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https://github.com/sast-summer-training-2023/sast2023-nlp
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“Word Embedding

=T iM% F— 1 embedding dim % ) [ &
B HP-TEMEL (EHZUIRBEMmE)

gﬁ E T 4 4 W (]  Word Embedding

EE',%éé 0.9 0.1 0.3 0.2 . if’garabbit
HEA 05 04 04 08 e
WHETE 0.2 0.8 0.9 1.0




0 3 Bl Word Embedding ?

- FIWE?

 “IREILSG40E, MOV ME-—%mWENHEE40" ?
- BT SHU GHEFE

B W1 % T Next token prediction ( HR#F B MW 138 ) W4T 5 -

1. BEHLAIE{LATEIE v 89 Word Embedding E,

2. ¥ERIEM Embedding SKFBREY Epreqice = %z;:g Ey,

3. T—"E2 Embedding 5 Epreqicr TIZIEAYE
Upredict = MaX COS < Epredict: Ev; >

4. 1t¥loss, kIoEH#E
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* An Apple a Day Keeps the Doctor Away
+ —X—HiPhone if i B Lt FU R 2R E?
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SO T AR K A

Attention is all you need!

* attention probs:

Eéin centence = O4‘Eé + 005 Eare + 02 Eg00d+005 Ef0r+03 E@

@ | are |good| for | @
@ | 04 [005] 02 |005]| 03
are | 0.05 | 0.75 | 0.1 | 0.05 | 0.05
good
for
v




& Attention Probs

o WAk Mattention probs? WA 3 BH XK 8 K?
» LW A 1 Embedding 1) R % % 8 & m M Al K -

attention SCO’I‘@S(Ui, vj) = cos < Ey,, Ev]. >

« # HSoftmaxIH— 1t :

e attention scores(vyvj)

attention probs(v;, v;)=
p (v; J) Zsequencelengtheattentionscores(vi,vk)
k=0

seq len
E = z attention probs(v;, vj) E;

Vi
In sentence ]=0



S B ¥ 3k [ Attention Score?

» Embeddingtl R % ¥/ : Brv,MUBNKMEEN gv, FEMB? @
- BmhFH: OODDDDDDDPDare good.
IEQRELNEREY. B e ™

« Embedding — (Query, Key)&&&
* Query: M&E MM HL
* Key: B &M %1

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



“ Attention

Linear

» Embedding ———— (Query, Key,Value)
attention SCO’I‘BS(Ui, vj) = cos < Qvi,va >

e attention scores(vyvj)

attention probs(v;, v;)=
p (v; J) ZsequenCEIGHgtheattentionscores(vi,vk)
k=0

seq len
. = attenti robs(v;, v;) V;
Viin sentence zj=0 ttention p (vi ]) ]

Ep.. ===V,
lin sentence l in sentence



Scaled Dot-Product Attention

& Attention _t_

1 n
SoftMax

 Input: Embeddin gS shape = (seq len, embedding dim) Mask:(opt.)

¢ Q = Qpro j (E mbeddin gs ) shape = (seq len, embedding dim) Scf 2

o [ —= Kpro j (E mbeddin gs ) shape = (seq len, embedding dim) (gMatMl:TL )

oV = pro j (E mbeddin gs ) shape = (seq len, embedding dim)

T
¢ Attenl()n PTObS (Q K) —_ SOftmax(\Q/K—) shape = (seq len, seq len)

¢ Atte’l’ltlon(Q K V) — SOfthlX(\/—)V shape = (seq len,embedding dim)

¢ Output —_ (AttentLOTl(Q K V)) shape = (seq len,embedding dim)

PTOJ




& Attention

« Embeddings, Query, Key ,Value, Outputf) % § — € i &
embedding dim"g?

Scaled Dot-Product Attention

|
MatMul
t
SoftMax
1
Mask (opt.)
)

Scale

1
MatMul

i1

Q K V




Scaled Dot-Product Attention

‘& Attention v

7 T
SoftMax

° Input: E mbeddings shape = (seq len, embedding dim) Mask:(opt.)

* Q = Qproj(Embeddings) shape = (seq en,query dim) —

o [ —= Kpro j (Embeddings) shape = (seq len, key dim), key dim = query dim éMatMl:TL )

* V = Vypoj(Embeddings) shape = (seqlen, vatue dim)

T
¢ Attenlan PTObS (Q K) —_ SOftmax(\Q/K—) shape = (seq len, seq len)

T

. K
¢ Atte’l’ltLOTl(Q, K, V) — SOfthlX (Q_) V shape = (seq len,value dim)
Vg

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




& Self Attention and Cross Attention

- Self Attention QKV X H [d — 7
- Cross Attention Q. KV H A [d J7 I

K| @ | are |good| for | @

) ﬁzl 005 | 02 | 0.05 o@

are | 0.05 | 0.75 | 0.1 | 0.05 | 0.05

Attention Mask

Q




& .Self Attention and Cross Attention

QKVX H [ — 7 5
e Cross Attention Q. KVX El A i [7 I

K
Q

)

are

good

for

v

/0.55

0.05

0.4 )

0

are

0.15

0.75

0.1

0

good

\...

.../

0

for

0

0

0

0

-

Attention Mask



& .Self Attention and Cross Attention

« Self Attention QKV K H i — JF 5

- Cross Attention Q. KV H A [{ JF §I
K| @ | are |good| for | @
Q
v
are
o T
Vv Attention Mask
\ /




“'Multi Head Attention'®'©&

¢ (QO' Ql, Qz, Qg) — Q — QpTOj (EmbeddlngS) Q;.shape = (seq len, emiiﬁi:f:ddim)
* (Ko, K1, K3, K3) =K = pr0]

* Vo, Vi, Vo, V3) =V = VprOJ

(EmbeddlngS) K;.shape = (seq len, embeddings dim)

num head

(E mb e dd mngs ) V;.shape = (seq len, embeddings dim)

num head

Multi-Head Attention

* Qutput = Op;(Concat(Attention(Q;, K;,V;))) “”1?”

| Cor:1cat
« 28&E: 4xembeddings dim? ‘lsca'eit?eloiiizfduil 2
e NlHead X F A MK & Y X & 'un;ar 'Lm;ar ILin;ar

Vv K Q



@ Multi Query Attention ? ? ?

¢ (Qo, Ql, Qz, Qg) — Q — QpTOj (EmbeddlngS) Q;.shape = (seq len, eml:lici:i:f:ddim)
e K = KpTOj (EmbeddlngS) K.shape = (seq len, embeddings dim)

num head

o |/ = Vproj (EmbeddlngS) V.shape = (seq len, embeddings dim)

num head

* Qutput = O,4;(Concat(Attention(Q;, K,V)))

embeddings dim?

« 28 & 2Xembeddings dim? +2X

- TH IR E

\

¥\

num head



S AL E f BOS
- Attention#l # ', & B % JE [l = fEsequence I i) {1 & o

* Position embedding
N - TNUNEMK -1 WE PE,

E = E,, + PEpos

Yiinput
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« i1 . Key-Value Pair: (K, V)

» Neural Memory, ff Hx& #lk;:
p(f|x) o< efi*

dim
MNG) = ) pllx) - v,
=1

K = [kl]IV — [vi]
MN (x) = softmax(xK")V
« WA ARSI w2 W %
FFN (x) = f(xK")V



@ Feedforward Neural Network

FFN(x) = f(xKT)V

c f— M Mrelun] 2T

» — {tinner hidden dim = 4 embedding dim

* 4l ®: 8xembeddings dim?
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 context: [ X
cwee BABE LGB
- Fl %1535 54 % ( MBERT) -

“J0 AL S IMASKT ™ -, SR [MASK] K jii 1)
P(: IjkajK%[MASK]E)

’Elg?ﬂﬂqlnn*ﬂ HI]GPT

P(w;|context)

LES R

“ARAEL” , KT - |?H’Hﬂi>—?—<ﬁi‘ﬁ:P(-IJKEEjK)



. Transformer

 Attention + FFN

.« 7
—y=Fx)

cy=x+Ax=x+F(x)V

i3
]

%= &

I 5§ Encoder
il 53 Decoder

Output

Probabilities
t
|  Softmax |
| Linear )
-
| Add & Norm ]4-\\
Feed
Forward
—
s ~ | Add & Norm Je~
CEET Multi-Head
Feed Attention
Forward J ) N x
Nix LAdd & Norm J«—
Add &_Norm | Naskod
Multi-Head Multi-Head
Attention Attention
\_ J U )
PosMonaI<§;>_€9 ¢ Positiona
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)



. Transformer

« IMHead: — 1 &R, WABEN

K
embedding dim; ] £ éﬁ SR E AN
INvocab size,

ez

B AN Y R
2 logits.
Pg(- Igontext) = Softmax(logits)

« £l Encoder
« £ M N Decoder

Output

Probabilities
t

|  Softmax )

| Linear )

-
| Add & Norm ]4-\\

Feed
Forward

r

p N | | (Add & Norm Je~
Add & Norm ) Multi-Head
Feed Attention
Forward D ) Nx
A F

LAdd & Norm J«—

N x T
Add &.Norm | Naskod
Multi-Head Multi-Head
Attention Attention
_J)

. J \
Positional @_@ ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)



& Encoder

+ BERT
o« — Iz 4 0
gjﬁﬂiﬁ[l\/lASK]H’ﬂ

K > are |[IMASK]| for v
Q

) ﬂzl 005 | 02 | 005 OR
are | 005 | 075 | 0.1 | 0.05 | 0.05
[MASK]
for
v

(~ | ™)
Add & Norm |
Feed
Forward
N Add & Norm
Multi-Head
Attention
At
\ J
Positional A
Encoding
Input
Embedding
Inputs




Output

Lf‘:)f D e C O d e r Probafbilities

K| @ | are |good| for | @ (E=EET
Q l Lir}(?ar )
e GPT @ [ 10|

(" A
| Add & Norm J<=~

Feed
Forward

o E ] 13 5 Rt - are | 03 | 07 —

L Add & Norm Je=

.QIE,&—F_/I\-EJ [ ) Masked

good | - Multi-Head
Attention
7 5 1
« Masked Attention: for || [ —
- 50 fiAttention W RBE Fo = oo
*R EIJ 2 I:]IJ H{] ]EJ N A A A A Y ErT?buetggrng

!
» XAt AL 5 ahfed righy



& Encoder-Decoder
- T5
. Encoder % 1 I /&

« Decoder B [ 1H 4 K

 Decoder 5 Encoder i Cross Attention:
 Decoder Query Encoder i Key

Output

Probabilities
|

|  Softmax )

| Linear )

-
| Add & Norm ]4-\\

Feed
Forward

—

p N | | (Add & Norm Je~
Add & Norm ] Multi-Head
Feed Attention
Forward D ) Nx
A F)

LAdd & Norm e~

Add & Norm |

Masked
Multi-Head Multi-Head
Attention Attention
\_ J U ——
Positional Positional
Encodi D & i
ncoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)
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@@ Encoder-Decoder

« GLM

K @ |vAsK] good | for v r,-»[ Add &iNorm ]\
Q Feed
Forward
@ [(os | 01| 01 —
N —{(Add & Norm )
[MASKI | 0,05 | 0.35 | 0.6 Multi-Head
Attention
At
gOOd \_ J
Positional
7 N Encoding ®_@
for
Input
Embedding
k /\ 1 ) Inputs




SOOI p

* Prompt:

s MW RR—THEFL?

o TP AR IR TE R TR B R OR?
o W FE R R AR fig KO

- MWEFTU LREWEIEFE R
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« Mask filling or Next token prediction?

» Mask filling:
2 [MASK], [MASK]% K & B — & [MASK],
maxy (Pg(KZF 4 |context) - Pg (H) )| [dl |context) - Py (ZHl|context))

* Next token prediction:
- HEKXFHE,

maxg (1_[ Pg(next token|pref ix))
= man(Pg(jE #?Elﬁ %) - Po(, Hji N #?ﬁ))
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-REMND R Ee, BN TR T FX
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e R R b I | SRR 13
AP EYE:

o« BT i)l 4 & M o1 ) LM Head 5 Classification Head
- Classification Head i \ % | 1 embedding dim

o Wi 4 BN L A H num labels

D le B R ELHE

o B8 F b ) BUHE o, ) 2 AT O 25

s x: XK vy
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* 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 Xxr AW: Update
= size(AW) = n?
~” =
D Too Big!
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rompt, response)

AUt AT 0 A

I 3L 3E &
ST

i T

A

Step 1

o 1 B A %

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

e

2

Some people went
to the moon..

Step 2

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 datais used
to train our
reward model.

Explain the moon
landing to a & year old

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

Once upon a time...



SR K
 Chat with LM

- @ + B problem

« Manual [MASK] filling

* Pretraining

« Mean(gpt2, gpt4) = gpt37?



0. Chat with LM
- 5 4% E =8 B X (ChatGPT, ChatGLM, Bing, CodeGeeX......)

T%E’]”]L: JREW RN -15v, BEAERR, B0
'



0.5 E TR

. it Bpythondf 8
- T #{ chatglm2-6b-int4 {{ & ( B # chatglm2-6b )
- AR B

« model.chat(tokenizer, inputs)




@1 + B Problem

» T # bert-base-chinese ] &
« Jl # bert-base-chinese filtokenizer

* i i 5 B Embedding 5 I 45 % W 19 3 W) 2
+ A+B=?




4. Manual [MASK] filling

| #imodeling_gpt2.py

class MLP(nn.Module):
def init (self, n_state, config):
super(). init_ ()
nx = config.n_embd # FFNA |84/
self.c_fc = [MASK](n_state, nx)
self.c_proj = [MASK](nx, n_state)
self.act = [MASK] # BFUEREL

self.dropout = nn.Dropout(config.resid pdrop)

def forward(self, x):
h = self.act([MASK])
h2 = self.c_proj([MASK])
return self.dropout(h2)

Lt i) [MASK], H H IE B 1) 115 & it

class MLP(nn.Module):
def init (self, n_state, config):

super(). init_ ()

nx = config.n_embd # FFNA |84/

self.c _fc = Linear(n_state, nx)

self.c_proj = Linear(nx, n_state)

self.act = gelu new # gpt2-basefyH EREL
self.dropout = nn.Dropout(config.resid pdrop)

def forward(self, x):

h = self.act(self.c_fc(x))
h2 = self.c_proj(h)
return self.dropout(h2)
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‘8. Mean(gpt2, gpt4) = gpt3?
i

N\,

1
tEH

d H GPT4 4 i) 204 ¥ GPT2 # {47 Supervised Fine-Tuning ,
GPT?2

PT2 % it GPT3 1 )k E .
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