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MO AU

Trong bat ky x& hoi nao con nguoi ludn ¢ nhu cau dugc giao tiép va thé hién, hinh
thire dugc sir dung pho bién d6 1a dién dat bang ngén ngit. Ngdn ngit st dung tir ngit hoic
dau hiéu dé dién ta duoc thé hién qua ldi n6i, chit viét hodc cac hinh anh. Véi su bung nd
cua Internet va cac trang mang xa hoi, cac trang web tai liéu, sach bao, cac trang san pham,
email,.. mot luong 16n dir liéu vin ban cua ngdn ngir dugc tao ra mdi ngay. Bé gitp may
tinh hiéu dwgc nhirng di liéu nay 1a cdng viéc quan trong dé hd tro hodc quyét dinh dya
trén ngon ngtr.

Xt 1y ngdn ngit ty nhién nghién ciru sy twong tac bang ngdn ngir ty nhién gitra may
tinh va con ngudi. Trong thyc té, viéc sir dung cac k¥ thuat xir Iy ngdén ngit tu nhién dé xur
1y va phan tich dit liéu vin ban (ngdn ngir tu nhién clia con ngudi) rat pho bién, chang han
nhu cac mé hinh ngdn ngit trong hay cac mé hinh dich may. Dé c¢6 thé xay dung cac phuong
phap xtr 1y ngdn ngir thi trudc tién chiing ta can quan tdm dén viéc biéu dién ngdn ngir ty
nhién nhu thé nao. Mot s phuong phap biéu dién ngon ngit dd dugc gidi thiéu dugc st
dung trong cac nhiém vu xt Iy ngdn ngit tu nhién nhu: sy xuat hién (Presence) va tan suat
xuat hién (Frequency), mé hinh ngdn ngit (n-gram), théng tin nhan tir loai (Parts of
Speech), thdng tin phan tich ngit phap (Syntactic parsing), biéu dién véc to tir (Word2Vec),
nhang ky tu (Character Embedding), mang ngir nghia (WordNet), mang tir dién quan diém
(SentiWordNet), v.v. Cac phuong phap biéu dién ngdn ngit nay gilp trich xuat cac dac
trung tir ngodn ngtr su dung cho cac md hinh xur ly ngbn ngir tu nhién gidp nang cao hiéu
qua cho cac phuong phap phan tich. Do d6, nghién cttu vé cac phwong phap biéu dién ngdn
ngit nham tim ra cac dic trung hitu ich cho bai toan NLP 1a nhiém vy quan trong.

Gan day, Google Al gigi thiéu md hinh ngdn ngit BERT duoc coi 1a mot budce dot pha
I6n trong hoc may vi kha ning ing dung ciia nd vao nhiéu bai toan xu ly ngén ngit tu nhién
khéc nhau vai két qua rat tot. Tiép theo d6, PhoBERT ra doi nham xay dung mé hinh ngén
ngir BERT riéng cho tiéng Viét véi két qua tot nhat cho nhiéu bai toan xur Iy ngbn ngir tu
nhién tiéng Viét. Vé6i su phat trién cua cac trang mang xa hoi va cac trang danh gia san
pham, dit liéu binh luan khen ché cua khach hang dang gia ting mot cach nhanh chéng tao
thanh kho dit liéu danh gia khong 10. Viéc hiéu xem khach hang danh gia vé mot san pham,
dich vu hay van d& dugc quan tdm I3 tich cuc hay tiéu cuc 1a nhiém vu duoc cac nha nghién
ctru quan tdm trong nhirng thap nién gan day va da c6 nhiéu ¢ng dung trong thuc té. Chinh
vi nhiing 1y do d6, em chon dé tai « Tim hiéu mé hinh PhoBert cho bai toan phan loai quan



diém binh luan Tiéng Viét ”nham tim hiéu cac phuong phap méi biéu dién cho ngdn ngit
tiéng Viét va ap dung no cho bai toan phan loai binh luan tiéng Viét. B an thiét ké gdbm 3
chuong: Chuong 1 M6 hinh BERT trinh bay vé mé hinh BERT va cac khai niém lién quan,
chuong 2: M6 hinh PhoBERT trinh bay vé cac tim hiéu cho mo hinh PhoBERT, Chuong
3: Ung dung PhoBERT cho bai toan phan loai binh luan tiéng Viét trong d6 trinh bay vé
bai toan, cong cu str dung va cac cai dt thir nghiém, cudi cung 1a phan két luan.
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https://rajpurkar.github.io/SQuAD-explorer/

CHUONG 1. MO HINH BERT
1.1. Khai niém

BERT ( Bidirectional Encoder Representations from Transformers ) la mot mé hinh
ngdn ngir ( Language Model ) dugc tao ra boi Google Al va dugc gidi thiéu vao nam 2008.
BERT duogc coi nhu 1a dot phé Ion trong Machine Learning bai vi kha nang trng dung cua
né vao nhiéu bai todn NLP ( Natural Language Processing ) khac nhau: Question
Answering, Natural Language Inference, ... v&i két qua rat tot.

Cac nha nghién cau l1am viéc tai Google Al tai khang dinh, su thiéu hut di liéu huan
luyén 13 mot trong nhitng thach thic 16n nhét trong linh vuc xir Iy ngdn ngir ty nhién. Pay
la mot linh vuc rong 16n va da dang véi nhiéu nhiém vu riéng biét, hau hét cac tap dit liu
déu chi dic thu cho tirng nhiém vu. Bé thuc hién duoc tét nhitng nhiém vu ndy ta can nhitng
bo dir liéu 16n chira hang triéu tham chi hang ty vi du mau. Tuy nhién, trong thuc té hau
hét cac tap dir liéu hién gio chi chira vai nghin hodc vai trim nghin mau dugc danh nhan
bang tay boi con nguoi ( cac chuyén gia ngdn ngit hoc ). Su thiéu hut dit liéu ¢ nhan chat
luong cao dé huan luyén mé hinh gay can tré Ion cho su phat trién cua NLP néi chung.

Dé giai quyét thach thic ndy, cac md hinh xir Iy ngén ngit ty nhién sir dung mot co
ché tién xir ly dix liéu huan luyén bang viéc transfer tir mot mo hinh chung dwoc huan luyén
tir mot luong 16n cac dir liéu khong duoc gan nhan. Vi du mot sé6 mo hinh da duoc nghién
cuu trudc day dé thuc hién nhiém vu nay nhu Word2vec, Glove hay FastText.

Viéc nghién ctu cdc mé hinh nay sé gitp thu hep khoang cach gitra cac tap di liéu
chuyén biét cho huan luyén bang viéc xay dung mo hinh tim ra dai dién chung cta ngon
ngit sir dung mot s6 luong Ion cac van ban chua dugc gan nhan lay tir cac trang web.

Cac mo hinh dugc huan luyén trude khi duoc tinh chinh lai trén cac nhiém vu khac
nhau véi cac bo dit lieu nho nhu Question Answering, Sentiment Analysis,...s& dan dén su
cai thién dang ké vé do chinh xac cho so véi cac mé hinh dugc huan luyén truéc véi cac
bo dix liéu nay.

Tuy nhién, cac md hinh ké trén c6 nhiing yéu diém riéng cua no, dic biét 1a khdng thé
hién duoc su dai dién theo ngir canh cu thé cua tir trong timg linh vuc hay van canh cu thé.



Tiép ndi su thanh cdng nhat dinh cua cac mo hinh trude d6, Google di cong bd thém
1 k¥ thuat méi dugc goi la Bidirectional Encoder Representations from Transformers (
BERT).

1.2. Tai sao lai can BERT

M6t trong nhitng thach thirc 16n nhat caa NLP 1a van dé di liéu. Trén internet c6 hang
ta dit liéu, nhung nhirng dix liéu d6 khong ddng nhat; mdi phan cua n6 chi dugc ding cho
mét muc dich riéng biét, do d6 khi giai quyét mot bai toan cu thé, ta can trich ra mot bo di
licu thich hop cho bai toan cua minh, va két qua 1a ta chi c6 mot luong rat it dix liéu.

Vi du : Trong OpenAl GPT, cac tac gia sir dung da kién trac left-to-right, nghia la cac
tir chi phu thudc vao cac tr ¢ trude do.

Nhung c6 mot nghich 1y 14 cac mo hinh Deep Learning can luong dir liéu rat Ion - 1én
tgi hang triéu - dé co thé cho ra két qua tot. Do d6 mot van dé duoc dat ra: 1am thé nao dé
tan dung dugc nguon dit liéu vo cling 16n 6 san dé giai quyét bai toan cia minh. P6 14 tién
dé cho mot ky thuat moi ra doi: Transfer Learning. Vai Transfer Learning, cac md hinh
(model) "chung" nhat vai tap dit liéu khong 16 trén internet ( pre-training ) duoc xay dung
va c6 thé duogc "tinh chinh" ( fine-tune ) cho cé4c bai toan cu thé.

Nho ¢6 ki thuat nay ma két qua cho céc bai toan dugc cai thién rd rét, khdng chi trong
Xt Iy ngbn ngtr tw nhién ma con trong cac linh vuc khac nhu Computer Vision,... BERT la
mot trong nhiing dai dién wu ta nhét trong Transfer Learning cho xir Iy ngdn ngit tu nhién,
no6 gay tiéng vang Ion khdng chi boi két qua mang lai trong nhiéu bai toan khac nhau, ma
con béi vi n6 hoan toan mién phi, tat ca chiing ta déu c6 thé sir dung BERT cho bai toan
caa minh.

1.3. Mt sé khai niém

1.3.1. Nhiém vu phia sau (Downstream task)

La nhirng nhiém vu hoc hoi dugc giam sat duoc cai thién dua trén nhirng moé hinh dugc
huan luyén truéc.

Vi du: Ching ta str dung lai cac biéu dién tir hoc duoc tir nhitng mé hinh duoc huan
luyén trudc trén bo van ban 16n vao mot nhiém vy phan tich cam xdc huan luyén trén bo
vin ban c¢6 kich thuéc nho hon. Ap dung nhing huan luyén truéc ( pretrain-embedding )
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da giup cai thién mé hinh. Nhu vay nhiém vu st dung nhing huan luyén trude duoc goi la
nhiém vu sau.

1.3.2. Piém khai quat danh gia mire d§ hiéu ngon ngir (GLUE score benchmark)
GLUE score benchmark 1a mot tap hop cac chi sé duoc xay dung dé danh gia khai
quat mae do hiéu ngdn ngir caa cac mé hinh NLP.

Céac danh gia duoc thyc hién trén cac bo dir liéu tiéu chuan duoc qui dinh tai céc
convention vé phat trién va thiic diy NLP. Mdi bd di liéu tuong tng véi mot loai tac NLP
vu nhu:

« Phan tich tinh cam (Sentiment Analysis)

* Hoi1 dap (Question and Answering)

» Suy luan ngbn ngtt tu nhién (NLI - Natural Languague Inference)
« Du béo cau tiép theo (NSP - Next Sentence Prediction)

« Nhan dién thyc thé trong cau (NER - Name Entity Recognition)

1.3.3. Phan tich cam xdc (Sentiment Analysis)

Phén loai cam xtic van ban thanh 2 nhén tich cuc (positive) va tiéu cuc (negative).
Thuong dugc st dung trong céc hé théng danh gia binh luan caa nguoi ding.

1.3.4. Héi dap (Question and Answering)

La thuat toan hoi va dap. Pau vao la mot cap cau (pair sequence) bao gom: cau hoi
(question) c6 chire nang hoi va doan van ban (paragraph) chira théng tin tra loi cho cau hoi.
Mét bo dir liéu chuan nam trong GLUE dataset duoc sir dung dé danh gia nhiém vu hoi va
dap 1a SQUAD - Stanford Question Answering Dataset.

1.3.5. Suy luan ngon ngir (Natural Language Inference)

La c&c nhiém vu suy luan ngdn ngir danh gia méi quan hé gitra cac cap cau, ciling tuong

tu nhu Textual Entailment.
1.3.6. Quan hé van ban (Textual Entailment)

La nhiém vu dénh gida méi quan hé dinh hudng gitra 2 vin ban. Nhan dau ra cia cac
cip cau duoc chia thanh dbi 1ap (contradiction), trung lap (neutral) hay cé quan hé di kém
(textual entailment).

Vi dy, chdng ta cé cac cau:
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* A:HOmM nay troi mua.

B: T6i mang 0 tdi truong.

* C: HOm nay troi khong mura.
e D:HO6m nay la tht 3.

Khi d6 (A, B) c6 mdi quan hé di kém. Céc cap cau (A, C) c6 méi quan hé doi lap va
(A, D) la trung lap.

1.3.7. Ngir canh (Contextual)

La nglr canh cua tir. Mot tir dugce dinh nghia boi mot cach phat am nhung khi dugc dat
trong nhitng cau khac nhau thi c6 thé mang ngit nghia khac nhau. ngir canh c6 thé coi la
moi trudng xung quanh tir dé gop phan dinh nghia t.

Vi du:

- Cau A: T6i dong y véi y kién cia anh.
- Cau B: L&o Hac phai kiém tirng dong dé nudi cau Vang.

Thi tir “ dong ” trong cau A va B ¢ ¥ nghia khac nhau. Chung ta biét diéu nay vi dya
vao ngir canh cua tu.

1.3.8. Phwong phap Hién dai nhat (SOTA)

Viét tat cua state-of-art 1 nhirng phuong phap, k¥ thuat tot nhat mang lai hiéu qua cao
nhat tir trude dén nay.

M6 hinh biéu dién ma hoa 2 chiéu dya trén bién doi (BERT-Bidirectional Encoder
Representation from Transformer)

M6 hinh BERT. Pay 1a 16p md hinh SOTA trong nhiéu nhiém vu cia GLUE score
benchmark.

1.3.9. M6 hinh LTR

La mé hinh hoc béi canh theo mét chiéu duy nhét tir trai sang phai. Chang han nhu 16p
cac model RNN.

1.3.10. M6 hinh ngdn ngir dwec danh ddu MLM (Masked Language Model)
La mo hinh ma bdi canh cua tir dugc hoc tir ca 2 phia bén trai va bén phai cing mot

lUc tir nhitng bo dir liéu khéng ¢ giam sat.
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Dir liéu vao s& dugc danh dau (tac thay bang mot méd danh dau (token MASK)) mot
cach ngau nhién véi ty 18 thap. Huan luyén mé hinh du béo tir md dugc déanh dau dya trén
bdi canh xung quanh 1a nhiing tir khong dwoc danh dau nham tim ra biéu dién cua tir.

1.4. Ngir canh (Contextual) va vai tro trong NLP

Ban chat caa ngbn ngir 1a 4m thanh dugc phat ra dé dién giai dong suy nghi cua con
ngudi. Trong giao tiép, cac tir thuong khong dimg doc 1ap ma ching s& di kém véi cac tir
khac dé lién két mach lac thanh mot cau. Hiéu qua biéu thi ndi dung va truyén dat y nghia
s€ 16n hon so véi tung tur ding doc lap.

Ngit canh trong cau c6 mot su anh hudng rat [on trong viéc giai thich y nghia cua tir.
Dua trén d6, cac thuat toan xu ly ngdn ngit tu nhién tét nhat déu cd géng dua ngir canh vao
m6 hinh nham tao ra sy dot pha va cai tién. Trong d6 mo hinh BERT ciing st dung tiép
can nay.

Phan cap muc d6 phaét trién cia cac phwong phap nhing tir trong NLP ¢6 thé bao gom
cac nhoém:

« Khong bdi canh (Non-context) La c4c thuat toan khéng ton tai bdi canh trong biéu
dién tir. P6 1a cac thuat nhu “ WORD2VEC, GLOVE, FASTTEXT ™. Chdng ta chi
c6 duy nhat mot biéu dién véc to cho mdi mot tir ma khong thay doi theo bdi canh.

Vidu:

- Cau A : Pon vi tién té cua Viét Nam la « dong .
- Cau B : Vo “ dong ” y véi y kién cua chong 1a ting thém mdi thang 500k
tién tiéu vat

Thi tir ddng s& mang 2 ¥ nghia khac nhau nén phai c6 hai biéu dién tir riéng biét. Cac
thuat toan khong cé bdi canh da khong dap tmg duoc su da dang vé ngit nghia cua tir trong
NLP.

« M@t chiéu (Uni-directional): La cac thuat toan da bat dau xuat hién bdi canh cua
tir. Cac phuong phap nhung tir dya trén RNN la nhitng phuong phap nhiing tir mot
chiéu. Cac két qua biéu dién tir da c6 bdi canh nhung chi dugc giai thich bai mot
chiéu tir trai qua phai hoac tir phai qua trai.

Vi du:
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- Céau C: H6m nay téi mang 200 ty ““ guri ” & ngan hang.
- Cau D: HOmM nay toi mang 200 ty “gui ™ ....

Nhu vay véc to biéu dién cua tir giri duge xac dinh théng qua céc tir lién trudc véi no.
Néu chi dya vao céc tir lién trudc “ HOm nay toi mang 200 ty ” thi ta c6 thé nghi tir phu
hop & vi tri hién tai la cho vay, mua, thanh toan,....

Vi du don gian trén da cho thay cé4c thuat toan biéu dién tir c6 bdi canh tuan theo theo
mot chiéu s& gap han ché 16n trong biéu dién tir hon so véi biéu dién 2 chiéu.

ELMo I1a mét vi du cho phuwong phap mét chiéu. Mac du phuong phap ELMO ¢6 kién
trdc dya trén mot mang BiLSTM xem xét bdi canh theo hai chiéu tir trai sang phai va tur
phai sang trai nhung nhing chiéu nay 1a doc lap nhau nén ta coi nhu d6 1a biéu dién mot
chiéu. Thuat toan ELMO da cai tién hon so véi WORD2VEC va FASTTEXT d6 14 tao ra
nghia cua tir theo béi canh. Trong vi du vé tir “dong” thi & mdi cau A va B ching ta sé co
mat biéu dién tir khac biét.

« Hai chiéu (Bi-directional): Ngit nghia ciia mét tir khdng chi duoc biéu dién baoi
nhitng tir lién trudc ma con duoc giai thich bai toan b cac tir xung quanh. Ludng
giai thich tuan theo ddng thei tir trai qua phai va tir phai qua trai cing mét Iuc. Pai
dién cho céac phép biéu dién tir nay la nhitng mé hinh sir dung k§ thuat transformer.
Gan day, nhitng thuat toan NLP theo truong phai hai chiéu nhu BERT, ULMT,
OpenAl GPT da dat duoc nhitng két qua SOTA trén hau hét cac nhiém vu
cua GLUE benchmark.

1.5. Tiép cén nong va hoc siu trong img dung huin luyén trudc (pre-training) trong
NLP

1.5.1. Tiép can ndng (shallow approach)
- Imagenet trong Computer Vision

Trong xu ly anh, ching ta déu biét tgi nhiing moé hinh dwoc huan luyén trudc
(pretrained models) noi tiéng trén bo dir liéu Imagenet voi 1000 classes. Nho s6 luong
classes 16n nén hau hét cac nhan trong phan loai anh thong thudng déu xuét hién trong
Imagenet va ching ta c6 thé hoc chuyén giao lai cac nhiém vy xir ly anh rat nhanh va tién
loi. Chung ta ciing ky vong NLP ¢6 mét top hop cac mé hinh dugc huan luyén trudc nhu

14


https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf

vay, tri thire tir mé hinh duoc huan luyén trén cac ngudn tai nguyén van ban khdng nhan
(unlabeled text) rat doi dao va sin co.

- Khé khin hoc chuyén giao trong NLP

Tuy nhién trong NLP viéc hoc chuyén giao 1a khdng hé don gian nhu Computer
Vision. Cac kién tric mang hoc sdu CNN caa Computer Vision cho phép hoc chuyén giao
trén dong thoi ca cac dic trung & mire do thap (low-level) va muc do cao (high-level) thong
qua viéc tan dung lai cac tham s tir nhitng tang caa md hinh dugc huan luyén truée.

Nhung trong NLP, céc thuét toan cli hon nhu GLOVE, WORD2VEC, FASTTEXT
chi cho phép sir dung céc biéu dién véc to nhang cua tir 1a cac dic trung & mic do thap
nhu 13 ¢au vao cho ting dau tién cia mé hinh. Cac tang con lai gidp tao ra dic trung & muc
d6 cao lai duoc huan luyén lai tir dau.

Nhu vay ching ta chi chuyén giao dugc cac dic trung & mirc d6 rat nong nén phuong
phap nay con duoc goi 12 tiép can ndng. Viéc tiép can vai cac tang sau hon 1a khong thé.
Diéu nay tao ra mot han ché rat 16n ddi véi NLP so vai Computer Vision trong viéc hoc
chuyén giao. Cach tiép can ndng trong hoc chuyén giao con duoc xem nhu 1a dua trén dac
trung (feature-based).

Khi &p dung dua trén dic trung, ching ta s& tan dung lai cac biéu dién tir duoc huan
luyén truéc trén nhitng kién tric md hinh ¢é dinh va nhitng bo van ban co kich thudc rat
l6n dé nang cao kha ning biéu dién tir trong khong gian da chiéu. Mot s6 dic trung duoc
huan luyén truéc cd thé 4p dung trong tiéng anh di duoc huan luyén sin do 1a
GLOVE, WORD2VEC, FASTTEXT, ELMO.

1.5.2. Hoc sau (deep-learning)

Cac mo hinh NLP dot pha trong hai nam tr¢ lai ddy nhu BERT ELMO, ULMFIT,
OpenAl GPT di cho phép viéc chuyén giao cac tang trong NLP kha thi hon.

Chung ta khdng chi hoc chuyén giao duoc cac dic trung ma con chuyén giao duoc
Kién tric cua md hinh nho sé luong cac tang nhiéu hon, chiéu sdu ciia mo hinh sau hon
trudce do.

Cac kién tric magi phan cap theo tang c6 kha nang chuyén giao dugc nhitng cap do
khac nhau cua dic trung tir muc thap téi mac cao. Trong khi hoc ndng chi chuyén giao

dugc muc thap tai ting dau tién. T4t nhién muc thap cling dong vai trd quan trong trong
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cac nhiém vy NLP. Nhung ¢ muc cao la nhirng dac trung c6 y nghia hon vi d6 1a nhitng
dac trung da duoc tinh luyén.

Nguoi ta ky vong rang ULMFIT, OpenAl GPT, BERT sé& Ia nhitng md hinh duoc
huan luyén trudc gidp tién gan hon ti viéc xay dung mot 16p cac mo hinh dugc huan luyén
truée nhu ImageNet cho NLP. Khi hoc chuyén giao theo phuong phap hoc sau ching ta s&
tan dung lai kién tric tir md hinh duoc huan luyén truéc va bd sung mot sé tang phia sau
dé phu hop vai nhiém vy huan luyén. Céc tham sé caa cac cac ting goc sé dugc tinh chinh
(fine-tunning) lai. Chi mot sé it cac tham sé ¢ cac tang bd sung duoc huan luyén lai tir
dau.

1.6. Phwong phap TRANSFORMER

1.6.1. Encoder va Decoder trong BERT

Trudc khi hiéu vé BERT chiing ta cung tim hiéu vé k§ thuat transformer. Day 1a mot
I6p m6 hinh SEQ2SEQ gom 2 pha ma hda (Encoder) va giai ma (Decoder). M hinh hoan
toan khdng sir dung céc kién tric mang hoi quy cia RNN ma chi sir dung céc céc tang chi
y (attention) dé nhiing cac tir trong cau. Kién trdc cu thé ciia mé hinh nhu sau:
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Hinh 1. So db kién trdc transformer két hop véi cha y
M6 hinh s& bao gém 2 pha:

« Encoder: Bao gém 6 tang lién tiép nhau. M&i mot tang s& bao gom mét tang con
(sub-layer) 1a Multi-Head Attention két hop vai tang két nbi day du (fully-connected
layer) nhu mé ta & nhanh encoder bén tréai cua hinh vé&. Két thdc qua trinh encoder
ta thu duogc mot véc to dau ra nhiing cho mai tir.
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« Decoder: Kién tric ciing bao gdm cac tang lién tiép nhau. M&i mot tang caa Decoder
cling c¢6 cac ting con gan tuong tu nhu ting cua Encoder nhung bd sung thém tang
con dau tién 13 Masked Multi-Head Attention c6 tac dung loai bo cac tir trong tuong
lai khoi qua trinh chu y (attention).

1.6.2. Céc tién trinh self-attention va encoder-decoder attention ( phwong phap
transformer)

Trong kién trdc transformer ching ta sé &p dung 2 dang cht y khac nhau tai timg budc
huan luyén.

. self-attention: Duoc sir dung trong ciing mot cau dau vao, tai encoder hoic tai
decoder. Pay chinh 14 chl y dugc &p dung tai cac Multi-Head Attention & dau vao
cua ca 2 pha encoder va decoder.

Output
Probabilities

Forward
R
A & Noan Muiti-Head
Feed Attention
Forward T 7 M=
N | Add & Morm ﬁ
* - T -
p—-| Add & Norm I Masked
boluilti-Hesad Multi-Head
Attention Attention
.

L

Positional @—G:} @ Positional
Encoding ¥ Encoding

Input utput
Embedding ?‘??@mn-q— Encoder
Inputs Qutputs
{shifted right)

Hinh 2. So dd vi tri 4p dung self-attention trong kién trdc transformer.

Céac véc to nhing caa cing mot chudi encoder hoic decoder tu lién két voi nhau dé
tinh toan chu y nhu hinh bén phai.
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Hinh 3. So db ch( y twong tac giita cac véc to nhing caa encoder va decoder

Bén tréi 1a vi tri 4p dung chi y ma hda va giai ma. Bén phai 1a cach tinh trong sé chu
y khi két hop mdi véc to nhiing & decoder véi toan b cac véc to nhing ¢ encoder.
Cha y ma hda va giai ma 1a kién tric chl y tuong tac gitta cac véc to nhing caa encoder
va decoder. Véc to ngir canh dugc tinh toan trén encoder da dugc tinh twong quan véi vec
to decoder nén sé& c6 y nghia giai thich bdi canh cua tir tai vi tri budc thoi gian giai ma (
time step decoder) twong tng. Sau khi két hop gitra véc to ngir canh va véc to decoder ta
s& thuc hién tiép qua mot tang két ndi day du (fully connected layer) dé tinh phan phdi xéac
suat cho dau ra.

Mic di ¢6 kién tric chi gom cac bién d6i chl ¥ nhung Transformer lai ¢ két qua rat
tét trong cac nhiém vu NLP nhu phan tich tinh cam va dich may.
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1.7. M6 hinh BERT

BERT la viét tit cua cum tir Bidirectional Encoder Representation from
Transformer c6 nghia 1a mé hinh biéu dién tir theo 2 chiéu ing dung k¥ thuat Transformer.
BERT dugc thiét ké dé huan luyén trudc cac tir nhing (pre-train word embedding). Diém
dic biét @ BERT d6 1a no6 c6 thé diéu hoa can bang bbi canh theo ca 2 chiéu trai va phai.

Co ché chd ¥ cua Transformer s& truyén toan b¢ cac tir trong cau van dong thoi
vao md hinh mét Iic ma khéng can quan tam dén chicu caa cau.

Do d6 Transformer duoc xem nhu 13 huan luyén hai chiéu (bidirectional) mic du trén
thuc té chinh xac hon ching ta c¢6 thé noi rang d6 1a huan luyén khéng chiéu (non-
directional).

Dic diém nay cho phép mé hinh hoc duoc béi canh cua tir dua trén toan bo cac tir xung
quanh né bao gom ca tir bén trai va tir bén phai.
1.7.1. M6 hinh BERT tinh chinh (Fine-tuning model BERT)

Mot diém dic biét & BERT ma cac mé hinh nhing trudce day chua timg c6 do 1a két
qua huan luyén co thé tinh chinh duoc. Ching ta s& thém vao kién trdc md hinh mét tang
dau ra dé tly bién theo nhiém vu huan luyén.

ﬁp Mask L Mask Lk \ ﬁﬁ@n Stan'End spa\
& E

BERT .' .-'. ............. h 1% e BERT
] EE=E]- & ] GIE=E]- GO
Ealle=tiE R e
Pre-training Fine-Tuning

Hinh 4. Toan b tién trinh pre-training va fine-tuning caa BERT

Mot kién tric twong tu dugc sir dung cho ca mé hinh huan luyén truéc va mé hinh
tinh chinh. Ching ta sir dung cting mot tham sé huan luyén trude dé khéi tao mé hinh cho
cac nhiém vu sau khac nhau.
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Trong sudt qué trinh tinh chinh thi toan bo cac tham sb cua céc tang hoc chuyén giao
s& duoc diéu chinh. Di vai cac nhiém vu sir dung dau véo 1a mot cap chudi (pair-sequence)
vi du nhu cau hoi va tra 1o thi ta s& thém ma khoi tao 1a [CLS] & dau cau, ma [SEP] ¢ gitta
dé ngan cach 2 cau.

Tién trinh &p dung tinh chinh s& nhu sau:

« Budc 1: Nhing toan bo cac ma cua cap cau bang cac véc to nhang tir md hinh huan
luyén trudc. Cac ma nhing bao gom ca 2 ma 1a [CLS] va [SEP] dé danh dau vi tri
bat dau caa cau hoi va vi tri ngan cach giita 2 cau. Hai ma nay s& duoc dy bdo ¢ dau
ra dé xac dinh cac phan mé rong bat dau/két thuc (Start/End Spand) cua cau dau ra.

« Budc 2: Cac véc to nhing sau do6 s& duoc truyén vao kién trdc chd y nhiéu dau vao
(multi-head attention) vai nhiéu ma khéi (block code) (thuong 1a 6, 12 hoac 24 khéi
tly theo Kién tric BERT). Ta thu dugc mot véc to dau ra & encoder.

« Budc 3: Dé dy bao phan phdi xac suat cho ting vi tri tir & decoder, & mdi budc thoi
gian chiing ta s& truyén vao decoder véc to dau ra cia encoder va véc to nhling dau
vao ciia decoder dé tinh chii y mé hoa va giai ma. Sau d6 anh xa qua tang tuyén tinh
(liner layer) va ham softmax dé thu duoc phan phéi xéac suat cho dau ra twong ung
6 budc thoi gian t.

« Budc 4: Trong két qua tra ra & dau ra cia transformer ta sé ¢6 dinh két qua cua cu
hoi sao cho tring véi cau hoi & dau vao. C4c vi tri con lai s& la thanh phan mo
rong bat dau/két thic turong ang véi cau tra 101 tim duoc tir cAu dau vao.

Quaé trinh huan luyén ching ta sé tinh chinh lai toan bd cac tham sé cia mé hinh BERT
da loai bo tang tuyén tinh & dinh (cut off top linear layer) va huan luyén lai tir dau cac tham
sb cua tang tuyén tinh ma ching ta thém vao kién tric md hinh BERT dé tly chinh lai phu
hop vai bai toan.
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1.8. Cach huin luyén BERT

BERT duoc huan luyén ddng thai 2 nhiém vu goi 13 Masked LM (dé du doan tir thiéu
trong cau) va Next Sentence Prediction (NSP — du doan céu tiép theo cau hién tai). Hai
nhiém vu nay dwoc huan luyén dong thoi va loss tong s& 1a két hop loss caa 2 nhiém vu va
md hinh s& ¢6 gdng minimize loss tong nay. Chi tiét 2 nhiém vu nay nhu sau:

1.8.1. M6 hinh ngb ngir dwge danh dau (Masked Language Model)

Vi nhiém vu nay, ta huan luyén s& thuc hién che di tim 15% s6 tir trong cdu va dua
vao md hinh. Va ta s& huan luyén d& md hinh predict ra céc tir bi che d6 dua vao céc tir con
lai

Cu thé Ia;

« Thém mot I6p classification I&n trén encoder dau ra

« Pua cic véc to trong encoder ouput vé véc to bang véi vocab size, sau d6 softmax
dé chon ra tir twong (g tai mdi vi tri trong cau.

o Loss s& duoc tinh tai vi tri masked va bo qua cac vi tri khac (dé danh gia xem mo

hinh dy doan tir mask ding/sai ntn ma, cac tir khac dau co lién quan).
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Hinh 5. So @6 kién tric BERT cho nhiém vu ngén ngir mé hinh dwgce danh dau

Theo do:

Khoang 15 % cac ma cua cau dau vao duogc thay thé boi [MASK] ma trudc khi
truyén vao mé hinh dai dién cho nhiing tir bi che dau (masked). M@ hinh s& dya trén
cac tir khong duoc che (non-masked) dau xung quanh [MASK] va dong thoi 13 boi
canh cia [MASK] dé du béo gié tri gbc cua tir duoc che du. Sé luong tir dugc che
dau duoc lya chon 1a mot s it (15%) dé ty 1& bbi canh chiém nhiéu hon (85%).
Ban chat cua kién tric BERT van 13 mot md hinh seq2seq gom 2 pha encoder gitp
nhdng céc tir dau vao va decoder gilp tim ra phan phéi xac suat caa cac tir & dau ra.
Kién triic Transfomer encoder duoc gitr lai trong nhiém vu Masked ML. Sau khi
thuc hién self-attention va feed forward ta s& thu dugc cac véc to nhing & dau ra
la 01,02,...,05

Pé tinh toan phan phdi xac suat cho tir dau ra, ching ta thém maot Fully connect
layer ngay sau Transformer Encoder. Ham softmax c6 tac dung tinh toan phan phoi
Xé&c suat. S6 luogng units cua fully connected layer phai bang véi kich thuéc cua tir
dién.
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« Cudi cung ta thu dugc véc to nhiing cia mdi mot tir tai vi tri MASK s& la nhiing véc
to giam chiéu cua véc to Oi sau khi di qua fully connected layer nhu mé ta trén hinh
vé bén phai.

Ham loss function caa BERT s& bo qua mat mét tir nhiing tir khong bi che dau va chi
dua vao mat mét caa nhitng tir bi che dau. Do d6 mé hinh s& hoi ty lau hon nhung day 1a
dic tinh b trir cho sy gia tang ¥ thire vé bdi canh. Viéc lya chon ngau nhién 15% sé luong
c4c tir bi che ddu ciing tao ra vo sb cac kich ban dau vao cho md hinh huan luyén nén mo
hinh s& can phai huan luyén rat 1au mai hoc duogc toan dién cac kha nang.

1.8.2. Next Sentence Prediction (NSP)

Vi nhiém vu nay thi mé hinh sé dugc feed cho mét cap cau va nhiém vu caa no la
dau ra ra gia tri 1 néu cau tha hai ding 1a cau di sau cau tht nhat va 0 néu khong phai.
Trong quéa trinh huan luyén, ta chon 50% mau la Positive (dau ra la 1) va 50% con lai la
Negative duoc ghép linh tinh (dau ra 1 0).

Cu thé cach huan luyén nhu sau:

« Budc 1: Ghép 2 cau vao nhau va thém 1 s6 ma dac biét dé phan tach cac cau. Ma
[CLS] thém vao dau cau thu nhat, ma [SEP] thém vao cudi mdi cau.

Vi du: ghép 2 cau “ Hom nay em di hoc ” va “ Hoc & truong rat vui ” thi s& thanh
[CLS] Hom nay em di hoc [SEP] Hoc & trudng rat vui [SEP]

« Budc 2. Mdi ma trong cau s& duoc cong thém mat véc to goi la Nhiing cau (Sentence
Embedding), thuc ra 14 danh dau xem tir d6 thudc cu Thtr nhat hay cau thu 2.

Vi du: néu thudc cau tht nhat thi cong thém 1 véc to toan s 0 > ¢o kich thude bang
Tur nhing, va néu thugc cau thir 2 thi cong thém mot véc to toan s6 “ 1 7.

o Budc 3. Sau d6 cac tur trong cau da ghép s€ duwoc thém véc to ma hoda vi tri
(Positional Encoding) vao dé danh dau vi tri ting tir trong cau da ghép.

« Budc 4. Bua chudi sau buéc 3 vao mang.

« Budc 5. Lay encoder dau ra tai vi tri ma [CLS] duoc bién doi (transform) sang mot
véc to ¢6 2 phan tir [c1 c2].

« Budc 6. Tinh softmax trén véc to d6 va dau ra ra kha nang cua 2 16p: Pi sau va
Khong di sau. Dé thé hién cau th hai 13 di sau cau thi nhat hay khdng, ta lay argmax

la duoc.
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Céac budc tao Bau vao:

/ / \ /[MASK]\ / \ / A £ \ [MASK]
Input “ﬂ my || dog || is (cute} [SEP) || he [Iikesvplayw
Token
Embeddings E[CLS] Emy Ermsn EIS Ecute E[SEP] Ehe Elmsxl Eplay
* + %+ %+ # *+ + + #
Sentence
Embedding EA EA EA EA EA EA Ea Ea Ee
* + %+ % % * + + %
Transformer
Positional
werrr 1| L2 Y SN BN Y S

Hinh 6. Cac budc tao Dau vao trong tac vu NSP

Va day 1a cach lay dau ra:
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Thong tin dau vao duoc tién xir Iy trude khi dua vao mé hinh huan luyén bao gom:

« Ngir nghia cua tir (token embeddings): Thong qua cac nhing véc to cho tirng tur.
Cac véc to dugc khoi tao tir mé hinh huan luyén trudc.

Ngoai nhing biéu dién tir ciia c&c tir trong cau, md hinh con nhiing thém mot s thong

tin:

« Loai cau (segment embeddings): Gom hai véc to 1a EA néu tir thuoc cau thir nhat

Hinh 7. M hinh dau ra cia NSP

va EB néu tir thuoc cau thi hai.

« Vitricua tu trong cau (position embedding): 1a cac véc to EO,...,E10. Tuong tu nhu
nhang vi tri (positional embedding) trong transformer.

Véc to dau vao s& bang tong caa ca ba thanh phan nhing theo tir, cau va vi tri.
1.9. Cac kién triic mé hinh BERT

Hién tai c6 nhiéu phién ban khac nhau cia mé hinh BERT. C4c phién ban déu dya trén
viéc thay ddi kién trac caa Transformer tap trung & 3 tham sé:

26

EIElSI E1 EN E[SEF"] ETI EM
_._I/_\I\; e o o o o
iy LI iy
o | r
(L5 T::.t T:k SEP) T::.t N T;k
| | |
Sentence 1 Sentence 2



« L:sb luong céac khéi céc tang con trong transformer

« H: kich thudc cua véc to nhiing (hay con goi la hidden size)

« A: Sé luong tir dau (head) trong tang nhiéu tir dau (multi-head layer), mdi mot tir
dau s& thuc hién mot c6 ché tu cha y (self-attention).

Tén goi cua 2 kién tric bao gom:

« BERTBASE(L=12,H=768,A=12): Tong tham s6 110 triéu.
« BERTLARGE(L=24,H=1024,A=16): Tong tham s 340 triéu.

Nhu vay & kién tric BERT Large chiing ta ting gip doi sd tang, tang kich thudc an
ctia véc to nhing gap 1.33 1an va ting s6 lwong tir dau trong multi-head layer gap 1.33 lan.

1.10. RoBerta

1.10.1. Khai niém RoBerta

RoBERTa la mét project cua facebook ké thira lai cac kién tric va thuat toan caa mo
hinh BERT trén framework pytorch (pytorch ciling la mét framework do facebook phat
trién, rat duoc wa chudng boi cong dong Al). Pay 1a mot project hd tro viéc huan luyén lai
cac mo hinh BERT trén nhiing b dit liéu mai cho cac ngdn ngir khac ngoai mat s ngon
ngit pho bién. Ké tir khi ra doi, da c6 rat nhiéu cac mo hinh pretrain cho nhitng ngon ngix
khac nhau duoc huan luyén trén RoBERTa.

O bai bao gbc cho biét mic di RoBERTa lap lai cac tha tuc huan luyén tir md hinh
BERT, nhung c6 mét thay d6i d6 1a huan luyén mé hinh 1au hon, véi batch size 16n hon va
trén nhiéu dix liéu hon. Ngoai ra dé nang cao do chuan xac trong biéu dién tir thi ROBERTa
da loai bo nhiém vy du doan cau tiép theo va huan luyén trén cac cau dai hon. Pong thoi
mo hinh ciing thay di linh hoat kiéu masking (tic an di mot so tir & cau dau ra bang
ma <mask>) ap dung cho di liéu huan luyeén.

1.10.2. Dir ligu

Quan sat thay rang viéc huan luyén BERT trén cac b dit liéu 16n hon, cai thién dang
ké hiéu suat caa nd. Vi vay, RoOBERTa dugc huan luyén vé mot tap di liéu khong 16 c6
hon 160GB vin ban khong nén. Tap dit liéu nay bao gom kho tai liéu sau:

e BookCorpus + Wikipedia tiéng Anh (16GB) : Pay 1a dit liéu ma BERT duoc huin
luyén.
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e CC-News (76GB) : Cac tac gia da thu thap dir liéu nay tir phan tiéng Anh cua
CommonCrawl News Data. N6 chaa 63 triéu tin bai tiéng Anh duogc thu thap tur
thang 9 nam 2016 dén thang 2 ndm 2019.

e OpenWebText (38GB) : Phién ban ma ngudn mé cua tap dir lieu WebText dugc sir
dung dé huan luyén OpenAl GPT .

e Cau chuyén (31GB) : Mot tap hop con dit liéu CommonCrawl duoc loc dé phu hop
véi phong cach giéng cau chuyén cua lwge dd Winograd.

Muc tiéu md hinh ngdn ngit duoc che giu trong huan luyén truéc BERT vé co ban la
che gidu mot vai ma théng bao tir mdi chudi mot cach ngau nhién va sau d6 dy doan cac
ma théng bao nay. Tuy nhién, trong qua trinh trién khai ban dau cia BERT, céc trinh ty bi
che chi mét lan trong qua trinh tién xir 1y. Biéu nay ngu y rang cing mot mau mat na duoc
st dung cho ciing maét trinh ty trong tat ca cac budc huan luyén.

Pé tranh diéu nay, trong qua trinh trién khai lai BERT, céc tac gia d sao chép dit liéu
huan luyén 10 lan d&& mdi trinh tu duoc che thanh 10 mau khac nhau. Diéu nay duoc huan
luyén trong 40 ky nguyén, tic 1a mdi chudi dugc huan luyén cho cling mot mau mat na 4
lan.

Ngoai ra, chung t61 da thtr tao mat na dong, trong d6 mot mau mat na duoc tao ra moi
khi mét trinh tu dugc cung cap cho mé hinh.

Céc két qua noi trén cho thay rang viéc thuc hién lai véi tao mat na tinh mang lai két
qua gén nhu tuong ty nhu cach tiép can tao mat na ban diu caa BERT. Mit na dong co két
qua twong duong hoac tét hon mot chit so voi phuong phép tiép can tinh. Do do, trong
RoBERTa, phuong phéap tao mit na dong duoc sir dung dé huan luyén truée.

1.10.2.1. Kich thwéc hang loat lén

Nghién ctru truée day da chi ra rang cac mé hinh Transformer va BERT c6 thé dap
g duoc Véi kich thude 16 16n. C6 kich thude 16 16n gitp tdi wu hoa nhanh hon va co thé
cai thién hiéu suat nhiém vu cudi khi duoc diéu chinh chinh xac (trong truong hop cua cac
mo hinh nay).
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SQuAD

Model data bsz steps MNLI-m S5T-2

(v1.1/2.00
RoBERTa
with Books + WIKI 16GE 8K 100K 93.6/87.3 89.0 95.3
+ additional data (£3.2) 160GEB 8K 100K 94.0/87.7 593 95.6
+ pretrain longer I60GE 3K 300K 94 4/88.7 90.0 06.1
+ pretrain even longer 160GB 8K S00K  94.6/89.4 90.2 96.4
BERT, irce
with Books + WIKI I3GE 256 1M 90.9/81.8 B6.6 93.7
XLNety srce
with Books + WIKI I3GE 256 1M 94.0/87.8 B8.4 04.4
+ additional data 126GB 2K S00K  94.5/88.8 59.8 95.6

Bang 4. Hiéu suat véi cac kich thudc 16 khac nhau cua cac mé hinh
1.10.2.2. Ma héa BPE

Toknenize 14 qua trinh ma héa cac vin ban thanh céc index dang sé6 mang théng tin
ctia van ban dé cho may tinh cd thé huan luyén dugc. Khi d6 mdi mot tir hoac ky tu s& dugc
dai dién boi mot index.

Trong NLP c6 mot s6 kiéu tokenize nhu sau:

1. Tokenize theo word level: Chang ta phéan tach cau thanh cdc méd duoc ngén cach
boi khoang trang hoac dau cau. Khi d6 mdi ma 1a mot tir don am tiét. Pay 1a phuong
phap ma duoc st dung trong cac thuat toan nhdng tir truyén thdng nhu GloVe,
word2vec.

2. Tokenize theo multi-word level: Tiéng Viét va mot sé6 ngdn ngir khac ton tai tir
don am tiét (tir don) va tir da Am tiét (tir ghép). Do d6 néu ma theo tir don am tiét s&
lam nghia cua tir bi sai khac. Vi du cum trvo xac dinhnéu duoc chia
thanh vo, x4c va dinh s& 1am cho tir bj mat di nghia phu dinh cta nd. Do d6 dé tao
ra dugc CAC tir voi nghia chinh xéc thi ching ta s& st dung thém tir dién bao gébm ca
tir da Am tiét va don am dé tokenize cau. Trong Tiéng Viét cd kha nhiéu cac module
hd tro tokenize dua trén tir dién nhu VnCoreNLP, pyvivn, underthesea.

3. Tokenize theo character level: Viéc tokenize theo word level thuong sinh ra mot
tir dién véi kich thudce rat 16n, diéu nay lam gia chi phi tinh toan. Hon nita néu
tokenize theo word level thi doi hoi tir dién phai rat I6n thi méi han ché dugc nhitng
truong hop tir nam ngoai tir dién. Tuy nhién néu phan tich ta s& thay hau hét cac tir
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déu cd thé biéu thi dudi mot nhoém céc Ky tu 1 chir céi, con s, ddu xac dinh. Nhu
vay chi can st dung mét lugng céc Ky tu rat nho co thé biéu dién duoc moi tir. Tur
duoc token dua trén level ky tu s& c6 tac dung giam kich thuéc tir dién ma van biéu
dién duoc cac trudng hop tir nam ngoai tir dién. Pay 1a phuong phép duoc &p dung
trong mé hinh fasttext.

Phwong phiap méi BPE (SOTA): Nhuoc diém cua phuong phap tokenize theo
character level d6 1 cac token khong c6 y nghia néu dimg doc 1ap. Do d6 dbi véi cac bai
toan sentiment analysis, 4p dung tokenize theo character level s& mang lai két qua kém
hon. Token theo word level ciing t6n tai han ché d6 1a khong giai quyét dugc cac truong
hop tir ngam ngoai tir dién.

Mot phuong phap méi da duoc dé xuat trong bai bao Neural Machine Translation of
Rare Words with Subword Units vao nam 2016, c6 kha nang tach tur theo level nhé hon tur
va lon hon ky tu duoc goi l1a subword. Phuong phap do chinh 1a BPE (byte pair encoding).
Theo phuong phap méi nay, hau hét cac tir déu c6 thé biéu dién bai subword va ching ta
s& han ché duoc mot sé luong dang ké cac token <unk> dai dién cho tir chua tirng xuat
hién trude d6. Rat nhanh chong, Phuong phap méi da duoc &p dung o hau hét cac phuong
phap NLP hién dai tir cac 16p mé hinh BERT cho téi cac bién thé ciia né nhu OpenAl GPT,
RoBERTa, DistilBERT, XLMNet. Két qua &p dung tokenize theo phuong phap mai da cai
thién dugce d6 chinh xac trén nhiéu nhiém vu dich may, phan loai van ban, du bao cau tiép
theo, hoi dap, du b4o méi quan hé van ban.

Thuat todn BPE:

BPE (Byte Pair Encoding) 1a mét ky thuat nén tir co ban giap ching ta index dugc toan
bo céc tir ké ca truong hop tir mo (khong xuat hién trong tir dién) nho ma héa céc tir bang
chudi céc tir phu (subwords). Nguyén ly hoat dong cia BPE dya trén phan tich truc quan
rang hau hét cac tir déu cé thé phan tich thanh céc thanh phan con.

Chang han nhu tir: low, lower, lowest déu 14 hop thanh bai low va nhitng dudi
phu er, est. Nhitng dudi nay rat thuong xuyén xuat hién ¢ cac tir. Nhu vay khi biéu dién
tir lower ching ta c6 thé ma hoa ching thanh hai thanh phan tir phu (subwords) tach biét
la low va er. Theo céach biéu dién ndy s& khdng phat sinh thém mot index mai cho
tir lower va dong thoi tim duoc mai lién hé gitra lower, lowest va low nho ¢6 chung thanh
phan tir phu 1a low.
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Phuong phap BPE sé& thong ké tan suat xuat hién ciia cac tir phy ciing nhau va tim céch
gop chang lai néu tan suat xuat hién cua ching 1a 16n nhat. Cir tiép tuc qué trinh gop tir phu
cho t6i khi khdng ton tai cac subword dé gop nira, ta sé thu dugc tap subwords cho toan bo
bo vin ban ma moi tir déu c6 thé biéu dién dugc théng qua subwords.

Code cua thuat toan BPE da duoc tac gia chia sé tai subword-nmt.
Qua trinh nay gom cac budc nhu sau:

« Budc 1: Khai tao tir dién (vocabulary).

« Budc 2: Biéu dién mdi tir trong bod vin ban bang két hop cua cac ky tu voi
token <\w> & cudi cing danh dau két thic mot tir (Iy do thém token s& duoc giai
thich bén dudi).

« Budc 3: Théng ké tan suat xuat hién theo cap cia toan bo token trong tir dién.

« Budc 4: Gop céc cap cb tan suat xuat hién 16n nhat dé tao thanh mot n-gram theo
level character méi cho tir dién.

« Budéc 5: Lap lai budce 3 va budc 4 cho tai khi s6 budc trién khai merge dat dinh hoac
kich thuéc ky vong cua tir dién dat duoc.

MNLI ONLI QQP RTE 55T MRPC CoLA STS WNLI Avg

Single-task single models on dev
BERT, \ece 86.6/- 92.3 913 704 932 88.0 606  90.0 - -
XLNety spce 89.&/- 939 918 838 956 89.2 636 918 -
RoBERTa 90.2/90.2 947 922 866 954 909 68.0 924 913 -

Ensembles on test (from leaderboard as of July 25, 2019)

ALICE BR2/ETY 957 907 EIS5 952 926 68.6 91.1 808 863
MT-DNN B7.9/874 960 B99 B63 965 927 684 011 890 876
XLNet D0.2/898 986 903 Bo3 958 930 67.8 916 904 BE4

RoBERTa 00.8/90.2 989 902 882 957 923 67.8 922 890 885

Bang 5. Hiéu suat trén GLUE BenchMARK
1.10.3. Extract fearture tir RoBerta

C6 2 versions chinh tra vé 2 kich thudc nhing khac nhau khi huan luyén theo
RoBERTa @6 la:

« BERT base: 12 tang con, kich thudc nhiing 768, s6 luong head attention 1a 12.
« BERT large: 24 tang con, kich thudc nhiing 1024, sé lwong head attention 1a 16.
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Chlng ta c6 thé trich xuat dugc cac dic trung duoc tao ra tir BERT cua pha Encoder
tai cac tang cudi clng hoic toan bo cac tang. Ngoai phuong an trich suat véc to nhing tai
layer cudi cling, mot sé nhiém vu classification trong NLP da ap dung trich suat dic trung
tr nhiing ting truéc d6 ching han nhu trong nhiém vu PhoBERT Sentiment
Classification tac gia da trich suat ddc trung tir 4 ting cudi clng thay vi chi trich suat tir
mot layer cudi.

Encoder § Encoder b Encoder e Encoder
Layer#1 Layer#2 ;2 Layer#3 Layer#6

Hinh 8. Kién triic gom nhiéu tang tai encoder cia md hinh BERT

M6 hinh huan luyén tir ROBERTa cho phép ta trich suat cac dic trung tir nhitng tang
ctia encoder. C6 thé 1a layer cudi hoac toan bo cac tang. Kich thudc dau ra cua mdi mot
layer sé la batch_size x seq_len x d_model

1.10.4. Pién tir ( Filling Mask )

Trén thuc té c6 rat nhiéu ang dung cta bai toan filling mask nhu xay dung hé thong
suggestion search, goi y g6 van ban, tim tir dong nghia, tagging.

M6 hinh BERT tao ra c4c biéu dién tir, tir qué trinh an céc vi tri token mot cach ngau nhién
trong cau dau v&o va du béo chinh, tir 46 & dau ra dya trén bdi canh 1a c&c tir xung quanh.

Nhu vay khi d3 biét cac tir xung quanh, chling ta hoan toan cé thé du bao duoc tir phu
hop nhét vai vi tri da dugc masking.

1.10.5. Trich suat dic trung ( Extract feature ) cho tir

Sau khi load dwoc mé hinh BERT, chiing ta hoan toan ¢ thé trich suét dic trung cho mot
tir bat ky tir md hinh huan luyén truéc. Tir cac véc to nhing duoc trich suat cho mét tir hoidc
mét cAu, chling ta c6 thé do luong similarity dé tim ra cac cau twong dong vé ndi dung hozc
c4c tir ddng nghia. Mot tng dung khac do6 1a chiing ta c6 thé tan dung céc biéu dién ngit nghia
cua tir thong qua véc to nhung duoc huan luyén tir BERT dé chuyén giao sang cac nhiém vu
phan loai van ban, phan tich cam xuc binh luan. Phuong phap tiép can s& tuong tw nhu ap dung
cac mo hinh GloVe, word2vec, fasttext trong hoc ndng (shallow learning)
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CHUONG 2. PHOBERT

2.1. Sw ra doi cia PhoBERT

Mic du BERT la mot nghién ciru méi mang day tinh dot pha, mot buéc nhay vot thuc
su caa Google trong linh vuc xur Iy ngdn ngir tw nhién. Su ra doi caa md hinh huan luyén
truéc BERT da mang lai nhiing cai tién dang ké cho rat nhiéu bai toan nhu Question
Answering, Sentiment Analysis,...

Tuy nhién , huan luyén mé hinh BERT cho Tiéng Viét lai khdng hé don gian do d6 rat
khé dé co thé ap dung BERT cho cac nhiém vu Tiéng Viét du cho Google ciing c6 huan
luyén trudc cho nhiéu ngdn ngir (pre-trained multilingual) bao gém ca tiéng Viét nhung
chua cho két qua thuc hién tét nhat.

Cho dn nay BERT van dugc st dung cho nhiéu bai toan NLP cho két qua tét vai cac
phién ban cai tién, bién thé nhu RoBERTa, ALBERT, DistilBERT,... BERT di duoc &p
sung cho nhiéu nhiém vu xa ly ngén ngit tu nhién va tro 1én 4p dao trong céc nén tang thi
dau nhu Kaggle, AIVIVN ciing nhu duoc trinh bay tai nhiéu hoi nghi.

PhoBERT da dugc ra doi 1a mot mé hinh BERT duoc huan luyén trudce cho tiéng Viét
va dat duoc nhiéu két qua tét nhat cho nhiéu nhiém vu trong xir ly ngén ngir tiéng Viét.
Téc gia liy tén Pho vi day 1a mén an phd bién cua Viét Nam.

PhoBERT dé& st dung, né duoc xdy dung dé sir dung trong cac thu vién
nhu FAIRSeq cua Facebook hay Transformers cua Hugging Face nén gio day BERT lai
cang pho bién ngay ca vaéi ngdn ngir tiéng Viét hay tiéng Anh.

2.2. CAu trac caa PhoBERT

Pay 1a mot mo hinh huan luyén trude dugc huan luyén cho don ngdn ngit (monolingual
language), ttc 1a chi huan luyén danh riéng cho tiéng Viét. Twong tu nhu BERT, PhoBERT
ciing ¢6 2 phién ban 13 PhoBERTase Vi 12 khdi transformers va PhoBERT jarge VGi 24 khéi
transformers.

PhoBERT duoc huan luyén trén khoang 20GB dix liéu bao gom khoang 1GB ngit liéu
Wikipedia Tiéng Viét (Vietnamese Wikipedia corpus) va 19GB con lai Iy tir ngit liéu tin
tire tiéng Viét. Pay 1a mot lugng dir liéu da 16n dé huan luyén mot mo hinh nhu BERT.
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PhoBERT st dung RDRSegmenter ciia VVnCoreNLP dé tach tir cho dir liéu dau vao
truéc khi qua ma hda BPE. PhoBERT chi st dung nhiém vu Mé hinh ngén ngit danh dau
dé huan luyén va khong st dung nhiém vu dy doan cau tiép theo.

PhoBERT c¢ hai phién ban: PhoBERThase VA PROBER T arge

La md hinh ngdn ngir don ngir ¢6 quy mé 16n dugc huan luyén huan luyén danh riéng
cho Tiéng Viét. Thuc nghiém két qua cho thdy PhoBERT ludn hoat dong tét hon so voi
mo hinh da ngon ngit dugc huan luyén trudc tét nhat gan day XLM-R va cai thién tinh
nang hién dai trong nhiéu nhiém vy NLP danh riéng cho tiéng Viét bao gém cac nhiém vu
nhu: phan tich giong n6i, Phan tich ci phap phu thudc, Nhan dang thuc thé duogc dit tén
va Suy luan ngdn ngt tu nhién.

Cac md hinh ngdn ngit duoc huan luyén trude, dac biét 1a BERT( Devlin va cong su,
2019) gan day da trd nén cuc Ky pho bién va tao ra cac cai tién dang ké cho cac nhiém vy
NLP khac nhau. Su thanh cong cia BERT duoc huan luyén va cac bién thé cia né phan
l6n dat duoc két qua tbt trong ngdn ngit tiéng Anh.

Déi voi ngbn ngir khac, nguoi ta co the huan luyén lai bang cach sir dung md hinh kién
trdc BERT (Cui ,de Vries, Vu, Martin va cac cong su ra mat vao nim 2020) hoic sir dung
cac mo hinh dya trén BERT da ngon ngit da duoc huan luyén trugc (Devlin et al., 2019;
Conneau va Lample, 2019; Conneau va cong su, 2020).

Vé md hinh tiéng Viét, c6 hai van dé can quan tam chinh nhu sau:

« Kho tai liéu Wikipedia tiéng Viét 1a dix liéu duy nhat duoc sir dung dé huan luyén
cac mé hinh ngdn ngit don ngir (Vu et al., 2019) va day ciing 1a tap dit liéu tiéng
Viét duy nhat dugc dua vao lam di liéu tién huan luyén duoc sir dung bai tat ca cac
mo hinh da ngon ngir ngoai trir XLM-R.

C6 mot luu y rang: Dir liéu Wikipedia khong dai dién cho mét chi sir dung ngdn ngix va
Wikipedia dit liéu Tiéng Viét twong d6i nho (kich thusc 1GB khdng nén), trong khi cac
md hinh ngén ngit duoc huan luyén trudc cd thé dugc cai thién dang ké bang cach st dung
nhiéu di liéu tién huan luyén hon (Liu va cong su, 2019).

« Tat ca cac mo hinh ngdn ngit dya trén BERT don va da ngon ngir dugc phat hanh

cong khai déu khéng nhan thire duoc sy khac nhau giira &m tiét tiéng Viét va ma tir.
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Sy mo ho nay dén tir thuc té 12 khoang trang ciing 1a duoc st dung dé tach cac am
tiét tao thanh tir khi viét bang tiéng Viét.

Vi du: M6t cdu van duoc viét 6 am tiét « Toi 1a mot nghién ciru vién ” tao thanh 4 tir «
T@ll iSam mé:)ta nghién_Cl:I'U_Viénresearcher 7,

Khong can thuc hién mot budc tién xi ly tiéng Viét nhu phan doan tir, nhitng mé hinh
d6 ap dung tryc tiép phuong phap ma hoa theo cip (BPE) (Sennrich va cong su, 2016;
Kudo va Richardson, 2018) véi dix liéu trudc khi luyén tap tiéng Viét cap do am tiét. Pac
biét, d6i v6i cac nhiem vu NLP tiéng Viét cap do tir, nhitng md hinh d6 duoc huan luyén
trudc trén dir liéu cap do am tiét co thé khong hoat dong tét nhur cac mo hinh ngén ngir
duoc huan luyén trudc vé dit lidu cap do ti.

Pé giai quyét hai méi quan tam trén, c4c tac gia huan luyén dya trén mo hinh don ngi
quy md 16n dau tién BERThase V& BERTiarge tao ra kho dit lidu tén Tiéng Viét co téi 20GB
cap do tir. Ho danh gia cac mo hinh ctia minh trén bon nhiém vy sau NLP cho tiéng Viét:
gan nhan tur loai (Part-of-speech - POS), phén tich cu phap phu thuoc (Dependency Paser)
va nhan dang thuc thé tén (NER), va nhiém vu hiéu ngdn ngir ctia suy luan ngbn ngir tu
nhién (NLI) c6 thé dugc xay dung nhu mot nhiém vu cap o6 am tiét hoic tu.

Két qua thir nghiém cho thay rang cac mé hinh cua tac gia cho két qua tét nhat hién tai
(SOTA) trén tat ca cac nhiém vu nay. Nhitng dong gop dé nhu sau:

« Tao ra cac md hinh ngdn ngir don ngit quy mo Ion dau tién duoc huan luyén huan
luyén trudc danh riéng cho Tiéng Viét.

« Cacmo hinh d6 gilp tao ra cac két qua SOTA trén bn nhiém vy co ban 12 gan nhan
tir loai POS ( Part-of-speech ), phén tich cu phap phu thudc DP ( Dependency Paser
), nhan dang thyc thé NER ( Name Entity Recognition ) va suy luan ngén ngir tu
nhién NL I ( Natural Languague Inference ), do d6 cho thay hiéu qua cua viéc dua
trén BERT quy md lén cac mé hinh ngbn ngit don ngit cho tiéng Viét.

« Thuc hién bo thir nghiém dau tién dé so sanh cac mo hinh ngén ngit don ngir véi
m6 hinh da ngdn ngir tot nhat gan ddy XLM-R trong bn nhiém vu co ban trén. Cac
thir nghiém cho thay rang cac mé hinh hoat dong tét hon XLM-R Vé tat ca cac nhiém
vu nay, do d6 c6 thé thay rang cac mé hinh danh riéng cho ngdn ngit cu thé van tét

hon cac mo hinh da ngén ngt.
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« Duara cdc mé hinh dudi tén PhoBERT c6 thé duoc st dung véi fairseq (Ott va cong
su, 2019) va transformer (Wolf va cong su, 2019). Qua d6 hi vong PhoBERT c6 thé
phuc vu nhu mét co sé viing chac cho NLP tiéng Viét trong twong lai dé nghién ctiu
va ung dung.

2.2.1. Dix liéu trwéc khi huan luyén

Pé xur Iy mdi quan tam dau tién duoc dé cap trong phan gigi thiéu trén , ching ta sir
dung tap dit liéu 20GB duoc huan luyén trude cua cac van ban. Tap di liéu nay 1a su két
hop caa hai kho ngir liéu:

« Kho ng liéu Wikipedia tiéng Viét(~1GB)
« Kho vin ban thir hai (~19GB) 1a duoc tao ra bang cach xda cac bai bao twong tu va
trung lap khai kho tin tic tiéng Viét( 50GB )

Dé giai quyét van d& cho kho ngit liéu tha hai, ching ta sit dung RDRSegmenter
(Nguyen et al.,2018) tir VnCoreNLP(Vu et al., 2018) dé tach tir va phan doan cau trén tap
dir liéu huan luyén trudc, két qua ~145M cau duoc tach tir (~3B tir ma thdng bao). Khac
véi ROBERTa, chiing ta ap dung fastBPE (Sennrich et al., 2016) dé phan doan nhiing cau
Véi cac don vi tir khda phy, st dung tir vung trong tong sé 64K loai tir khoa phu. Trung
binh ¢ 24,4 ma thong bao tir phu cho madi cau.

2.2.2. T6i wu héa

Str dung viéc trién khai ROBERTa trong fairseq (Ott va cong su, 2019). Ching ta dat
do6 dai tdi da 12 256 ma thong béo tir khda phu, do d6 tao ra cau 145M x 24,4 /256 ~ 13,8M
c4c khi. Theo Liu et al. (2019), ching ta téi wu hoa st dung cac md hinh Adam (Kingma
va Ba, 2014).

Chung ta sir dung kich thuéc 16 1024 trén 4 GPU V100(16GB mdi) va téc do huan
luyén cao nhat 12 0,0004 cho PhoBERTwase va kich thudc 16 1a 512 va dinh ty 1¢ huan luyén
14 0,0002 cho PhoBERT arge. Chuing ta chay trong 40 ky nguyén trong 2 ky nguyén), do do6
dan dén 13,8M x 40/ 1024 ~ 540K buéc huan luyén cho PhoBERThase VA 1,08 triéu budc
huan luyén cho PhoBERTiarge. PhHOBER Thase dugc huin luyén huan luyén truéc trong 3 tuan
va sau d6 PhOBERT jarge trong 5 tuan.

36



2.2.3. Thiét lap thir nghiém

Hiéu suat caa PhoBERT duoc danh gia trén bén nhiém vu NLP tiéng Viét: gan nhan
tir loai POS, Phan tich ct phap phu thudc, nhan dang thuc thé va xt Iy ngdn ngit tu nhién.

« Véi bbn nhiém vy nay dit liéu duoc phan chia nhu sau:

Task #training | #valid | #test
POS tagging | 27,000 870 [ 2.120
Dep. parsing’ | 8,977 200 1.020
NER' 14,861 2,000 | 2,831
NLI* 392,702 | 2.490 | 5,010

Bang 1. Thong ké cac bo dit lidu

Trong d6 : “#Training”, “#valid” va “#test” biéu thi kich thuéc caa bd huan luyén, xéac
nhan va danh gia, twong (g va xem kich thudc tap dit liéu 1a s6 cau va cac cip cau tuong
ung.

Dé cho nhiém vu gan nhan tir loai, phan tich c phap Phu thudc va NER, ching ta thuc
hién cac budc tién xu Iy sir dung VnCoreNLP (Vu et al., 2018), st dung cac danh gia tiéu
chuan cua VLSP véi tap dit liéu gan nhan tir loai 2013, ngan hang cau phan tich phu thudc
VnDT v1.1 (Nguyen et al., 2014b) véi gan nhén tir loai cua VnCoreNLP va VLSP 2016
Bo dir lieu NER (Nguyén va cong su, 2019a).

Ddi véi NLI, sir dung bo kiém tra va xac thuc Tiéng Viét dugc xay dung tha cong tur
kho ngit liéu NLI (XNLI) phién ban 1.0 (Conneau et al.,2018) trong d6 bd huan luyén tiéng
Viét dugc phat hanh dudi dang phién ban dich bang may cua bo huan luyén tiéng Anh
tuong tng (Williams va cong su, 2018). Khong gidng nhu gan nhan tir loai, phan tich cl
phap Phu thudc va tap di lieu NER cung cap tir vang phan doan, doi véi NLI, ching tdi six
dung RDRSegmenter dé phan doan vin ban thanh céc tir trudc khi &p dung BPE dé tao ra
cac tir khoa con tir cAc ma thdng béo tur.

o Tinh chinh

Theo Devlin va cong su. (2019), dé gan nhan tir loai va NER, ching ta thém mat 16p
du doan tuyén tinh & trén cling cua kién tric PhoBERT (tuc 14 16p Transformer cudi ciing
ciia PhoBERT). Péi véi sy phu thudc phan tich cd phap, theo Nguyen (2019), chling ta st
dung su tai hién lai (Biaffine) phan tich ct phap phu thudc hién dai (Dozat va Manning,
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2017) tir Ma va cong su(2018) vai siéu tham s6 t6i wu mic dinh. Sau d6 mé rong phan tich
cl phap nay biang cé4ch thay thé nhing tir duwoc huan luyén trudge caa mdi tir trong mot cau
dau vao bang cach tinh toan nhung theo ngit canh twong tng (tir 16p cudi cung) cho ma
thong bao tir phu dau tién cua tu.

Déi véi gan nhén tir loai, NER va NLI, chlng ta sir dung Transformer (Wolf va cong
su, 2019) dé tinh chinh PhoBERT cho ting nhiém vu va tirng tap dit liéu mot cach doc 1ap.
Sir dung AdamW (Loshchilov va Hutter2019) véi toc do huan luyén cb dinh 1a 1.e-5 va
kich thuéc khéi 1a 32 (Liu va cong sy, 2019). Ching ta tinh chinh 30 ky nguyén huan luyén,
danh gia viéc thuc hién nhiém vu sau mdi ky nguyén trén tap xac thuc va sau do chon ky
nguyén tét nhat diém danh gia mé hinh dé bao céo két qua cudi cing trén bo danh gia (luu
y rang mdi diém s6 la trung binh trén 5 1an chay vai cac hat ngau nhién khéc nhau).

2.2.4. Két qua thwc nghiém

1) Két qud cudi

POS tagging (word-level) Dependency parsing (word-level )
Model Acc. | Model LAS / UAS
RDRPOSTagger (Nguyen et al., 2014a) [de] Q5.1 | _ _
BiLSTM-CNN-CRF (Ma and Hovy, 2016) [&] [ 954 | VnCoreNLP-DEP (Vu et al., 2018) [] TL3B/TT.35
VnCoreNLP-POS (Nguyen et al., 2017) |&] 95.9 | JPFTDP-vZ %] 731217963
JPTDP-v2 (Nguven and Verspoor, 2018) [4r] 95.7 | jointWPD [ ] T390 /8012
JointWPD (Naguyen, 2009 [4] 96.0 | Biaffine {Dozat and Manning, 2017) [+] | 74599/ 81.19
XLM-Ry,.. (our result) 06.2 | Biaffine wf XLM-Ry,, .. (our result) Th.46 /8310
XLM-Ryyrg, (owr result) 96.3 | Biaffine wf XLM-Ry,yp. (our result) T587 /8270
PhoBERT o 96.7 | Biaffine wf PhoBERTy,.. TR.TT S 85.22
PhoBERT .. 96.8 | Biaffine w/ PhoBERT . J7.85 /8432

Bang 2. Biém hiéu suat (tinh bang%) trén bo kiém tra gan nhan tir loai va phan tich cu
phap phu thugc.

Trong d6 : “Acc.”, “LAS” va “UAS” viét tat twong ng cia P9 chinh xac, Diém phan
dinh kém duoc gin nhin va Biém phan dinh kém khong duoc gin nhan (¢ day, tat ca cac
chi s6 danh gia nay duoc tinh toan trén tit ca cac ma thong bao tir, bao gdm ca dau cham
cau). [#] va [*] biéu thi két qua duoc bao céo tuwong tng bai Nguyen et al. (2017) va
Nguyén (2019).
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MNER (word-level) NLI (syllable- or word-level)

Muodel F Model Acc.
BiLSTM-CNMN-CRF [ #] BE3 ) _ _

VoCoreNLP-NER (Vu et al., 2018) [#] | 88.6 | BILSTM-max {Conneau et al., 2014) 664
VNER {Nguyen et al., 2019b) 89.6 | mBiLSTM (Artetxe and Schwenk, 2019) 72.0
BiLSTM-CNMN-CRF + ETNLP [é] 91.1 | multilingual BERT {Devlin et al., 2019) [H] | 69.5
YnCoreNLP-NER + ETNLP [#] 913 | XLMuypsemim (Conneaw and Lample, 2019) | 76.6
XLM-Rpee (Our result) 92.0 | XLM-Rpyee (Connean et al., 2020) 754
XLM-Riapge (our result) 928 | XLM-Ejyye (Conneau et al., 2020) 19.7
PhoBERT .. 93.6 | PhoBERT s 78.5
PhoBERT 94.7 | PhoBERT yyge 80.0

Bang 3. Piém hiéu suit (tinh bang%) trong b dix liéu danh gia NER va NLI

Trong d6: [#], [#] va [m] biéu thi két qua dugc bao céo twong tng béi Vu va céc cong
su. (2018), Vu va cac cong su (2019) va Wu va Dredze (2019). Luu y 1a két qua Tiéng Viét
NLI dugc huan luyén cho XLM-R s& cao hon khi tinh chinh su két hop cua tat ca 15 bo dir
licu huan luyén tir ngixr liéu XNLI (tic 1a TRANSLATE-TRAIN-ALL: 79,5% cho XLM-
Rbase Va 83,4% XLM-Riarge). Tuy nhién, nhiing két qua do c6 thé khdng thé so sanh duoc
vi chling ta chi st dung dit liéu huan luyén tiéng Viét don ngit dé tinh chinh.

Bang 2 va 3 so sanh diém s6 PhoBERT voi két qua danh gia cao nhat trude do, st
dung cung mot thiét lap thir nghiém. Rd rang 1a PhoBERT gilp tao ra két qua hiéu suat
SOTA méi cho tat ca bon nhiém vu & trén.

Dé gan nhan tir loai, md hinh than kinh chung WPD dé gan nhn tir loai va phan tich
cu phap phu thuoc (Nguyen, 2019) va mo hinh dua trén dac trung VnCoreNLP-POS
(Nguyen et al., 2017) la hai m6 hinh SOTA trudc do, c6 dugc do chinh xac vao khoang
96,0%. PhoBERT cao hon 0,8% dd chinh xac hai mo hinh nay.

Péi vai phan tich ci phap Phu thugc, mic cao nhat trude ¢ diém phan tich ci phap
LAS va UAS c6 dugc boi Biaffine phan tich ¢t phap lan luot 12 75,0% va 81,2%. PhoBERT
gitip thic day trinh phan tich cd phap Biaffine véi cai thién tuyét doi khoang 4%, dat duoc
LAS & mac 78,8% va UAS la 85,2%.

D6i v6i NER, PhoBERTarge tao ra 1,1 diém F1 cao hon PhoBERThase. Ngodi ra,
PhoBERThase cao hon 2 diém so véi phuwong phap SOTA trude d6 va dua trén mang no-
ron mo hinh VnCoreNLP-NER (Vu et al., 2018) va BiLSTM-CNN-CRF (Ma va Hovy,
2016) duoc huan luyén véi b 15K dya trén BERT nhing tir ETNLP (Vu va cong su,
2019).
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Pbi v4i NLI, PhoBERT vuot troi hon BERT da ngdn ngir (Devlin va cong sy, 2019)
va mo hinh da ngon ngtt BERThase V&i muc tiéu mé hinh ngén ngi dich mgi XLMMLM +
TLM (Conneau va Lample, 2019) véi d6 chinh xac cao. PhoBERT ciing hoat dong tét hon
mo hinh da ngdn ngir tét nhat gan day duoc huan luyén trudc XLM-R nhung st dung it
tham s6 hon XLM-R: 135M (PhoBERThase) SO VGi 250M (XLM-Rbase); 370 triéu
(PhoBERT arge) S0 V&i 560M (XLM-Rjarge).

2) Nhdn xét

Két qua cho thay rang PhoBER Tiarge dat dugc mirc thap hon 0,9% diém phan tich cl
phap phu thuoc hon PhoBER Thase. Mot 1y do c6 thé 13 16p Transformer cudi cing trong
kién tric BERT c6 thé khong phai 1a ma hoa thong tin tdi wu phong phti nhat vé cau tric
cl phép (Hewitt va Manning, Nam 2019; Jawahar va cong su, 2019). Trong twong lai can
nghién cau 16p Transformer ciia PhoBERT chira thong tin ¢t phap phong pha hon bang
cach danh gia hiéu suat phan tich cl phéap tiéng Viét tir mdi 16p.

Viéc st dung nhiéu dit liéu trudc khi huan luyén hon cé thé nang cao chét luong cua
ngdn ngit duoc huan luyén trugec mo hinh (Liu va cong su, 2019). Vi vy, khong co gi dang
ngac nhién ring PhoBERT gilp tao ra hiéu suat tét hon ETNLP trén NER va BERT da
ngdn ngir va XLMMLM + TLM trén NLI (¢ day, PhoBERT sir dung 20GB vin ban tiéng
Viét trong khi nhitng mé hinh d6 sir dung kho di liéu Wikipedia tiéng Viét 1GB).

Theo phuong phép tinh chinh d6i vai PhoBERT, chiing ta da tinh chinh can than XLM-
R cho cac nhiém vu gan nhan tur loai tiéng Viét, phan tich cd phap Phu thudc va NER .
Bang 2 va 3 cho thay rang PhoBERT ciing hoat dong tot hon XLM-R trén ba nhiém vu cap
tir ndy. Can luu y rang XLM-R st dung kho dit liéu huan luyén truéc 2,5TB chira 137GB
van ban tiéng Viét (tic 1a khoang 137/20 = gap 7 1an so véi huan luyén trudc cia ngi lidu
trong PhoBERT. PhoBERT thuc hién phan doan tir tiéng Viét dé phan doan céc cau & cap
d6 am tiét thanh cac ma théng béo tir truéc khi p dung BPE dé phan doan cac cau duoc
phan doan tir thanh cac don vi tir khda con, trong khi XLM-R truc tiép &p dung BPE cho
cac cau luyén trudce tiéng Viét ¢ cap do am tiét. Biéu nay xac nhan lai rang cac md hinh
danh riéng cho ngdn ngit cu thé van hoat dong tét hon da ngdn ngir (Martin va cong su,
2020).

40



2.2.5. Két luan

C6 thé thay rang PhoBERT — md hinh ngén ngir don ngir quy md 16n dau tién duoc
huan luyén dao tao danh riéng cho Tiéng Viét - hoat dong tét hon so vai san pham tot nhat
gan day mé hinh da ngon ngit XLM-R va gitp dién giai SOTA thuc hién bon nhiém vu
NLP sau caa Viét Nam la Gan nhan tur loai, Su phu thuoc phan tich cu phap, NER va NLI.
Bing cach phat hanh cong khai ca&c mé hinh PhoBERT, hy vong rang ching c6 thé thic
day cac nghién ctu va ang dung trong twong lai cuia NLP Viét Nam.

2.3. Ung dung ciia PhoBert
Trong Tiéng Viét thi ching ta cé thé tng dung BERT trong mot s6 nhiém vu nhu:

e Tim tir dong nghia, trai nghia, cing nhoém dua trén khoang cach cua tir trong khong
gian biéu dién da chiéu.

e Xay dung cac véc to nhung cho cac nhiém vu NLP nhu sentiment analysis, phan
loai van ban, nhan dang thuc thé, gan nhan tir loai, huan luyén chatbot.

e Goi y tir khoa tim kiém trong céc hé théng search.

e Xay dung cac tng dung seq2seq nhu robot Viét bao, tdm tit vin ban, sinh cau ngau
nhién véi y nghia twong dong.
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CHUONG 3. UNG DUNG PHOBERT VAO BAIl TOAN PHAN TiCH QUAN
PIEM BINH LUAN TIENG VIET

3.1. Phat biéu bai toan

Phan tich tinh cam (Sentiment Analysis) hay khai pha quan diém (Opinion Mining)
ngudi dung 1a linh vire dd va dang thu hat duoc sy quan tam cua cong ddng cac nha nghién
clru ciing nhu cic nha phat trién tng dung. Cung véi su phat trién caa mang may tinh toan
cau va cac thiét bi di dong, ngudi dung da tao ra mot luong dit liéu danh gia khdng 16 trong
qua trinh ho tuong tac trén cac trang mang Xa hoi, cac trang dién dan, cac trang danh gia
san pham, v.v. Nguoi ding hay nha san xuét thuong muén biét san pham hay dich vy ma
ho quan tdm duoc danh gi 1a tich cuc hay tiéu cu dé quyét dinh lya chon hay san xuat no.
Do d6, viéc khai thac cac thdng tin hiru ich tir dir liéu da duoc binh luan trén mang sé gilp
ho ndm duoc xu thé dang duoc danh gid, binh luan hay thé hién tinh cam vé cac san pham,
dich vu, su kién, v.v. 1a khen hay ché va duoc thé hién nhu thé nao.

Phan tich cam xdc (Sentiment analysis) 1 nham phat hién ra thai 6 mang tinh lau dai,
mau sic tinh cam, khuynh huéng niém tin vao cac ddi tuong hay nguoi nao do.

Cac van dé xung quanh viéc phan tich cam x(c:

e Ngudn gdc caa cam Xxuc.

e Muc tiéu cua cam xUc.

e CAac loai cam xuc: thich, yéu, ghét, danh gia, mong moi...

e V& mirc do cam xuc: tich cuc, tiéu cuc, trung tinh.

e Vin ban ham chira cam xuc: mot cau hoac mot doan van ban.

Bai toan phan tich cam xuc thudc dang bai toan phén tich ngit nghia van ban. Vi vay,
ta can phai xay dung mot mé hinh dé hiéu dugc ¥ nghia ctia ciu vin, doan van dé quyét
dinh xem cau vin d6 hoic doan vin d6 mang mau sic cam xdc chi dao nao.

Phat biéu theo géc nhin cua may hoc (Machine Learning) thi phan tich cam x(c 1a bai
toan phan lép cam xdc dua trén van ban ngdn ngi tu nhién. Dau vao cua bai toan 1a mot
cau hay mot doan van ban, con dau ra la cac gia tri xac suat (diém sb) caa N 16p cam xuc
ma ta can xac dinh.
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Trong loai bai todn phan tich cam xtc dugc phan thanh céac bai toan c6 dé kho khac

nhau nhu sau:

e Don gian: Phan tich cam xtc (thai d6) trong van ban thanh 2 16p: tich cuc (positive)
va tiéu cuc (negative).

e Phtic tap hon: Xép hang cam xuc (thai do) trong van ban tir 1 dén 5.

e Kho: Phat hién muc tiéu, ngudn goc cua cam xic (thai do) hoic cac loai cam xuc
(thai do) phuc tap.

Hién tai thi cong dong khoa hoc méi chi giai quyét tét bai toan phan tich cam xtc ¢
cap do don gian, tac 1a phan tich cam xtc véi 2 16p cam xdc tiéu cuc va tich cuc véi do
chinh xac hon 85%.

Vi vay, bai toan phan tich cam xuc trong Tiéng Viét trinh bay trong bai viét nay 1a két
qua cia nghién ciru phan tich cam xuc van ban Tiéng Viét véi 2 16p cam xuc la: tiéu cuc
(negative) va tich cuc (positive). So dd phan tich cam xuc nhu sau:

Tich cuwc
B Positive
BognvanTiéng |_,| M4 hinh SAV
Viét
Tiéu cwc
Negative

Hinh 9. So do phan tich cam xac

Pau vao cia md hinh xir ly Sentiment Analysis Vietnamese (SAV) la mot doan vin
Tiéng Viét, dau ra 12 2 gié tri xac suat ma doan van dau vao thudc vé 16p cam xdc: tidu cuc
(negative) hay tich cuc (positive).

Viéc phan tich cam xuc trong vin ban duoc tng dung trong hang loat céc van dé nhu:
Quan tri thuong hiéu doanh nghiép, thwong hiéu san pham, quan tri quan hé khéach hang,
khao sét y kién xa hoi hoc, phan tich trang thai tAm 1y con ngudi...

Chung ta dang séng trong ky nguyén sd, dic biét nhitng nim gan ddy noi 1&n véi mang
x4 hoi, voi hang triéu nguoi dung trén thé gisi, véi luong thong tin noi dung duge ngudi
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ding tao ra hang ngay cuc ky 16n, véi da dang cac hinh thirc nhu dong trang théi, hinh anh,
video. Mang x& hoi ¢ nhiing dic diém 1a: thong tin do ngudi dung tao ra, mang tinh cé
nhan cho nén chat luong ndi dung hay tinh dang din, xac thyc 1a trong d6i; mot théng tin
méi duoc tao lai c6 stc lan téoa nhanh dén dong dao cac ngudi ding khéc, so véi cac kénh
thong tin truyén thong nhu truyén hinh, truyén thanh, béo chi, dién dan, blog...

Piéu nay dit ra cho cac doanh nghiép 16n giai quyét bai toan quan tri thuong hiéu
doanh nghiép, quan tri thuong hiéu san pham trude cac du luan khdng tét trén mang xa hoi
rat kho khan, ca vé ngudn xuat phat thong tin, ca vé khéi lwong théng tin can xu 1y. Chua
ké viéc cac dbi thu canh tranh trén thuong trudng loi dung mang x& hoi dé ¢ v tao céc
théng tin bat loi cho nhau.

M6t vi du cu thé tai Viét Nam Ia vu viéc “con rudi trong chai number one” ctia doanh
nghiép Tan Hiép Phat gan day, gay anh huong xau dén hinh anh caa Tan Hiép Phat va viéc
tiéu thy san pham nudc udng ting lyc number one caa doanh nghiép nay. Xét vé luat phap
thi Tan Hiép Phat la ding nhung khong khéo 1éo trong viéc xtr ly quan hé vai khach hang,
gay bat binh trén mang xa hoi, d6 lai 1a bai toan quan tri quan hé véi khach hang ma doanh
nghiép phai giai quyét. Ma ai biét dugc cac thong tin bét lgi vé Tan Hiép Phét nay c6 duoc
thic day boi cac dbi thii canh tranh hay khong? Diéu nay doi hoi phai c6 mot céng cu hd
trg dac luc, ma chi c6 &p dung cong nghé thong tin mai giai quyét dugc, chir khdng luc
lugng con ngudi ndo co thé lam xué.

Rat kinh nghiém tir Tan Hiép Phat thi cac doanh nghiép lon cua Viét Nam hién nay
cling da dat hang cac doanh nghiép cong nghé thong tin giai quyét van dé nay. Giai phéap
cdng nghé hién nay dugc goi la "lang nghe mang x& hoi", tic 1a cac doanh nghiép CNTT
mua cac dir liéu thoi gian thyc (real time) tir cac cong ty mang xa hoi vé dé xtr ly cac thdng
tin lién quan dén doanh nghiép hay céc san pham ma doanh nghiép d6 kinh doanh, nham
phat hién va ngan chin sém su lan rong cac thdng tin bat lgi trén mang x& hdi, c6 hinh thirc
dinh chinh phan hoi dén céc khach hang cia minh, dong thoi thuong lugng, ngin chin tan
g6c nhitng nguoi tao ra cac noi dung d6. Picu cot yéu cua giai phap nay chinh Ia phan tich
cam xUc cua cac dong trang thai trén mang x& hoi nham loc ra cac théng tin bat loi dé xu

Y.
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Bai toan phan loai quan diém binh luan Tiéng Viét

Phén loai quan diém binh luan Tiéng Viét duoc coi la nhiém vu quan trong trong viéc
phan tich tinh cam nham xac dinh mot tai liéu hay mot cau co chira yéu té tich cuc hay tiéu
cuc. Két qua cua budc nay s& 1a cho cac phan tich tiép theo nhu phan loai tinh cam, phan
tich tinh cam theo khia canh hay tém tat quan diém. Bai toan duoc phat biéu nhu sau:

e Dau vao : Cho mét tai liéu/Cau
e Daura: Tai liéu/Cau la tich cuc hoac tiéu cuc

Vi du 1: V& loai tai liéu chta yéu tb tich cuc: « Chiéc Iphone 13 mai ra nay c6 cau
hinh tét that ddy , man hinh rong , chup anh dep va dung luong bo nhé cao , tuyét voi ”

Vi du 2: Vé loai tai lidu chta yéu té tiéu cuc: “ Chiéc Iphone 13 méi ra nay dat qua
véi lai chang cé gi khac biét so véi Iphone 12 gica

Trong vi du 1, ta c6 thé thdy nguoi dung dua ra quan diém binh luan mang huéng tich
cuc vé chiéc Iphone 13 qua cac thong tin nhu: “ cau hinh tot , “ man hinh rong >, « chup
anh dep ” , © dung lugng bd nhé cao ” . Trong khi d6 , & vi du 2 , ta thay rang quan diém
binh luan mang huéng tiéu cuc vé chiéc Iphone 13 qua cac thong tin nhu : “ dat qua | «
chang c6 gi khac biét »

3.2. Dir liéu va Cong cu, méi trwong thuc nghiém:

3.2.1. Di ligu

Dit liéu duoc lay tir cudc thi Phan tich quan diém luan Tiéng Viét. Dit liéu duoc cung
cap bai aivivn.com, trong d6 bo dir liéu huan luyén gdm 16087 cau binh luan di dugc gén
nhan, bo dir liéu danh gia gdm 10981 cau binh luan

Khi tai vé , ta thdy 2 file gdom test.crash va train.crash lan luot la dir liéu danh gia va
dir liéu huan luyén cho cudc thi.

Bo dix liéu gdm binh luan va nhan caa binh luan. Binh luan tich cuc duoc gan nhan 0,
con binh luan tiéu cuc duoc gan nhan 1.

Vi du binh luan tich cuc: “san pham dep qua”, “giao hang hoi tré 1 chat, nhung san
pham tuyét voi”
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Vi du binh luan tiéu cuc: “ qua that vong”, “san pham qua dit ma chat luong binh
thuong”

3.2.2. CONng cu va méi trwong thuc nghiém:

% Cong cu
Ngon ngir lap trinh Python

Python dugc Guido van Rossum phét trién vao cudi nhitng nim tdm muoi va dau
nhitng nim chin muoi tai Vién nghién ciu quéc gia vé todn hoc va khoa hoc may tinh &
Ha Lan.

Python 1a ngbn ngit lap trinh huéng ddi tugng, cip cao, manh mé, duoc tao ra boi
Guido van Rossum. N6 dé dang dé tim hiéu va dang ndi 1én nhu mét trong nhiing ngon
ngit 1ap trinh nhap mdn tt nhat cho ngudi lan dau tiép xdc véi ngdn ngit 1ap trinh. Python
hoan toan tao kiéu dong va str dung co ché cap phéat bo nhé tu dong. Python c6 cau tric dix
licu cAp cao manh mé va cach tiép can don gian nhung hiéu qua d6i véi lap trinh huéng
dbi twong. CU phép Iénh cia Python 1a diém cong vo cung 16n vi sy 16 rang, dé hiéu va
cach gd linh dong 1am cho né nhanh chéng tré thanh mot ngbn ngit 1y tudng dé viét script
va phét trién (ng dung trong nhiéu linh vuc, & hau hét cac nén tang.

Tinh nang chinh cua Python :

« Ng6n ngir lap trinh don gian, d& hoc: Python c6 ci phap rat don gian, rd rang. N6
dé doc va viét hon rat nhiéu khi so sanh vai nhiing ngén ngir 1ap trinh khac nhu
C++, Java, C#. Python lam cho viéc lap trinh tré nén tha vi, cho phép ban tap trung
vao nhirng giai phap chir khong phai cu phép.

« Mién phi, ma ngudn mé: Ban c6 thé tu do sir dung va phan phdi Python, tham chi
la dung n6 cho myc dich thwong mai. Vi 13 ma ngudn ma, ban khong nhiing c6 thé
str dung cac phan mém, chuong trinh dugc viét trong Python ma con c6 thé thay doi
ma ngudn cua nd. Python cd mot cong dong rong 16n, khong ngirng cai thién né mdi
lan cap nhat.

« Kha ning di chuyén: Cac chuong trinh Python c6 thé di chuyén tir nén tang nay
sang nén tang khéac va chay né ma khong cé bét ky thay déi nao. N6 chay lién mach
trén hau hét tat ca cac nén tang nhu Windows, macOS, Linux
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Kha ning mé rong va co thé nhiing: Gia sir mot tng dung doi hoi su phic tap rat
16N, ban c6 thé d& dang két hop cac phan code bang C, C++ va nhitng ngén ngit
khéc (co thé goi duoc tir C) vao code Python. Piéu nay s& cung cip cho @ng dung
ctia ban nhiing tinh nang tt hon ciing nhu kha ning scripting ma nhiing ngdn ngir
lap trinh khac khé c6 thé lam duoc.

Ngén ngir thdng dich cap cao: Khong giéng nhu C/C++, vai Python, ban khéng
phai lo ling nhitng nhiém vu kho khin nhu quan 1y bo nhé, don dep nhitng dit liéu
v6 nghia,... Khi chay code Python, n6 s& tu dong chuyén doi code sang ngdn ngit
may tinh cd thé hiéu. Ban khéng can lo lang vé bat ky hoat dong & cap thap nao.
Thw vién tiéu chuin lén dé giai quyét nhitng nhiém vu phé bién: Python c6 mot
s6 luong 16n thu vién tiéu chuan gitp cho cong viéc 1ap trinh cua ban tra nén dé tho
hon rat nhiéu, don gian vi khéng phai ty viét tat ca code. Vi du: Ban can két néi co
so dir liu MySQL trén Web server? Ban c6 thé nhap thu vién MySQLdb va st dung
nd. Nhiing thu vién nay dugc kiém tra ki ludng va duoc s dung boi hang tram
ngudi. Vi vay, ban ¢d thé chic chan rang né sé khdng lam hong code hay wng dung
caa minh.

Huwéng ddi twong: Moi thir trong Python déu 14 hudng ddi twong. Lap trinh huéng
d6i tuong (OOP) gilp giai quyét nhitng van dé phic tap mot cach truc quan. Véi
OOP, ban cd thé phan chia nhiing van dé phirc tap thanh nhitng tap nhé hon bang
cach tao ra cac doi tuong.

Thu vién ma nguon mé Tensorflow

Tensorflow 1a mot thu vién ma nguon ma cung cap kha nang xt i tinh toan sé hoc dua
trén biéu d6 mo ta sy thay doi cua dit lidu, trong d6 cac node 1a cac phép tinh toan hoc con
cac canh biéu thi ludng di liéu. Trong tesorflow c6 mot vai khai niém co ban sau.

Tensor 14 cau tric di liéu trong tensorflow dai dién cho tat ca cac loai dir liéu. Noi
cach khac, tat ca cac kiéu dir liéu khi dua vao trong tensorflow thi déu duogc goi 1a Tensor.
Vay nén c6 thé hiéu dugc Tensorflow 1a mot thu vién md ta, diéu chinh dong chay cua cac
Tensor. Tensor ¢0 3 thudc tinh co ban la rank, shape va type:

Rank 1a s6 bac cua tensor. Vi du Tensor = [1] thi ¢6 rank = 1, Tensor = [[3,4],[5,6]] thi
s& ¢6 rank = 2. Viéc phan rank nay kha quan trong vi né déng thoi cling gitip phén loai dit
licu ciia Tensor. Khi cac rank dic biét cu thé, Tensor ¢6 nhitng tén goi riéng nhu sau:
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e Scalar: Khi Tensor c6 rank bang 0.

e Véc to: Véc to la mot Tensor rank 1.

e Matrix: Day la mot Tensor rank 2 hay mang hai chiéu theo khai niém caa Python.

e N-Tensor: Khi rank cta Tensor ting 1én 16n hon 2, ching dugc goi chung la N-
Tensor.

e Shape la chiéu cua tensor. Vi du Tensor = [[[1,1,1], [178,62,74]]] s& c6 Shape =
(1,2,3), Tensor =[[1,1,1], [178,62,74]] sé& cO Shape = (2,3).

Type kiéu dir liéu cua cac elements trong Tensor. Vi mot Tensor chi c6 duy nhat mét
thudc tinh Type nén tir d6 ciing suy ra 1a chi c6 duy nhat mot kiéu Type duy nhét cho toan
bo cac elements cé trong Tensor hién tai.

Thw vién Transformers : La mot project cua huggingface h tro huan luyén cac model
dua trén kién tric transformer nhu BERT, GPT-2, RoBERTa, XLM, DistilBert, XLNet,
T5, CTRL,... phuc vu cho cé4c tac vu xir Iy ngén ngit tu nhién trén ca nén tang pytorch va
tensorflow.

Thu vién fastBPE : La package ho tro tokenize tir (word) thanh céc tir phu (subwords)
theo phuwong phap méi nhat dugc ap dung cho céc pretrain model xir Iy ngdn ngit ty nhién
hién dai nhu BERT va cac bién thé ciia BERT.

Thu vién fairseq : La project cua facebook chuyén hé tro cac nghién ctru va du an lién
quan dén model seq2seq

Thw vién VnCoreNLP : La mot package xu Iy ngdn ngix tu nhién trong Tiéng Viét, hd tro
tokenize va céc tac vu xu ly ngbn ngir khac.

PhoBERT di dwgc huan luyén truéc.
¢ Moéi truwdong thue nghiém:

- May tinh Chip: Intel(R) Dual Core I5(R) @ 4300U, Ram: 16.00 GB.
- H¢ diéu hanh Ubuntu 20.04
- Céng cu lap trinh: Python 3.9.

3.3. Cac bwérc thuc hién
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3.3.1. Cai dit cac thw vién can thiét
pip install transformers

pip install fastBPE
pip install fairseq

3.3.2. Cai dat thw vién vncorenlp

# Install the vncorenlp python wrapper
pip install vncorenlp

# Download VnCoreNLP-1.1.1.jar & its word segmentation component (i.e.
RDRSegmenter)

mkdir -p vncorenlp/models/wordsegmenter

waget https://raw.githubusercontent.com/vncorenlp/VVnCoreNLP/master/\VnCoreNLP-
1.1.1jar

wget
https://raw.githubusercontent.com/vncorenlp/VVnCoreNLP/master/models/wordsegmenter
Ivi-vocab

wget
https://raw.githubusercontent.com/vncorenlp/VnCoreNLP/master/models/wordsegmenter
/wordsegmenter.rdr

mv VnCoreNLP-1.1.1.jar vncorenlp/

mv vi-vocab vncorenlp/models/wordsegmenter/

mv wordsegmenter.rdr vncorenlp/models/wordsegmenter/

Pé chac chan cai dat vncorenlp thanh cong , ta ¢ thé stir dung né dé tach tir mot cau
don gian theo cach dudi day:

from vncorenlp import VnCoreNLP

rdrsegmenter = VnCoreNLP("/Absolute-path-to/vncorenlp/VVnCoreNLP-1.1.1.jar",
annotators="wseg", max_heap_size="-Xmx500m")

# rdrsegmenter = VnCoreNLP("/content/drive/My
Drive/BERT/SA/vncorenlp/VnCoreNLP-1.1.1.jar", annotators="wseg",
max_heap_size="-Xmx500m’)

text = "Pai hoc Bach Khoa Ha Noi."

word_segmented_text = rdrsegmenter.tokenize(text)
print(word_segmented_text)
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Két qua thu duoc 1a:
[[Pai_hoc', 'Bach_Khoa', 'Ha_Noi', "]

3.3.3. Tai vé bd dir liéu huan luyén tir trang chi cugc thi cia AIVIVN va pre-trained
cua PhoBERT
wget https://public.vinai.io/PhoBERT base transformers.tar.gz

tar -xzvf PhoBERT _base transformers.tar.gz

Sau do ta load model va bpe :

from fairseq.data.encoders.fastbpe import fastBPE
from fairseq.data import Dictionary
import argparse

parser = argparse.ArgumentParser()
parser.add_argument('--bpe-codes’,
default="/content/drive/My
Drive/BERT/SA/PhoBERT base_ transformers/bpe.codes",
required=False,
type=str,
help="path to fastBPE BPE'
)

args, unknown = parser.parse_known_args()
bpe = fastBPE(args)

# Load the dictionary
vocab = Dictionary()

vocab.add_from _file("/content/drive/My
Drive/BERT/SA/PhoBERT_base_transformers/dict.txt")

3.3.4. Tai vé dir liéu cia cudc thi Phan tich sic thai binh luan
Ta tién hanh doc di liéu va dir liéu test
import re

train_path = '/content/drive/My Drive/BERT/SA/train.crash'’
test_path = '/content/drive/My Drive/BERT/SA/test.crash’

train_id, train_text, train_label = [], []1, []
test_id, test_text =[], []

with open(train_path, 'r') as f_r:
data = f_r.read().strip()
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data

for

with ope
data
data

for

= re.findall("train_[\s\S]+?\"\n[@1]\n\n', data)

sample in data:
splits = sample.strip().split('\n")

id = splits[Q]
label = int(splits[-1])

text = ' ".join(splits[1:-1])[1:-1]
text = rdrsegmenter.tokenize(text)
text = ' ".join([' '.join(x) for x in text])

train_id.append(id)
train_text.append(text)
train_label.append(label)

n(test_path, 'r') as f_r:
= f_r.read().strip()
re.findall('train_[\s\S]+?\"\n[@1]\n\n', data)

sample in data:
splits = sample.strip().split('\n")

id = splits[Q]

text = ' '.join(splits[1:])[1:-1]
text = rdrsegmenter.tokenize(text)
text = ' '.join([' '.join(x) for x in text])

test_id.append(id)
test_text.append(text)

3.3.5. Tach dir lieu ra thanh 2 tap train va validation theo ti I¢ 90:10

from sklearn.model selection import train_test split

train_sents, val sents, train_labels, val labels =
train_test_split(train_text, train_labels, test_size=0.1)

Sir dung bpe di load ¢ trén dé dua text dau vao dudi dang subword va anh xa céc
subword nay vé dang index trong tir dién

from tensorflow.keras.preprocessing.sequence import pad_sequences

MAX_LEN

= 125

train_ids = []
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for sent in train_sents:
subwords = '<s> ' + bpe.encode(sent) + ' </s>'
encoded_sent = vocab.encode_line(subwords, append_eos=True,
add_if not_exist=False).long().tolist()
train_ids.append(encoded sent)

val ids = []
for sent in val sents:
subwords = '<s> ' + bpe.encode(sent) + ' </s>'

encoded_sent = vocab.encode_line(subwords, append_eos=True,
add_if not_exist=False).long().tolist()
val_ids.append(encoded_sent)

train_ids = pad_sequences(train_ids, maxlen=MAX_LEN, dtype="long",
value=0, truncating="post", padding="post")

val_ids = pad_sequences(val_ids, maxlen=MAX_LEN, dtype="long", value=0,
truncating="post", padding="post")

3.3.6. Tao mdt mask gém cac gia tri @, 1 dé lam dau vao cho thw vién transformers

train_masks = []

for sent in train_ids:
mask = [int(token_id > @) for token_id in sent]
train_masks.append(mask)

val masks = []
for sent in val ids:
mask = [int(token_id > @) for token_id in sent]

val _masks.append(mask)

Str dung Dataloader cua torch dé tao dataloader

from torch.utils.data import TensorDataset, DatalLoader, RandomSampler,
SequentialSampler
import torch

train_inputs = torch.tensor(train_ids)
val _inputs = torch.tensor(val_ids)
train_labels = torch.tensor(train_labels)
val labels = torch.tensor(val_labels)
train_masks = torch.tensor(train_masks)
val masks = torch.tensor(val_masks)

train_data = TensorDataset(train_inputs, train_masks, train_labels)
train_sampler = SequentialSampler(train_data)

52



train_dataloader = Dataloader(train_data, sampler=train_sampler,
batch_size=32)

val data = TensorDataset(val inputs, val masks, val labels)
val sampler = SequentialSampler(val data)

val dataloader = DatalLoader(val data, sampler=val sampler, batch size=32)
Load model PhoBert

from transformers import RobertaForSequenceClassification, RobertaConfig,
Adami

config = RobertaConfig.from_pretrained(

"/content/drive/My
Drive/BERT/SA/PhoBERT base_ transformers/config.json", from_tf=False,
num_labels = 2, output_hidden_states=False,

)
BERT_SA = BertForSequenceClassification.from pretrained(

"/content/drive/My Drive/BERT/SA/PhoBERT_base_transformers/model.bin",

config=config

)
3.3.7. Huin luyén md hinh

import random

from tqdm import tqdm_notebook
device = 'cpu'

epochs 10

param_optimizer = 1list(BERT_SA.named_parameters())
no_decay = ['bias', 'LayerNorm.bias', 'LayerNorm.weight']
optimizer_grouped_parameters = [

{'params': [p for n, p in param_optimizer if not any(nd in n for nd in
no_decay)], 'weight decay': 0.01},

{'params': [p for n, p in param_optimizer if any(nd in n for nd in
no_decay)], 'weight decay': 0.0}
]

optimizer = AdamW(optimizer_grouped_parameters, lr=1le-5,
correct_bias=False)

for epoch_i in range(©@, epochs):
print('======== Epoch {:} / {:} ========".format(epoch_i + 1, epochs))
print('Training...")

total_loss = ©
BERT_SA.train()
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1l
(o)

train_accuracy
nb_train_steps
train_f1 = ©

1l
(o)

for step, batch in tqdm_notebook(enumerate(train_dataloader)):
b_input _ids = batch[@].to(device)
b_input mask = batch[1].to(device)
b _labels = batch[2].to(device)

BERT_SA.zero_grad()

outputs = BERT_SA(b_input_ids,
token_type_ids=None,
attention_mask=b_input mask,
labels=b labels)

loss = outputs[0]

total loss += loss.item()

logits = outputs[1].detach().cpu().numpy()

label ids = b_labels.to('cpu').numpy()

tmp_train_accuracy, tmp_train_f1 = flat_accuracy(logits,
label ids)

train_accuracy += tmp_train_accuracy

train_fl += tmp_train f1

nb_train steps += 1

loss.backward()
torch.nn.utils.clip_grad_norm_(BERT_SA.parameters(), 1.0)
optimizer.step()

avg_train_loss = total _loss / len(train_dataloader)

print(" Accuracy: {0:.4f}".format(train_accuracy/nb_train_steps))
print(" F1 score: {@:.4f}".format(train_f1/nb_train_steps))
print(" Average training loss: {0:.4f}".format(avg_train_loss))

print("Running Validation...")

BERT _SA.eval()

eval loss, eval accuracy = 0, ©

nb_eval steps, nb_eval examples = 0, ©
eval fl1 =0

for batch in tqdm_notebook(val_dataloader):

batch = tuple(t.to(device) for t in batch)
b_input_ids, b_input_mask, b_labels = batch

with torch.no_grad():
outputs = BERT_SA(b_input_ids,
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token_type_ids=None,
attention_mask=b_input_mask)

logits = outputs[9]

logits = logits.detach().cpu().numpy()
label ids = b_labels.to('cpu').numpy()

tmp_eval accuracy, tmp eval fl1 = flat accuracy(logits,
label ids)

eval accuracy += tmp_eval_accuracy

eval f1 += tmp_eval f1

nb_eval_steps += 1
print(" Accuracy: {0:.4f}".format(eval accuracy/nb_eval steps))
print(" F1 score: {0@:.4f}".format(eval f1/nb_eval steps))

print("Training complete!")

Két qua thuc hién

======== Epoch 1 / 10 ========
Training...

Accuracy: 0.8370

F1 score: 0.8262

Average training loss: 0.3511
Running Validation...
Accuracy: 0.9118

F1 score: 0.9087
======== Epoch 2 / 10 ========
Training...

Accuracy: 0.9071

F1 score: 0.9025

Average training loss: 0.2348
Running Validation...
Accuracy: 0.9167

F1 score: 0.9131

======== Epoch 3 / 10 ========
Training...

Accuracy: 0.9261

F1 score: 0.9223

Average training loss: 0.1954
Running Validation...
Accuracy: 0.9148

F1 score: 0.9113

======== Epoch 4 / 10 ========
Training...

Accuracy: 0.9390

F1 score: 0.9358

Average training loss: 0.1662
Running Validation...
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Accuracy: 0.9167

F1 score: 0.9138

======== Epoch 5 / 10 ========
Training...

Accuracy: 0.9510

F1 score: 0.9482

Average training loss: 0.1443
Running Validation...
Accuracy: 0.9148

F1 score: 0.9113
======== Epoch 6 / 10 ========
Training...

Accuracy: 0.9587

F1 score: 0.9566

Average training loss: 0.1271
Running Validation...
Accuracy: 0.9167

F1 score: 0.9127
======== Epoch 7 / 10 ========
Training...

Accuracy: 0.9645

F1 score: 0.9625

Average training loss: ©.1099
Running Validation...
Accuracy: 0.9142

F1 score: 0.9103
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KET LUAN

Trong thoi gian lam do an nay, bang kién thire da duoc hoc trong trudng cung voi su
huéng dan tan tinh cua cac thay cd va ban bé, da giup em van dung va hoan thanh dé tai va
dd an tét nghiép trong thoi gian quy dinh. Trong qua trinh thuc hién dé tai em da hoc hoi
va tim hiéu duoc nhitng khai niém co ban vé xir Iy ngdn ngit tw nhién, md hinh ngén ngi
BERT, PhoBer, ngén ngit 1ap trinh Python, st dung cac thu vién trong Tensorflow. D6 an
cling da cai dit thir nghiém bai toan phan tich quan diém binh luan Tiéng Viét dya trén mo
hinh ngdn ngit PHOBERT dé duoc huan luyén truéc va cong cu phan loai vin ban trong
Keras. Dtr liéu cho bai toan thuc nghiém la cac binh luan duoc thu thap tur cudc thi Phan
tich quan diém binh luan Tiéng Viét. Bo dir liéu gom 16087 cau binh luan da dwoc gan
nhan, bo di liéu danh gia gom 10981 cau binh luan dugc s dung dé danh gia chat luong
ctia md hinh hoc. Bo dit liéu gom binh luan va nhan caa binh luan. Binh luan tich cuc dugc
gan nhan 0, con binh luan tiéu cuc dwgc gan nhan 1.

Trong thoi gian 12 tuan thuc hién dé tai, do kién thirc con han hep, nén dd an tét nghiép
ctia em khong thé tranh khoi nhirng thiéu sot, em mong s& nhan duoc nhirng dong gop cua
cac thay ¢ va cac ban dé d6 an caa em tro 18n hoan thién hon.
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