVERIUMEETH D, = a—F 4 7F 1-hot ZfEH L, A3
JIANZ L CTREED Y A X2 D 0 I3RS 5, a— AL XDES
DPIED T2, ATV A RKIEDD, NTA—FFRIL I RTIIICHESND,

7L

input char etymon—s etymon word epoch

Reuter sent max 16 max max 100

BBC doc 1024 64 128 64 200

China Daily  doc 1024 64 128 64 500

QA sent max 16 max max 100

IMBD sent max 16 max max 100

Amazon sent max 16 max max 100

Yelp sent max 16 max max 100

£ 3.1 2— RN L TETLDOHRBEFHER

# 3. 1R T input (X, XX XEE 1 HODANY I35 52£T, £ LT, char,
etymon-s, etymon, word (XRT3IZIR_7=AJIH A X Th D, epoch lTTR v 7 HIHTH S,

5 SN e FEAR L UL L HERE L~V DO R BL A WSO o

7%?)/7%%%ﬁ90

TREBET NV DOI/INT A—=ZIZONWT Ny FH A X128 DALY A X 128,
BY A X 4,

TXANIZTAEZY 7T VT K-means ZfEH L., K285 Th D,
Fo,BINE LT, BEHELOEEBET L0, HEEI T AX Y VT DHE
BREATO, VAT 4T Ha—/" AL L, pEEELZ7E L, K-nmeans THLEE
CRERE Y T ALY 7T B, sklearn T A 7 F U D t-SNE &l L CTRER % A]
L THEET 5,

16



H4E FPMmEEER

41 BT —X

411 EBIRFEE

EBRTIZ, veTd/u—%2HN AU IA T 4ERY— T 47 g
TV =5 44641 O HEFEOFERIFHRZUIE L EH L TTF X MRS D,
T DRI, T A M) baeAAM Y . Python OFFERFT —ZTo— KL, =
—XAEEOREIZHAT 5,

412 3—/XX

FERTIL, v A ¥ — (Reuters), EEIEWE==2—A (BBC News), H[EH
# (China Daily News), [MJEME, 1 F—F v b+ h—E—« T—HX—2X
(IMBD) . 7~ > L B = — (Amazon reviews) . { = /L7 L & 2— (Yelp reviews) .
U4 %5 47 (Wikipedia) 8 >F—4 kv bMEA SN D,

WIT, T—= "R LFFEEBITT D,

oA —%, HRTELFVIEELD 1 > THhY, SFESFAEHEO=2—
ABIOMBET —F 28O THRE L TWAS, v, Buv, IELW, BREFICH
T %), FEBRTIX, pBNEWVEXOa— 2L LTSRS,

FEHGER S = 2 — A (BBC) X 1922 FFITFEN S VT2 [EH i KD = = — A JiE
RTHY | BEBFOESRMICIDANILAT 7 Th D, FEEOREF IR LT
HEEAEIEWHCRETHIZBE L GEENEZ AT 0T 720, FERTIE, K
BB (W) LEER (F@EEnn. D) OxtiRE RS,

HEHHRITTEOBFRCTY , PESHR 28147 L, AN EZ RIS 5
TOOEBEREBAOTHD, Ziud, HEEIZSAL, AMEAT 4 7 OFMEIEKD
EWHE—DHEOHFEHTHY . kb W EZa T DLNAT 4 7 Th b, EBRTIL,
TENIELS, DA TRENEL=a—ADa—R_AEETHERHEINS,

RRERR1T 6 STREOGEEICHOWTOMBE L ZE 2D a— 1A Thb, EBRT
IIXxIEESCE LTER &5,

AV H—=Fy b h—E— e T —H_— 2 IE, BE, T EHM, TLE
AE—BILOET AT —AMEHT EROA L TA T —AX—Z2ADZ L ThH
Do REBRIT, BIEICL VRS T 4 T X307 4 77BE L B 2 — & Ik S,
BAE AT O R — "R e L TR &5,
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TV b Ea—id KERRKOBRFA Frb, A BRE TR T— A
FEHER . RIS LR & B ORI DB E S TS, ERT
X, BEREESCRA T 7 Oa— "R HEEFEEN DIV E U CREME oI
RSN D,

A 2NV TLEa—lt, KEOFLREY X AL Ea—T A 7% A4 FTT,
2004 NS, VATV, vavbB TR — AT, BIOEFE
JFERMIBOBAXOEANEENTND, LE2—X1 205 1 0 F TOHES
NHDHN, EBRTIE, 1L 1072F%2FHT S,

VAFNTATIE A TAERFRT Y27 P T, 7r—b %y B
J— 7 FCHRRPDOEBARZDOHDLV 77 LAY —LTHDH, ERTITI7 0
— 7 —ZHWT T U H AL ENET D, TDOLEXT AR LTHY | R
DOFINFRIZHEH S5,

FETMZBNTO = SAERITR 4.1 1 HR 4.5 15T,
E PRI M U3 — R M LR MR E 7 L O SR — 4

AT 5, aA =D 4 ORHL NS ET I —mES, KT I —
DT NVED K 512500 (BREF 2000) H3EEA TUN=,

category Sample Size
acq 500
earn 500

money—fx 500
grain 500

® 4.1 EHhxu SRMERH I CER

LAYV FEIR L UL HEE L UL T LU Ts a — R 2O FE M (F 7B
B FFR A2 IS NTWD,

Char Etymon Word
Vocabulary Size 70 3214 13344

R 4.2 XF, FHR. BEEL LV OFERK

WITEHE IR EN R 2RO a— " AzFH L, BHiAAH=a2—TLF
v NI =7 W T XA M EERRT D, T2 En A Z— FEEREHE.
F AT« FTAVU—, IMDB, EELEE L, Amazon, Yelp 45, £=a—3

18



ZDIERITFRA3DEBY TH A,

Class Sample Vocabulary Ety. Vocab
Reuters 4 18250 3569 1358
BBC 5 4819 9413 2201
China Daily 10 1000 10349 2896
QA 6 500 3369 1732
IMBD 2 5000 9163 2001
Amazon 2 1000 2248 1172
Yelp 2 1000 2358 1375

F A3 a— RO PER. FvIAR, EERELEBEOER

FHEESII T ANV ERETICT AN TRAZY) T OEREITH, EBRT
—XZIIBBC DL OO T A —D=a—AZFHTH, A XFF44DLHIZ
KT Y —5 100 T 0535,

Category Size
Business 100
Entertainment 100
Politics 100
Sport 100
Tech 100

3 4.4: BBC 2 — X EHR

WIS, BWmAIERT 2720, 74 85 40 T D KRBT % 2 h &2y
LT, HGE7 ZRAZ Y 7 E24TV, AIfbT 2 E R 21795, ST «
5‘(/\7‘/]'77@£\ ?l:irﬁ\ FEAREIXER 4.5 1 \—na%zéﬂfb\

Word Size Vocabulary Size Etymon Size
Wikipedia 18658642 238997 11248

£ 45T 4 FRT 4T a—2EHR

4.2 FHimE4E

EBRTIH. BEOTXA NGHEET NV, E) a— A2 AW T 5 A My,
TXARITAZY T 3ODERTIHMT S,

FI. B WOIESITE LU, GER LU HEE LUV HMAN A X B U R
T4 7 AEFE, KrfEE, YR— 7 vy v BRI =2 —T )V Fy b

19



7 — 750@“ﬂ%?»f@£%$&F@%%@b\ﬂﬁ#éo
EfEERITT A M T —Z 5 S8, ELHWr L7z 7 &
TANHY U TVDOEIETHD, ZHICED, CESFHOMREZIMET 5, EfE
ROEREAUIZT D,

HEAE N IE L BT CE 7= VK

EfER = — — —
TART =% L TATI LY Tl

FREEIZ, ZOEOMESIT TOT A NOBEORETH Y | KE L HHRERL
MELTBIETH D, KEIL, WESBRMOV T NE s T A ENSBWIE
LHBrCE202RTETHD, BREIFEILIZ TATHDLLOEREENEN
THWIN—TELINERTETHD, FIMEIZ1 GERREE L HEE) ThE
EIZEL, 0 CREBMEICET 2, AEBRTIX, 2B THEREZITHI D, ~A
7 a S EEHAT 5,

FAIZLL T D X 9 ICEFKT D,

F9. £L6DOLIICTHFEREBEORKEDOEE S TP, FP, FN, TN & F/RT
o
H D fER
1E =
TR B iE TP FP
= FN TN

K 4.6: RFATHI
ERIESLALTULET 2055, EERIZI THLLOOEETSH
%o RFTRD LI IZEHT D,

TP+ TN
TP+ FP+TN+ FN

Accuracy =

FWEIIIEE PHILZET—2 D56, EREICIETHD LODEIETH S5, Ik
DEIICERT D,

TP

Precision = m

20



HERIEBICETHDLHLODY L, ETHD ETHEINZLODES

%o WTKD X D ITERT D,

TP

Recall = 77575

FAEAER LEEROFTE TH D, NTRO L HITEERT D,

2Recall - Precision

F1 Score = Recall + Precision

fo, AERTIE, ~A 70 P eiil+ 5, RFROLIITERT D,

2321%
EEilni

Fl-Micro =

<b

I, H DT EHFRB=2—T NV Ty P U =27 2 T ORENE D =
-—/\X’Ch””ﬁ‘éo FEAmIE, IEfRRO E Ry 7 T E OEREOE AL,

LT L, FER LUV BHEE L~V ORI T 5,
E%%ﬁix%i/FDt ZAW, KX TFTOLIICEHET S,

H(p,q) = — Y p(=) logq(z)

ZACIT B2 R RE 2 MR B 2 R D T OWor N il & 3 5,

AT, B AR LL L R LV O S R A L K-means

1/\717‘3’\*7\ F& 72& ) VI RBEFME T 5,

21



BOE G R

51 EBEOETIVICE T B IERED T

5.1.1 f&%R

F9. F -y, XFELYL, BRIV, HEL~UL A W MR X
AT 4 7 ARG, BAR— T ML KT, A= —F )L

F NT— 27 5 OO FEBEET VORBERELZZ 5.1 177, FEREAITS
—t o FNTHD,

Accuracy Char Etymon Word
MNB 72.2 98.2 99.4
SVM 58.1 80.9 84. 7
LR 84. 8 99.4 99.6
KNN 99.1 99.7 99. 8
CNN 86. 6 97.8 99.9

# 5.1 IEfARER

BIEBEFRIEOMAAL X, 0P AT 4 7 AEFO FERER A2 5.2 128”7,

F1 score Char Etymon Word
MNB 0. 528 0. 981 0. 958
LR 0.679 0.998 0.976
#£ 5.2: FHER

5. VIR A A XORERTIE, FEIZSIF LUV 72, 192%, FEiR L
JLDN 98.206%, HLFE L ~UL2Y 99.400%TdHh D, BRI XFL L LY
26.014%m < . HFEL UL LD 1. 149%KW,

0 RAT 4 7 ARG TIE I SCT LU 84, T92%. ZEAR L ~UL 73 99. 492%.
HEEL UL 99.586% CTh D, R LI F L~ XD 14. %5 <, HiE L
~L LD 0. 094%1K 0,

PAR—FR7 b~ U TiE, BEIZLT LUV 58.108%, FEAR LU
80. 850%, HAFE L~/L7S 84. 658% T d> D, RBAR L -ILIISLF L UL LD 22, T42% 5
< HEEL~UL LD 4, 078%K 0,

K IEEEEE Tl BT SIF LU0 99, 109%, FBAR L~UL72s 99, 730%, HiZE L
UL 99. 8029 Th D, RBMR LTSI L UL LD 0.621%E < HEEL L K

22



D 0. 072%fK\ >,

BHIAF= 2 —T LRy NT—7 T, FEIFISTF L -UL)8 86. 550%, RER L
AUV 97.795%, HFEL LAY 97.976% T D, BB L~ IrFEL~r kb
11. 245%E < . HEEL UL LY 0. 181%E,

F DR L AVVTEMARAS X v P RT 4 7 AAF, AR — bR Ry
V. BHRIAH =2 —T NN Ry NI =7 IZBWTHIEL )L XD BENRITWT &
M5,

FAEDFERIZDOWT, 2K 5. 2 (TR T B XOFERTIE, FEEFCTFL~L
739 0. 523, FEAR L ~ULA3K) 0,982, HAEEL~UL23) 0.985 Th 5,

0 AT 4 7 AEYETIZ S I SCF L UL 35 0. 679 ZEFR L ~UL 2349 0. 998,
BZEL LA 0.97T TH 5.,

Bl XL na VAT 4 7 AAYRICEB WD TEER LUV T HGE L~V X D ER
TWAHZ ERgnmrnd,

Fo AR TR, BEROHIBIC L VR EORD ZEam T 5720, B
7REHE k%%@7m77A£ﬁ%%%ﬁ%#éo

SHEBREE L R OB HIT Intel Xeon E5-4622 v3 48cpus nodes 384cpus, A
£V 8TB Th 5,

FATREM 2 3£ 5. 3 12”7,

HALIER 3 B ChH 5,
Time MNB SVM LR K\N
Char 0:11:15  45:53:58  0:30:43 27:40:21
Etymon  0:06:22 84:16:26 0:18:46 21:35:32
Word 0:10:54 167:43:03 0:23:09 17:54:42

# 5.3: BT T 7 A OFIERR

fERIE, XA XL v TRT 4 7 AEYFITBWNT, FERITK 6 77, 18 43 THAl
Thh, PR— X7 M~ b KEFEICE T, £ 84 FFf#, 21 Fpfl] T3F
LryL L HZEL~LOHITH D,

FEERTITWHEIEZMH S DN, BR— "7 ML~ II 7T Y XA EiFF)
FHEENTER, D ZITEWEEEIZHIR LT,

512 &%

LFELAYL, FERR LUV HEEL UL E b O EET L TT R A Ny
%ﬁ%ﬁokE%$F%%.5l W T 7 TRENTWVD

23



IEfFER

NB SVM LR KNN CNN

®Char ®mEtymon ®=Word

4

100
9
8
7
6
5

N
o O o o o o

3
2
1

o O o O

X 5.1: FEERBHROES 7

X 5.1 IR EBIR L~V OFE R TITHEMAR A X, R — "I hL<w v,
0YRAT 47 AEFE, BAIAB=a—T Xy NT—T T BN TOREE
DHEE L ~LCELS, LF LV XD ENL TS, KITBFEETIE 3 2OET VI
‘EuV*kﬁwHEﬁa:éivtwﬁ;

B 75 © T —H DIRTEELDN D 72 1T XD 72\ W0MFE E RO IEfRFR DT
kwogkﬁhé X%Vmwi %@ﬁ%M%L%ttw Lo AT D
TENTERL 2D, FBIRL-UVIT, FEOEW AR L, FEMEAE 5/RE T
Liz7=%, KIEIZ Uﬁbf%ﬁ%&%ﬁ(ﬁ#%i HADRKREWHEE) 28K
LTV, EMBNHELLLIDTWEEZOND,

%ﬁﬁ%®%%ﬁ%%@@ IZLF UYL L BEE L~V DRI H DD, 72721,
NENLOHERRITH < T THWRBEN R L DD T, EBEIZHIH L7z sklearn 7
A7 ZVO7ar T AOFETRHOEIGIZA DR,

FPITHMAAL AOFHEK

classify(f1,. .., f) = argmax p(C = c) Hp(F@ = fi|C =c¢)
c )

NEANERDE  COVTAEE n OV T NVEILEIC 720 & D OITF
B, OFV, UTEREEOMEHROZ L THDH, b L, T/ATY XATHEITT
RTOREI L 7 T ADMERZRHKEF LT, B A X0@Y ICHEREZHET S
E R AUE, FEURIRME & HEE L UL OREMEIAS 1L 3274/13344, CFL L L HEE
LV DRFEEIA1E 70/13344 DZ L TH D,
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Fr VR —=FT M= R—=tF b DI RELT MLV EY
TR R ENTTERH L 72V ALIFRCTHD, mdll) iR E
DEFEEBEFEZHNTENZ MVEIOEZORROBITE, BEIXFLT
3274/13344 L 70/13344 Th 5.

Za—INRXy NI—TEFT TV IRy I ATHDLN, BRIAA=2—TF )L
Xy NU—=TB3IHPRESTNDTD, HAEENHEE TX 5, Word2Vec DA
IZRMR & R C 3274/13344 & 70/13344 OEIETH 5,

BAZESBERHL L GloVe DIFA1E 3274/13344 & 70/13344 O —IRFEITH D, L
ML, LELFROGERICET T 5 & | FEEDMIEHIE 9, AR CILHEFE S BER B
Rk LR,

D ERBZEICH T A MERED
521 FER

T ORI D= AN ERIAHR = 2—T IRy NT—T DF 5.4 (TR
9,

Accuracy Char Etymon—short Etymon Word
Reuters 81.7 99.7 99. 7 98. 8
BBC 36. 3 34.4 39.2 38.6
China Daily 15.6 23.8 29.9 26. 4
QA 67.1 81.0 72.4 81.2
IMBD 79.9 93.7 93.8 95.4
Amazon 82. 7 97. 7 98.0 98.1
Yelp 82.1 91.0 90.1 94.5

# 5.4:CNN TOF a2 — R RADIFREFEE

1A Z— (Reuters) ZBWTIL, FEIRFEMEOREEIX 99. 657 & 99. 665, HigH
LoLd 98. 775 XD MGEED = <. SCF L~ 81,684 L0 &by,

REHEH S =2 — A (BBC) [ZRBWTIL, BRI ORI 34.392 &
39. 162, 2EFEIR L ~UL|THZEL ~L D 38. 627 KX OKENEL, XFLr
36.278 LV &V,

E H ¥ (China Daily News). 2R\ T, FEIRAME ORI 23. 847 &
29.931, FEBIR L ~ULITHEEL ~UL D 26. 396 J; M*r“ﬁsm< LT LL
15.603 X 0 &y,

R (QA) . IZBWTIE., FEIRIEMEORS 1T 80. 983 & 72. 375, HiZE LN
LD 81.237 X 0 KEEENMEKL jt% LUL 67,071 LV @,
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A B =%y ks h—bE—+ F—F_—2 (IMBD)., 2B\ TIL, BRI
DOFEFEIL 993. 708 & 93.823, ¥ 3 — FaBiR L~ULITHEEL~L D 95,443 LV
FEENE L. XFL~UL 79.891 XV &V,

T L Ea— (Amazon reviews). (ZEBWTIX, EIFRLBEOKRE X
97.708 & 97.995, HiZEL ~UL (D 98.093 L W REEMNMEL . SXF 1L ~UL 82. 719
L VE,

A =2V 7L Ea— (Yelp reviews)., ICBWTIL, FBFILEEORSE X 91. 026
&£ 90.099, HFEL LM 94,542 LV REENKL, XFL~UL 82,115 LV &
VY,

FENDFIZONWT, FaXDAR—=ZHIRBNH D720, KX Tlda A F—a—
NRADQERFERT — 2 2 RFE L L, BRI O TIEMSR RO O #RIX 72
FoRT, FELWRERIE, A 50 =/ v 7 O IEMESR L HICROFERIR Y | (T
IZBRT 5, °

] 5.2 & 5.3 TR TDOIXEMEREHEROIT Y FRK,

PRy 7 lE AT — X 2R VIR L CTHE I 00O L TH D,
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K 52: @R~y 7

1.00 4
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0.85 -

0.80

0.70

0.65

HFE L ~L

B 5. 2 [REE, 12870 (13w F) ZLDOEMBFEEOFTVRTH

Do

FIRTLF LV ORIFIHRE VD OO £T, RERFBALDHY . K&

T 0.91 ODIEfERTH 5,

FEOFER LA ORISR EASH Y . 2 LTRELHICARD . 0.99 0

W IEfRR 2 HERFT 5,

THEOHFELVORIE, HIIPDEWIEMRREZRD, O8I LITHE

WHIED AL, BTN D,
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1.0 104
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0.6 4 0.6 4
0.4 1 0.4 4
0.21 021
0.0 1 . 0.0 4

FEAR L~L HEEL~L

5.3: 8%~y 7
X 5.3 2R KX, 128 7L (189 F) ZEOEEREROITVMTH

%,
FICRT XL~V DI EPID 1.83 bk d 0.21 £ T, RKEZ2ELDN
H 5,

TAEDZER L ~)LOKITHEKEIIO 1.61 N HEH%ED 0.01 £ T, £ 1 HEON
v TR E TR T L, IRWEERREHEEFT 5,

THOHIEL VDXL, EEIO 1.60 1 HHxED 0.01 £ T, £96 HEO
Ny FUERE TRRDICEE T L, IRWBRRREZHERFT 5,
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522 &R

WIZ, RN B2 D 2D a— R 2AEZFH L, BAiIAA =2 —T )V Ry U —
JERWTET XA Ny A ERT S, —HoORRIIK 5.4 ITHES T 7 TRS
mfl/\éo

Etymon-Short Etymon
100 100
80 80
60 60
40 40
- 1l - Hlin
0 0
m Reuters mBBC u China D. = QA ® Reuters mBBC u China D. = QA
u|[MBD ®Amazon mYelp ®|MBD ®Amazon mYelp

K 54:FRBLRVDa— AEMBERLEES T 7

BIHIAR=a2—F )Ly N =7 IZBWTIL, &) a— SR T L TR L
ANUVIF BRI HEE L ~VITE, FEED L WIGEIEEER LT HEE L~ L
LV EO, DRVWGEITERY, XEOR I EEFZRITRV, XEOFENZ WA
ITREAR LV THEEE LD &, G 8T CITEREIC X B 220,

5.2 & 5. 3TARTEIE, LFLIVET VTR GIRWFEE D G MR |
M EDOAE— FHEEV, ZAUTK L, GEIR L~V & BEE L~V A EO A B —
RBRBEWTH D, FZEHEEOEIMIEN, g ARFGEIZE T LTS, S5
2, FEIR L VVITHEGEEL VOB T LD o L B, ZHEORIJEA TV
A

53N ERBABAWETIFRA NI ZREY VT
531 f58

FT. BRI 10 FEN Y TGO HE IR R 2K 5.5 1R T,

Embeddings Etymon Word
Loss 0. 28 0. 28

# 5.5 THERREOBLEER
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FEAR L UL T HEE L

LUL ERICHEARETH 5,

/}*( 1%, K-means 7 7 A& U 7 OFER Y7 )L % Python @ sklearn 7 A4 7 7
U @ t-SNE & W TR S 7o ff R 2% 5. 5
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5.6 [ RTRENBUIFER L~V EZEEL -~V X W IHARERREAH 0 | RFEY
TILDDIN, TR L, BETMET T IRy 7 A DT, JRREZERT LD
HLWZ L THDH,
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F6E Bh)IC

61 F&H

AWFFE T, BEIRTFAIEH U CEER 2 R L T2 FIEZIRET 5, LF 1L~
FEAR L UL HGE L UL ORI E 2 W 2T A MO FEBR 1TV, GER L
UL DN F AR LTz,

AWFFETIX, BER LV OREZFHN T 5720, 7% 2 M3 FEIZKD | 35D
AENDLERZT 5, 1 DHIL, EEOEETEET V2V, IEfFR L FEEF
MZ2BLE L THREZHNT 5, 2 2B, 2R — 2V, BAHRAL ==
—INRXy NI =7 DETNTFEEL, EMFEEERBEOLEZLZL, FHD
NREFMT 5, FERBRICBT DT —# 22835 Z L (epoch) TIEfiER
CHRRERLTET D, 3OBIE, BRI EHNTT XA N TRZ Y T ORE
BRAaITV\, REZET D,

FERCTIX, 7, HIBOGBRIGFREZIUE L, SBREEEZIERT 5, RIT, KH#L
FE7pa— XA (HEEL~UV) ZEE L, GER L~ & CFL~L D a— /R 2 % AE
KT 5, £ LT, LF LU, BEIR L~V HEEL LD a— /XA %7 hU|Z
EHEL, FEHETVIZTZ7 =4 RT5, &KREIC, REZET D,

(1) NB., SVM, LR, CNN{ZEBWTREMR LU ILFT L% 8. 9% %, HGEL
AULNZ=0. 1%~+0. 9%IT WV IEfER 2 Ff > TR 5,

(2) WEZEB BT, FBRVAVTEMRNEGE L~V B S5
RO K LICBWTHEAOETNELS, FHAE— RR#HEWNTH D,
(3) HEERBOFHIZENTIE, FER L~V & HEEL~L)[E AR E R -

TWb, TXA NI TAX Y T T, GBR LU BENLTWND,
(4) WIEHHPK SN TWDTZD, —H0OET L TITHFEL LI D & 75k
BN EWNTH D,

EEL LR, R L VLITERZ W0, BN R A58, BRI
FEORTEBREZHEEEL TWATD, BBIR L~L & WM 8 13 5B 2 b o
WA T, BELBEA R, A——T 4 v  EMZ D, THRT, EBERL
SUVIEEVEE LR E RO L& X 5,

FEAR LoLIET ¥ A MBEICHE T L, fEROHEE L~V & UFE LA LIS
TDHDHFETHY, HRSTELIRICBIT AR TOWMWEELZ SR T& 5 Fik
kf\nﬁéﬂﬁbfl/\%)o

6.2 51&

FBROBNT, FER LV OEMRIILF LAV EHELALOMICH D LT
B L7228, FERITHGE LTS | BOWEME Th 5, FBIR L~ IVIZH KSR
HRICB W TLEERETT LV TH L0, FrbAEMRICRIK Uiz, A% ITHERI 7R E
RO ETHEIL, FEERETHEELD, ST, ZEHOMEREHREL L
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THEMEE T T LV AREEE L BRI WD TR e BMEIER T 7 v 2 2B L
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(NE=

o4 x—a—~Z2%H\7 CNN EFEEFEER (Ri50 =Ky 2)

Accuracy (%) Char Etymon Word

1 55. 208 38. 438 44, 357
2 58. 229 46. 615 54. 892
3 60. 521 55. 035 59. 792
4 62. 448 61.120 66. 875
5 63. 979 65. 708 72.125
6 65. 208 69. 271 76. 267
7 66. 131 72. 351 79.479
8 67. 847 74. 818 82. 005
9 68. 625 76.921 84. 005
10 69. 460 78667 85. 604
11 70. 226 80. 180 86. 913
12 70. 881 81.476 88. 003
13 71. 369 82. 604 88. 926
14 71. 688 83.571 89. 717
15 71. 966 84. 431 90. 403
16 72. 200 85. 202 91. 003
17 72. 454 85. 895 91. 532
18 72. 681 86. 516 92. 002
19 72.844 87.072 82.423
20 73.036 87. 589 92. 802
21 73. 248 88. 061 93. 145
22 73. 689 88. 490 93. 456
23 73. 465 88. 890 93. 741
24 73.913 89. 2568 94. 002
25 74. 131 89. 592 94. 242
26 74. 348 89. 904 94. 463
27 74. 520 90. 193 94. 668
28 74. 662 90. 465 94. 859
29 74. 799 90. 718 95. 036
30 74. 940 90. 955 95. 201
31 75. 094 91.176 95. 356
32 75. 253 91. 383 95. 501
33 75. 417 91.578 95. 638
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34 75. 539 91. 756 95. 766
35 75. 660 91. 923 95. 887
36 75. 738 92. 080 96. 001
37 75. 822 92. 230 96. 109
38 75.919 92.371 96. 212
39 76. 042 92. 505 96. 309
40 76. 159 92. 633 96. 401
41 76. 290 92. 759 96. 489
42 76. 368 92. 872 96. 572
43 76. 407 92. 980 96. 652
44 76.518 93. 087 96. 728
45 76.618 93. 192 96. 801
46 76.712 93. 293 96. 870
47 76. 806 93. 389 96. 937
48 76. 899 93. 481 97. 001
49 77.981 93. 569 97. 062
50 77. 060 93. 654 97.121
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o4 X —a—2%ZH\7 CNNBEREE (50 =Ky 2)

Loss Char Etymon Word
1 1. 25 1. 28 1. 27
2 1.18 1. 24 1.19
3 1. 11 1. 16 1. 08
4 1. 06 0. 07 0. 98
5 1.02 0.99 0. 88
6 0. 98 0.92 0.78
7 0.95 0. 86 0.70
8 0.92 0. 80 0.63
9 0. 90 0.75 0. 57
10 0. 88 0.71 0.52
11 0. 86 0.67 0. 48
12 0. 85 0.63 0. 45
13 0.83 0. 60 0.41
14 0. 82 0.57 0. 39
15 0. 81 0.54 0. 36
16 0.79 0.52 0. 34
17 0.78 0.49 0. 32
18 0.78 0.47 0. 31
19 0.77 0.46 0.29
20 0.76 0. 44 0. 28
21 0.75 0. 42 0. 26
22 0.74 0.41 0. 25
23 0.74 0. 40 0.24
24 0.73 0. 38 0.23
25 0.72 0. 37 0. 22
26 0.72 0. 36 0.22
27 0.71 0. 35 0.21
28 0.71 0. 34 0. 20
29 0.70 0.33 0.19
30 0.70 0. 32 0.19
31 0.70 0. 32 0.18
32 0.70 0.31 0. 18
33 0. 69 0. 30 0.17
34 0. 69 0. 30 0.17
35 0. 69 0.29 0.16
36 0. 69 0. 28 0.16
37 0. 68 0. 28 0.15
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38 0. 68 0. 27 0.15
39 0. 68 0. 27 0.15
40 0. 67 0. 26 0.14
41 0. 67 0. 26 0.14
42 0. 67 0.25 0.14
43 0. 67 0.25 0.13
44 0. 67 0.24 0.13
45 0. 67 0.24 0.13
46 0. 66 0.24 0.12
47 0. 66 0.23 0.12
48 0. 66 0.23 0.12
49 0. 66 0.23 0.12
50 0. 66 0.22 0.11
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