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8h5 3716_ 1@>f( )

9r T dhs Ohs = oxp(hs) Ohy Ohs  h2
— 0 ohy — _0.25
w % —1
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W o b —1 1

A > 8f(fL’ w b) 8f(23’ w b) ah(; 8h5 8h4 8h3 8h2 8h1
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Deep Learning is so simple ......
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BMREBEE X! .

RO AL i S o
Logistic B %t flz) = 1+1€—3; F1(x) = f(2)(1 - f(2)) sz / 2 4
Tanh B O M ) LR T ) -
ReLU £(x) = max(0, z) f(z) = I(z > 0)
ELU fr) = max(0,2) +  f(@) = I(z > 0) +
min(0, y(exp(z)—1)) I(z < 0) - yexp(x)
SoftPlus ¥l f(x) = In(1 + ¢®) flle) = - +1€_m
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HEEREIRE: SRRERLE

- SREEREESLES, ATEESHERRR,
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1/\ED“IEﬂﬂ3Jm . EERERNW, Fz
- Rigw, = 1w, = 1/2,W3 =1/4

- HZIWWEIRES Y, ASRIIZIFERNE BRI ZIZERE2RIZEN

/ 3
yy=1xax;, +1/2x 214+ 1/4 X 249 ‘2}2.o>‘<
3 5 ) | 0 = >|</2} 1x1+2x0+ 1x0 +0x0+ 1x0 + 1x0 + 3x
=Wy X Ty + Wo X Ty_1 + W3 X Ti_o 017 <11 B
o | O] e @l
. - - 3] / 0, / 5
3 gfl il = it
/ S 5 / 2
_— A Ls a /
= Wi * Tt—k+1- 3 0 | o 2
Z 112|121 1 .=
k=1 0 | U =
0 xb) | ;
\l)"\‘.‘b / ) //D
ﬂ® A / ’)d\\.'h.
NESNma]=]= N P
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Feies (filter) 8&FR4% (convolution kernel)
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BUBEHE A
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AlexNet, 2012 ILSVRC winner

(top 5 error of 16\% compared to runner-up with 26\% error)
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5 192 192 2048 \/ 2048 \dense
7 128 p e,
o s 13‘-_‘_:'.:,1_“ 13
3o ‘ \ T
- 13 R G ' dense’| [dense -
27 EN 3 \AP 2
3| N 1000
192 192 128 Max
; 2048
Ma}(‘ 128 Max pooling 2048
pooling pooling
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« ResNet, 2015 ILSVRC winner (152[%)
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X1 Xz X3 X4
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RNNEERTE2EHHY (Siegelmann and
Sontag, 1995)

FNN: = E{aIRREL
RNN: & HTRER (GTEERE) .
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- BEEHKHBEIRIE

i, =o(W;x; + U;hy_1 +b;), ¢; = tanh(W.x; + U.hy 1 + b,)
Oy = JU’{’FUKL + Ushy 1 + b(!)'.'

h; = o; @ tanh (c;)

i}

BIEEH FREHE : <16 >

C



CLiT> »
NECE P

PEKING UNIVERSITY

BRI LZASEY . BT DNEIHRERLE Transformer

- RNN@YERE: LEBKEFIR, FBREEX S1MMARSIX >BEAREC)
» Transformer: BEFEENNE, WFER, RHAXRRLIEEEHIEFERTRS

Output
Probabilities
s ~
Linfe =
(oo Nom | f 4 \ )
Feed
Forward Seuinl MatMul
A
j=]<_: )
e 1 )\ Add & Norm - SoftMax
—{Add & Norm } Mult-Head Scaled Dot-Product h T
Feed Attention Attention < —
Forward T 7 Nx 1T I8 T S~ Mask*(opt.)
Add & Norm ~ — L Scale
Nx | —(Add&Nom ) T Linear P Linear P Linear
: : 1
Multi-Head Multi-Head 4
Attention Attention < * y f MatMul
. S, LN b 1 1
] J . “J
N . V K Q Q K V
Positional S @ Positional \_ ) o )
Encoding Encoding
Input Output T
Embeddin Embedding . K
— Attention(Q, K, V') = softmax( @ )14
] ] Vi
Inputs Outputs
(shifted right)
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RIEMZ4E1S0n] 99 79: Encoder-only; Decoder-only; Encoder-Decoder

Encoder-only

Decoder-only

Encoder-Decoder

1&&&‘%2& good am I
4 $ 4
BAKIBRT s |
LE—iRAg%EI f
<GO>
KIS LT yapnse Q{ -
MBI N
ow are you ?
= IiEE BERT, RoBERTa GPT, LLAMA T5, BART
ESES DEIES B ES EIES Ry
i N BayH4SFAIE FrgtokenFF TN U F_E— R EVE TG A U TN
&G IR RSSE et {FGAERT {ERERY
ShcFi TRt imKFITELT SEHITRT SMEHITRT
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HIBIREZILEEEL . iCICIEEMEEMLSNTM, DNC
. HEZERL. MHBSIHENS

AhERIEL M

Read/Write
S Head Memory
A utpu

| @,

Bl R | MR | SEE W | | r——<)//g§§%
2k | O

\ Controller |CICC 8/@@
) T 0OC GO0
>( FM2% (FEHlEE) C ) > [ y 1 O OOQ
Input O Q()O

RRETUL: EEMREEIIVGIRTH.
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HIBIREZILEEEL . iCICIEEMEEMLSNTM, DNC
© HEZERNL. MHBSIHENS

v
Content-based Wr. Content-based Rd.
LSTM Weighting (CW) i Weighting (CR)
L»] | Normalize (1) | |- Normalize (1) | | Read
_t Yt T Yo Tyt—l 1 Vi 4 Ye+1 v 3 Write Ext. J 3 vector V'
i I Unfold - ] Similarity (2) Weight | | Mem. Similarity (2
- A ! — AT T i AP TTATP A Interface | | Ly| Merge Write v T
L V t N WM MW .
t Xt 4 X0 ?xt_l 1 Xt t Xt+1 eeter History-based Wr. | (WMD) MW) Hlst?ry—})ased Rd. Read Ext
LSTM . - ‘ Weighting (HW) 1 Weighting (HR) | Lol \weiont | | Mem
Weak for long-term dependencies (vanishing gradient) - cight 1, vem.
. Retention (1) Expand (E) » | Linkage (1) -+ Merge Read
l Memory Augmentation N g (RM) (MR)
y From/To Ext. Mem om0 |
Yy / Memory Unit " g > v
Read \;Aector ! External Memory __--{ /] ' Allocation (3) DNC’s unique history- | | Fwd-Bwd (3)
Uy ,’/ I ST Memory based mechanisms
{ ______ / - X d Manipulation L | |
| MCITIOI'y —I ﬂ Soft Rd H Soft Wr LOglC DNC Sﬂﬁ Write DNC SOft Read
. A
| Unit [ =% ="\ 3
| T = % State i
=1 U; Read Interface's_ \‘ NETaes DNC Soft Write DNC Soft Read
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o IBSIEEA— token FRFIF— MR

LR »
NELF TP
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p(x1; X2y aee) xL)

g (i
"the mouse ate the cheese" "the cheese ate the mouse" X
IBALERR. EXEE, IEEBEIREIENATIE,

R p FRE—EF. BERHAEEXIIMR, RERYETMFE R, BXFHFANR,
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RSB HSFE

EERERTERIE: FORUSEFES.

H@p) = Y p(x)log ——

p(x)
B =112k
o BENSEHEZER LIS, "the mouse ate the cheese"
- BINSEHEEESRILLLS. > SEFEHI%RAD

- BEERYESILREN TS ETTRN.

"mouse the the cheese ate"

> BERARID

BUBE SRR — BRI BRI F— MG S
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n-gram iEEEEY

NELF TP
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n-gram 1REMNFIFEET n-1 1™ token SKFM T— token,
p(x; | x1.5-1) = p(x; | Xj_p41:i-1)

=5eEmEl (n=3) B

count (x;_q, x;)

p(x; | x;_1) =

p(cheese | the mouse ate the )  p(cheese | ate the) count(x;_1)

£ token x;_, HIIRIAREREF, FITHBIRE x;.

n-gram BRANTENR(E
HifiER R B A EER PR ERMRIVAILTEL
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n-gram ﬁﬁ!lﬂ%lﬁ

T ETX: Stanford has a new course on large language models. It will be taught by

1. BERIRER LT 2. n WA EHE
IERATLURK, EfXflRAREEn -1 @K n BERMHESZ F Y, BREHEERKLET
token, MARADES I,

p(x; | x1.i-1) = p(x; | Xj—py1:i—1) count (long exact context) =~ 0

= n fR/\BY, Stanford SEEREPL T2, T AT AHITHENEEARSD, EFEEEaX
pE=Z N PREEAAI R,

O n RINEEXKIEER, n BASUEETITEEYSITHES T LRIEHER.
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2R token A _EAIMEER,

PO (xy,x,,..x;) Where pg = neural network with parameters 6

&Nl

X1, X2, ., X,

A B

‘}_%7)-7”1673 X1,X2, ), X,
B x; RAYIEBR—ERYAN

AA?
>
X EISES
o {HEZPILZAEER

FERER PN 288
po ()

EZLARIGERIRNERTA.

MG MEHIEKE.

T—NEEE: ATIE AT AR AT LR RO

i}
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MiaEl] Token

TEENHRELRYL
JRIESIAN —

token

1. XA 9315 (tokenize)
JRIGSCA

"Large language models are unbelievable."

Token:
["Lar\ge", n
llablell, ll.ll]

language", ..., " un", "believ",

Token ID:

[1284, 3912, ..., 918, 4410, 982, 271]

token BJLAER—Nd. 1@0—ZBo H/irR TS

IERESRI—5KE X

BIEEH FREHE

RZAI, MR REF.

— token ID — [=

2. iR\ (embedding)

¥) b 7

PEKING UNIVERSITY

4 ) 4

Token ID ﬁﬂﬁi
1284 - [0.2, -0.1
. J .
4 N\ 4
Token ID G
3912 — [-0.4,0.7, ...
. J .

) ID MERAFRFIELE—1T
E[token IDs] —» X € RL*4

B token IBEXTN— AR,

<28 >



MEKEAEIREIEHE

MEBMABERKE, MEMETLMtEET.

BRARKE
X € RL xd

NPT

508 PEKING UNIVERSITY

FREZRILE
Po

i}
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FRAIBEEE

p@(xlr 000 xL)

R py MIZKBHAZE?

R RESE,
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MBS R PEEIE

FIFEBIES, NB%mEss. ##828LAM decoder-only Transformer,
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HANEEKEMELZMGS, RAVTZ MRS,

architecture F probability head
X € RLxd S H > po(xq, ..., x1)
Fo WA MR {EMRE
« SE \—ER token A&, o F FXAIEERIS.
* 1L8 token FIFIERRY LTI, * A[E token (K F A RRIEA token,
« FEHRLETXHERTH. « JIIGR ael FREIBEEIE.

DRYGIRTE T (S EA0AI7E token Z[BLifRE].
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Transformer: Attention Is All You Need ez Y
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—A Transformer {&RPAIER Xxigaks: i¥F=
TR R token ZEIHIEE

Add & Norm

Feed
Forward

| —

. Franc
- \ The capital of
Multi-Head ¢
Feed Attention
Forward 7 7 Nx . N ™ .
. XJ token "is" =S, BRIV TXAIEERFE "capital” 0 "France”,
N | —{CAdd s Norm ) Moskad
Multi-Head Multi-Head 1
Attention Attention
L_) — —— ==\ \ LSRN —
L == — ) FFN: ZRBEZERER
Positional D @ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Qutputs

(shifted right)

i}
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=32¥ Transformer 2213

REZEEI Transformer IEATFARRNESES.

B BRI & RFRE

-

{N9m1528 (Encoder-only) | IEfESSEHIN: 3R, 10K, BRI, BERT, RoBERTa

JRIDES-A#ISeT (Encoder- | E— 1NFHIRESAS—1FY: #hFE. BE.

decoder) NARZES TS, 5, BART

GPT, LLaMA, Qwen,

(XfiRFOS8 (Decoder-only) BRI &Rk, XiE. B, HEE, DeepSeek

| RROsmEE, MIBERES.
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=%h Transformer

TeERR L B IARERRES.

N 7=

ENCODER-ONLY

contextual representations

[ R

ENCODER-DECODER

contextual representations generated output

flne

U

DECODER-ONLY

generated output

model writes

H} H% }@}E

I B
[

Embedding

Embeddlng <GO>

T I I I
the cat sat .
IZRVEE A, il — MRk
R

155 9k / BE

BIEEH FREHE

‘1111

the cat sat

ZERURRRS, PARZEA token &
5=t i

155 3% / B2

:éﬂtx XY

PEKING UNIVERSITY

Embedding

J

T T

T

The model writes

H£pk—"" token, 1B
. BERT—.

F%: &5 /

XJi&

EIER =

<34 >
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Decoder-only: EBI)I&ER)

decoder-only IESHERIEIRAERK— token, FEIERKIA,

S PLIEIR E AR
« MNIBRia | BUSRFFIA. sy FRY
o I T— token B9937h. The capital of France is
o SEEETRIF—1 token, ARk
- EBNEIFFIEHES. Paris
. FT LT
=N The capital of France is Paris

The capital of France is

% 1 '/',Jl/:I 1:;,- = . N A
ZIDEEE . I T— token,

The capital of France is - Paris

g 2 &
The capital of France is Paris - .
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B EFREFEFIREAL IR ER T— token Tl
p(x1:) = pOx)p(x2 1 x1) (x| X9:p-1) = np(xi|x1:i—1)

IR IR

Zg;iXZZEF‘%‘EU EZMIE EITET— token AR T— token FNISRES RN,
MU

the - mouse
the mouse -» ate
the mouse ate -» the

prompt - completion

the mouse ate the - cheese AN N
the mouse ate
W EERSE RN, SEFREI 2 TR, e

the cheese

i}
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1l

B MUERREREIEE.
TR ERiEEDE

x1 x2 x3 x4 x5
the - mouse

the mouse -» ate X1
the mouse ate » the

the mouse ate the -» cheese X2

x3

BEFESRSRAT token, LERIEITAMBER, y

x5

1TREF. 48 ="k, K& = HHEIEIIARE.

Po (Xr41]X<t)
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Decoder-only Ak E R

decoder-only #&=8YE)|Zk, £FIT BFE—EI— MERBiRL.

large text corpus = max 2 log po(Xt41]x<t)
t

R TR e 3= RE3ET S

[RIEN AR B IR )25 S E—MEERBEBIR NS EZREUE. SEHNEL—B
; ﬁiﬂﬂ—ﬁ\?—ﬁ\ token, FREZE. KIEaG3ERTTE, 1=F+ T decoder-only IESHEEY
ToEtmE.,

FtE, MAKERIZLE RS —SHID=FRIR,
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INCHFRDERRIR

— MFISRRIRIR
Output

f

Add [€
A

Input

i}

BIEEH FREHE
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Proj: Linear
Projection

I | K
[ RoPE | | RoPE | V
! A A
1 QProj | [ KProj | [ VProj |
1 A

e - - - - ---

G ) »
N A 75 F
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HaBIRIEM

« i¥E7: EARE token UBZERS(ER.
* FFN / SwiGLU: THF/ token BIFERR.
* RMSNorm: {RiFEHiREERENREL.
- FEREM: FEIHFRTHERIMANEHH.

* RoPE: WiEENPFEINUERESR.

PRAXNEREEEM RIS IXFRIFERRIR R S HE
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BiXS7] AEIEES
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  SwiGLU  ( x ) =  W 2 ( SiLU  (  W g x ) ⊙  W u x )


  RMSNorm  ( x ) = g ⊙    x    1 d   ∑ j   x j 2 + 𝜖


   x  l + 1 =  x l +  F l ( Norm (  x l ) )


  𝒎


   𝒒 𝒎


  𝒏


   𝒌 𝒏


   𝒒 𝒎 ⋅  𝒌 𝒏


   q m ⋅  k n ∼ f ( content ,   m − n )


  𝒏     𝐭 𝐨 𝐤 𝐞 𝐧 𝐬 ⇒ 𝒏 × 𝒏     𝐚 𝐭 𝐭 𝐞 𝐧 𝐭 𝐢 𝐨 𝐧   𝐬 𝐜 𝐨 𝐫 𝐞 𝐬 ⇒ 𝑶  (  𝒏 𝟐 )


  𝐥 𝐚 𝐫 𝐠 𝐞 𝐫   𝐦 𝐨 𝐝 𝐞 𝐥   → 𝐦 𝐨 𝐫 𝐞   𝐩 𝐚 𝐫 𝐚 𝐦 𝐞 𝐭 𝐞 𝐫 𝐬 +   𝐦 𝐨 𝐫 𝐞   𝐅 𝐋 𝐎 𝐏 𝒔


  𝐭 𝐫 𝐚 𝐢 𝐧 𝐢 𝐧 𝐠   𝐜 𝐨 𝐬 𝐭 ≈ 𝐅 𝐋 𝐎 𝐏 𝐬   + 𝐦 𝐞 𝐦 𝐨 𝐫 𝐲   /   𝐜 𝐨 𝐦 𝐦 𝐮 𝐧 𝐢 𝐜 𝐚 𝐭 𝐢 𝐨 𝐧


   𝒍 𝒕 = − 𝒍 𝒐 𝒈    𝒑 𝜽  (   𝒙  𝒕 + 𝟏 ∣   𝒙  ≤ 𝒕 )


  𝓛 =  𝟏  𝑳 − 𝟏   ∑  𝒕 = 𝟏  𝑳 − 𝟏   𝒍 𝒕


  𝜽


   𝓛  𝑺 𝑭 𝑻 = −   ∑ 𝒕  𝒍 𝒐 𝒈  𝒑 𝜽  (   𝒚 𝒕 ∣  𝒙 ,    𝒚  𝟏 : 𝒕 − 𝟏 )


    𝐦 𝐚 𝐱 𝜽   𝔼  [  𝒓 𝝓 ( 𝒙 , 𝒚 ) ] − 𝜷  𝑫  𝑲 𝑳 (  𝝅 𝜽 | |  𝝅  𝒓 𝒆 𝒇 )



