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TOM TAT— Po lwéng dé twong tw ngit nghia gitka cac tir la mgt bai todn nghién ciru ot 16i va co nhiéu umg dung trong xir
Iy ngon ngit tw nhién. Nhing nghién ciru dugc cong bo gan ddy thuong gidi quyét bai todn nay cho don ngir. Gan day, chimg kién
sw gia tang khong ngirng so hwong nhiing 1mg dung xir Iy tw nhién da ngon ngii, dat ra yéu cau can ¢é cdc ky thudt do luong dg
twong tir ngit nghia song ngit mot cach hiéu qud. Trong bdi viét nay, chiing t6i trinh bay mét s6 ky thudt do do twong tw ngit nghia
song ngit theo tiép cin nhing tir song ngit; dé xudt mot mé hinh mang noron xdy dung khéng gian vector biéu dién ngir nghia song
ngit; xdy dung b dit liéu chudn cho bai todn do dp twong tw ngit nghia song ngit Viét-Anh. Cudi cing, ching téi thuc nghiém va
danh gia cac ky thudt trén bo dir liéu da xdy dung.

Tir khéa— xur [y ngon ngir tw nhién, dé twong tw ngit nghia song ngit, nhung tir song ngir.
I. GIOI THIEU

Su tuong dong vé nglr nghia gitra cac tir (word similarity) dong vai tro trung tdm trong cach thirc con nguoi xu
1y tri thirc va 1a tiéu chi dé phan loai cac ddi tuong, xdy dung cac khai niém, biéu dién sy tong quat va triru tuong. Do
d6, word similarity dong vai tro then chét trong nhiéu tac vu xir Iy ngon ngit ty nhién (NLP) nhu truy van thong tin
(infomation retrieval); mo hinh ngdn ngit (language modeling); phan cum vin ban (document clustering); phat hién ké
thira van ban (recognizing textual entailment)...Do ludong d6 twong tu ngtr nghia mot cach hi¢u qua 1a mot thach thuc
cbt 161 trong xur 1y cac tai liéu van ban phi cAu trac cua linh vuc xu 1y dir liéu 16n (Big Data).

Phan 16n céc k¥ thuat duoc d& xuit cho bai toan word similarity 1a cho don ngtt, chung thuc hién do d6 tuong tu
ngit nghia cua cac cip tir trong cling mot ngdn ngir. Su phat trién cua nhitng tng dung xr Iy da ngoén ngit (multilingual)
dit ra yéu cau do luong do twong tu ngtr nghia cta cac cap tur song nglr (Cross-Lingual Words Similarity- CLWS).
Hién nay, CLWS la mot bai toan quan trong c6 g dung trong mot sd tac vu xir Iy ngon ngit ty nhién nhu dich may
(machine translation), tim kiém thong tin (information retrival) ciing nhu trong khai phé di liéu (data minning) [6].

Céc k¥ thuat word similarity lugng gia mirc d6 gidng nhau cua hai tir, hay dinh luong khoang cach nhan thic
gifta hai khai niém voi sy quan tim vé loai cta ching (vi du, tir “zrdu’ s rat twong ty véi tir ‘b0’ boi vi ca hai déu 1a gia
stc an c6 dugce con nguodi nudi dudng) hodc chirc nang cua ching (vi dy, tir ‘xe may’ s€ c6 d¢ twong tu 16n voi tur “xe
dap’ Vi ca hai déu 1a phuong tién ma con ngudi ding dé di chuyén). Nguoc lai, cac k¥ thuat do mic do lién quan ngir
nghia (word relatedness) quan tdm dén nhiéu loai quan hé khac nhau gifra cac tu, Vi du tr “6 t6 7 6 lién quan ngir nghia
V6i tir “xdng” nhung chung khong tuong tu v6i nhau vé nghia, béi vi gilta “6 16” va “xang” khong chia sé mot kiéu hay
chirc ning chung, tuy nhién giira ching c6 mdi quan hé chung, “xdng” 14 nhién liéu dwoc ding cho “6 16”. Khai niém
tuong tu (similarity) va lién quan (relatedness) khong loai trir, ddc 18p voi nhau. word similarity 1a trudng hop dac biét
cua word relatedness.

Noi dung tiép theo cua bai viét nay duoc ciu tric nhu sau: phén II trinh bay mot s6 k¥ thuat CLWS dua trén ky
thuat nhang tir song ngir (cross-lingual word embeddings); phan III, dé xuit mé hinh mang noron xay dung khong gian
vector biéu dién ngit nghia song ngir; phan IV, dé xuat bo dir lidu danh gia ky thuat CLWS cho cép ngdn ngir Viét-
Anh; phan V, trinh bay thuc nghiém trén cip ngon ngit Viét-Anh; cudi ciing 1a phan phén tich, két luan.

II. MOQT SO KY THUAT CLWS DUA TREN NHUNG TU SONG NGU

Nhiing k¥ thuat dugc dé xuét cho bai toan CLWS ¢6 thé dugc chia thanh ba nhém chinh: thir nhét, dwa trén Co
s¢ tri thirc (Knowledge-based), khai thac tri thirc tw dong tir cac tir dién dién tir (Machine — Readable Dictionaries) nhu
c4c tir dién ddng nghia, mang tir (WordNet); tht hai, dua trén kho ngit liéu (Corpus-based). Thur ba, dya trén nhing tur
song ngir (cross-lingual word embeddings), nhiing nghién ctru dugc cong bb gan day cho thdy, day la hudng ti¢p can
dic biét hidu qua cho bai toan CLWS. Trong bai viét nay, ching t6i trinh bay mét sé ki thuat CLWS cho cip ngén ngir
Anh-Viét theo hudng cross-lingual word embeddings.

A. Monolingual Embedding Models

Nhirng ndm gan day, phuong phap nhung tir don ngit hay word embeddings (Mikolov et al., 2013a; Pennington
et al., 2014) nhan dugc sy quan tim dic biét trong linh vue NLP. Mot s6 k¥ thuat nhing tir 14y cam hing tir mo hinh
ngdn ngir dua trén mang noron nhan tao (Neural Network Language Models). Cac mo hinh ngén nglt mang noron sé&
chuén doan cac tir ngit canh dya trén tir dugc cung cp. Vé truc gidc, nhimng tir co nghia tuong ty nhau thuong xuat
hién gin nhau trong van ban. Cac m6 hinh mang noron hoc cac nhung tr bat dau bang viéc khoi tao cac vector biéu
dién cac tir mdt cach ngiu nhién, sau d6 1ap di lap lai viéc luyén mang, tao cho vector cua tir nhing gan v6i vector biéu
dién céc tir 14n can, va khac cac vector biéu dién cac tir ma khong xuat hién & 1an can. Tiéu biéu nhét trong s6 cac ky
thuat nay duoc cho 1a word2vec do T. Mikolov va céc cong su dé xudt (Mikolov et al., 2013a). Ciing giong nhu cac mo
hinh ngdn ngit mang noron, mé hinh Word2Vec hoc cac nhung tir bing cach hudn luyén mang noron dé du doan cac tir



lan cén, v6i hai kién trac Skip-gram va Continuous bag of words (CBOW). Trong do, kién trc Skip-gram (Hinh 1) dy
doan (predict) cac tir 1an cn trong mot cira s6 ngir canh (context window) bang cach cuc dai hoa trung binh logarit cia
cac xac suat co dicu kién (cong thirc 1).
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—2 Xlogp(w,;|w) (D
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Trong d6 {w; :i € T} 1a toan bo tap huin luyén, w, 1a tir trung tim va w,, ;1a céc tir trong clra sO ngit canh.
Xéc sudt co diéu kién dugc dinh nghia bing ham softmax (cong thirc 2).
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Trong do6,v,, va V', 1a vector biéu dién cua trw, v,, 12 mot hang cia ma trén trong sOW giita 16p dau vao
(input) va 16p an (hidden), V', 1a mot cdt cua ma tran trong s6 W' gitra lop 4n va 16p ra (output) cua mang. Ta goi v,,

la vector dau vao (input vector) va Vv',, la vector dau ra (output vector) cta tir w.
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Hinh 1. Kién triic Skip-gram Hinh 2. Kién triic Continuous bag of words

Mot trong nhitng wu diém 16n nht cua ky thudt word2vec 1a chi can huin luyén véi ngir lidu tho. Khi st dung
kho ngir liéu 16, tap tir vung kha day du, c6 thé tinh duge do twong tw cia mot cap tir bat ky. Bén canh do, cac vector
biéu dién tir duoc tao ra sau khi huin luyén, ngoai kha nang do duogc do tuong tu nglr nghia con c6 thé duoc sir dung
trong nhiéu tic vu xtr Iy ngdn ngit khac. Nhugc diém ctia k¥ thuat nay 1a khong phan biét 16 tinh twong ty va tinh lién
quan cua cdp tu.

B. Cross-Lingual Word Embedding Models

Cross-lingual word embeddings (CLWE) 1a mé hinh biéu dién tir cho phép ching ta biéu dién ngir nghia cua tir
trong ngtr canh da ngén ngtr, n6 dong vai tro chinh trong tac vu chuyén ddi tai nguyén giita cac ngdn ngi (cross-lingual
transfer knowledge) khi phat trién cac tng dung NLP cho nhiing ngén ngir c6 it tai nguyén (low-resource languages).
Gan day, ching k1en su gia ting khong ngimg vé s lugng nhiing g dung NLP trén dit liéu da ngon ngir, cac g
dung nay doi hdi can ¢6 cac mo hinh CLWE hiéu qua. Cac mé hinh CLWE tao ra khong gian vector biéu dién tir da
ngdn ngit bang két nbi cac khong gian vector biéu dién tir don ngit.

Mo hinh Translation Matrix: do Mikolov va céc cong sy d¢ xudt ndm 2013 (Mikolov et al., 2013b) dya trén
tiép can xdy dung anh xa tuyén tinh (Mapping-based approaches). Nghién ciru nay da cho thiy, c6 sy twong dong vé
quan h¢ hinh hoc trong khong gian vector biéu dién tir cua cac tir gilta nhimg ngdn ngir khac nhau. Vi dy, mot so tir
thuoc chu d& dong vat trong tiéng Anh dugc biéu didn boi tap hop diém nhu trong tleng Tay Ban Nha (Hinh 3). Didu
nay cho thay rang, chung ta co thé chuyén dbi khong gian vector biéu dién tir ctia ngdn ngir ngudn s t6i khong gian
vectors biéu dién tir cua ngdn ngir dich ¢ thong qua viéc hoc modt anh xa tuyén tinh la mot ma tran chuyén
(transformation matrix) W. Ho sir dung 5000 cép tur song ngir pho bién trong hai ngén ngir ngudn va dich. Sau d6 hoc
ma trin W str dung thudt toan giam gradient dé cuc tiéu hoa ham 13i binh phuong nho nhat (mean squared error, MSE).

QMSEZZIH fo _xit ||2 3)

Trong do X, va X, 1a hai khong gian vector biéu dién cac tir mdi trong ngon ngit ngudn va ngdn ngir dich. Trong
nghién ctru cta (Xing et al., 2015) da chi ra ring, két qua hoc ma tran t6i wu W' dugc cai thién dang ké néu bd xung



rang budc tryc giao cho ma trén W (W. W' = 1). Trong trudng hop ndy, viéc tim W quy vé giai bai toan truc giao
Procrustes. Loi gidi toi uu co thé dat dugc thong qua phép phan tich ma tran singular value decomposition (SVD)
(cong thuc 4).

W" =argmin|| WX - X, |, =UVT (4)
WeO,(R)

Vi ULV =SVD(XgX7)

M@ hinh Bilingual Bag-of-Words (BilBOWA): do Gouws va cong su dé xuit nim 2015 (Gouws et al., 2015),
md hinh BilBOWA khong dung dir liéu tir giong hang tir (word alignments), n6 la mot mo rong cua skip-gram negative
sampling (SGNS) dé hoc CLWE. Thay vi dung dir liéu cap tir song ngir da dugc giong hang, mé hinh nay giai thiét mdi
tir trong mdt cu ngudn s& dugc gidng voi moi tir trong cau dich dudi mot md hinh giong hang thong nhat (uniform

alignment model). Do d6, m6 hinh nay thudgc nhém dya trén dir li¢u giong hang & mtrc cau (Sentence-Level Alignment
Methods).
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Hinh 3. M0 phong su giéng nhau vé twong quan hinh hoc giita cac tir thuc chit dé dong vat trong tiéng Anh va Tay Ban Nha [3]).

Thay vi cuc tiéu hoa khoang cach gitra tir i dugc giéng hang, mé hinh nay cuc tiéu hoa khoang cach trung binh
gitra cac bicu dién tir cac trong cau da duoc giong hang. Ham muc tiéu cua BIBOWA duogc x4c dinh nhu cong thure 5.
m
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Trong d6 x;° va x;' 1a cac vector embeddings cta tir w;’ va w;' trong m01 cau sent’ va sent' trong ngodn ngit s va t. Sir
dung SGNS nhu ham muc tiéu cho nhung tir don ngir, BIIBOWA cuc tiéu ham 13i nhu trong cong thirc 6.

Nl t—s
J=Lggns + Lsgns +2pisowa (6)

En monolingual En-Fr paraliel Fr monolingual
Hinh 4. MO0 hinh BilIBOWA [2]

M hinh BiSkip: duoc dé xuét boi Luong va cac cong su (Luong et al., 2015), md hinh nay str dung SGNS dé
du doan ngir canh (contexts) cua tir & ca ngdén nglt ngudn va dich. Khac vdi ti€p can cua BiIBOWA, BiSkip sir dung
SGNS dé¢ du doan nhu muc ti€u song ngir. M6 hinh nay dugc toi uu theo ham mat mat nhu sau:

J =Lsgys +Lsons + Lsons +Lsens (1)



I11. MO HINH MANG NORON

Trong nghién ciru nay, ching t6i dé xuit mot mo hinh mang noron gom ba 16p de hoc mot anh xa tuyén tinh tur
khoéng gian vector nhung tur tieng Vi€t vao khong glan vector nhitng tur tiéng Anh. Kién triic cua mang noron dé xuit
trong nghién ctru nay dugc minh hoa nhu hinh 5, gobm ba 10rp 16p dau vao (input layer) va 16p an (hidden layer) c6 kich
thude 1a d, 16p déu ra (output layer) c6 kich thudce k. Pau vao nhan x, la vector embeddlng cua tur tleng Viét, dau ra 1a
vector y, biéu dlen cho tur trong tiéng Anh twong g voi tir tleng Vigt da dugc giong hang. Cac trong so gitra 16p input
va hidden duoc biéu dién bing ma tran d hang k cot (Wyy), cac trong sb giita 16p hidden va 16p output duge biéu dién
bang ma tran k hang d cot (Wixq).

Input layer Outputlayer
6 Hidden layer 6
O @)
O O
¥
el W B
. .
@) O
O O
O k-dimension O
d-dﬁsion d@ sion

Hinh 5. Kién truc mang noron dugc d& xuét

Cho cip tir <v,e> trong ¢ cip tir Viét-Anh thudc tap hudn luyén, x, 1a vector biéu dién tir v trong tiéng Viét, 16p
hidden va 16p output dugc tinh nhu sau:

h=ReLU(x, W) (8)
y,=hW' (9)

Kién tric mang dugc dinh nghia va cac tham s6 duoc mo ta bang gia ma nhu trong thuat toan 1. Chung toi st
dung ham 16i Mean Squared Error (MSE) va thuat toan t&i vu Adam.

Thuét toan 1: thuat toan huan luyén mang

x=WE V  # word embedding Vietnamese

y=WE E # word embedding English

N # number of loops

model = torch.nn.Sequential(
torch.nn.Linear(D_in, H),

torch.nn.ReLU(),

torch.nn.Linear(H, D_out))

loss_fn = torch.nn. MSELoss(size_average=False)

learning_rate = le-5

0. optimizer = torch.optim. Adam(model.parameters(),

Ir=learning_rate)

11. for t in range(N):

12. y_pred = model(x)

13. loss =loss_fn(y_pred, y)

14. model.zero grad()

15. loss.backward()

16. optimizer.step()

IV. XAY DUNG BO DU LIEU TUONG TU NGU NGHIA SONG NGU

Bo dir lidu kiém tra do tuong tu nglr nghia song nglr cua tur (cross-lingual semantic word similarity dataset)
dong vai tro la cong cy dé danh gia cac ky thuat CLWS. Mac du Vay, c6 it nghién ciru vé CLWS cho tleng Viét duoc
cong bd. Theo sy tra ctru clia chiing t6i doi véi cac ngh1en ctru vé xir Iy ngdn ngit tw nhién tinh dén thoi diém hién tai,
chwa c6 nghién ciru ndo cong bd cic bo dir lidu danh gia cho bai toan nay. Do d6, ching toi thyc hién nghién ctru va
xay dung bo dir liéu danh gia cac k§ thuat CLWS cho cdp ngon ngir Vi¢t-Anh (English-Vietnamese Words Smilarity
Dataset - EVWSD).

SV kW=

Word similarity dugc thtra nhén rong rai trong viéc luong gia cac md hinh khong glan vector nglt nghia
(semantic vector space models) noi riéng va trong cic k§ thuat biéu didn ngit nghia ndi chung (semantic
representation techniques). Mot trong nhiing vén dé cdt 16 khi danh gia cac ky thuét word similarity 12 khong c6 mot
phep do chinh xac tuyét d6i cho céc k¥ thuat nay. Tinh twong tu dugc danh gia bang thang do sy dong thuan cuia con
ngtr(n Do d6, su tuong tu vé ngit nghia c6 thé thay doi theo ngir canh, nén tang vin hoa, nhan thirc chu quan ciia con
nguoi hodc theo thoi gian.

A. Lwa chon cdc cdp tir song ngiy



Tham khao bg dir li¢u twong tu ngir nghia song ngir cho c@p ngdn ngit Anh-Phap duogc cong b6 trong SemEval-
2017 vé Multilingual and Cross- lmgual Semantic Word Similarity (Camacho-Collados et al., 2017) va by dir liéu
Vsim400 do Kim Anh Nguyen va cong su cong bb (Nguyen et al., 2018). Chung t6i tién hanh xdy dung bd dir licu
VEsim400 v6i 400 cdp tor Viét-Anh d€ danh gia ky thuat CLWS cho cap ngdn ngir nay. Cac cap tr Anh-Viét dugc
chon lya dya trén nguyén tic:

- La cac tir dugc sur dung phé bién, 6 tin sb xuAt hién cao trong cac kho ngir liéu don ngir.

- Han ché dung céc tir da nghia.

- Céc tur trong cung mot cdp cung tir loai va thuéc mot trong ba tir loai danh tir, tinh tir hodc dong tur.
- béi voi tir tiéng Viét, ching t6i wu tién chon tr thuan Viét, tir don am tiét (so voi da 4m tiét).

-Bo dir liéu g6m 400 cap tu, trong d6 200 cap danh tir, 100 cap dong tr va 100 cdp tinh tur.

Tu 1 T2 Do twong tuw Tl T 2 Do twong tuw
dog cho 9.00 fly bay 9.10
dog dé 4.50 fly bau_troi 6.87
cat meo 9.00 hear nghe 9.10
language | ngon_ngw 9.70 locate dinh_vi 8.20
language | sdach 7.52 reply tra_loi 9.00
language | dién_thoai 2.45 smile cuoi 8.80
bird ga_trong 6.36 search tim_kiem 9.40
bird chim 9.20 sing hat 9.20
signature | chit_ky 9.45 happy hanh_phuc 9.35
pillow goi 8.55 happy buon 1.25
pillow giuong 7.20 intelligent | gioi 9.10
fill lap day 7.90 intelligent | ngu_dot 1.75

Bang 1. Mot sb cap tir Viét-Anh trong bo dit liéu
B. Pdnh gid dé twong dong ngiv nghia cdc cdp tiv

B dit liéu duoc chia thanh bdn tap con roi nhau, mdi tap gdm 100 cip tir Viét-Anh. Mai tap con duge 15 sinh
vién chuyén nganh cong nghé thong tin danh gla do tuong ty, day la nhirng nguoi c6 k1en thirc vé ngdn ngu c6 trinh
d6 tiéng Anh ¢ mure co ban. Vigc danh gia cua mdi ca nhan duge dién ra doc 1ap. Bé thuan loi cho nguoi danh gia,
chung t6i cung cap cho ho ban dich sang tleng Viét cua céc tir tiéng Anh trong bo dit li¢u. Thang do do danh gialatwr 0
tdi 10. Sau khi nhan duge két qua danh gia tir 15 nguoi, ching t6i tong hop két qua danh gia. Cudi cung, d6 twong
dong ngit nghia ctia mdi cip tir Viét-Anh sé& 13 gi tri trung binh do 15 ngudi danh gia doc lap.

V. THUC NGHIEM

Trong nghién ctru nay, chiing t6i tién hanh hai thuc nghiém: (1-NN) m6 hinh mang noron da dé xuét dé hoc mot anh xa
tuyén tinh tir khéng gian vector nhiing tir tiéng Viét vao khong gian vector nhiing tir tiéng Anh; (2-SVD) sir dung phan
tich ma tran SVD' dé tinh ma tran chuyén . Dé tao ra md hinh nhing tir don ngtr cho tiéng Viét véi mo hinh skip
gram negative sampling, ching t6i sir dung mét corpus gdm 21 triéu cau voi khoang 560 trigu token, str dung cong cy
vnTokenizer dé tach tir. P6i voi nhing tir tiéng Anh chung t6i s dung corpus BWLMB?. Céc vector nhiing c6 sb
chiéu 1a 300, thuét toan huin luyén loai bo cac tir xudt hién it hon 50 lan trong corpus, kich thudc cura s6 context 1a 3,
s6 mau negative (negative samples) 1a 10. Chung t6i sir dung 1000 cdp tu Anh-Viét phé bién duoc lua chon tir dién
Anh-Viét, Viét Anh’, tir d6 trich ra tir hai khong gian nhing tir don ngir hai ma trn dugc giong hang nhu hinh 6.

Mang noron tr1nh bay trong phan IIT cai dat st dung PyTorch mang nay duoc huan  luyén dé cuc tiéu hoa ham
16i MSE str dung thuét toan t6i wu Adam. Tdc d hoc 0=10", sé chiéu vector d=300, sé nat 4n k=150.

! https://docs.scipy.org/doc/numpy-1.14.0

2 https://code.google.com/archive/p/1-billion-word-language-modeling-benchmark/
3 https://github.com/
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Hinh 6. So dd tao ma tran word embedding giéng hang
Dé tinh d6 twong ty gitra cac cap tir, chung t6i sir dung d6 do khoang cach cosine.

u-v
[l v]

Bing 2. Do tuong tu ngit nghia mot sb cap tir dugc do boi ki thuat nhing tir song ngit

cosine(u,v)=

(10)

Tir 1 T 2 VEsim400 SVD NN
dog ché 9.00 9.33 8.56
dog dé 4.50 3.40 3.55
cat meo 9.00 8.22 8.43
language ngén nglr 9.70 9.85 8.86
language sach 7.52 3.20 5.75
language dién_thoai 2.45 2.10 1.87
bird ga trong 6.36 2.80 4.73
bird chim 9.20 5.60 6.40
signature chit ky 9.45 4.90 5.80
pillow 20i 8.55 8.89 7.60
pillow giuong 7.20 2.10 5.50
fill lap day 7.90 3.20 6.45

D¢ tuong quan Pearson 0.564 0.592
D¢ tuong quan Spearman 0.603 0.614
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Hinh 7. Két qua thuc nghiém véi bd dir liéu VEsim400

Béng 2 trinh bay Kkét qua do d¢ tuong ty ngir nghia trén mot sé cap tur cua bo dir liu VEsim400, biéu dd trong
hinh 7 biéu dién truc quan hiéu qua cua lugc do cai tién di d& xuat. Két qua thuc nghiém cho thdy rang mang noron do
chung t6i dé xuat c6 kha ndng sinh ra khong gian vector biéu dién tir song ngit t6t hon cho tac vu do ludong d¢ tuong tu
ngilr nghia, so v6i hudng tiép cén su dung phan tich ma tran SVD.

VL KET LUAN

Trong bai viét nay, chung t6i di thyc trinh bay mot s6 hudng tiép can cho bai toan CLWS, dé xudt mot mo hinh
mang noron nhan tao xay dung khong gian vector biéu dién ngit nghia song ngir. Dic biét, chung toi dé xuét bo dit ligu
VEsim400 dé danh gi4 cac k¥ thuat CLWS cho cip ngdn ngit Viét-Anh. Trén co sé nhimg nghién ciru va thyc nghiém
da tién hanh, chiing toi tiép tuc nghién ciru bai toan do luong do twong tw ngit nghia song ngit dwa trén cross-lingual
embeddings.



VII. LOI CAM ON

Bai viét ndy nhan duoc hd tro boi dé tai nghién ctru khoa hoc “Xdy dung hé théng dich tw dong hé tro viée dich
cdc tai liéu giita tiéng Viét va tiéng Nhdt nham giiip cac nha quan 1y va cac doanh nghiép Ha Ngi tiép cdn va lam viéc
hiéu qua véi thi truong Nhdt Ban”, chung t6i biét on su hd trg phwong tién, tai liéu va kinh phi trong khuén khd dé tai
nghién ctru nay. Ching t6i ciing rat biét on can bo phan bién kin vé nhitng nhan xét hiru ich ciia ho, gitp ching toi
hoan thién bai viét cua minh.
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Cross-lingual Semantic Similarity via Cross-Lingual Embeddings
Bui Van Tan, Nguyen Phuong Thai, Dinh Khac Quy

ABSTRACT- measuring semantic similarity between words is a core issue because important applications in natural
language processing. Former study on this problem almost to solve on monolingual. Recently, there has been an increase in
multilingual natural language processing applications that require there are powerful cross-lingual word semantic similarity
methods. In this paper, we present cross-lingual semantic word similarity methods based on cross-lingual word embedding. We
proposed a neural network model for constructing a cross-lingual word embeddings space. Construct a benchmark dataset for
evaluating these methods on Vietnamese-English; the last, which is experimental on the proposed dataset.



