TRUONG PAI HOC MO PIA CHAT
KHOA CONG NGHE THONG TIN
BO MON HE THONG THONG TIN VA TRI THUC

BAO CAO SEMINAR
KIEN TRUC TRANSFORMER VA UNG DUNG

Nguoi trinh bay: ThS. Bui Thi Van Anh

Ha No1 6/2026



1. Mé dau
Trong thé €101 cua tri tu¢ nhan tao va hoc may, transformer da tré thanh mat
khai niém khong thé thiéu trong linh vuc xir Iy ngdn ngir tw nhién (NLP). Ké tir

khi dugc gidi thi¢u vao nam 2017 thong qua bai bado Attention is All You Need cua

cac nha khoa hoc & Google, mo hinh transformer da cach mang hoa cach ching ta
xay dung cac hé thong hi¢u va sinh ngdn ngir ty nhién. Bai viét 1an nay s& gidi

thich transformer 14 gi, co ché hoat dong va tam quan trong cua né.
2. Transformer la gi?

Transformer 14 mot kién trac md hinh hoc siu dua trén co ché self-
attention, cho phép mé hinh nay hiéu dugc mbi quan hé giita cac tir trong mot cau
ma khong can dén kién trac tuan ty truyén thong nhu RNN (Recurrent Neural
Networks) hay LSTM (Long Short-Term Memory). Transformer c6 kha nang xu
Iy toan bo cau cung mdt lic, didu nay gitp ting téc do huan luyén va cai thién hiéu
qua xu ly.

Kién trac Transformer vuot troi trong viéc xur 1y dir li€u van ban c6 tinh
chét tuan tu. Chung nhan mot chudi van ban 1am diu vao va tao ra mot chudi van
ban khac 1am dau ra. Vi du: dé dich mot cau tiéng Anh dau vao sang tiéng Tay Ban
Nha.

De nada

I

Transformer

I

You are welcome

3. Cac cong nghé xir ly ngon ngir tw nhién truwéc Transformer?

Trudc khi mo hinh Transformer dugc phat trién va trd nén phd bién trong

linh vie xtr Iy ngdn ngit tu nhién (NLP), cac kién triic chil yéu duoc sir dung 1a céc
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mang no-ron hdi quy (RNNs), bao gdm ca Long Short-Term Memory (LSTM) va
Gated Recurrent Units (GRUs). Mic du nhiing cong nghé nay da dat duoc nhiéu
thanh cong nhét dinh, ching van ton tai mot s6 han ché nghiém trong da thic déy

su phat trién cia mé hinh Transformer.
3.1. Mang no-ron hoi quy (Recurrent Neural Network)

Mang no-ron hdi quy (Recurrent Neural Networks - RNN) 14 mot mé hinh
hoc sau duoc thiét ké dé xu 1y dir liéu tuan ty bing cach duy tri théng tin tir cac
trang thai trudc d6. Didu nay giup RNN c6 kha ning ghi nhé va str dung cac moi
lién hé giira cac phan tir trong chudi dir liu, tao ra dau ra co ngit canh va ¥ nghia

hon.

Khac v6i cac mang no-ron truyén thong xir Iy dir liéu dau vao doc 1ap, RNN
c6 mot vong lap bén trong, cho phép luu trir trang thai va truyén tai thong tin qua

tung budc thoi gian.
Y twéng
Con nguoi doc van ban: T61 — dang — hoc — Al
M3i tr m&i duge hiéu dua trén:
o tir hién tai
o thong tin da doc trude do

RNN mé phong chinh diéu nay.

Cong thirc
he = f(Wyhe—y + Wyxe + D)
Trong do:

e h¢1: b nhé qua khi



e X dir li€u hién tai

RNN thuong duoc biéu dién theo thoi gian.

xl — hl -yl

x2 —>h2 —y2

x3 — h3 —y3

x4 — h4 — y4

hay

hl — h2 - h3 — h4
Thong tin dugc truyén doc chudi.
Uu diém ciia RNN: Ghi nhé ngit canh

Vi du:

“Nam sbéng ¢ Ha Noi.”

“Anh 4y thich AL”

RNN c6 thé lién hé: Anh 4y = Nam
Vén dé vanishing gradient: Day 13 1y do 16n nhét khién RNN thét bai.
Vi du
Cau:

Toi1 sinh ra & Ha Noi.

Toi1 hién dang lam viéc tai day.
Dé hiéu: “day” = “Ha Noi”
Mb hinh phai nhé thong tin rat xa.
Lan truyén ngwogc
Gradient phai di qua:
h100 — h99— h98 — ... — hl



Khi gradient nho
Vidu: 0.5 0.5 x0.5x0.5 x ...
Sau nhiéu lan: = 0
Gradient bién mét.
Hau qua
RNN quén:
e chungtr
e ngilt canh xa
« thong tin dau cau
3.2. LSTM (Long Short-Term Memory)

LSTM la mét dang dic biét cia mang no-ron hdi quy (RNN), duoc thiét ké chuyén
biét dé xtr Iy va ghi nhé cac chudi dir liéu dai. Bang cach sir dung cc co ché "cong"
(gating mechanisms), LSTM giai quyét triét dé van dé phu thudc xa (long-term

dependency) ma cic mang RNN truyén théng thuong gip phai.
Céu tric va Co ché hoat dong
Kién triic c6t 161 cia LSTM xoay quanh trang thai 6 (cell state), hoat dong nhu mot

"bang chuyén" mang thong tin xuyén suét toan bo chudi thoi gian. Dong chay
thong tin duogc kiém soat va cip nhat thong qua ba cong chinh:
« Cong Quén (Forget Gate): Quyét dinh thong tin nao tir trang thai 6 trudc
do6 s€ bi loai bo hoac gitr lai.
« Cong Pau Vao (Input Gate): Quyét dinh thong tin méi nao tir dau vao
hién tai s€ dugc thém vao va cap nhat trong trang thai 0.
« Cong Piu Ra (Output Gate): Quyét dinh gia tri dau ra dya trén trang thai
0 hién tai.
Mic du t6t hon RNN rat nhiéu nhung van con cac van dé:
e Vandé 1: Xirly tudn tu. Tir 1— Tir 2 — Tir 3 ... Khong thé xir Iy song song.
e Van dé 2: Chudi dai rat cham. Vi du 1000 token phai chay 1000 budc
« Véan dé 3: Bo nhé dai han van chua hoan hao.

e Vidu: Tu dau cau — ... — Tu cudi cau, Thong tin van suy giam.



Cic han ché ciia RNN va LSTM bao gom:

« Vin dé vé phu thudc dai han: Mic du LSTM duoc thiét ké dé giai quyét
van dé bién mat gradient trong RNN truyén thong, chiung van gip khé khin
khi hoc céac phu thudc dai han trong van ban. biéu nay la do ban chét tuan
tu cia ching, khién viéc luu gitt thong tin qua mot chudi dai tré nén kho
khan.

« Kho khiin trong viéc song song héa: Cac mo hinh RNN, bao gdm LSTM,
phai xtr 1y dit liéu theo trinh ty timg budc mot thoi diém. Didu ndy han ché
kha ning song song hoa qué trinh huin luyén, lam ting thoi gian can thiét
dé hun luyén mo hinh trén cac chudi dai va cac tap dit liéu 1on.

« Hiéu sut xir Iy khong hiéu qua: Viéc xur 1y tuan tu khién RNN khong thé
tan dung hiéu qua cac GPU va TPU hién dai, nhitng thiét bi duoc thiét ké
dé xir Iy ddng thoi nhidu tac vu. Pidu nay din dén mot hiéu suét xir Iy khong
t6i wu.

Transformer di dugc phét trién dé giai quyét cac han ché nay bang cach sir dung
co ché "attention", cho phép mé hinh tép trung vao cac phan quan trong cua dau

vao ma khong can xur ly tuan tu.
Cac diém noi bat chinh cia Transformer la:

« Xirly song song: Transformer xir Iy dau vao theo ting khoi, khong tuan tu.
Diéu nay cho phép viéc huan luyén moé hinh dugc thyc hién song song, giam

dang ké thoi gian can thiét dé huan luyén mé hinh.

« Self-Attention: Co ché nay gitip Transformer xac dinh dugc mdi quan hé
giita tit ca cac tir trong mot cdu, bat ké khoang cach giira chiing trong vin

ban, giai quyét van dé vé phu thudc dai han.

« Hiéu suidt va mé rong: Véi kha nang xir Iy dong thoi, Transformer tan
dung tdi da stirc manh cua ph?m cung hién dai, nhu GPU va TPU, dé xir ly
cac tac vu NLP mot cach hi¢u qua.

Do nhitng vu diém ndi bat nay, Transformer da tr¢ thanh mat tiéu chuan méi trong

viéc xay dung cdc mo hinh NLP, dan dén su phat trién cua nhiéu kién trac hién dai
hon nhu BERT, GPT-3, va cadc md hinh tuong tu khac.



4. Transformer hoat dong nhw nao?

Cbt 15i cua transformer 14 attension mechanism (co ché tap trung), gitp mo hinh

tap trung vao cac phan quan trong cua van ban dé dua ra dy doan chinh xac hon.

Transformer dugc cau trac thanh hai phan chinh la encoder va decoder.

Encoder: Encoder xir 1y dit liéu dau vao (goi 1a "Source") va nén dit lidu
vao vung nhd hodc context ma Decoder c6 thé st dung sau do.

Decoder: Decoder nhan dau vao tir dau ra ctia Encoder (goi 1a "Encoded
input") két hop v6i mot chudi dau vao khac (goi 1a "Target") dé tao ra chudi

dau ra cudi cung.

MB&i encoder va decoder déu bao gom nhiéu 16p, mdi 16p chira cac thanh phan self-

attention va feed-forward neural networks.

Vé co ban, quy trinh hoat dong cua Tranformer gom cac budc sau:

Buéc 1: Preprocessing (Tién xir ly)

Positional d_) Positional
. =3 €] .
encoding 1‘ encoding
Embedding Embedding
Sources Targets

Hinh mo ta Preprocessing

Tokenization: Dir liéu dau vao duge bién ddi thanh token. Vi du, ciu
"ChatGPT la gi?" s€ dugc ma hoa thanh 4 token ["ChatGPT, "1a", "gi", "?"].

Embedding: Bién token thanh vector. Mdi token duogc chuyén thanh mot

vector.

Positional Encoding: Vi Transformer khong xit I tudn tu nén can mot cach
dé hiéu vi tri cta ting tir trong cau. Piéu nay dugc thuc hién thong qua
positional encodings, dwgc cong truc tiép vao input embeddings. Cac
positional encodings c6 thé ding cac ham sin va cos v6i budc song khac

nhau dé mdi vi tri ¢4 mot encoding duy nhat.

Bwoc 2: Encoder

Encoder bao gdm nhiéu layer (16p) xép chdng 1én nhau (stack). Mdi layer c6 2
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sublayer la Multi-Head Attention va Positionwise Feed-forward Neural Network

(FNN). Output cua 2 sublayer s€ di qua mdt 16p goi 1a Add & Norm.

Encoder

~» Add & norm
[}

Positionwise
FFN

3
~| Add & norm

[

Multi-head
attention

-—— e o o ol = -

Positional | o+
encoding

Embedding

t

Sources

Hinh mo ta Encoder

« Multi-Head Attention: Dit liéu dau vao duoc truyén vao nhiéu head dé tao
mot tip cic vector dau ra. Multi-head attention duoc thiét ké dé cho phép
mo hinh xir Iy thong tin dong thoi & cac khong gian khong gian (subspaces)
khac nhau. Thay vi ¢4 mdt module attention duy nhat, mé hinh c¢6 nhiéu

"heads", moi1 head c6 thé tap trung vao cac phan khac nhau cua dau vao.

o Positionwise Feed-forward Neural Network (FNN): Cac vector dau ra
clia attention head duoc truyén qua positionwise feed-forward neural
network (mang than kinh chuyén tiép theo vi tri). Mdi head trong khdi ¢
mot mang FNN riéng, cho phép mé hinh hoc duoc cac biéu dién dua trén
nhiéu khong gian khong gian (subspaces) khac nhau ciia dit liéu. Muc tiéu

1a tao mot 16p biéu dién phi tuyén tinh (non-linear representation) ciia dir



liéu dau vao, gitip mo hinh c6 kha ning hoc dugc cac mdi quan hé phire tap
va phi tuyén tinh cta dir liéu.
« Add & Norm: Bao gom hai buéc Add va Norm. Buéc Add thém residual

connection (két noi dw) nham giam van dé vashing gradient (mét do ddc)

trong cac deep network (mang sau). Ngay sau do, budéc Norm thuc
hién layer normalization (chudn hod 16p) giup 6n dinh qua trinh huén luyén

va giam s6 luong giai doan can thi€t dé huan luyén.

FC
1
———————> Concat |
Attention Attention
/'y 4 Y - 1 p
FC FC FC FC FC FC
A A A j T J

Queries Keys  Values

Multi-Head Attention

Bwoc 3: Decoder

Tuong tu Encoder, Decoder ciing ¢6 2 sublayer va c¢6 thém 1 sublayer & nam giita

2 sublayer tén 1a Encode-decode Attention.


https://en.wikipedia.org/wiki/Vanishing_gradient_problem
https://www.d2l.ai/chapter_attention-mechanisms-and-transformers/multihead-attention.html#sec-multihead-attention
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Masked Multi-Head Attention: La mot bién thé cia Multi-Head
Attention, hoat dong tuong tu Multi-Head Attention nhung c6 "mask" dé
dam bao rang céc vi tri trong output chi c¢6 thé tap trung vao cac tir trudc dd
ma khong "nhin thay" cac tir tiép theo (diéu ndy quan trong cho qua trinh

du doan tir tiép theo).
Multi-Head Attention: Hoat dong gidng v6i budc Encoder.

Encode-decode Attention: Trong Encode-decode Attention, truy van t&i tir

dau ra cua 16p con Attention, con key va value td1 tir dau ra cua Encoder.



« Positionwise Feed-forward Neural Network (FNN): Hoat dong gidng véi

budc Encoder.
« Add & Norm: Hoat dong gidng v6i bude Encoder.

Pau ra ciia Decoder thudng 1a mot chudi cac vector. Mdi vector twrong g véi mot
tir trong chudi dau ra. Cac vector ndy sau d6 duoc chuyén qua mot 16p tuyén tinh
(linear layer) va mot ham softmax dé tao ra mot phan phdi xac suét trén tit ca cac
tir trong tir dién. Sau cung, tir 6 x4c sudt cao nhat dugc chon 1am tir du doan tiép
theo trong chudi. Quy trinh nay lip lai cho mdi tir trong chudi dau ra, cho téi khi

mo hinh dy doan ra ky tu két thiic cau hodc dat d6 dai tdi da cho phép.

5. Ung dung md hinh Transformer dé du bao nong do bui min PM2.5 tai Ha
Noi trong giai doan 2022-2025

O nhiém khong khi do bui min PM2.5 dang trd thainh mot van dé méi truong
nghiém trong tai nhiéu dd thi 16n, dic biét & cac khu vuc co tde dd do thi hoa
nhanh. Viéc dy bao chinh x4c nong do PM2.5 c¢6 y nghia quan trong trong cong
tac quan 1y chat luong khong khi va xay dung cac hé thong canh bao 6 nhiém moi
truong. Nghién ctru ndy nham danh gia kha niang tng dung cia cac phuong phap
hoc may va hoc sau trong du bao néng do PM2.5 dua trén dir liéu chudi thoi gian
két hop véi cac yéu to khi tuong. Dir liéu sir dung trong nghién ctru bao gom ndng
do PM2.5 cung cac bién khi tuong nhu nhiét do, do am va toc do 216 tai khu vuc
Ha Noi. Cac budc tién xur 1y dir liéu duoc thuc hién bao gdm phat hién va xir Iy
ngoai lai bang phuong phap khoang ti phan vi (IQR), chuan héa dit liéu theo
phuong phap Z-score va xay dung cac dic trung chudi thoi gian. Cac mo hinh dy
bao duoc xem xét g@)m ARIMA, Random Forest, LSTM, GRU va Transformer.
Két qua thuc nghi¢ém cho théy cac md hinh hoc sau dat hiéu suét du béo cao hon
so voi cac phuong phap truyén théng. Trong d6, mé hinh Transformer cho két qua
t6t nhat véi sai sé du bao thap va kha ning tai hién xu hudng bién dong cua PM2.5
hiéu qua hon so v6i cac md hinh con lai. Két qua nghién ctru cho thay tiém ning
mg dung cia cdc md hinh hoc siu trong du bao chét lugng khong khi va cung cap
co sO khoa hoc cho viéc xay dung cac hé théng canh b4o sém 6 nhiém khong khi

tai cac do thi lon.
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PM2.5 Forecasting using Transformer
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Hinh 1: So sanh gitta gia tri thuc va dy doan PM2.5 sur dung Transformer

6. Két luan

Transformer da ching minh dugc strc manh va linh hoat ciia minh trong linh vuc
hoc sau va NLP. Véi kha nang xu 1y song song dir liéu va hi¢u qua hoc tap vuot
troi, transformer tiép tuc 1a mot trong nhitng cong cu hang dau gitp cic nha nghién
clru va cac k¥ su Al giai quyét cac thach thirc ngay cang phic tap trong thé gidi

ngon ngt ty nhién va nhiéu ung dung khac
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   h  t = f (   W h  h  t − 1 +   W  x   x  t + b )

