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Detection of cultural differences using distributed expressions
between different languages

Narifumi Oi

Abstract

Recently, the quality of machine translation has been improved, and
multilingual communication and cross-cultural collaboration using machine
translation have become possible. In such communication, though the translation
is right, but communication discrepancy may be generated by the cultural
difference. For example, "egg" is eaten raw in Japan, but not abroad. When
Japanese explain to foreigners about raw egg dishes such as "tamago kake gohan",
they will interpret that the eggs are heated in some way, even if they are not heated.
There is “Cultural Difference Detection of Translation Using Image Feature
Vector” in order to dissolve such discrepancy of the communication. However,
since this method depends on the result of image retrieval, only the main image
is retrieved, and there is a case in which the image with the cultural difference can
not be acquired. And, the cultural difference can’t be detected by the abstract
concept which is difficult to express as an image.

In this paper, we propose a method to detect cultural differences by mapping
distributed expressions of words between different languages. Since the method
is based on text information, cultural differences in abstract concepts can also be
detected. Concretely, distributed expression space of each language is made using
Wikipedia corpus of each language, and both spaces are aligned. Next, by using
the concept dictionary, the vector of the word group of each language attached to
the object concept (Synset) is acquired, and the integration vector of the object
concept of each language is made. After that, the cultural similarity is calculated
using the integration vector, and the existence of the cultural difference is judged.
In the realization of this technique, following 2 points should be tackled.
calculation of cultural similarity

As an indicator of cultural similarity, we must calculate cosine similarity
between integration vectors for each language. Also, even if there is no
difference between integration vectors of object concepts of different
languages, there may be a difference between related concepts of different
languages. Therefore, a method of calculating cultural similarity
considering synonyms is necessary.
Identification of thresholds for cultural differences

It is necessary to decide the threshold, because how much degree of the
cultural similarity the human senses the cultural difference is not clarified.
Because since the objective is to detect concepts with cultural differences,



the accuracy of detecting concepts with cultural differences is also

considered as an evaluation index.
In this study, to solve the above problems, we calculate the cultural similarity by
considering the integration vector of concepts which are bilingual between
different languages and the vector existing around the integration vector. Then,
the optimum threshold value and the cultural difference detection accuracy are
obtained based on the result of judging the existence of the cultural difference of
the concept manually.

Concretely, in order to calculate the cultural similarity which is the first
problem, the vectors of plural words included in the concept are acquired from
the distributed expression space, and the integration vector is made. We measure
the cosine similarity of the synthesized integration vector between different
languages. We also evaluate 50 synonyms around the Japanese integration vector
for words that are bilingual between different languages. We calculate the cultural
similarity based on the evaluation values of the integration vector and synonyms.
To identify the second problem, we detect cultural differences using 200 concepts
that are bilingual in Japanese and English. The number of concepts with or
without cultural differences shall be the same. A tentative threshold of cultural
similarity which determines the presence or absence of cultural differences is used
from 0.00 to 1.00 in intervals of 0.01. The rate at which the result coincides with
the result judged manually is defined as accuracy. The optimum threshold is
determined by Accuracy.

Then, the derived optimal threshold is used to verify the accuracy of cultural
difference detection in this study. The evaluation was carried out using 100
concepts different from the concept used in the identification of the threshold,
and the effectiveness of the proposed method was verified. The following is the
contribution.
calculation of cultural similarity

We calculated cultural similarity by using the evaluation values of the
integration vector and synonyms. Used this calculation method, we
calculated the average of cultural similarity between the concept group
with cultural difference and the concept group without cultural difference
in the experimental data. This value was used for the t-test.
There was a significant difference in the mean between the two groups.
Identification of thresholds for cultural differences
When the provisional threshold value was 0.64, Accuracy is maximum.
The evaluation was performed using a different concept from the used
to identify the threshold. The accuracy was 56.5%, indicating that the
threshold value of 0.64 is effective.
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—HL7%a, HIEMIIE T2, I AF TOULZEHIER R & I—REFEOL
ZHERRD —E L2 WIGE, IERET 5. #RFIECIoTENLZ T DOHE
B TUEEHIEITRE) LT D 03N IEME S (Accuracy) TH 5. Fatll Accuracy
DR IFIEZE T

True lZZ524 L 7 14
Accuracy = Ren—y (D

SALAEDOFEA A L 2BERITx LT, FTRiORD True IZ5% 43 2 & O

Ba¥z 5. Accuracy [TFAA LICBES OB A D RHIC L, BEFETHE L
FERDS True (TR DMEEDOEE A D FIZTHZ LITL T, BEFIELEDLLH
WOFIE TXLEDFEZHETE TWNDDNERT.
R FIEIZBWTEEZROIL Accuracy 721F TIEZRV. AUFRITSUEEA OB
EROTDHIEROT, ULEAOREMELEHEETH L. Lo T, LR
OFHIFERE & L TUbEA OB OBER, MaR, FHRLEGROF EE
W5, TRLICSUEZER OO, a3, HBERLEEED FHEOFES
ExRT.

#* 2 NFOHr L IRETFIEOHIW O e 5 —

RETFIE
ALER AL

AV FER True False

N D]

A= False True
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A= ANFTXI#ER & HE L 72 DBES DIF#
B = EEFETXILFER & HE L 72BL& DI#
C=AF TXILFER & HE D DWEFE Tk TXILER & FE L 7 BEE DIE

recall = % ........ (2)
precision = g """" (3)
FEg = % ..... (4)

recall = precision

EEH Y OBEENOWT, FBEELIIERTORLEZQ oX0EY, HiE
ANFTLER LHE LIeBEEOEE, 572 NTFTRER & HEN SRS
FIETIUEER L HE L EOEEICT 5 Z LiIc Xk » TabEd v &
D9 BAEIZ R TEZE T,

EZEH Y OBESIZHOWT, HMEREITERETRLEZQ) 0X0Ey, HikEx
RRETFIETIULER & HIE LIRS, 75 I AT TIUEEAR & HIEDD
REFIETIULEAR L HIE LR OEBIZT 2 Z LIk > TIRETFE T
ZHEBHLIZ DD D BAEIN G > TWNTZD N ER~T .

AbFED Y OREEICOWT, F EE T ERE @) 0T, HEHEELEEROFM
EHTHD.

BEfE &1, REFETHEM L7 SUEEBEICK L TSUbED R T Z2 6 5 72
DO—EDETHL. £7, BELRE(T 2 HELZHIT 5. BIEA &El S
LI ONRBEEEZRET D, EIX0205 1.0 £T00. 1 ZNATHETS. 200 {#
OEEEZFEA L, B R TFETULEO A B A BT 5. Ml L2/ RO Accuracy
ESUbZER DS O EH, FELE, HAEEHHEO FHEEZREMICEEL T
7R EEEZRET D, X 5 IR REEZRET 27 —F ¥y — FThb.
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IREE% AL\ TAccuracy E XA EEBDOBS R BIRE B
EREBREDOHEZHH
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{RBAENS1.0TH B H {REMEZZ0.0118Y>T ]
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~
[ AccuracyZRE U TRBE/REUEZRE

J/

A4

>

SR BEZ RO L 7 n—F v — h

4. 2 BEDREE

4.1 fi Tk~ 7= faii 7 BB O [FE J7 ik % v, AN CTHE L7 SUEZEOF D
HIER R EWBIE Z S ICRETFIE T EOFBEZHE LM EE AW T
Accuracy, k7D DA, BHE, HEREHHROFEAZRD. #R
IFLLT D@ THhD. K 6, 707 T 7 OENTEIS A, BT ST BEPE %
RL TS,
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X 6 13 AV S X A BME Z & D Accuracy Td 5. 200 fE O &% FU
TG L7272, (DORUZYTIEDH D L, T 20012725, o FIXREED
EDIALEHEIZKE) L TV O BEEOEE TH 5. BIHE 0. 64 DIRFIZ 56.5% T
RbEWEIEE 257z,

B 7 3R OBERICEA L COFRBELEEERDO FETH L. BRI
Q) ORIZY IO THRMT 2 &, k=R OBEEOMEEN 100 fH72 0T, 55k
1% 100 725, S FIXAFTIULER EHIENSRETFIETULER L HE L
BEEOEETH Y, KEEIC L > TEET 5. EHEFETG) ORICYTID D
N RHTIRETIETUbER &HE LB T, (RBEEIC L > TEBT 5. o1
IFFBLEZROTEE LR UAFTIULER LHENOREFIE TR &)
E LTS0S ThH S,

FRME DR EIZIE Accuracy DfEZ AW S . BEE 0. 64 DEFIZ Accuracy 23 H 5
{72o1=DT, ULEHEIZI T 2 SULFELE O i 72 FfEIX 0. 64 TH 5.
fiE 0. 64 DEFD FfEIX 55. 4% & 72~ 7z,

4.3T A NT—F Dt REDER
$e it 72 BAE O [ E A U 72 SU bz A oAl/E: 100 {8 & Sefb 28OS 100 {#
# 31t EDRE R
SAvZER OMEE Sk ZEmE O

A% 0. 66620655 0. 73325145
GaNi1 0. 04637145 0. 03287843
BLHIZEL 100 100
TV ST 0. 03962494
IRFELE) & D72 B 0
H 198
t -2. 3815869
P(T<=t) Al 0. 00909289
t BEFUE A 1. 65258578
P(T<=t) Ml 0.01818577
t BEFUE ] 1. 97201748
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D 2 BEDOSUVIERE 2 t BEITHT T2, AEAYEL0.05 & L. £ 3 ITHIEH
Rard. ULZER OO BB ITR 0.67, SUbZEEHEOBES O SHBEIEL
FEDIWE)F0.73 L2 o TEY, LEBDOEEE O SUEELUE O DIZ 5 D3
VMEIZ 72> T D, E 72, P(T<=t) il OfEAS 0. 01818577 & 742 1), 0.05 K v {K)»
S 72D T 2 FEM O SULFR E OB BEEZNH D Z LB yroTe. Ko T,
SACFEREDEHFIETZ YL TH DL Z R ah 5.
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SO P

5.1 FHEHE R

ARFETIE, Rl eBEZ AW CULZEOREFIE O 2175 . 4 ECHEEH
L7zi@ v, fom/e SUbEREORIEIL 0.64 THo72. ZOKEEBEHEE LT
RFETULEDOFEOHEZITS . FHMI7 — 213 4 ETHEA LI O LITE
9, BT EE 100 2 W 5. SUbZER oSO %k & Uk RO S O E 5
EREE T 5. K8, K 9D T 7 ORI TEIG 2, MBI EBEEEZ R LT
W5, SERTH D E, BMHEO0.64 DA, Accuracy X 59%TH Y, A 100
EHD 5 B, 59 fHOEED UL D DR IR L= Z E bbb, DFE D,
RRERFET 6 EIDVEEE O UL A IS Lz, £, M 92 R THD L
£ 0. 64 DI, ULZEH Y OBEEO FAEIL60.8% & 7p o722 E Wb,
Accuracy 1Z 6 BIfEEEDREE L 7> T 5. F£7-, BIHE 0. 64 DR OULER D
B L COFHE L AR F L 60. 8% & AXVMEIZ /A2~ 72. Z O%fEIFik
LTEWESZAEETIZRNWDT, 5. 2 i CHRRSEA M L, FiEadE
LCHELZ LT 20ERHLEEZLND.

5.2 BRHHER Y DT

ME & LT, ZEEE~ORIEN B 5. BURHEESHMEB CIILEEITILT—
DRI E LTRBLENTNDT0, Z2EBLZXBITHZENTERN. Lo
T, 7H¥F AT —=FDOLZVERICHGERY MR KRE 0B % 5% T CIERE
AL EHEIC K EEZ E T2 L TnDH EEXLND. LTOR 4 7 FA T —
Z DEGERIZHFERY MAPREREELZITTOLHTHL. [EH] L
9 HFEIXFR 4 @ Synset D L D IR ENNE W I BB H 505, HREWRE
ORI T EVWOI EREHLLEETHD. K4 D cos FHREZ R TH
Dl TEW &) HEE L ZDOMOEEEL T2 & Z D cos FALIETSITKL 72
STWNDLDRDLNL. DFEY, [Ewv) L) THERIIE2A W) SV E
LIS DOERICHEZ RE S ZITTNDZ ERDN5.

il d, SUbLZEORBEDIAE L U CSHYBFRE 2 - 223, ABFERUELT cos
JERUE IR E HEKFETDH LD TH D, cos HLUEIZ L D4 BEBUT LRI 2
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3% 4: 2 FFEDB)
Synset =R, B, EAm, EU
(Evy & s o 0. 32247284054756165
cos FELLEE
[Evy & TEE ] o 0. 2865821123123169
cos FELLEE
(B & e o 0. 3378903269767761
cos FELLEE
(Ega) & EE) o 0. 7336506843566895
cos FELLEE
(EgE] & [l o 0. 7467356324195862
cos FELLEE
Mg & e o 0. 697924792766571
cos FELLEE

==hH
=

D KK DIZ72oTLESTVD., Lo, BR— hR_T Zv gl E N
THBRBDLE A2 X0 FEMITATR > TS RERH 5.

DIFENT X 5 BHFEBEBLZEM O XV 2 E T 5 72 DI 5 5 FEH HE
DIAHB AT oo, REFFHEMEEBH DAL ZIT 5 2 OIT,
CrossLingualWordEmbedding & W9 > — L& HVS, X7 MLDOT T4 A2 b & HL
LIeDDRFREFFEELEZT 7V FOBDOEEH LD, XFEEEL R LTT Z
A AL NOREZmODLLERDH D, BARIZITEHET — % THEM L7z 100 {4

OWED S L, IEOEEEDHERT MLVOFEPEN 0.4 U T &> TEY, E
RIZT A4 A FERIL TV W E bbb,

£, BEFEIHES

BRREM 2 ER LRI T2 7 F XA M T —4
(CAKFET 5. AENEEZ L ORFEaR LI <ENLTWTH A ORBER T F 2 b7

— X T % Wikipedia OLEAM L7z, 72035, SHEBINER S TWVZRNE
REMEAELTZ D, RO IR 724 & T EF S oBEBRMMER TE T
BRNWERDONDOHEBEGAELIZDOT, EHICTHF AN —Z ZWELET H LR
HHEEZDBND.

21



5. 3 LZER DR HBI

SALZER OBEEIZHT LT, SUBZERH S L7261 & B L 72 B> TR

T5. R5IITIMIZ, £ 6 [ZITRMEIZ N ZH A AGED Synset, HFHD

Synset, HAGED Synset DOHFERE, JEFED Synset OFHFERE, A 7 hAD

cos HILLEZFL L7z,

FEh
K5IZHDHMEIT HRE] LW OMBED Synset THH. HAFED Synset
DOFAFEFE I TIIAEIBAR O HEEDS, HFED Synset DFHFFEILIARN—Y B
ROHGEN L 5N D. HAR TR U Cor iR i O350
NS, FEEEMETIX AR —Y ORFRICKRTT S BEER RN E W D 2 & B3HEEE T
x5, Fl2, HET PO cos BRE HIERL o TS, LoT, =
OBEEIZITSULZEDR B D D%

PNl
7 6 \Zh AT BRI ARSI, FEEEIZIE A L EEERF T
WATIZH D &) SULZENR B D & B 27208, cos FALER Synset DFEFE
FEEBITUEEITR BN o7z, BAFED Synset OIEFFEIZIFE
WEEVWSTHENTFET L EZAERDLE, ARICH b L EREN
FCHNCHDLENI T —Ab—KINTHLZ L3 nnd. L-T, Z
OBESIZIISUEZEN 72N E WD T E RN T-.

#% 61 A OPEOHERRPIBI

HAEED Synset Fr——& A I, IR ENS, BE), 7%
JLZED Synset overtime
HAGED Synset O FRIE, HED, &, B, G5, RE), Bk KW, 1E
L e B, KHE)
HLEED Synset D game—winning, double—-overtime, game-winner,
FEFEEE triple—overtime, game-tying, playoff,
17-14, powerplay, 3—pointer, 24-21
HEXT FL®D cos 0.2197721302509308
Al
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%% 61 UL OBEEOHIERIEDG]

H AFED Synset

Rag, WC, MU L b, F, SIS, =R,
RO L, {8, BRI, WL C, s, BT, bAoA L,
D, TG, T, SRR, B Ly b

JLFED Synset

pot, toilet, throne, can, potty, commode, stool,
crapper

HAGED Synset D

ST s =
FAFRGE

R b {8, e, KT B A L i, R, KT,
fiigs, JE, Al

JLZED Synset D
FAFRRE

washroom, restroom, lavatory, bathroom, toilet, cu
bicle, washrooms, lavatories, room, downstairs

HEXT FL®D cos
FALEE

0. 5740739107131958

5. 4 HB— X DOIYLZERRH FE & DB
BEEAFE T/ L 7e R~ — 2 D SUYbZERR 515 T 2 BHgRHE R 2 7ot
RO [1] & O Z R~ 5.
EBN—Z2BEFF 27— R
B AR—ANKTIEOT F A FA_R— 2 (AR TEERES LT
=A%, ANDPHESEEE LR, ZORZENEY 7F—ATHD.
B — 2 I SCFHE Y B A2 I U AR T 2 0T, SUkENRZH
[T S5 A HE Lod 0.
T XA MR—=2ABFH 2 r— R
AKFEDT F A FAR—= ARG AR — AR TIHUEZER A LT 0
A, PELW 2 E0EgE L TRTZEOTERWEETHS.

THRAPR—ATIIER TS Z & DO TE HME (HGH) b HEFEDHER

BIZEH] LIC_Z7 PARAER SN TWD DT, UbERHIZISV T &
LTRTZLDOTE W —RAIAMELELOND.
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H6E Bb iz

ZEHEaAI 2= —Ta VBT A ULEEZMIET 272012, AR TIEH
FEDHBEBRNLELN DY MV E S SFEOHRE R B Fﬁﬁ>éaﬁiﬁil/, Lt
BT 57 7 —F R L CE. AMIEOEBNILLTOEY THD.
AR EE DR
AT bV EHHEEMGE 2 A CSUEEPEEZEH L. ZoR )
EEHWTERT — & OULZER D& 7 V—7 & b2 L o& 7 v
— 7 DOIACFRIE O /I L, t REETTR o7& 25 2 BEH DRI
HEENDDDEMERTE T,

AbEOEHE L 2 ZBEORIE
200 EORES & ARBEMEAE VY, REFECTIULZEDO R BRI E LT 7-.
ZNENORBEIZB T HIRETIEDOIEME X (Accuracy) Z R L7252,
Tt 72 SUAVFELE O S b 2= 2 T~ 5 72 D O fciii 72 B 1 0. 64 & o7z,
X LU -BIMESNBOEREET D 72012, EBRTHEA LS 0 LRI
& 100 i 2 AT, BME O SUbZEMR HIIEE 2 BaiE U7z, BReE L 72 As R, 59 18
DOEEEDO A ZEOF ORI EIZR L L=, 1 6 Bl &0 UbZEDOF KD
HIEIZAED LTy, ARG OREFIEN SULZERBICB W TES TH D &
wﬁ@ﬁﬁbm&ﬁfké

SAbEE R T 5 T2 OICHEESBEBI N O EHT 2 U FREEZ WL 2 &
T, EiekﬁmiéMTWer%x}cﬂ—&ﬁ%ﬂUb%%#%wié_&ﬁvf%
oo 2R, SULZERHHIE T 60% & IRWMEICH D, AFEEZR L2 2=47
—a VOB THERT 5I01E, SUEEREHELZ S BICREDINERD D.
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P

AR ZAT I HT=Y, THEL T 2WTR B EHEZEE TR < ik &
B L EFET.
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ftek:V—Xa—Fk

1L.MERY FILOEFDY—XO—F
import gensim
import numpy as np

from scipy import spatial

HEFE D RRR IR D Fe A H

word2vec_model_en =
gensim.models.KeyedVectors.load_word2vec_format('data/vectors—en(en—jp).bin’,
binary=True)

word2vec_model_jp =

gensim.models.KeyedVectors.load_word2vec_format('data/jp_wiki.bin’, binary=True)

#BHEK avg feature_vector [T ERNINILEIERLT B
def avg feature_vector(sentence, model, num_features):
#Synset M EEEIL,_TEULNTLVSD T, _TRYS
| = sentence.split(’,_")
o=
HEHDHEN TRUILGNT—DODEEEIZLG-O TLDEDER YIS
foriinl:
m = i.split("_")
for t in m:
j = treplace(’¥n’,”)
o.append(j)
k=[]
#unicode ZHIR
foriin o:
m = i.replace(u’ ¥xa0’, ")

k.append(m)
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# FEARINLO ANnYE DR
feature_vec = np.zeros((num_features,), dtype="float32")
n=[]
#LLT 45 AT L% future_vec ICAN T, FE1ET S

for word in k:

try:
feature_vec = np.add(feature_vec, model[word])
n.append(word)

except:
pass

if len(words) > 0:
feature_vec = np.divide(feature_vec, len(n))

return feature_vec

#sentence_similarity [& Synset Z5eA BV B %X avg feature vector [ZJEL, HE®D
Synset 0 cos FEUEFETE I HE%
def sentence_similarity(sentence_1, sentence_2):
# S EES Word2Vec MDET LI 300 RITDFFENIMILTEREINTLNS
M T, num_features ¥ 300 [Z}53E
num_features=300
sentence_1_avg vector = avg feature_vector(sentence_1, word2vec_model_jp,
num_features)
sentence_2_avg vector = avg feature_vector(sentence_2, word2vec_model_en,
num_features)
# IMBRINLEDERHZSINTHITAIET, AV AVELELZHE
return 1 — spatial.distance.cosine(sentence_1_avg vector,

sentence_2_avg vector)

#Synset ZFRAHRAL

ip = open(”data/jp_y100_n100.txt”, ")
Jjp_word = jp.readlines()

en = open(”“data/en_y100_n100.txt”, “r")
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en_word = en.readlines()

for e, j in zip(en_word, jp_word):
result = sentence_similarity(j,e)

print(result)

2EEEOAMEZME I S-HDOY—Xa—F

import gensim

import numpy as np

from scipy import spatial

import sqlite3

import math

import re

HRBEEZHANT D-ODLD

p = re.compile(’'[a—z]+)

#Synset DT —AR—RZEHAAD

conn = sqlite3.connect(”data/wnjpn.db™)

HEEDHRBEZEROFHAHAH

word2vec_model_en =
gensim.models.KeyedVectors.load_word2vec_format('data/vectors—en(en—jp).bin’,
binary=True)

word2vec_model_jp =

gensim.models.KeyedVectors.load_word2vec_format('data/jp_wiki.bin’, binary=True)

#B8%4 SearchSimilarWords [F A ALT-BHENEENTL VS Synset ZHRFET S
def SearchSimilarWords(word):
# BWVEHELI=WEEED Wordnet IZTFET S0 HERT S
cur = conn.execute(”select wordid from word where lemma="%s"" % word)
word_id = 99999999
for row in cur:

word_id = row[0]
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# Wordnet IR T DEETHANDHIE
if word_id==99999999:

return
else:

pass

# ANShF-BEEZECHRETRETS

cur = conn.execute(”select synset from sense where wordid="%s’” % word_id)
synsets =[]

for row in cur:

synsets.append(row[0])

# BRCEFENDEEEZRELTRY
for synset in synsets:
curl = conn.execute(”select name from synset where synset="%s’” %
synset)
cur3 = conn.execute(”select wordid from sense where (synset="%s’ and
wordid'=%s)” % (synset,word_id))
words =7, "
for row3 in cur3:
target_word_id = row3[0]
curd_1 = conn.execute(”select lemma from word where
wordid=%s" % target_word_id)
for row3_1 in cur3_1:
ans =rowd_1[0] + “ "
words += ans

ans = words + word

return ans

#BHEK avg feature_vector [T ERNINILEIERLT S

def avg feature_vector(sentence, model, num_features):
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| = sentence.split(’,.’)

o=
foriinl:
m = i.split("_")
for t in m:
j = treplace(’¥n’)")
o.append(j)
k=01
foriin o:

m = i.replace(u’ ¥xa0’, ")

k.append(m)

feature_vec = np.zeros((num_features,), dtype="float32")

for word in k:

try:
feature_vec = np.add(feature_vec, model[word])
n.append(word)

except:
pass

if len(words) > 0:
feature_vec = np.divide(feature_vec, len(n))

return feature_vec

def sentence_similarity(sentence_1, sentence_2,mun):
# S EES Word2Vec MDET LI 300 RITDFFENIMILTEREINTLNS
M T, num_features ¥ 300 [Z}53E
num_features=300
HREBNTRILIERK
sentence_1_avg vector = avg feature_vector(sentence_1, word2vec_model_jp,

num_features)
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sentence_2_avg vector = avg feature_vector(sentence_2, word2vec_model_en,
num_features)

#EARFEDFERESOEMF

ans_jp = word2vec_model_jp.most_similar(positive=[sentence_1_avg vector],
topn=50)

list jp =[]

for i in ans_jp:

j = list()
k = j[0].split("¥")
list_jp.append(k[0])
num =0
Jjp.num =0

cos_synset = 0
eng list =[]
eng tango =", "
for i in list_jp:
jp_num += 1
try:
#EARBDIERED synset IiZ
j = SearchSimilarWords(i)
#Synset [(FFFELARENEE>TNHDTHEDHE
iiifan
k = j.split(,.")
k.pop(0)
for e in k:

if p.fullmatch(e):

eng list.append(e)

else:

pass

#T MK EREZD
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for t in eng_list:

"o

eng tango = eng tango +t + _
except:

pass
try:

en_num =0

en_synset_vec = avg feature_vector(eng_tango,

word2vec_model_en, num_features)
#lsynset DREFEDIHENIMLIEBEDOREBOHKE
RIRILID cos FELEFE H
cos_ans = 1 — spatial.distance.cosine(en_synset_vec,
sentence_2_avg vector)
if math.isnan(cos_ans):
print(“nan TY ")
else:
cos_synset += cos_ans
except:
pass

cos_synset_num2 = cos_synset / 50

with open(“syn_y100_n100.txt”, “a”) as g

print(cos_synset_num2, file = g)

oo

jp = open(“data/jp_y100_n100.txt”, “r")
jp_word = jp.readlines()
en = open(“data/en_y100_ n100.txt”, “r")
en_word = en.readlines()
n=0
for e, j in zip(en_word, jp_word):

n+=1

result = sentence_similarity(j,e,n)
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