DAIHOC BACH KHOA HANOI :
VIEN CONG NGHE THONG TIN VA TRUYEN THONG

Nghia twr virng va phan
giai nhap nhang tw

Vien CNTT &TT - Trwoong DPHBKHN



T ddng am

o TW dong am (Homonymy) la nhirng twr trung
nhau vé hinh thirc nglr am nhwng khac nhau
vé nghia

« Tlr d6ng ém,,déng tww (Homograph) : cac tw voi
cung cach viét nhwng co nghia khac nhau. Vi du:
* dove - dive into water, white bird
* Saw
« TUr dong am, khong dong tw (Homophone): cac tur
co cach viét khac nhau nhwng co cung am. Vi du:
* see, sea; meat, meet
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Phan loai ttr dong am tiéng Viét

- Dong am tr v&i tlr, gom:

« Dong am tr vwng: Tat ca cac tr déu thudc cung mot tir loai. Vi du:
. duong, (dap duwong) - duong, (dwdng phén).
« duong kinh, (Gworng dé an) - duong kinh, (...cla dwdng tron).
« cét, (cat vo) - cét, (cat tién vao ta) - cat, (cat hang) - cét, (cat rwou)

- Dong am tr vieng-ngl phap: Cac tlr trong nhém déng 8m véi nhau

chi khac nhau veé tw loai. Vi du:

« chi, (cudn chi) - chi, (chi tay nam ngén) - chi, (chi con c6 dam dong).
* céu, (nai vai cau) - cau, (rau cau) - cau, (chim céau) - cau, (cau ca)

« Pong am ti voi tleng cac don vi khac nhau vé cap do;
kich thwdrc nglr am cua chung déu khéng vuot qua mot
tiéng. Vi du:

« Con trai Van Céc lén dbc ban co, ~dwng lam /e cwdi khanh khach.
Con gai Bat Trang ban hang thit ech ngdi chau ch3u ndi wong
wong.
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Tl da nghia, dong nghia

* Tw da nghia (Polysemy): mét twr co thé co nhiéu nghia
ma cu phap chi giup phan biét nghia d/v cac ti loai
khac nhau ctia 1 t&r nhap nhang

* chi, (cudn chi) - chi, (chi tay nam ngodn) - chi, (chi con cé
dam dong).

“conduct” (noun or verb)
« John’s conduct in class is unacceptable.
« John will conduct the orchestra on Thursday.

» Dong nghia (Synonymy): 1a nhi¥rng tlr twong dong voi
nhau vé nghia, khac nhau vé am thanh. Vi du
. ¢O, gang
* car, automobile
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Nghia tw virng

* Nghia cua 1 twr 1a gi?
 Homonyms (cac nghia khac nhau)

 bank: financial institution
» bank: sloping land next to a river

» Polysemes (cac nghia co6 lién quan/gan nhau)
» bank: financial institution as corporation
* bank: a building housing such an institution

« Cac nguon nglr liéu d/v nghia tu:
* Dictionaries (thesaurus)
 Lexical databases
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Nghia tw virng

Nglr nghfa nghién cu y nghia cla cac phat biéu dang
ngon ngy
* Nghta tir virng (Lexical semantics) nghién curu:
. quan hé tir vieng: sw lién hé vé mat nglr nghia gilra cac
toe
« rang budc vé lwa chon: cau truc lién hé nglr nghia bén
trong cua tirng tw
* bao gém ly thuyét vé:
» phan loai va phan ra nghia cua tw
« sw gibng va khac trong cau tric tr veng — ngl¥ nghia gitra cac
ngon ngly
« quan hé nghia cua ttr v&i cu phap va nglr nghia cua cau.
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Cac wrng dung

« Dich may

« TOmM tat van ban

* Phan loai van ban

« Phan tich quan diém

* Quang cao huédng ngir canh

« POi sanh van ban

« May tim kiém

« Hé thdong héi thoai (dialogue system)

« H& thong hdi dap (question answering)

g ° m'CT VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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Rang budc vé lwa chon

« Cé rat nhiéu tr doi héi cac bd nghia (thwérng la cac Bong tir-
cac vi ttr). Cac bo nghia nay thuwdng la cac Danh tir va phai
thda man cac rang bubc vé lwa chon.

 Vidu:
* read (human subject, textual object)
« eat (animate subject)
+ Kkill (animate object)

« St dung vi tlr dé phan giai nhap nhang ?
« Mot kiéu thdng tin nglr canh la thdng tin vé kiéu cac bd nghia
ma 1 tr nhap nhang yéu cau.
» Cac vi tr khac nhau rng v&i cac nghia khac nhau
« wash the dishes (theme : washable-thing)
» serve vegetarian dishes (theme : food-type)
« Kiéu cac bd nghia cling c6 thé gidi quyét nhap nhang cho vi tt
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Panh gia vé cac rang budc

* Yéu cau liét ké day da trong dang may co6 thé doc duorc:
« CAu tric bb nghia cuia cac DBong tur.
- Céc rang budc vé lya chon cla cac bd nghia.
* M6 ta cac dac tinh cua cac tr dap wng dworc tiéu chi cua rang
budc vé Iwa chon.
« E.g. This flight serves the “region” between Mumbai and Delhi
* How do you decide if “region” is compatible with “sector”
« Sl dung T dién déng nghia hay Wordnet:
« gom tir déng nghia (Synonyms) va trai nghia (Antonyms)
« Twlop cha va twr [&p con
* D6 chinh xac:
* 44% on Brown corpus.
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Danh gia vé cac rang buoc

* Cac danh tur rleng (t€n ri€ng) trong ngilr canh cua 1 tir nhap nhang c6 thé xem
nhu dau hién xtr 1y nhap nhang rat manh.

E.g. “Sachin Tendulkar” will be a strong indicator of the category “sports”.
Sachin Tendulkar plays cricket.

e Céc danh tir riéng khong xuat hién trong thesaurus hay Wordnet. Ttr d6 cach
tiép can nay khong khai thac dugc cac dau hiéu manh cua cac danh tir riéng.
* P06 chinh xdc:
 50% khi dugc test trén 10 tir c6 nhiéu nghia trong tiéng Anh.

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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a vé cac rang budc

Panh g

« Yu diém
« Mot tiép can khéng phan tich cu phap.
« Cai dat don gian.
« Khéng yéu cau 1 bd di¥ liéu d/v ttr nhap nhang.

« Nhuwoc diém
« Cb thé gap dbi sanh thwa: kha nang bao trum tw 13 rat it.
» Khoéng st dung dwoc v&i cac tredng hop khong liét ké trong may.

« Cac danh tw riéng (ten riéng) trong nglr canh cua 1 t nhap nhang co thé
xem nhuw dau hién x& ly nhap nhang rat manh nhung cac danh tw riéng
khéng xuét hién trong thesaurus. T do6 cach tlep can nay khong khai
thac dwoc cac du hiéu manh cla céac danh tw riéng.

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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Panh gia vé cac rang buéc

« Van dé:
» Do6i khi rang budc lwa chon khong du chat (khi 1 tir co
nhiéu nghia)
» D6i khi rang budc qua chat — khi vi tlr str dung phép
an du. Vd, I'll eat my hat!

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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WordNet: Gi¢i thiéu

CSDL tr virng
« Xay dwng mot mang khdng 16 cac tir vieng va quan hé
gilra cac tw virng
« Wordnet tiéng Anh
* 4 |&p: danh tw, dOong tw, tinh tw, trang tw
« Danh tw: 120,000; Bong tw: 22,000; Tinh tw: 30,000;
* Trang tw: 6,000

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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WordNet: Gi¢i thiéu

« CSDL tw ving
« Wordnet cho cac ngdén nglr khac

[www.globalwordnet.org]

 Co wordnet cho cac ngon ngir: Tay Ban Nha, Tiép, Ha Lan,
Phap, D, Y, B6 Dao Nha, Thuy pién, Basque Estonian

« Wordnets dang dwgc 1am cho cac tiéng: Bulgary, Pan mach,
Hy lap, Hebrew, Hindi, Cannada, Latvian, Moldavy, Romany,
Nga, Slovenian, Tamil, Thai lan, Tho Nhi Ky, Ireland, Nauy,
Ba tw, Iran

VIEN CONG NGHE THONG TIN VA TRUYEN THONG

14



Tap tr dong nghia
Synonym Sets - Synsets

» Tt ¢c6 nhap nhang

« Cac nut trong Wordnet biéu dién tap tir dong
nghia “synonym sets”, hoac synsets. Vi du:
» Fool: 1 nguwoi dé bj loi dung
 {chump, fish, fool, gull, mark, patsy, fall guy, sucker,
schlemiel, shlemiel, soft touch, mug}

e Synset = tap khai niém

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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Cac quan hé khac trong WordNet

« Céc tr ndi theo chiéu doc biéu dién quan hé rong (holonymy) -
hep (hypernymy), theo chiéu ngang biéu dién quan hé bd
phan meronymy (part_of) va holonymy (has_part) .

. M0| nghla cua tw dwo’c biéu dién bang 180 synset
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G | | *4 - wordnet similarity P| @ B~

WordNet::Similarity

Read an overview of WordNet::Similarity.

You may enter any two words in one of three formats:

1. word
2. word#part of speech (where part of speechisoneofn v a orr)
3. wordépart of speech#sense (where sense is a positive integer)

If words are entered in format 1 or 2, then the relatedness of all valid forms of the words will be computed (e.g. if 'dogs' is entered, then 'dog'
will be used to compute relatedness). More instructions.

Word 1: ' | ® Useall senses () Pick a sense by gloss ' Pick a sense by synset
Word 2: | | ® Useall senses ' Picka sense by gloss ' Pick a sense by synset
Measure: Path Length v | About the measures

_ Use root node?
Compute Clear

Show version info

Created by Ted Pedersen and JTason Michelizzi
F-mail tpederse (at) d (dot) umn (dot) edu

L a— smem=  \[[EN CONG NGHE THONG TIN VA TRUYEN THONG
Bl SCICT " :



Po quan hé tv vwng

« Dém sb canh/dinh trén db thi:
» khoang céach gilra 2 tw ti 1€ nghich v&i quan hé ngly
nghia gitra chung
- Néu gilra 2 tlr c6 nhiéu dwdng di, chon dwdng ngan
nhat

@) O so canh = 3

./ sO nut = 4
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Cé&p tlr nao gan nhau hon?
* ca heo va ca?

e ca va ca hoi?

WordNet Similarity Metrics:
http://marimba.d.umn.edu/cqgi-bin/similarity/similarity.cqi

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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=) Similarity - Mozilla Firefox

Tép () cChinhistra Hifnthi  Lichs® Tranguathichib) Clngcu  Tedgidp

4 Inbiox (6,371} - huongthanbi@grail. com | . Similarity x |&F
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% WordNet::Similarity

Eead an overview of WordIet: Similanity

Tou may enter any two words i one of three formats:

1. word
2. word#fpart of speech (Where part of speechis one ofn, v, a, ort)
3 wordfipart of speechifsense (where sense 15 a positive integer)

Fwords are entered m format 1 or 2, then the relatedness of all walid forms of the words will be computed (e g, f 'dogs' 1z entered, then 'dog’ will be used t¢
relatedness). IMore mstructions.

Word 1 éwha_l_n_a | ® Tse all senses O Pick a sense by gloss O Pick a sense by synset
Word 2 figh | @ Tse all senses O Pick a sense by gloss O Pick a sense by synaet
Ileasure: : Path Length v | About the measures

TTze root nodi Use All Measures

@ Leacock & Chodorow

~_WWu & Palmer
chow version infe Resnik
Jiang & Conrath
Lin

Cmat.Ede Ton Bt Adapted Lesk (Extended Gloss Owvetlaps)
E-mail: tpederse (at) R T

Gloss Wectars (painwise)
Hirst & S+0Onge
Fandom Measure
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Phan gidi nhap nhang va dém canh

 whale#n#1

« 1 nguwoi rat Ion (vé kich thuwéc hodc pham chat)

e fish#n#3

e (thién van hoc) nguwdi dwoc sinh khi mat trdi ¢ vi sao Pisces

Sy Person

k\
tall/large person ﬂ/

() Pisces (fish)

Giant (whale) /\J Path Length = 4

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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Phan gidi nhap nhang va dém canh

C{ertehrate
aquatic
mammal ({ C\%Ertﬂhrate
pla-:ental;é ) fish

aquatic |

animal ,i\H

cetacean p.
&
|
|
|

whale D

Path length = 8
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Nhwoc diém cta WordNet trong
tinh quan hé nglr nghia

* PO do quan hé ngr nghia WordNet dwa trén cac
gia thiét sau:
« Moi canh trong do thi c6 dd dai bang nhau
« Céac nhanh trong do thi cd cung dé dam dac
- TOn tai tat ca cac quan hé ngoai dong tur

»Kkhong dang tin cay

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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Cach tiép can dua trén ti dién

» Cac tr dién dién t& (Lesk ‘86)
« Cho biét y nghia clia cac tir trong nglr cadnh cu thé noi
dung (vd., I've often caught bass while out at sea)
« So sanh sw chdng chéo cla cac dinh nghia vé nghia
cua tw (bass,: a type of fish that lives in the sea)
« Chon nghfa tring nhau nhiéu nhat
» Han ché: dwdng dan dén tir ngan = mad réng
cho cac tw lien quan

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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Cach tiép can hoc may

» Hoc viéc phan loai dé gan tr v&i mét trong cac
nghia cua né
* Tich lQy tri thtre tr tap ngl liéu co hoac khéng gan
nhan
» Con nguwoi chi can thiép vao tap ngl liéu gan nhan va
lwa chon tap dac trwng st dung trong viéc huan luyén
* Vao: vecto dac trung
« dich (ttr can phan giadi nhap nhang)
» ndi dung (cac dac trung co thé dung dé tién doan
nghia dung)

* Ra: cac luat phan loai cho van ban moi

nl—-— VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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Cac dac trweng s dung trong WSD

e Cac thé POS cua ttr va cac ttr 1an can
« C4c tlr 1an can (co thé 1ay goc tr hodc khéng)
« Dau cham, viét hoa, dinh dang
« PTCP bd phan dé xac dinh vai trd ng¥ phap va quan hé
gitra chung
« C4c théng tin vé dong xuat hién:
« T va céc tlr 1an can cda né céd thwdrng dong xuat hién khéng

« POng xuat hién cda céc ti lang giéng
« Vidu: sea cé thwdng xuy@n xuat hién véi bass khong

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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Vi du

« TOI an com voi ca.
« DT DgT DT GT DT
* (C (CN (baT Téi)) (VN (BgN (BgN (BgT an) (DT com)) (GN (GT
voi) (DT ca)))))
« Em bé chi thich an keo théi.
« DTTTTTDgT DT PT
* (C (CN (DT Em bé)) (VN (TN (TN (TT chi) (TN (TT thich) (BgN
(DgT an) (DT keo)))) (PT théi))))
« N6 &n nhiéu hoa héng qua.
e DaTbgT TITDTTT
« (C (CN (PaT Né)) (VN (BgN (BgN (BgT an) (TT nhiéu) (DT hoa

hong)) (TT qua))))
 ToI tén la Hoa.

VIEN CONG NGHE THONG TIN VA TRUYEN THONG

30



Cac kiéu phan loai

- Naive Bayes: Nghia tot nhat 1a nghia c6 kha nang xay ra
nhat v&i 1 dau vao cho trwéc
o AIYMAX o argmas p( IE}:E'{S]
seES seS pr)

« trong d6 s la 1 trong cac nghia va V la vector dau vao clia cac
dac trung

« Chico it di¥ liéu co théng tin vector két hop v&i nghia

« Gia st cac dac trung la doc lap, p(V|s) la tich xac suat cla cac
dac trung

P H=T1 PG 15
F=1
« p(V) giong nhau v&i moi § (khéng anh hwdng dén xép hang cudi
cung)

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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Cac kiéu phan loai

- Naive Bayes : Nghia tot nhat la nghia cd kha nédng xay ra
nhat v&i 1 dau vao cho truéc
« Khidd 4
s=argmax 2(5) IT P(v j[5)
seS j=1
. P(s) la xac suat tién nghiém cta nghia s = xac suat

cua nghia s trong tap di¥ liéu gan nhan
* P(v, s) = dém sO lan xuat hién cua v di voi s

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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Hoc may xac dinh tap tir dong
nghia

» Phwong phap phan tich nglr nghia tiém an:
« LSA (Latent Semantic Analysis)

X u ) VT
(dj) (d;;'}
+ )
I L1n m T
o . 0 [ Vi ]
(tT) — = {tT] — u, W Do, -
0 ... o [ Vi ]
L, 1 Lo, 1

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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Hoc may xac dinh tap tir dong
nghia

 Phwong phap phan tich nglr nghta tiém an:
* LDA (Latent Dirichlet Allocation)

a is the parameter of the Dirichlet prior on the per-document topic distributions,
5 is the parameter of the Dirichlet prior on the per-topic word distribution,

8; is the topic distribution for document /,

@i 15 the word distribution for topic K,

zi; 1s the topic for the jth word in document 7, and

Wy Is the specific word.

00

i ]

VIEN CONG NGHE THONG TIN VA TRUYEN THONG



TopicO:
cstag
credit
agenttag
interest
pay
time
payment
low

rate

use

Vi du dau ra ctia LDA

Topicl:
cstag
agenttag
credit
interest
pay

low

rate
time
payment
charg

Topic2:
cstag
agenttag
credit
interest
time
payment
pay

rate

low

use

Topic3:
cstag
agenttag
credit
interest
pay
time
low
payment
rate

use

VIEN CONG NGHE THONG TIN VA TRUYEN THONG

Topic4:
cstag
agenttag
credit
interest
paymemnt
pay
time
low

rate

use

Topich:
cstag
agenttag
interest
credit
pay
time
low
payment
rate

use

Topice:
cstag
agenttag
credit
interest
pay
payment
time
low

use

rate

Topic7:
cstag
agenttag
interest
credit
pay
payment
time
rate

low

use

Topics:
cstag
agenttag
credit
interest
pay
time
low
payment
use

rate

Topic9:
cstag
agenttag
credit
interest
time
low
payment
rate

pay

use
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Hoc may xac dinh tr dong nghia

* Word embeddlng cac ky thuat hoc mo hinh
ngon ngr va hoc dac trung voi m0| t/cum tw
dwoe biéu dién bdi 1 vector cac sb thuce trong
khong gian tw ving

 Nhac lai cac phwong phap biéu dién trudc thoi
Word embedding:

* One-hot encoding
 Co-occurrence matrix

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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One-hot encoding

« Tap dir liéu:
« T6i dang di tim mét_ntra cia minh
« TOi da an moét_ndra qua tao
« TOi da di tim moét_nwa qua tao
« T dién V= {t6i_1,dang 2, di_3, tim_4, mét-nra_5, cua_6,
minh_7,da 8,an_9, qua 10, tao_11}
« Biéu dién tw

Toi =[10000000000
dang=[01000000000
minh=[00000010000
tho =[0000000000 1

 Nhwoc: ton tai nguyén, khdng thé hién dwoc lién hé nglr nghia
gilra cac tw

(o =n|—-— VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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Co-occurrence matrix

. “Ban sé& hiéu mot tr qua cac tir di cung voi no”

@yéu_tint
eyéu_chiéu eyéu_kiéu en{r_than_tin
lyéu_thich .
ey&u_mén &than_tinh_yéu
. -f.yéu_dc‘ji'/
€yéu_chudng ~ «chitng_td_tinh_yéu
sbay_to_tinh_yéu  @bla_yéu
sthan_yéu

® cyél‘i@chéng

syéu_nudc_phap
@
= syéu_em
eyéu_sach eyEu

akhoi_goi_tinh_yéu Q‘con_gguﬁi_yéu edé_tai_tinh_yéu

.
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T6i dang di tim mét_ntra cua minh

Co-occurrence matrix  19idaanmot nia qua téo

T6i da di tim mot_nira qua tao
e MUrc van ban cho thong tin chung ve cdc chll dé hWwOng tO'i cAc phPO'ng phdp LSA
o MUrc clPa s6 tUP cho thong tin Vé ca chlc nang cl phép cUa ttr va ng(P nghla.

Counts i dang di tim |mdt_nka| cha | minh da im gua o

] 0 1 0 0 0 0 0 2 0 0 0

dang 1 0 1 ] 0 0 0 0 B | o0 0

di 0 1 0 2 0 0 0 1 0| 0 0

tim 0 0 2 o 2 0 0 0 o 0 0

mit_nira 0 a 0 2 0 1 L] 0 1 2 L]

ciia 0 0 0 i 1 0 1 0 0 | O 0

mink 0 a 0 O 0 1 0 0 0 0 0

da 2 0 1 a 0 0 0 0 1 0 0

an 0 0 0 1 1 0 0 1 0 0 0

gud 0 0 0 0 2 0 0 0 0 0 2

‘ tao 0 0 0 i) 0 0 L] 0 o 2 0

E » ""' VIEN CONG NGHE THONG TIN VA TRUYEN THONG
Thgun';"kﬁao Ihps //forum.machinelearningcoban.com/t/hoc-bieu-dien-ngon-ngu-cho-may-tinh/299 40



Co-occurrence matrix

» Ghi nhan dwoc thdng tin ddng xuat hién cla cac
twr trong di¥ lieu hoc

- Van dé :
« Chiéu cla vector tang theo kich thuwdc tir dién.
« Can khéng gian nhé 1&n dé lwu thong tin.
« Cac mo hinh phan loai sau do dwa trén cach biéu dién
nay sé gap phai van dé bieu dién thwa (sparsity
iIssues).

- Giai quyét: Singular Value Decomposition

(o =n|—-— VIEN CONG NGHE THONG TIN VA TRUYEN THONG

Tham Khao- Ihp's://forum.machine/earningcoban. com/t/hoc-bieu-dien-ngon-ngu-cho-may-tinh/299 41




Word embedding

 Thay vi lwu thong tin xuat hién cua cac tw bang cach dém truc tiép

nhw ma tran dong xuat hién, word2vec hoc dé doan ti lan can
cua tat ca cac tur.

 Phuong phap:
 Doan céc tir 1an can trong ctra s6 m cla moi tu:

« V&imbitrt=1 ... T, dodn cac tr trong clra sd ban
kinh m cua tat ca cac tw

Pw_ | Wr_:]___ P P(wesa | we)
— — : et
/ P(wi-y | i P(Wesq | W)
¥ vl "
problems  turning into crises  as

L I 1 |
L
T T i d

outside context words center word outside context words
in window of size 2 at positiont in window of size 2

VIEN CUNG N@HE IHUNG 1IN VA IKUYEN THUNG
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Ham muc tiéu

For each positiont = 1, ..., T, predict context words within a

window of fixed size m, given center word w;.
T

Likelihood = L(@) =l [ l l P(wt.,_j | we; 8)

t=1 —msjsm

Jj=#0
A is all variables _

to be optimized
l [ sometimes called cost or /oss function 1

The objective function J(@) is the {auerage] negative log likelihood:

I
J(H)=—FlﬂgL(ﬁ)———Z ). 108P(Wej | wii6)

= —mﬁjﬂm

..Ham gia (loss/cost function)

== V|EN CONG NGHE THONG TIN VA TRUYEN THONG
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Word embedding

INPUT PROJECTION OUTPUT INPUT PROJECTION OUTPUT

wit-2) |wit-2)

w(t-1) | wit-1)
L SUM |

— s )
| wit) wit) | =
. - L
[wt+1)

L] ||
w(t+2) CBOW Skip-gram Twz;

N\

wit+1)

CBoW: Skip-gram:
*Cho cac tlP ng(F canh *Cho tW dich
*Dodn x4c sult cla m@t tt dich *Dodn x4c sult cla cac tp ngp canh

/ £ ;
g o= smem  VIEN CONG NGHE THONG TIN VA TRUYEN THONG
aach 3‘\)'!. | ' ‘
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Word embedding

» Cac phién ban:
 Gensim: dau vao la cac tir. Tot hon Fasttext & khia
canh ngr nghia
* Fasttext: quan tam dén cau truc tir > tach tr thanh
cac am tiét. Tot hon gensim & khia canh cu phéap

 Nhuwoc diém:

. Khong thé hién dwoc sw dai dién theo ngl¥ canh cu
thé cua ti trong trng Iinh vwe hay van canh cu thé
- BERT

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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word2vecVN

Search by
gian * label

13 matches.
tirc_gian
gian
gian_di
ndi_gidn
néng_gian
gian_dbi
gian_hon
cau_gian
choc_gian
hon_gian
ha_gian
cam_gian

oan_gian

&

r

B SOt BB RIS BTN
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Bidirectional Encoder Representations from
Transformers (BERT)

» Bert 1a mé hinh biéu dién ngén ng cla
Google, su dung pre-training and fine-tuning
dé tao ra cac md hinh hién dai cho nhiéu tac
vu: Question Answering, sentiment
analysis,.....

« BERT huan luyén thdng qua ngir canh 2 chiéu
cua Transformer

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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BERT

* [nput: 1 cau hoac 1 cap cau (vi du: [Cau hdi, cau tra
15i])

# W L W *, o W o ™ - #

input o5 || my || dog is ( cute || (SEP) || he [ likes ][ play || ##ing ] [SEP)

Token

Embgddmgg E|1.'-Ij.| EI"'r E-r:bq Ea Er.u.le E:EiLI-' Ehe EIlH-IH. Er.lhn.I 3 ng E,hu-|
+* * * * * +* + & + - +

Segment

embeddings | Ea || Ea [[Ea [[Ea || Ba || Ea || || G 1| G| Bs || B
+ + + + + + +* -+ + +
E || B E, || & || E Es E || E Es & Eio

VIEN CONG NGHE THONG TIN VA TRUYEN THONG




BERT

- Positional embeddings: vi tri token trong cau, toi da
512 tokens.

- Token embeddings: cac token cua xau dau vao.
Token dau tién 1a [CLS]. Token két thuc cau la [SEP].
Trong task phan loai, dau ra cua Transformer (hidden
state cudi cung) (rng v&i token nay 1a gia tri phan loai.

* Segment embeddlngs phan biét 2 cau trong trwo’ng
ho’p dau vao la cap cau, cau Ala cac gia tri 0, cau B 13

cacgiatri 1.

VIEN CONG NGHE THONG TIN VA TRUYEN THONG




Kién tric BERT

« BERT st dung bd ma héa Transformer 2 chiéu nhiéu 1&p.
L&p self-attention thwe thi self-attention theo ca 2 huéng

« Google cdng bd 2 dang ctia md hinh:
« BERT Base: 12 layers (transformer blocks), 12 attention
heads,110M parameters

 BERT Large: 24 layers (transformer blocks), 16 attention heads,
340M parameters

e e — g
-
= = = = =
- . = = =
- 4 -4 ¥ ; b
- = o o a
E ] I.'I -
- - .-
m m m
N, S R, SR N S
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Huan luyén BERT

 BERT dwoc pre-training s dung 2 tac vu dw
doan khong giam sat
 Masked Language Modeling (MLM)

empocamg— W11 w2 ] ws ] (S [ ws ]
to vocoab + T r
softmax
l Classification Layer: Fully-connected layer + GELU + Norm
I [ I I
(o) (o) (o) (o] (e

Transformer ancoder

e

Embedding | I I I

Tllﬂ:zl{v::][wf*ﬂllv:s]

{) o=~ pgomem \/EN CONG NGHE THONG TIN VA TRUYEN THONG
aach 3‘\}'!. | ' '



Huan luyén BERT

* Next Sentence Prediction (NSP)

- BERT st dung cac cap cau lam di liéu train. Vi du:
S dung bo dir lieu 100.000 cau dé pre-training 1 mé
hinh ngén nglr => ¢4 50.000 mau train (c&p cau) lam
dir liéu train

* V&i 50% cac cap, cau thtr 2 sé la cau tlep theo cho
cau th&r nhat. Cac nhan nay ky hiéu 1a “IsNext”

* V&i 50% con lai, cau thir 2 sé la mot cau ngau nhién
tr bo dir lieu. Cac nhan nay ky hiéu la “notNext”

* Note: Khi train m6 hinh BERT thi MLM va NSP
dwoc train cung nhau dé giam thiéu 10i

VIEN CONG NGHE THONG TIN VA TRUYEN THONG




BERT

Input: [CLS] ngudi dan_ong lam [MASK] tai cra_hang [SEP] anh_ta rat [MASK] va
than_thién [SEP]

Label: isNext
Input; [CLS] ngudi dan_ong lam [MASK] tai ctra_hang [SEP] c6_ta dang cam suing [SEP]

Label: notNext

VIEN CONG NGHE THONG TIN VA TRUYEN THONG




L_ai
L)) El=]w])- (=)
BERT
=]~ (e dlem]l=]- [=]
O
=) =100 (5]

Santenca 1 Sentanca 2

(a) Sentence Pair Classification Tasks:
MMLI, QQP, QMLI, 5TS-B, MRPC,

RTE, SWAG
StartEnd Span
00—
CE)- Gl=)lr)- )
BERT
=] [l [5]

B e oo s s o

EE- =00 )
L_T__J

Duestion Paragraph

HONG
(c) Question Answering Tasks:
SOuAD v1 4

MOt sO mO hinh st dung BERT

Class
Labal

BERT
B I E || . i By
pss | Tok 1 ok 2 Tok N
I
T
Single Sentanca

(b} Single Sentence Classification Tasks:
835T-2, GGL.H

B-PER -
BERT
-1=] - [=
[CLE] I{ Tak1 ii Tok N
5II‘Ig|E'3EIH1.E'HGE

(d) Single Sentence Tagging Tasks:
CoNLL-2003 NER
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WSD va IR

* IR (Information Retrieval) : tim kiém théng tin

* Motivation
- Pong @&m = Bank (ngan hang, séng)

* Da nghla Bat ((cau lac bo choi cricket), (cay vot
nhé co tay cam dai dé choi bong ))

« Pong nghia = doctor, doc, physician, MD, medico
» Nhirng van dé trén anh hwéng dén IR nhu thé
nao?
- Pong am va da nghia c6 xu hwéng gidam dé chinh xac
- Pong nghia: gidm dd phu

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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2 rng dung cua WSD trong IR

« Tim kiém dwa trén cau truy van (Voorhees, 1998):

» St dung WSD dé mé& rdng cau truy van: phan giai nhap nhang
cau query va bo sung vao cac tw co nghia réng hon.

« S dung WSD dé danh chi so khai niém: phan giai nhap nhang
tap tai liéu va xay dwng chi s cho tap synset thay vi cho tap tir
g6c

* MG hinh khong gian vector: tim do twong ddng cosin gilra cau
truy van va maoi vector tai liéu

« Danh chi s6 khai niém
« Trong cac thi nghlem vector dwya trén nghia thiwe hién kém hon

vector dwa trén twr goc
« Ly do: 16i phan gidi nhap nhang

 trong thu thdp van ban, va
« cac cau query ngan do thiéu néi dung

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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2 rng dung cua WSD trong IR

* M& réng query
« Khéng kha quan
- Nhung, phan gidi nhap nhang va mé rong truy van
thu cé6ng dem lai két qua tot
* Vi du:
* furniture: table, chair, board, refectory(specialisations)
* “Chi c6 moét vai tlr vieng lién quan la co6 ich trong viéc
ma& rdng cau truy van, vi dwdng dan I&p cha gilra cac
tw trong WordNet khéng phai luc nao ciling dem lai 1
mao rdng truy van 1 cach hiru ich”

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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Do chinh xac cua WSD va IR

« Tap di¥ lieu danh gia WSD: SensEval va SemCor

« Cach khac dé tao ra di¥ liéu gan nhan: Pseudowords

« Lay 2 tir (ngdu nhién) cé cung tw loai, va thay the cé 2 bang 1 ti
nhan tao. Vi du, 'door' va 'banana’ co thé thay thé trong tap nglr
liéu bang twr 'donana

* D0 chinh xac cua WSD: xac dinh dwoc méi trwérng hop cua
donana cu thé 1a 'door* hay 'banana’. (Yarowsky, 1993)

(Sanderson 1997) cong bd: thém nhap nhang vao cac
query va két qua it co anh hwdng dén dd chinh xac cla

viéc tim kiém so v&i anh hwéng cia 16i phan giai nhap
nhang trong tap két qua

» chi c6 16i phan gidi nhap nhang murc thap ( < 10%) méi tot hon
phién ban IR don gian dwa trén tlr goc.

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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Do chinh xac cua WSD va IR

» Tai sao da nghia/ddng &m khéng phai van dé Ién
nhw ta nght:

e Tac dong cua su dong xuat hién tw truy van: cac tw
trong cau truy van tw né da phan giai nhap nhang

* Sy phan bo nglr nghia: ap dung cho cac mién trng
dung cu thé

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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Do chinh xac cua WSD va IR

« Tlr dong nghia c6 anh hwéng I&n hon:

« Gonzalo et al. (1998 1999): s dung SemCor (tap
ng liéu Brown voi cac theé nghia cua WordNet) cho
thay néu phan giai nhap nhang co6 dd cx = 100%

« Péanh chi s6 nghia (vd synset number) c6 dd cx IR = 62%
« Panh chi s6 nghia cla ti (vd canine1) c¢6 d6 cx IR = 53.2%
« Danh chi sb tlr gbc c6 dd cx IR = 48%

« Gonzalo et al. cho thay do cx toi thiéu 90% vé&i WSD
cho IR 1a quéa cao. Gan 60% tlr gia khéng hoat dong
giéng nhw tlr cd nhap nhang that.

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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Bal tap

1. Tim kiém 1 m& nguon/thw vién LDA trén github,
cai dat va chay tht véi 1 tap ng liéu tieng
Anh:

« Patsb topic la 10. In ra man hinh cac t khoa dai
dién cho twng topic.

2. Tim kiém 1 ma ngudn/thw vién word2vec cho
tiéng Viét trén github, cai dat va chay thu:

«  Tim t ddng nghia v&i mot sb tir cho truwdce
- Do dd twong dong gitra 2 cau tiéng Viét

VIEN CONG NGHE THONG TIN VA TRUYEN THONG
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