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* AMAIRAR—MARIZ X ?

* WMEIFERENEE S FHRREERDR?

- ARSI
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TR NAE N

« B—NidERZ—1MA? {tETw =344
FAERw =345
thZ =364
KF =365
JtA=344+365=709?

- EEAYIdELEhEINAIEAZIRE I E 2 H?
. RN EHBMNANRIBEE Efeature -> B{I1ZEEEZF TR

feature




©Word Embedding ia@#r )\

o F—MARES I— embedding dim #ERIAE . o
- B—HEE TSN (BE N ERnS) -

BF¥ 09 01 03 02
fi%A 05 04 04 08
KiEE 0.2 0.8 0.9 1.0




“4N{a]3kHEY Word Embedding ?

« FTHINS?
« "JbREICSA0E, FRLARE—#HRENEZR40" ?
s BEEESHHIISEEEIRE
« FIa0XFF Next token prediction (FRIBRIZRFUN T NA) BUESS:

1. FEA#EEICEFEIE v B9 Word Embedding E,

2. RIS Embedding KFNBFL Epreqice = + Xra B,

3. ="M= Embedding 5 Epreqict BRIZFITHITE
Upredict = Max cos < Epredict Evi >

4 itEloss, REEE
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CYYRBREAE S FPRIFERDR?

« An Apple a Day Keeps the Doctor Away
» —XK—&B Iphone it SE Tk E?

-Por 32
- BixERKR—07

- —MEERAYEA:
- BFEFFEIENEEINCK, FrREAETFEN.
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Skip-Gram & CBOW

w(t-2)

w(t-1)

w(t+1)

w(t+2)

INPUT

PROJECTION

OUTPUT

—— wit)

cBOwW

INPUT PROJECTION OUTPUT

w(t-2)

wit-1)

[

w(t+1)

w(t+2)

Skip-gram



@Skip-Gram & CBOW

INPUT PROJECTION OUTPUT INPUT PROJECTION OUTPUT

w(t-2) w(t-2)

—MNMAREEERTEEMRA!

w(t-1) wit-1)
« .\sum /

—— wit)

/ | |

w(t+1)

w(t+2) w(t+2)

CBOW Skip-gram



@ TextCNN

(ERETRERSRIE

+ activation function

like
this
movie

very
much

]

vector
\
- I

I

_ﬁl
\_

together to form a
single feature

CoRvBIToN 1-max softmax function
oolin regularization
+ v p 9 \ in this layer
\ 3 region sizes: (2,3,4) 2 feature \
Sentence matrix 2 filters for each region maps for 6 univariate 2 classes I
7 %5 size each vectors
totally 6 filters region size concatenated

g



©@RNN

« FMR—"1M=A



INBIINHIS K EPATERLT T, M BENES ERVNE LigE, MEREENEMEY. SLERDCEFIMERERL L, BRNFERDE, oS TSF, A
MEEIREESAVIVIGR, (HHEEMEFRERRE X

NI, IFEEAESS, BEEYRINIR. EEIREESSEEES, WM, I—HEERAR, EERZYHA, FRERHENImEL. —/R
RIlEfE, BAIERRtA NEMIFR" | NEARMGR—EEHE.

SHIME, #iRE, (ELRPFLET, REFWES, MPIERERFENERNAE. HRESINT AR, 2D, AR —BHTEFNEER, 857
g%g%%ﬁ%léﬁggﬂﬁ —IR, WHRBEREIMTEBIDIRE, EtRAREMEREIN R NER, FHEmAR 7 elESIt, NMULEZ PR,
1. v | o

AEEFREYRED, EEFSCAERANAISGAIES, HEUS TSNS, RABHBREIGE, SR BLLUARBYINESS, BE—RRKK
BYA, RIOTEH TR, EFFEmAEIES BT, FERIBRMER .

BPRlE, WARIIEANT —FFERRRIAS, EETERPE. XFEEFESY, BMESTITECHMRGE, SEFEIINER, MEREELI0LERE,
SSIMRIRER, EEAREREENSt, BEAREXAENES. R —EARMREEERIMEASY HEEISETN.

METWATRAFAR, HRELESTIE, REFEINNE, FIESTOHIGIRIIR, BEAMASSH, RE&RE T —AEMRNEF RS REES,
RIEREMZAB—X, HERZRLHSSMESTPIEEN—MEMELE, ROFTHIERIIERS.

ESMIFIETEEMEITHERR, ERTIFESRECHRR, REBIA VIR, (BRESIFENERITAE, BESIERIFER LarHT. JUFE,
LA FAIp SR, FHERAIREREREE, —RNERS, HRIFNEREIE.

EEZ R, HBEEVIMKEMIERNB MRS, DOET R, BUMBHHAEINERINE., EEARIHAIREPRISER, BMUESHMEEES R, HHE
T —RENFFRRR. —MEUTFARRT, FESTANKSIEIRE, SEAPARERIWREFAEEOIGER, REHXEE] TR T ArSRIE SRR,

Ao

sz



& Attention is all you need!

* attention probs: @ | are |good| for | @

9 04 | 005] 02 | 005 03

are | 0.05 | 075 | 01 | 0.05 | 0.05

good

for

v

Ee = 04Eg +0.05 Eare + 0.2 Egyoq+0.05 Ego+0.3 Egg

in sentence



L Attention Probs

« AUaAREN attention probs? PRTEIREAERELA?
o« LI MEEmbedding BIsRIZAFBRMBILE :

attention Scores(vl-, vj) = cos < Ey,, E,,j >

* EFHSoftmax||3—14:

eattention scores(vivj)

attention probs(v;, vj)=
k=0

seq len
= Z attention probs(v;, v;) E;

Vi
in sentence :
)=0

Zsequence length eattention scores(vi,vk)



LYNaRl=E3KEAttention Score?

» EmbeddingBIsRZF A : S iEURIFHIERN v, FE2/ME? ©
- BTN GODPIIIDDPDare good.

. l_iEéEIE'li?ﬁi&Eg'%l‘xEEEé’ Eéin sentence - Eé
* Embedding — (Query, Key)&&&
* Query: FEETRAIFE
* Key: 1BAEIRAIRHE

attention Scores(vl-, vj) = cos < Qvi,Kv]. >



ZAttention

Linear

* Embedding ———— (Query, Key,Value)
attention Scores(vi, vj) = cos < Qy;, Ky, >

eattention scores(vivj)

attention probs(v;, v;)=
p ( L ]) le(equencelengtheattentionscores(vi,vk)
=0

seq len
= Z attention probs(v;, vj) V;

Vi
in sentence :
=0

Vi in sentence Vi in sentence



Scaled Dot-Product Attention

@ Attention

MatMul

¢ In pUt EmbeddlngS shape = (seq len,embedding dim)

¢ Q — QPT'Oj (EmbeddlngS) shape = (seq len,embedding dim)

® K — KpT'Oj (EmbeddlngS) shape = (seq len,embedding dim) v

¢ V — VpT'Oj (EmbeddlngS) shape = (seq len,embedding dim)

T
¢ AttenlOTl PTObS (Q, K) — SOftmax(QL) shape = (seq len, seq len)
Jak

. KT
¢ Attenthn(Q, K, V) — SOftmaX (QF)V shape = (seq len,embedding dim)

¢ Output — pTOJ (Attenthn(Q K V)) shape = (seq len,embedding dim)



“Attention

* Query: FEKEERIRF...
* Key:

« /NB * fiBRYER=F = 0.8

- ftb * fAYEF = 0.1

- INEHIE SR * BRI = = 0.05

e Result =08 * V/J\EE +0.1* Vﬂi’, + 0.05* V/J\T«%’fr@?'ii + ...



Scaled Dot-Product Attention

& Attention

MatMul

¢ In pUt EmbeddlngS shape = (seq len,embedding dim)

® Q — QpT'Oj (EmbeddlngS) shape = (seq len, query dim) -
*-a u
° K — KpT'Oj (EmbeddlngS) shape = (seq len, key dim), key dim = query dim

Q K VvV

¢ V — VpT'Oj (EmbeddlngS) shape = (seq len,value dim)

T
¢ AttenLOTL PTObS (Q, K) — SOftmaX(QL) shape = (seq len, seq len)
Ve

. KT
¢ Attenthn(Q, K, V) — SOftmaX (Qﬁ) V shape = (seq len, value dim)

¢ Output — OPT'Oj (AttenthTl(Q, K, V)) shape = (seq len,embedding dim)



LHUTIINMBSRO

e Attentionf/l&H, FrEBEFEEFREEsequencePRIIE,

* Position embedding
« NF—MUETRIR—EE PE,os

E = E,, + PEpys

Viinput



SRR AL ?

« 5MA: Key-Value Pair: (K,V)

« Neural Memory, {HERxEi8k;:
p(k;|x) o< e’

dim

MNG) = ) plil) - v
K= [kij,l V =|v]

MN(x) = softmax(xK")V
o« FIRNMNEM ESCIN R R L
FFN(x) = f(xKT")V



@Feedforward Neural Network
FFN(x) = f(xKT)V
s f[—ig({ERrelus HZH

« —fiZinner hidden dim = 4 embedding dim

« 28&: 8xembeddings dim?



“ ' Transformer

+ MInputFEFIZEIOutputFEFll——Seq2Seq

Output

Probabilities
Linear
(" )
| Add & Norm |<-\
Feed
Forward
e N\ Add & Norm
_ .
=elleTonn Multi-Head
Feed Attention
Forward JD ) Nx
— |
Nix Add & Norm
(—>| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
At At
\_ J \. _J)
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)



CYMIEF L LRI

A

e = *Eﬂl::

P (w;|context)

e context: FTFX
ENMUE ERE MEaINEER

’Wl':

- BRIGIESERE (WBERT)

"JCREILS[MASK]E” X[MASK]iEﬂEI’JffEE Xk

P(- [HLEEILAIMASKIE)

- BRISIESEE (!ZIJGPT)
« JEEREEIL" . RT—FRISE

%475

P(- [Abm=1EAL)



& Encoder Only

« MInputFFIEo2EmH——
Classification ) -
- FARUEAY: BERT

Feed
Forward
—
Nx ~—{Add & Norm
Multi-Head
Attention
At 2
k_
Positional &
Encoding
Input
Embedding

I

Inputs




& Decoder Only

Output
Probabilities

Linear

(| )
l Add & Norm lﬁ

Feed
Forward

- BN FFFIZIE N\ FrBIRORE K ——

Generation
- HAEUEHAY: GPT

Add & Norm

Masked
Multi-Head

Attention

\.

1t

— ')

Nx

E_

Output

Embedding

T

Outputs
(shifted right)

Positional
Encoding



= Attention Types

- Self Attention QKVER[RE—F5!

K > are | good | for v
Q

F ﬁzl 0.05 | 02 | 005 OR
are | 0.05 | 075 | 01 | 0.05 | 0.05
good

for

N /

-

Attention Mask



& Attention Types

QKVEBAEF5Y
QK ER | X || BE | %
@ |04 |005]| 02 | 005 OR
are | 005 | 075 | 01 | 005 | 0.05
good
for
v | .

_ _/

-

Attention Mask



= Attention Types

« —Fh4SRRAYSelf Attention

K @ are |good| for
Q
@ (055]005] 04 | O
4
are | 0.15 | 0.75 0.1 0
N\
good 0
for 0 0 0
4 0 0 0
N A

-

Attention Mask



EMulti Head Attention'® &</

° (QO) Ql; QZ: QB) — Q — QpT'Oj (EmbeddlngS) Q;.shape = (seq len,emiiﬁi:f:ddim)
° (KO’ Kl' Kz, KB) =K = KPT‘Oj (EmbeddlngS) K;.shape = (seq len, £mbeddings dim)

num head

¢ (Vo, Vl; VZ; Vg) =V = VpT'Oj (EmbeddlngS) V,.shape = (seq len, 12eddings dim,

num head

Multi-Head Attention

* Qutput = Oy j(Concat(Attention(Q;, K, V;)))

!

s]s . . - Scaled Dot-Product
* %éi% 4><embeddlngs d1m2 | Atten[tion [ .th

- REHead S EARERE Y XX CHETED

V K Q



@ Group Query Attention

Values

Keys

Queries

J |
J |

Multi-head

P

—
e

'

—
—

—

—
—

—

)
) |

—

b

Grouped-query

PR

(S—
e

pR—

—
—

p—

—
—

J |

Multi-query

P—

—
——

........

\\\\\\\\



©“ Transformer

LM Head:
embea’a’mg a’1m iﬁ J.':l:.'fﬁ

/I\vocab size,

o LR
B

E% loglts
Py (- |context) = Softmax(logits)

« /-l 9Encoder
« HMIgDecoder

Output

Probabilities
l Linear |
-
Add & Norm 3
Feed
Forward
~ \ Add & Norm
_
Scd &dNoim Multi-Head
Feed Attention
Forward D) N x
—
Nix Add & Norm
¢—>| Add & Norm l Masked
Multi-Head Multi-Head
Attention Attention
At tr
— J . —
Positional @_@ ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)



. Encoder

K é are [MASK] for @ (\

Feed

9 ﬂzl 005 | 02 | 005 o@ o
Nx Add & Norm
o« —RETEMEIRRIETIHES | e | 005 075 | 01 | 005 | 0.05 ﬁﬁ
HFTE[MASK]RYHEER e

/\'T‘E [MASK] . )
7] Positional @_@
Encoding

Input
Embedding

AT T r

Inputs

« BERT

for




@.Decoder

+ GPT

- B[

I3EER:

 EPRER A

. Masked Attention:

MalfifAttentionBt_{E

Dﬂ*REUZﬁUE’Jﬂ
o NASERIES

Output
Probabilities

Linear

(" )
| Add & Norm |<ﬁ

Feed
Forward

Add & Norm

Masked
Multi-Head
Attention

tr

K ) are | good | for
Q
@ |10
are 0.3 0.7
good
for
4

. —

& Positional
Encoding

Output
Embedding

T

Outputs
(shifted right)




2K

SIEERE
- GME) g B SREL?
- WEHSEFIE SARESS SR RN Nl ESS ?

* WAIsE R BRAVERA ST A T ?

WA S SR E T IR A K2




U ISR E SR

- BEA#IIRICINERD

- REMNIIAIINES, BEINEREIFTERTESX

 FFAAR A TARE AR TII4E © @

* FRXETINEN AR R TGO =



)2
« Mask filling or Next token prediction?

« Mask filling:

« TLE[MASK], [MASK]EZIEB—RIMASK],
maxg (Pg(KZF 4 |context) - Py ($1) L=l |context) - Py (Zil|context))

« Next token prediction:
« EXFE,
maxg 1_[ Pg(next token|prefix)
= maxy(Po (RKZEEIFRE) - Po(, 1EREXRFE))



YRS S RS R TORESS?
- RERETIHEHNES, BRINE

S O BT HESERAT SR X

« FET) SRR s FIA BT e SOA I

- (EFDBIRTEUR (x, y) BB T G2 e e



CUERE SRESSREIRN iz

« 5. DHRIES

o Z307T) || FAEEIHAILM Head FClassification Head
» Classification Head¥i N4EE /9 embedding dim

o I HAEE 925588 H num labels

ARG ERELTE

» (ERPRERVEURE (x, )1 TIIZR

« xNA; y:2R5l



=} - BIH>RIG H =N
LMa)fE FE BRAVEM G SR RH THRE ?
* LoRA: Low-Rank Adaptation
Fine-Tuning
Low-Rank Adaption W =W+ AW
AW = W, W, W: New Weights
W=W+ W, W, W: Raw Weights
size(W,) = n xr AW: Update
- size(AW) = n?
N Too Big!




>
N —

LYnanLE
« I5SHRUE

- EARALRERY

(prompt,

response)iﬁ%ﬁé

HA T

- BUES

Step1

SIRAIEIHYIE

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used
to fine-tune GPT-3
with supervised
learning.

Explain the moon
landing to a 6 year old

©

VA

Some people went
to the moon.

Step 2

NPT
REE

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon
landing to a 6 year old

0 o

Explain granity Explain war.

O o

Moon is natural Pecglo went to

atalite of the moon.

|

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

™

Write a story
about frogs

SR, -

Once upon a time...



