Mé hinh ngén ngi lén (LLM) 1]

LLM (Large Language Model - M6 hinh ngdn nqir Lon) La md hinh Al duoc hudn
luyén trén khdi dir Liéu van ban khang L6 dé hiéu, tao ra va du doan véan ban gidng '@'

con ngudi. ()

[ 1. LM La gi? | [ 3. LLM hoat d8ng thé nao? |
LLM La mot loai foundation model, diing deep learning (chi + Nhdn vdn ban ddu vao (prompt) N\
yéu la ki€n tric Transformer) dé xi Ly va tao ra ngdn nqir !
tu nhién. + Chuyén vén ban thanh token (s6)
2 v 2 ! Sinh vin ban 'I."IJ hoi quy
[ 2. Kha e, chinh ] - XLy token qua nhi€u Lop Transformer (auto-regressive) - moi
* Hieu ngit canh l lan mdt token
* Tao ravan ban - Du dodn token ti€p theo
* Tralsi cdu hoi {
* Tom tét ndi dung «Ldp Lai d&n khi tao xong phdn hoi J
* Dich ngon nqir
* Viet code
* Suy ludn & qidi quyét van de
* Va nhiéu hon nita!
LLM khﬁng Chi anan _H:r_ Chl:ing ‘.Q’ i Hﬁy hinh dung LLH nhU‘ mﬁ‘i‘ Cﬁng cu gm \? Waﬁng Siéu ‘fhﬁng mlnh = né hléu CE] E
i . % ca | cdu, chirkhdng chi tir cudi cling. !
hiéu quy Lugt trong nqir canh. = 1 ‘_:“_”_ E _”’_ f‘i"zg_‘i _' ! _‘i”f"_‘i”'_"'g ________________________________ . *
s
[ 4. M8t s8 LLM tigu bigu | [ S. Thanh phan c8t (8i cda LLM | (Vo b 2o
- GPT series (OpenAl) — Tokenizer y
. oriaseries (Meta) — Tach vén ban thanh token [Tﬂkﬁﬂizﬂr]
- Gemini (Google) ~ Embedding -
o T 1‘hr0pic) — Chuyeén token thanh vector so [EmbEdd'”"'S ]
o |
. Mistral (Mistral Al) Transtarmer Layers
- e ' — Hiéu quan hé frong vén ban [Trunsfurmer ]
- Vanhieu md hinh khac... ~ Prediction Read Layers (xN)
— Dur dodn xac suat token ke tiép 5 v :
~ Output Generation Ridlooaliveubiused
= Sinh vén ban cudi, ting token mét , y ‘
Vén ban sinh ra

[ 6. Vi von dgi thuc ]

LLM hoc tir dit Ligu, khéng phai 1l quy téc.
Nhiéu dit Lieu = hiéu 15t hon.

Hieu 16t hon = tra Loi 16t hon. ®

Hay tuéng tuong ban dd doc hang trigu cudn sach. Khi ai d6 cho ban mat céu
mé& ddu, ban du dodn cdu tiep theo hop Ly nhat — d6 chinh la diéu mdt LLM

dang Lam!



LLM hoat déng thé nao? @ > 2

Du doan tir

= tiép theo!

VE ban chat, LLM L& nhiing b3 du dodn token tiép theo. Cho trudc mat doan van ban, chiing du doan token cé kha nang cao nhat
dimg sau.
[ 1. Muc tiéu huan luyén ] [ 2. Bo khung Transformer ]
LLM duoc hudn luyén deé 15i thieu hoa sai s6 du dodn. Hau het LLM diing kién tric Transformer (duoc giéi thiéu trong bai bao “Attention
f Y Is Al You Need").

Muc tiéu: Cho trudc ngir canh, du dodn ding token tiép s 5 5 e

theo Transformer Next Token
i ‘ ) Van ban N Tokenization - Embedding L Layers = Prediction
dau vao (thanh token) (thanh vector) (xirly bang (xac suat

Ching hoc tirhang i vi du va rit ra quy Luat, mai quan hé attention) softmax)

cling tri thirc vé thé qiéi.
9 gidi. ¢ Lap Lai N Ldn (vi du: 24, 32, 48, 96 Lép)

[ 3. Luéng x¥ 1Y ting budc ] [ 4. Self-Attention (Piéu ky diév) ]
T Input Text = Ban dua vao mét prompt. Self-attention cho phép mé hinh tdp frung vao nhiing foken quan trong frong
2. Tokenization = Vin ban duoc tach thanh token (fir / ddu vao khi dua ra du dodn.

subword). Token

— ||| love deep Learning !

3. Embedding = Token duoc chuyén thanh vector (dang sd). dau vao

4. Transformer Layers — Self-attention gilp cdc token “tro / / / /

chuyén" véi nhau va hiéu ngi‘r canh. Moi token déu cha Y 161 moi token khac.

R R -y

5. Prediction = M5 hinh tinh xdc suat cho moi token ke tiép c6 E Nhe 86 md hinh ném duoc cac phu thudc xa va nq canh rang i
I - w = . = l

the. e e T o en LR e i
6. Chon foken — Token kha niing cao nhat (hodc duoc Lay mau)

sé duoc thém vao.

7. Ldp Lai = Budc 3-6 Ldp dén khi phan hdi hoan tat.

[ S. Suy lwan [ Sinh van ban ] [ 6. Temperature § Sampling ]

Diéu khien mic d6 sang tao cla dau ra.

. B&t ddu bang mdt prompt.
" Stopping Tokens: = = : . "
+ Dudodn token tiép theo. /v 5 e ol Thiét lap Hiéu qua Trudng haop ding

- Noi token d6 vao vén ban. 7 <€05

+ Ldp dén khi qdip diéu kién dimg: j ;I fnd;ft?x: 4 4
uong dong / stop wor

Ddu ra xac dinh, Su kién, hei dap,
tdp trung tom tét

Temp thap (0.1-0.3)

Cén bang sang tao

Temp via (0.5 - 0.1) v n dinh Chatbot da dung
Ngau nhién va Truyén, tho,
7 Sinh ra token két thic TEOR sang tao hon brainstorming

7 Pat dd dai 16i da
/" Gp stop word / quy téc dimg

J om e LLHdoc hidu quy Luat va d dodn token 1iép theo Lip di Uap Lai, cho dén khi tao ramat phan héi co @
hitu ich!




(201%), La b3 khung ctia hdu hét cac LLM nqdy nay.

[ 1. Cav tric téng thé ]

Transformer cd hai phﬁn chinh:
Encoder Stack
 Decoder Stack

Xac sudt dau ra

T
[ Linear ]
T
S
1
| Add & Norm ]
; 1
I il
- Feed Forward
: Network
ENCODER STACK PN
I
(N Lép) - ! .
redstnapsat at bttty e i b > : Add & Norm
| A,
! [ Add & Norm ] W, "
1 I
| T it Multi-Head
- Network — 0
T 1 &
: T i : Add & Norm
: Add & Norm : : 1
- 5
: jj : : Masked Multi-Head
i Multi-Head L Self-Attention
! Self-Attention R L
\ o ———— o T
T Positional
Positional | Encoding |
Encoding =
T Output
Input 1 | Embedding 1
\ Embedding J 1
T Token dau ra
Token ddu vao (dich phdi)

N thuong la 6, 12, 24 hodc Lon hon, Tay
véio kich thudc md hinh. 9

Kién trUc Transformer

Attention Lam
nén sic manh!

(D)

[

Kién tric Transformer, duoc qidi thiéu trong bai bao “Atfention Is All You Need”

Attention nhin todn
bd ngir canh! @

[ 2. Céc kh8i thanh phan chinh |

* Self-Attention
Cho phép moi token “chii y" t6i tat ca token khdc
trong chudi.

* Multi-Head Attention
Chay attention nhiéu Ldn song sonq dé ném bét

cac quan hé khac nhau.

* Feed Forward Network (FFN)
Manq fully connected don gidn, Gp dung riéng

cho ’ri‘mg vi tri.

* Add & Norm

Residual connection (Add) + Luye.r

Normalization (Norm) gidp hudn Luyén &n dinh.

* Positional Encoding
Thém thdng fin vi tri vao embedding, vi
attention khdng phdn biét thir tu.

Q ----------------------------------------

| m—

Transformer Logi bd RNN va chi dl‘mg attention. Nho vay viéc
hudn luyén dien ra song song, nhanh hon va xir Ly phu thudc

xa tot hon.

T

| 3. Attention (Trai tim) |

Cho Query (Q), Key (K), Value (V):

Q = Toi a‘ung tim gi?

=
Attention(Q, K, V) = softmax ( % ) V 1 K= aones g7
k v .

QK" cho ra diém tuong ddng.
Chia cho Vd, d& dn dinh.

softmax cho ra trong sé.

V = Bay a théng tin!

Nhan voi V dé co dau ra.

[ 4. Vi sao Transformer hiéu qua dén vay? ]

Nhiéu dir Liéu + nhiéu compute

/ N&m bdt duoc phu thude xa

v/ Song sonq hoa rat tot

/ M&rdng tot véi dir Lidu & tham s6 khong L&

v/ La nén tanq cla cac LLM manh mé

©

= LLM thdng minh hon




Giai thich Self-Attention

Diéu ky diéu ﬁﬁng sau q |

kha nding hiéu ngit canh!

Self-Attention la d6t pha then chdt gilp LLM hiéu ngit canh bang cach Lién hé moi tir véi moi

tir khac frong cdu.

[ 1. Truc giac ] Q

[

Khi doc mét cdu, ta cha y vao mat s6 Tt nhieu hon nhitng i
khac.
Vi du:

“Minh dd t6i New York vi
anh dy rat thich pizza.”

Khi du doan tir "pizza’, md hinh nén chi ¥ nhieu hon t6i
“thich”, chirkhdng phai “New York™.

[ 3. TUng budc maot ]
(1) Mai token duoc chuyén thanh Q, K,
V.

(2) Tinh diém tuong ddng: Q x KT
(3) Chia ti L& 1/Vd @€ &n dinh.

@ Diing softmax dé cé trong sd

Mai token tu quyét
dinh s& chd y bao
nhiéu t¢i timg token
khac! @

attention.
@ Nhdn trong s6 véi V dé ra ddu ra.
@ Thuc hién song song cho moi foken.

[ S. Multi-Head Attention ]

Thay vi mdt attention, Transformer chay h head song song, moi
head hoc mot Loai quan hé khac nhau.

Loi ich:

*  N&m bét nhiéu Loai quan hé

d

Linear
Projection

* Biéu dat phong phi hon
* Cai thién hiéu ndng md hinh

=

. ®

L ﬂ

' =%

E

[ 2. Diém chinh can nhé’]

v Self-Attention cho md hinh nhin todn b ngir cnh cing Lic.

v/ Nb tinh xem moi tir nén tdp trung bao nhiéu vao timg tir
khac.

v/ Song song hoa hodn todn — hudn Luyén nhanh hon.

v La trai tim cta moi LLM hién dai.

[ 2. Cach hoat déng (vé mat toan hoc) ]

Véi mdt chudi token dau vao, ta tao ba vector cho mai token:

F

Toi dung tim 9i?

Query (Q)

Attention duoc tinh nhu sau:

-

Ban dai dién cho

ey (R Value (V)
Ban co Jrl'u':‘mg tin gi?

diéu gi?

. \ | So khép Q véi tait
: . QK' ca K, rdi ding
Attention(Q, K, V) = softmax ( i ) V kit
. v cacV
| 4. Vi dy nhé |
Token dau vao: I love deep l.eurning I
ni J l l N
ol 0.05 0.40 0.30 0.05
Leurmng
W
‘learning” chii § nhiéu nhat téi “Love” @
(vi 46 La tirLlien quan nhat).
[ 6. Positional Encoding J
\Ti Trjun?fnrmer khﬁr?g co 'hnh hoi quy, ta thém fhung Gitp s hinh bict
tin vi tri vao embedding cla token. $unc ity cila cbe
Hai phuong phdp phd bién: . 4

Sinusoidal Positional Encoding (bai bdo qdc)

Learned Positional Embeddings

w

| tréng y het nhau!

Self-Attention

Hiéu ngf¥ canh

& quy md lon! @

« Khdng c6 théng tin vi tri, "ché can nqudi” va ‘nqudi cdn chd” sé

R R R —— —

- O B S O O S B S B B S R O S O O S S e O .

LVi’ von doi thch
Hay tuéng twong ban dang & trong mot

cén phong dn do. Ban nghe thay tat ca
moi nquoi, nhung tap trung nhiéu hon
vao nqudi dang nodi chuyén voi ban. Ho
chinh La self-attention!




Huan luyén LLIM AR Ik B

+ nhieu compu+e

@ . (111 théng minh hont v
LLM duoc hudn Luyén trén luong di Liéu viin ban khong L6 (hang ti tix) dé c6 the du dodn token tiép theo trong bat ky

chudi ndo.

[ 1. Muc tiéu huan luyén ] [ 4. DU liéu dé huan luyén ] Chét lwong + da

dang cta dit Ligu

Muc tiéu: Toi thieu héa khac biet gilia token duoc du dodn va token
thuc 1€.

rat quan trong!
®
Néi don gian: Day md hinh doan tir tiép theo chinh xac nhat | Nquon dirLiéu:

co the. @ i ® Sach, bai viet, website

----------------------------------------- ‘e Wikipedia
[ 2. Hoam Mat ik (LOSS) ] ® Kho md nqudn (vi du: GitHub)
] ® Dien dan, blog, tin tic, v.v.

» LLM ding Cross-Entropy Loss. b o At Bt it e et i i it

- N6 do phan phéi xac sudt duw dodn cach phén phéi thuc 1€ bao i Cdc budc tién xr Ly dir Lidu: i
Xa. E v Loai b6 dirliéu ring Lap E

- Loss cang thdp — du dodn cang t6t. E v Lam sach vin ban (b6 nhieu, ky tu ddc biét...) :
- Cong thic (cho mét token): . v Tokenize vdn ban i
i : E v Tao cdc chudi hudn Luyén i
Loss = - log ( Prpoge(correct_token) ) et s A R SRR i e e A i !

: S. Quy trinh huan luyén (téng quan) ]

’ 3 Téi vu h 6 o\ Van ban M hinh Du doan Tinh Cap nhat
. - —> | Tokenize | —> ¢ 4 ; . |=> —3 ; A
L dau vio {Transformer) token ké loss trong sb

- Optimizer thudng ding: AdamW (phd bién L B R
nhdt) 1 6PU [ Ldp Lai hang friéu / hang fi Lan
- N6 cdp nhdt trong s6 dé giam loss. e ——
- Cdn rdt nhiéu compute (GPU / TPU). [ 6. Quy mo rat quan trong ]
- Viéc huan luyén c6 the kéo dai hang tudn hodc * Nhiéu dit Lieu hon — 8nq quat héa 15t hon
hang thang! * M6 hinh Lon hon — hoc duoc nhiéu quy Lugt hon
*  Nhiéu compute hon = hudn luyén sau & lau hon
. M& réng quy mé = Hiéu niing ting'

[‘-?. Vi von thuc l:é'] [ 8. Diem chinh can nhé]
Hay fudng fuong mdt hoc sinh doc hang triéu cudn v LLM hoc bﬁng cach du doan token ‘HEp theo.
® .f
v
v/

sach. Ddn dan, cdu dy bat ddu du dodan rat chinh xac
5 diéu qi sé xudt hién tiép theo trong bat ky cau nao. LLM
hoc ding nhu véy! @

Hudn Luyén can dik ligu + compute khang L3.

)

\bﬂuuuu_uuuuuuduuf

Cross-Entropy Loss dan dudnq cho viéc hoc.

Quy mé (dix Ligu, md hinh, compute) tao nén tri fue.

' Hudn luyén mai chi La khéi dau. Sau do, ta con fine-tune, align va lam cho LLM that su hitu ich & an
todan khi dunqg t thuc té! : I
oan khi dinq tronq thuc té!
3T A




Mb hinh hiéu s8, chir
khéng hiéu vin ban thé!

L

Chi tiét vé Tokenization

Tokenization La qua trinh chuyén vén ban thd thanh cac token ma mé hinh cé the

hieu duoc.
[ 1. Token L& gi? | w o (2. vidy]
Mot token co thé La: Vén ban: "I Love deep learning!”
re ac md hinh khac nha - T
® Mot tur dong phooriq phép Két qua tokenization cd the La:
i ik tokenization khac I love deep learn ing !
® Mot ddu cdu nhau.
! l ) i) l l

® Hodc thdm chi mét ky tu don Lé
40 2293 2401 4081t 62 0

(Bay la cac token ID)

[ 3. Subword Tokenization ] [ 4. Vi sao dung Subword
L] L] ?
Hau hét LLM hién dai (nhu GPT, Llama) ding Subword Tokenization Tokenization?
(vi dy BPE hodc WordPiece). Cach nay tach nhiimg tir hiém thanh * XLy duoc moi tir (k€ ca tir chua timgq gdp)
cac manh nho hon. * Giam kich thutc bd fir vung
Vi du: * His -
TR R T TR Gitp md hinh xirLy ks
::m fn‘ i ‘E’ IE"-"D,\ - duoc Hir higm hodc * Phi hop hon véi nhiéu ngdn ngir
Co the duoc tach thanh: o T e i
'hl'ml @ : : = — :
- bel. - s ! Céo the ban chua biét: |
' 1
A i

345 189 1234 561

: S. Luéng x& | Tokenization ]

= Tokenizer = Token ID = Pau vao mo hinh
(tach thanh token) (dang sd) (cho embedding)

Vdn ban thd = Tien xtr Ly
(chudi ky fu) (Lam sach)

Embadding Vectors

1
: Vidu: "Ilove AL" = [I1[lovel [AII[.] — [40,2293,52%,13] — . . i
! (ddu vao cho md hinh)

[ 6. Token dac biet ] [ ?. Tam quan trong ]
LLM diing mot s0 token ddc biét: v Tokenization quy'e"wt dinh cach md hinh “nhin” vén ban.
a v Tokenization 16t = hiéu tot hon e
Token CC‘H% dUnﬂ N]'i.'mg token "'ﬁ? y F‘i R s o sk e Q
<BOS> | Bt ddu chudi gidp mé hinh hiu Al BLALC L LY AL L L —
£ 4 v Token nhd hon = chuodi dai hon nhunq chi tiét hon
E0S> | KEt thic chudi il @ sl ] ’
v Token Lon hon = chuoi ngdn hon nhu'ng it chi tiet
<PAD> Hém (cho bang ¢ dai)
<UNK> Token khéng xac dinh

@m lai: Tokenization bién vén ban Lon xdn thanh mét danh sach s6 gon qang, dé LLM c6 the hiéu, xir Ly va du EGD




himg tircé nghia gdn nhau
s& c6 vector ndm gdn nhau!

Embedding trong LLM

v ()
Embedding chuyén token (it / subword) thanh vector so. Nhing vector nay nam bat y nghia cla
tir d& mo hinh cé the lam todn trén chiing!
| 1. Embedding la gi? | Q | 2. Embedding dvgc hoc thé nao? |
@ Labiéu dién vector day dc cila mdt token. Trong quil ‘h:inh hudn Luyé.r:, n"sﬁ hinh hoc embedding sao cho cdc token xudt hién
® Anh xa token rdi rac — vector lién tuc. ’rrung i o s Jﬂma L bsdiocdlud 1"unng 1
® S0 chiéu thuing La 128, 256, 512, 368, 1024, 1536, 40%, ... Hue Héu
® Duoc hoc trong qua trinh hudn luyén. Tirding trong tinh huﬁ'ng giﬁng nhau = vector giﬁ'ng nhau

Oy

Tir dﬂng +n"r:mg tinh huﬁ’ng khac nhau — vector khac nhau

Vi von: *

Gidng nhur tam ban @3 dt cac thanh phd trong khéng gian 2D sao cho
thanh phd gdn nhau thi ndm qdn nhau, embedding biéu dien tirtrong
khéng gian nhiéu chiéu.

Token Embedding (vector 5 chiéu)

king [0.21,-0.13,0.45,0.02, -0.31]
queen [0.22,-0.1,0.46, 0.01, -0.32]
man  [-0.31,0.2%,-0.14, 0.33, 0.19]
woman [-0.29, 0.25, -0.16, 0.34, 0.18]

O O B B B N S S S D O S O O S S e O e e e e e e

Tir giﬁng nhau co

vector giong
nhau! @

[ 3. Khong gian embedding ] [ 4. S6 chiéu rat quan trong ]
Vi du khdng gian nhiéu chiéu (v& 2D cho don gian): * 50 chiéu thap — it biéu dat, de mat nghia
AN * S8 chiéu cao — biéu dat 1ot hon, ném nhiéu séc thai hon
o"" man *  Kich thubc phd bién: 128, 256, 384, 512, 168, 1024, 1536, 40%
e Nhiing tir gdn nghia T
® W * Mo hinh cﬁng l6n thuong dﬁng s0 chieu cﬁng cao.
1 nam gﬂn nnaw rﬂng
® paris khé ian! i e i et ot e et it o s i
ofme T oragn! () } Embedding la nén tang cho moi kha ndng hiéu clia LLM. |
1
boiedl s, tEmbedding 16t hon — ngi canh 5t hon — du dodn 16t hon! !

: S. Embedding dudc dung thé nao ] [ 6. Vi du minh hoa ]

i Tokenization :
‘;ﬁ‘n bf.ln = (4hanh L En:b:idmg L5
au vio +oken) ookup
e ———

ransforme

L :]_}[ S ] Van ban: *1 love deep learning’
: T ) Tokens: [ 1, love, deep, learning ]

e Token IDs: [ 40, 2293, 2401, 4087 ] MGi hang La vector
. M8 hinh lam viéc trén vector, khang phdi viin ban thd! [ 012, -0.0%, ..., 0.33] clia mdt token!
_ [0.2,01,....-0.11] A
Embeddings: [ 1 4 05,032, ., 001
[ 0.08,-0.21, ..., 0.2%]
[ 2. Diém chinh can nhé ] [ 8. Vi von thuc té ]
v Embedding bién tir thanh . Hay nght vé embedding nhurcdc nhom ban frong truong . __ _
v Chiing ndm bat § nghiia va cac mdi quan hé. hoc. :~..%_ R % -
v/ Tirgdn nghia ndm gdn nhau trong khong gian vector. - Ban than (nghia gidng nhau) ngdi canh nhau. EemE e
v Chiing duoc hoc trong qud trinh hudn Luyén. - Cac nhém khdc nhau thi ngdi cach xa. ‘1 % % ] ;\ % !
v Embedding la budc dGu tién de hiéu vin ban! » Khang gian embedding cho thay ai giong ai' il ot

* Embedding chinh La ngdn nqi ctia y nghia. v
Embedding cang tot, LLM cang thng minh!




Cach LLM sinh van ban

LLM sinh van ban moi Lan mat token, dua trén xdc sudt.

[ 1. Quy trinh sinh van ban ]

@ Ban dua vao mdt prompt.
@ M3 hinh chuyén né thanh token.
@ M8 hinh du dodn foken tiép theo.
@ Token d6 duoc thém vao chudi. o
(S) Bube 3- Lap dén khi gép diéu kign dimg.
Diéu kien dimg:
Sinh ra token <EOS>
. Datdd dai tdi da

. Nguoi ding dimg viéc sinh

[ 3. Chién lvgc decoding ]

Cac chién Luge khac nhau quyét dinh cach chon token tiép theo.

LLM khong “suy nghi"" nhu con
nquoi. Ching du dodn token ke

tiép co kha niing cao nhat! @

[ 2. Dy dodn token ké tiép ]

Cho mét chudi token, md hinh xudt ra phén phdi xac sudt trén toan b bd ti ving cho
token tiep theo.

r )
LLM Phan phoi
Token (M5 hinh) xéc sut Chon foken
dau vao — — —> | kha ndng cao

(1 love deep) (learning)

4
1
1
. P(token ké tiép | cac token trudc d6)
i M8 hinh diing todn b token trude d6 Lam ngi canh.

[ 4. Vi dv tUng budc ]

Prompt: ' love deep’

Chién lugc Céch hoat déng Tnfdi:'tg Gl Budc | Chubdi hién tai Token k& (kém xdc suat) Tpeen
. : . dung : . chon
Chon token cé xdc sudt cao oy learning (0.42), thinking (0.22), .
; N L
Greedy Search hat hanh, xac dinh 1 I love deep work (0.10). blue (0.05) . earning
Paph Saping CTgn ngau nhién trong k token g b 5 firaaginmming jeveryduy (0.35),a (0.25), so0 (0.10), STy
dau it (0.0%) ...
Top-p (Nucleus) Chon tix tdp nhé nhdt cé téng ba dang cén " I love deep learning | . (0.60),!(0.15), and (0.08),
Sampling xac sudt = p biing everyday because (0.04) ...
Temperature Plewién 3§ ngou nhHin (cao | Kiem sodt sang K&t qua cudi: I love deep learning everyday. i
= ngau nhién hon) tao
A il s B S e o s i S i i e e \
: * Khéng cé chién Lluoc ndo 16t nhat cho moi trudng hop! @ :
L ¥

[ S. Piém quan trong ]
*

LLM khdng luu tri thirc nhu mét co sé dit Ligu. Ching
sinh ndi dung dua frén quy ludt dd hoc.

Ching cé thé sai mét cach rat tu tin (hallucination).
Chat luong prompt + ngir canh anh hutmg Lon 16i ddu

ra.

* %

% Nhiéu ngit canh hon — ddu ra 16t hon (trong giéi
han).

*  Chién luge decoding ddi can bang giila sang tao va
chinh xac.

2 Diém chinh can nhé ]

LLM sinh véin ban bdng cach du doan token tiép theo.
Moi thir déu La token (tir, phdn cia ti, ky hiéu).
Xac sudt chi phdi moi quyét dinh.

1% N W%

Higu quy frinh — diing LLM hiéu qua hon!

Kich thuéec mé hinh & dit Lieu hudn luyén

Chat luong prompt / ngit canh Thay @i nho c6 the

dan t6i ddu ra rdt

[ 6. Yéu td anh hudng tdi viéc sinh ]
v
v
v khac! @

Chién luoc & tham s8 decoding (top-k, top-p,

temperature)

5o token t6i da duoc phép

v System instruction / vai tro (vi du: "Ban La mot tro Ly hiu
ich")

~

[ 8. Vi von doi thuc ]

F{ — ]"\
i2za

Hay nght vé LLM nhu ban phim goi § nhung manh hon rat
nhiéu. Ban g8 "I love” — ban phim goi y "you", “pizza’,

“coding”... Ban chon m&t — nd lai qoi y tir tiép theo. LLHM

x

Hieu rd quy frinh, ding cdng cu khdn ngoan va tgo ra nhiing dieu tuyét voi!

Prompt 15t hon + chién Luoc 16t hon = két qua t6t hon. L i s d DDDCI%%%%%DDB
ciing lam vay, chi khac la & quy md khang La! o
\ J
LLM L& nhiing bd du dodn quy Ludt rat manh mé. -




nhé!

Kién troc cOo LLM

[ 1. Kién tric t8ng thé ]

LLM di theo cdu tric Encoder-Decoder (DECOdET*GnLY).

Token
ddu vio

Token
] E[ Embedding

Transformer

] = [ Blocks (x N)

J-(

token ké figp

transformer, xép chéng N Lan.

()
: ' Decoder-only nghia La mé hinh chi diing phdn decoder cla
i
1
*

o

3. Transformer Block (Decoder Block) ]

\

Add & Norm

I

Feed Forward
Network (FFN)

) Y chinh:

Mai block duoc Lap Lai N Ldn va cé hai phdn chinh:
Masked Multi-Head Self-Attention
Feed Forward Neural Network (FFN)

[ Masked Hulti-Head

self-atention Masked attention dam bdo md hinh khdng

the “nhin thay” token tuong Lai.
Add & Norm = Residual connection + Layer
Normalization (gitp hudn Luyén on dinh).

[ S. Feed Forward Network (FFN) ]

f

Ap dung ddc ldp cho timg vi tri. Thudng la MLP 2 Lép kem ham kich hogt (vidu

GELV).
Linear GELU Linear
(dodet = 9) | | (Activation) | ™ | (d5 = dodet)

: Thém tinh phi tuyén va ting ndng luc ctia mé hinh.

2. Siéu tham s quan trong ]

* % % % o % ()

L.

Qe - Kich thudrc dn (vi du 768, 1024, 40%6)
N : So transformer block (vi du 24, 32, 80)
h - S5 attention head (vi du 12, 16, 32)
dg : Kich thutc an clia feed-forward (vi du Ux d. el
Vocab Size : 56 token duy nhdt (vi du 32K, 50K, 100K)
Max Context : Do dai chuoi t6i da (vi du 2K, UK, 8K)

= manh hom, n’mmg

cdn nhigu dir ligu &
compute hon! @

ransformer La dénq co dang
sau hdu hét cac LLM manh m@!
L 4

Hau hét LLM hién dqi déu dua trén kién trac Transformer. Ciing phan tich cac khai thanh phan chinh

[ 2. Token Embedding ]

Chuyén moi token thanh mdt vector day ddc (bieu dien duoc
hoc).

Embedding ndm bat y
nghia va quan hé gii

cac token. @

Token | Love deep Leurning

Embedding [0.12,-0.21, [0.35,0.18, [0.0%,-0.33, [0.42,0.11,
(Vector) 035,.]1 -011..]1 -01..]1 -031.]

+ Positional Encoding dugc thém vao d& md hinh biét thirtu cia
cac token.

[4. Masked Multi-Head Self-Attention ]

. Cho phép moi token chi y 61 tat ca token trude do.
. Masked" nghia La cdc token fwong Lai bi che di.
. Multi-head = mé hinh nhin thang tin tir nhiéu khng gian biéu dién khac nhau.

r Attention i
Head 1
_— , Attention ‘ T
npu Head 2 [ ] inear
Embeddings ™\ = SRSy = Projection
, Attention ‘
Head h
| it r e e L e e v e e s it e e e e i e e e e \
! Vi sao cdn nhiéu head? Cac head khac nhau tap trung vao nhimg moi quan hé khac nhau. :
e o e o e o o S O S R S S N B N S N MW S S M BN M M S S M R S e e N S M S e s G e * -

[ 6. LM Head + Softmax ]

. Trang thai an cudi ciing tix Logits Xéc sudt
block cudi duoc dua vao = 21 0.12
y Hidden Linear -0.3 0.03
mat Lop Linear (LM Head). State - - 01 035
. Sau dé Softmax chuyén . .
logits thanh xéc sudt trén 1.2 0.02

todn bd bo tirvung.
gl e DR e e S S e e b s i e e e i e e s 1
I Token cé xac sudt cao nhit chinh La token ké tigp duoc du dodn. ) ¢ :

| 8. Ghép tat ca lai |

Cho mdt prompt, LLM du doan token lan luot fimg cai mot.
Prompt Ha hinh Dur doan Mai token
(Van ban) = [(Tr-ﬂn:fnrfﬂ-er}] = [Jrnken ké’] - [& ldp l{;i] Q
’

' Quad trinh ty hdi quy nay tiép tuc dén khi gdp token dimg hodc dat d6 dai t5i ﬁa,© :

Kién tric Transformer da thay d6i NLP mai mai.

LLM mé réng y tudng nay Lén hang ti tham s6 va dir Liéu khdng L3!




Huan luyén, Suy luan § Ung dung

LM chi duoc hudn luyén

mét Ldn, nhung duoc
dung hang fildn! ¢

Sau kién tric la phan ky diéu - huan luyén md hinh, ding n6 dé dua ra du dodn (inference), va dp dung vao

doi song thuc te!

[ 1. Pre-Training (Nén tang) ]

LLM trudc tién duoc pre-train trén khdi dir Liéu van ban khong Lo (web, sach, bai
viet, code, v.v.).

[Biéu gi dién m.?]

v Md hinh hoc quy luat, ngi’rpl‘rép, kién thirc, kha ndng suy
Ludn.

v Khong co nhigm vu cu thé - chi dudodn token tiép theo.

v Duoc hudn Luyén rén hang ti token.

[ 2. Fine-Tuning [ Instruction Tuning ]

M6 hinh dd pre-train dugc fine-tune frén dirliu instruction - response chat luong cao
dé tronén hiu ich va an toan.

Vi du dit Ligu:
Bien mdt ma hinh
Instruction Response thong minh thanh
Quang hop La gi? Quang hop La qué trinh cdy xanh... froly hiu ich! @
Loi ich:

* Dau raan toan hon
% Phii hop véi con nqudi hon

% Tudn theo chi dan
* Cautra Loi 1ot hon

3. Hoc tang cudng tU phéan héi cla con
ngudi (RLHF)

Phan hdi clia con nquei gilp md hinh dua ra cdu trd Loi ot hon va an toan hon.

[ 4. Inference (Pua ra dv doan) ]

Inference la khi md hinh da hudn Luyén duoc ding d& sinh phan
hoi cho prompt méi.

Ldc nay md hinh

khdng hoc - né chi

B E R EESR S (=)~ N deduin @
2 TR L N SRR \ LLM (M& hinh)

—oF | ' Témlai R L L L E TR R P ,

e (Giam ddu ra cd hgi / thien Lech 1 Con nQuoi dan dat mé hinhtre | 1 Diem chinh: :

@ Tang tinh hiu ich ' nén +8+ hon ting busc. @ : i @ Khdng cdp nhat trong sd trong Lic inference. :

@ Phiihop véi gia tri ciia con nquei R e, g s : ' @ Nhanh va ding duoc theo thdi gian thuc. :

. @ Chdtluong phu thudc vao huan luyén + prompt. :

[ S. Ung dung trong thuc té ]

LLM ¢ the ding theo vd s6 cach. Dudi day La mat vai ing dung phd bién:

Tao ndi dung Chatbot / Troly Gido duc Code & phat trién Kinh doanh Sanq tgo & gidi tri
Bai blog Chdm séc khach hang Gidi thich khai niém Sinh code Tém tét Tho / truyén
Truyén Tro Ly canhdn Toém tat cha dé Ho tro debug Phan tich dir Lieu Lai bai hat
Email Bot hoi ddp FAQ Ho tro hoc tap Gidi thich code Viet bdo cdo NPC trong game

. Noi dung mang xd hoi Troly do Hoc nqoai nqir Viet tai Lieu Tao y tudéng Brainstorming

L L T T T T . =

: * Tirhoc sinh dén doanh nghiép - ai cling cé the huong loi frLLM! @ 3

[ 6. Thach thic & han ché ] [ 7. Téng két ]

X Cothe 1go ra thong tin sai hodc do giac 3 L g v/ Pre-train — Hoc tirdirliéu khong L6

X Dau ra dai khi thién Lech hodc thiéu cdng bang. cu manh m, khéng v Fine-fune — Hoc cach tré nén hi ich LB -

X Cdn compute & dirLiéu khong L3 d€ huan Luyén. phai nha tién fri hoan / RLHF = Con nqudi gitp né 15t hon

X Vande riéng fu, bao mat & nquy co lam dung. hao. © v Inference — M@ hinh du doan, khong hoc —

X Khdng thay thé duoc tri tué con nqusi v Ung dung = V& van kha néing!

H

LLM chinh L& Jrl.mrng lai ctia Al.

Hiéu ching hém nay, kién tao tuong Lai ngay mai!




