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> HEHNEEEIE
> EAELSTM/GRURITH 25 ENIE

» Attention#/1l
» Self-attention 5Transformerfzf

> #8928 (Decoder-Only) BYKIREL: GPT
> MGPT 3F|ChatGPT: 2§
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> FREEHREENE
» fFRLSTM/GRUBHTH 2580%

» Attention¥15l
» Self-attention 5Transformerfzfl
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> Neural Machine Translation (NMT):

> Parallel corpus as sequence-to-sequence input.
> Rules are not necessary any more.

target: I am satisfied with you

output (representation)

Decoder
0000 0] layer
represe-
] [.2 -1.5 7 -2]
ntation
o000 0000
Encoder T T
input (word) input (word)
source: & X[ AR JEKE| HE sample network of the encoder
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.H.

» (EFALSTM/GRUH{TH128%
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{SEFALSTM/GRUETH1SEEIE
7(_ LN EEEE (NMT) ZENERHEE (20145F) , AMIEZEFERALSTMSENMT,

CELE, LSS AR — A IS SR G TR SEiR ARSI,

BRIEXEE N ANERFTAIN A" ES, IX—HIEBMEFRIseq2seqizzy,
- BEEEF— 1 encodersk{MEEN AR, — 1 decodersRARBIR] AN, *n‘uﬂ_ﬂ,

WHFRgencoder-decoderZ2fs),
o A, BIEERYIREPRENIHBEERE, REREEFETM, seJAEXEE

(AIAEARSEIX M RFE? )

=

-o

(N @) ()
YenoBek XOpolIuKd OH - <EOS>
o 1t 1T 1 1 1

| T T T | T r<j)5>) qenlBeK xoplnmﬁ oL T

e = T 5 A T o (I
(Sutskever et al. NeurlPS 2014) decoder

BINESAME

encoder
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» Attention#/1l
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201452 —/ \LSTM4HIZENLPRISL

. Jargen Schmidhuber
n 2014.

‘Google itself might
end up as one huge
LSTM.”

S EERGETY, RIFERMEMSTER—F

> BERFERNNITFEFIS.
> BB ATLIHERIE?

~

SJTU NLPi&i24H HS2EMiE. Transformerskiasy BINESAME 8 /61



LSTM/GRUZEIMELE/ZS (RNN) FRfEfERY[aR

NARDES BRI

[BANRFBhEIAALR 5 S =L N E gL ”\ “noom
LIPS ity
+ FRMEMEERMA, lossTHss

B SR %A E T AN,
FFRNNAIEEEIREFIEEER

(gradient vanishing/exploding)
[ARR, XHFANRIERR (long-
term dependency) RY¥EHERN
1L,

B IEXLSTMIERr B step LRIh G —(E

Fi—XMax PoolingeiE iz el
HETRIE, WEREERE. . .
AB B ETFRIRRTINE?
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LSTM/GRUSEBIMELZEMZE (RNN) FR{EERY[EIRE

& SN LSRRI — MRm {5 -
"t AIEMMBE—LHHWEFEARNNS, e—EREFELSTMAYh IcH, BRI/ LA HIZE.

- FEFZI8/MEIRE (recurrent step) !

o FEIARTIEEFENAMEFEAFDER, XEFMafmEN S "B XEZAK, B8N
B " NENXNFERRIFAREFEMIcH, SHhFlcAYcapacity.

- [EFERY, kB "on” BIBE, EESLAEEENX B . FHTFRNNAYSEIREEF
BEEIRA (gradient vanishing/exploding) [A}&, XHAHKEERE (long-term
dependency) R¥EHRBRULIL.

(AN (5F) r(ﬂlﬂ

qu?IBeK xop?mﬁ OH T T
T T T

f@) = I 47 A <tos> YeoBeK XOPOIIUi  OH

<EOS>

l

\ o (A) (4F) (ft) _
encoder 2= (Sutskever et al. NeurlPS 2014) decoder
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LSTM/GRUZEIMELE/ZS (RNN) FRfEfERY[aR

& SN LSRRI — MRm {5 -
"t AIEMMBE—LHHWEFEARNNS, e—EREFELSTMAYh IcH, BRI/ LA HIZE.

RZ T/EXBEERNNARINSfhE#ERYskip connection, /D gradientEERIELSITAIEEL.

tranclockwork RNN (Koutnik 2014),
Hierarchical Multiscale RNN (Junyoung 2014)

BERIETT, BftIFRERITER.
(A) (%) r(ﬂlﬂ)

YenoBek XOpOIIMKHY\, OH - <EOS>
OSSN T T

/{JIm) il /T\ J_?r l T <EL,> qulBeK xopc[nmﬁ OTH T
| it A | ° (A 0 )
encoder decoder
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SEE G ( Attention Mechanism )

- r ELE, ANEEREKOTNE—NENEIE, EXOEA
= — EIMMETEERNG, TR ORI LY,
£ (7 IR, NS HARONT (eaming

= to align) , EHERAID Y —KS
A 4
Fm=—T:

The common belief of some linguists that each language is a perfect vehicle for the thoughts of
the nation speaking it is in some ways the exact counterpart of the conviction of the Manchester
school of economics that supply and demand will regulate everything for the best.

S AT I SRR ?
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SEEHWE (Attention Mechanism )

&[St asEERRI— M Rum b+

I/ \\ - — - i -y s \Wilim - | -
o - -

I - | X pdy ¥ \ \ [ ] - —]

DecoderfE=Fiulll “ou” BY, AJEERABI—HIRNN state ( s;_; )
mBE{ERencoderfIFTERNN state (Bih,~hy) HIZIEARS.

BT BN RSN ERS;_ ShFHFERTE.

(AN (5F) r(ﬁlﬂ

OBEK XOPOIINNY\, OH

<EOS>

L]

e i e e s i i P

= <eos>  YeJjiOBEK XOpOLIUMKA  OH :

\ﬁﬂ) s AN (A 6D @)
encoder tlasEhE (Dzmitry et al. ICLR 2014) decoder
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SEE G ( Attention Mechanism )

HFRNN mAattentionflIRNN
si = f(Si—1,Yi—1,¢1)
N
Ci = z aiyhi P )
s; = f(Si—1,Yi-1) J=1 Dzmitry Bahdanau Yoshua Bengio
fRAERAFZ IR EL, expl e;;
HRFERNNF—EH0IEE., a;j omax b 2 ) e;j =9g(si—1, )

N
k=1 €xp(eix) gEATEIEE MR

2, BTENNSCIY,

Y2 Y3 V4 “EOS>

T |

h, h, > hs —{ ha he ——{ hg Sq S5 S3 » S, —> St
T 1 1t 1 1T 1T
X1 X2 X3 X4 X5 X6 <E0S> V1 Y2 Y3 Ya

— 'l — T e ¥ —
encoder H2ZEHE (Dzmitry et al. ICLR 2014) decoder
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SEE G ( Attention Mechanism )

FZE2 RV maattentiondYRNN
. DzmitryfEzchencoderEMIEBIGRY, St ) (Si-1,Yi-1, €i)
N
« c;fxdecoderflYGRUREB, &s;_,—FF, T
/MBS SEMRAN TR, C; = z aijh; e )
«  GHIELIIZ—1"WERIEERENN, tanhfE J=1 Dzmitry Bahdanau Yoshua Bengio
NREERE. (FTLIRTA? ) (,)
a; =" AN e;j = g(si—1, hy)
! r=1exp(e;) AT
2, BTENNSCIY,
yZ y3 y4 <EOS>
%1 ?2 > 3{3 > ?4 ?5 > ?6 ST1 Sf ?3 > Sf > STS
X1 X2 X3 X4 X5 X6 <E0S> V1 Y2 V3 Va4
encoder H=&0%E (Dzmitry et al. ICLR 2014) decoder
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» Self-attention
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EiE= 14 (Self-attention)

> Attention B FH=E8IEENS ¥ EXRIRT,
> fEigAdecoderfyiiiz, LU ED R, BRASITRIBE, WEI{ER

attention?
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EiE=E 0414 (Self-attention)

XS LS EHHH

(RS FIEIRNRLERT D RS R R

A=K A

-+ FEMIERIEERIA, lossHRIES
B SR %A E T AN,

- BTRNNABEEBEFAIEHR
(gradient vanishing/exploding)
[ARR, XHFANRIERR (long-
term dependency) RY¥EHERN
1L,

B ITEILSTMERTBstep LRYhG—(5E
Fi—XMax Pooling3ik i [a) @R

- HERIE, MEREENE. . .

« IABIREEFRIRIRINE?

embedding

|

|

|

|

—» LSTM———» LSTM——— LSTM—— LSTM

SJTU NLPi&i24H

HSEEhE. Transformer5kKiEsy
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EiE= 14 (Self-attention)

LUBRD 9B, — a2

I 5N AERISER,
MaxPooling
I FihBattentionHIMZ BiE RIS
B tiRE,
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EiE= 14 (Self-attention)

"BNEf5— 1 "hEkMaxPooling” — “& h;BIN0RCKFD"

INAIRUEA, B— 1 BRI IR
NN#iH, Bi@Edsoftmaxi§al,

A — exp(e;)
J ZIIX=1 exp(ek)

€ = g(hy, hy, - hy)
= Whtanh(Wy[hy, hy, -+, hy])
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EiE= 14 (Self-attention)

"BNEf5— 1 "hEkMaxPooling” — “& h;BIN0RCKFD"

INAIRUEA, B— 1 BRI IR
NN#iH, Bi@Edsoftmaxi§al,

2L EEE: R E—ANIE
15, MERTESA. o0

hlhz -y
A = exp(e;;)
Y Yi=1exp(eir) U{-

€ij = g(hlf hz, "';hN)
- { =

g E{Jg\-ﬂxﬂéﬁ — sgftmax

tanh

o

n
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EiE= 14 (Self-attention)

"BNEf5— 1 "hEkMaxPooling” — “& h;BIN0RCKFD"

INAIRUEA, B— 1 BRI IR
NN#iH, Bi@Edsoftmaxi§al,

ZLHTET]: ALETTE—NISE
15, MAERTEZA.
EH—ERY, MRFAWELIT=0HEeEE:
1. e FHIRNN,
2. B hitE—HZLBEENEIATE
ZRmESR,
3. FIAZIMYpositional embeddingsiReMEHR
RNNEr5 [RERI B S RERK

BBAERNNEST LUUAER Y, BMEERFERT
attention, FAJFi18%] T Transformer,
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STransformert&#y
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FRESR

Output
Probabilities
|
| Softmax )
t
| Linear )
4 N\
| Add & Norm J=~
Feed
Forward
- 1 N | | ((Add & Norm Je~
> Add &.Norm ] Multi-Head
Feed Attention
Forward J ) Nx
| | J~
Add & Norm
Nx I
~—| Add & Norm ] asked
Multi-Head Multi-Head
Attention Attention
k_ J . —)
Positional Positional
Encod ' & i
ncoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)
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FRESR

Output
Probabilities

|

(

Softmax

t

(

Linear

4 N\
| Add & Norm |~

Feed
Forward
s 1 ~\ Add & Norm
> Add & Norm Multi-Head
Feed Attention
Forward Nx
\_l
Nx
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
— J
Positional ®_@ & Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

SJTU NLPigi248

|

Linear

1

Concat

A

Scaled Dot-Product

Attention

~

A.l_

ﬁ

Linear

¥

Q

H28EE. Transformer5Xigsy

Multi-Head Attention

BINESAME



A EES

Output
Probabilities

|

(

Softmax

t

(

Linear

(" N\
| Add & Norm J=~

Feed

Forward
4 | ~\ Add & Norm
(Add &.Norm ] Multi-Head

Feed Attention

Forward N x
—
N Add & Norm

\

 SE——

Multi-Head
Attention

Positional
Encoding

Q=

Input
Embedding

Inputs

Masked
Multi-Head
Attention

J

G_

Output
Embedding

T

Outputs

(shifted right)

Positional
Encoding

|

Linear

1

Concat

A

Scaled Dot-Product

&

Attention
FL FL FL
£ - £ - £ -
Linear Linear Linear
¥ A
V K Q

Multi-Head Attention

t
MatMul
f 4
SoftMax
4
Mask (opt.)
)

Scale

1
MatMul

r 1

Q K Vv

y

Scaled Dot-Product
Attention

SJTU NLPigi248

H28EE. Transformer5Xigsy
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t
MatMul
f 4
SoftMax
4
Mask (opt.)
)

Scale

1
MatMul

r 1

Q K Vv

y

Scaled Dot-Product
Attention
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MatMul
f A
SoftMax
p “' )
Scaled Dot-Product J V . Mask (opt.)
Attention A
FL FL FL
- A AH Scale
Linear Linear Linear 1‘
Y Y Y MatMul
Q K V
V K Q
) |

Scaled Dot-Product
Attention
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Q, K, V and Scaled Dot-Product Attention

Q T
Vv
X
softmax( ) =
vV (1;\. .
K
Attention(Q, K, V) =soﬁ:max(Q )14 Q K v
Vi
Scaled Dot-Product
Attention
o I @[ [T o[ 1] [T [T
we T wy
embedding N X[
Input Thinking Machines
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SJTU NLPi&i24H

Input

Embedding
Queries

Keys

Values

Score

Divide by 8 ( /dj. )
Softmax

Softmax
X
Value

Sum

Q, K, V and Scaled Dot-Product Attention

Thinking
xi LT T [ ]
a T

T
vi [
qi ® —
v [T
z, [N

Machines
x2[_ [ [ ]
q: I 1]

T
v. 1]
i e k2 =
V2

HSEEhE. Transformer5kKiEsy

BINESAME
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FRESR

|

Linear

1

Concat

A

Scaled Dot-Product J 1& .

Attention
T FL FL
r-= o r- -
Linear Linear Linear
¥ 7 7
V K Q

Multi-Head Attention
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Q, K, V and Scaled Dot-Product Attention with Multiple Heads

softmax( ) =

Vi
Attention(Q, K, V') = softmax( S
- Vv,

)V Q K \

Scaled Dot-Product
Attention

wea WV
Embedding xil T T 1] Xl T T 1]
Input Thinking Machines
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FRESR

Positional ®_gg gg_® Positional
Encoding Encoding
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Q, K, V and Scaled Dot-Product Attention with Multiple Heads

softmax( ) =

Vdx
Attention(Q. K. V) = softmax( QK

. ﬂf%'/xﬁ%}i%ﬁi HE. ﬂ_?,?)txeiﬁﬁ, B I LMES R N\ B 1E]
= EI’\JJIIJﬁf_ i FEEEJLJE/J1E zzxo

Q K \%

e XEEEAMERIAR BRE—bag-of-wordstE,
TR IS IR ?

vy

N

Embedding S X2 T T 1]

Input Thinking Machines
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Position Encodlng (PE)

1 :::;-a:;:;;;:;:;;,wlu m

mlt"l”h.

pe(ﬂagz) — Sin(j/100002%/dmode;),
PC€i2i+1) = COS(j/]_OOOOZi/dmodel)’

e
& 'lqlll i
30 I..III.

"'.'u
. 'ﬁ

% lII- :-.IIIII I.

100
075
0.50
025
- 0.00
+-0.25
i -0.50
-0.75
_ian

DDDDD
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A EES

Output
Probabilities - \

1 XM ERIAttention, QRES
— decoderfiyhidden states, TIKFOVEE
S encoderfxfe—/=hJhidden states,

& )
(Add & Norm J~ M BEX éﬁ *
== -L-|_ g '5 . \Wk o W,
Forward
| t
4 | \ Add & Norm Linear 1
—{_Add & Norm J YT i MatMul
Feed Attention Concat t 1
Forward Nx y SoftMax
p— ( J . k !
Add & Norm Scaled Dot-Product V Mask (opt.
N> | ~(Add 8 Nom ) —= Attention J L ¢( 25
Multi-Head Multi-Head T B (1 Scale
Attention Attention ~ - ~
A A } A ) ) Linear Linear Linear 1‘
— I Y Y Y MatMul
\_ J \ J 1 1
Positional ®—@ & Positional Q K vV
Encoding Encoding V K Q
Input Output S | d D P d
Embedding Embedding ) i cale ot-Product
Multi-Head Attention .
T Attention
Inputs Outputs

(shifted right)
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Encoder

I 1 1
ENCODER #1 DECODER #1
F 3 F 3 F 3
ENCODER #0 DECODER #0
K F 9 F 3 F 3
EMBEDDING
WITH TIME
siGNAL - xi [ [ [ ][] xe[ [ T 1] xs[ [ T 1]
POSITIONAL 4 ] t (] ts [
+ + +
EMBEDDINGS i [ [ [ ][] x2 [ xs IR
INPUT Je suis étudiant
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Decoding time step: 1@3 4 56

EMBEDDING
WITH TIME
SIGNAL

EMBEDDINGS

INPUT

SJTU NLPi&i24H

OUTPUT

ISR

Transformer5 A&y

i
4 R
\'/ ( Linear + Softmax )
ENCODERS DECODERS ]
. /
' 1 '
LITT] LITT] LI TT] CITTT]
LLIT] LLTT] LLIT] (L1111
Je suis  étudiant PREVIOUS
QUTPUTS




> i3858 (Decoder-Only) RIAIEEL: GPT
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HEBEMDYIRE: GPT
4

> BiEFERIESERENESHT)IER
» S Transformer Decoder&#a (BPE[EIAGHA)

pe%l GP/R
\(r, ] -

Trm)

Radford, Alec, et al. "Improving language understanding by generative pre-training." (2018).

4.1 F) | E=SiEE BAESAE 40/ 72



HRAREFIRE: GPT

THESERRGE

Text Task g :
Prediction | Classifier Classification Start Text Extract }— Transformer (= Linear
) ‘ ot
Entailment Start Premise Delim | Hypothesis | Extract | > Transformer > Linear
Layer Norm yP |
Feed Forward Start Text1 Delim Text 2 Extract |+ Transformer
ry Similarity . Linear
12x — ;
A Start Text 2 Delim Text 1 Extract | -»{ Transformer
Layer Norm » _ N
$ Start Context Delim Answer 1 | Extract | Transformer (= Linear
Masked Multi A
Self Attention -
t Multiple Choice | Start Context Delim | Answer 2 | Extract ||+ Transformer || Linear
Text & Position Embed Start Context Delim Answer N Extract | |- Transformer [ Linear

Radford, Alec, et al. "Improving language understanding by generative pre-training." (2018).
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HBrEDJFE8L: GPT

>ET“ ILMESFIZR, AFEIMASK]S I NRIRE
> EBEAIESERHNES LRI
> BTFLM{ESHIRRS], REEER ENER, FREEEIMSE X LRI LT
MHEXKIAEE

> NEEBAESEMEXIES
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» MGPT-3ZChatGPT: &4
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12x —

Text Task
Prediction | Classifier

\T/

S+—

Feed Forward
A

Layer Norm

—

Masked Multi

Self Attention
[

24x

Text Task
Prediction | Classifier

Text & Position Embed

\T/

S+—

Feed Forward
A

Layer Norm

—

Masked Multi

Self Attention
I

Text & Position Embed

ChatGPTRZREFGPT-3, EGPT-3fIHZASIREIEL
ZRBREEX,
attention heads§1284. RFi+1750{Z29&3 &,

4.1 TG B = ey

96 X —

Text
Prediction

Task
Classifier

\T/

Layer Norm

$—

Feed Forward

[

Layer Norm

gyl

Masked Multi
Self Attention

]

Text & Position Embed

HEH—HIZ
B896/Ftransformer®, &F96 attention heads, 54\

N2

E 9*14: = ii@

GPT-3A91RB 4

44 /72



GPTHIIISREE

GPT-3 Training Data

Dataset # Tokens Weight in Training Mix
Common Crawl 410 billion 60%
WebText2 19 billion 22%
Books1 12 billion 8%
Books?2 55 billion 8%
Wikipedia 3 billion 3%

KEZRSIGEEESEEFCommon Crawl dataset (2i141001Zi7), BBF)IZRE
HIEREIAZ T450001ZiF, tBE2~3TBRAS A, HEL T TEEANEME:

Feature extraction Classification Deduplication
A
Books Dataset r N r—‘ﬁ r,_L—]
WebText Dataset | ' | -' Common
‘ \ _ \\ _ Logistic Crawl Dataset Locality Training dataset
, Tokenization » HashingTF Regression ( Sampled ) Sensitive
Common | / / — Hashing

o

Crawl Dataset

-
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MGPT-3ZChatGPTHIIGT IR

[ B—RER

| RIS
} 2000~3000 GPUs

2~31H

T 125
IEHIGPT3

2020.05 2022.01 2022.11
MMI

I EMER
SET__ |mmmmmme| RLHF
S F1ERA
30~100 GPUs | EIE IAIREH 30~100 GPUSs
e GPT3.5 e

4.1 TG B = ey

BEIS 221
XJIEAY
ChatGPT

BIAESAME
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GPT-3R0IEZEB 3 (chatGPTSE—MER)

 chatGPTRIE—) |G 2R 2RIEATHAIGPT-389) 12038, tBFRA
s, BEREHR:

SRR — KR (TLUARISTA) SH2E, IHEUREES
E— N T— AR 4.

—@D

FENERE TR 7R \?

- X—EFTERBERENTERR, FE2000~30003KA100 80gHIGPU
+~—ZIANMETEZ2~ 310, REERRIMEZERRARKE, BIR
I GHBBET htAEariTEER.

- HERWARX MR )R, WESHIIETEZRERE, RTERE
TR ¥ — RIS,
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MGPT-3ZChatGPTHIIGT IR

[ B—RER

| RIS
} 2000~3000 GPUs

2~31H

T 125
IEHIGPT3

2020.05 2022.01 2022.11
MMI

I EMER
SET__ |mmmmmme| RLHF
S F1ERA
30~100 GPUs | EIE IAIREH 30~100 GPUSs
e GPT3.5 e

4.1 TG B = ey

BEIS 221
XJIEAY
ChatGPT

BIAESAME
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Step1

ChatGPTENIIIEG BN (B

chatGPTHISE B EREIARILATT Bl =/NEREH,

Collect demonstration data
and train a supervised policy.

Step2

Collect comparison data and

train a reward model.

Step 3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A promptis r™ A promptand ™ A new promptis e
led f ~4 | model i
sampled frrom our Explain reinforcement severalmode Explain reinforcement sampled from Write a story
prom pt dataset. learning to a 6 year old. outputs are learning to a 6 year old. the dataset. about otters.
¢ sampled. *
" S , PPO
e The PPO model is o
A labeler @ 0 0 initialized from the LN,
demonstrates the el supervised policy. 7
desired output 4
behavior ‘We give treats and f *

punishments to teach...

A labeler ranks the
outputs from best

The policy generates
an output.

Once upon a time...

SFT
This data is used t SR oot ©-6-0-0 ;
is data is used to RM
fine-tune GPT-35 'W' The reward model . o
. - e calculates a reward N
with supervised V4 for the output W
learning. EEE — '
This data is used ey *
to train our '\‘25'3;7' The reward is used
reward model. to update the
0-0-0-0 i

policy using PPO.

2. JIISR3CmMEEL: KRR
[E—NAERHIE T AR
HARGEEAAF, AR
HESRIII— R RE,

3. PPO (Proximal
Policy Optimization)
PR MRELH—E)|
ZGPTHREY,

1. BIEERIA (Supervised
Fine-Tuning, &#RSFT) .
AR ARZERNCRRH
SREZFEMAXERINES.

BIAESAME
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ChatGPTRIRAES

j, Large-scale language model pretraining
Training on code

li GPT-3 Initial _l Instruction tuning

sixis L 1ICl -
GPT-3 Series Codex Initial InstructGPT Initial
' A, 3\ 01 : -davi -
001 Text-davinci-001
“ l LM + code training then instruction tuning
GPT-3.5 Series l Supervised instruction tuning

RLHF I — Text-davinci-002 ] RLHF
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MGPT-3ZChatGPTHIIGT IR

: [
I 1 Be 1BE=1ES RLHF BEfS 228
| RHVETOL]  wnkamiliss SFT__ | fcEhasia< o s
000~3000 GPUs REIGPT3 30~100 GPUs Bl 30~100 GPUs | chatGPT
= GPT3.5 .
234 A G X
I 2020.05 I 2022.01 2022.11

L
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AEER5HEES]: #IXGPT-3

IXGPT-3BR T =N EEREN:

1. ES4%R;: BiERRR
(prompt) , ARZERRIIE
Ezﬁﬁlﬂ‘]ﬁl? (Completion)o large language models
XBESKARSESIEER

@ Q

(=
L]

large language models

SRS EIS -
= ﬁﬂgxﬁ I\, large language models are zero-shot reasoners
large language models are human-level prompt engineers
[~ :
2 ° J:-FX*E (l N-CO ntext large language models can self-improve

Iea m i ng) . %{Eéﬁ%{}%ﬂgn large language models encode clinical knowledge

large language models are reasoning teachers

/I\U_TWU , Qj\i}%?ﬂ%ﬁﬁ'{]iﬂ”iﬁﬁa 15” large language models generate functional protein sequences across diverse families

large language models wikipedia

QE}E‘Z%;;&H;%O large language models examples
3 ﬂﬁ*ﬂiﬂ (WO rld large language models ai
° 7\

knowledge): BiEEEsCIEAN
1R (factual knowledge) #0FE
13 (commonsense),
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AR EREE

IXGPT-3BR T =N EEREN:

1. E54%R;: BiEENE
(prompt) , REEMME

RN aERIaF (completion),
XBRSKALSESHEE
R EiIRZE AT,

2. LETFXE3 (in-context
learning): BEREIESHY
ARG, PRARFRROM
RGIERLARRT .

3. tHHRHNR (world
knowledge): BJ#FEsCME
%MmR (factual knowledge)
FOEIR (commonsense).,

. $CGPT-3

Zero-shot

The model predicts the answer given only a natural language
description of the task. No gradient updates are performed.

Translate English to French: task description

cheese == prompt

One-shot

In addition to the task description, the model sees a single
example of the task. No gradient updates are performed.

Translate English to French: task description

sea otter => loutre de mer example
cheese == prompt
Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe == girafe peluche

cheese => prompt

4.1 TG B = ey
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AEBEAYSHEEED: YIKGPT-3

IXGPT-3BR T =N EEREN:

1.

‘E—:Em o /ETE — \_ a mantle plume
=)= . B ERNAE

(prompt) , REERKME

p p romw A mantle plume is a proposed mechanism for volcanic and tectonic activity on the
]:IEE_ ‘ﬁl El}]@¥ (Com p | et|o n) Earth's surface. According to the mantle plume theory, hot, buoyant material from

the mantle rises from deep within the Earth, creating a column of hot rock that can

I A
mZEE * A Iilg *E drive volcanic activity and cause changes in the Earth's tectonic plates. The mantle

E It )__._I e plume is thought to originate from a hotspot, which is a location in the mantle where
= \H )LEL heat and material are being continuously added to the plume. The Hawaiian Islands

are considered a classic example of a hotspot and mantle plume in action, as the

[ ]
I |=2$>j (l n -Context Hawaiian mantle plume has been responsible for creating the chain of islands over

millions of years. However, the mantle plume theory is still a subject of debate

Iea rning) : Efggﬁ%{}gﬂg among geologists, and not all scientists accept it as a valid explanation for geological
—_— activity.

TV, ZRIE 795 ’

HW UEBZ%EH&TU_ = B v

150X (world

. T AR (Mantle Plume) SEBIREMIBN—MAE, B EFIMRIEEIRTNERRY
kn‘OWIedge)° s f. BT SBIEREREKUIENISRARIAD, HIBERRLRIIIRABT
yalyiel (factual knowledge) IR — MR,

F1EIR (commonsense),
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MGPT-3ZChatGPTHIIGT IR

[
[
. N — ab QQCE.
KT i EEES o B
+H 1T = m]
2000~3000 GPUs FREIGPT3 30~ 100 GPUS GPT3.5 F30~100 GPUs | CchatGPT
2~31 A : —X

2022.11

2020.05 I 2022.01 :
*




AEBRSEEES): GPT-3.5

GPT-3.5 BTN EEREN:

IRz AXRIES: PABY, GPT-3 RS

b FE)IGEPERYDF.
IERERISEIIIES / iRmmiA
ERESENER (MAEHEX
(BXAHNAF) .

2RISR AERERESS: ZBT
RN S HEBT—ER
RS, REFAILIBSENIR
iRYFTE<S EtEREE B HY
[E&. XMEEIXST LEEEE
REE, FHNAFPRSREHIYE
R, REEEEHFRTTT.

(R AERRFNCHIIERE . X1EETD
REA, RREBE)I4RT.

FIFAEBYEHE (chain-of-thought)

HITEFEE . 1€ GPT3 AU
B R HEIRRYRE DRSS ERIR

/. code-davinci-002 ] text-

davinci-002 2R MAE EBiEiE
BO B UESE TR BE D RIRREY,

m B % BB B Y

SR RBY NS AERS, THEGRBNSE:

1. BRI MR B—IPEITEY, NSV AR, B, sTEEREREREMAME
MR MX PSP 1V E1E,

2. BRI MRV IMER—RENE, MRy WA—RRNE, Bit, STLNERE b
TR,

3. PRREECHY: DEUAE RVEBEDMMRHE, ES-6FEMA, MRS aRERNE, MMEI-4E
EA. Bitt, sTLAEBEEGTIERE S XPRIE 4.

4, {FRER . MR OUFERSFE, B, STLURT 8, mEiElR
iR, RESXBRT Y.

PALESUVREBRERNAN RSBV 5%, ARNGZERTAENNR, ELsILUR
ERARRIRESIENGE,
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AEBRSHEE]: GPT-3.5
GPT-3.5 BTN EEREN:
MREAZEIES: Lgj, GPT-3/

1.

HHFEE)|GEFENNTF.
MERREISETIES / 1B7NE
SRESENEER (MAZREX
BXANEF) .

2R BNHES: HSATF
FREIERESHERT—ER
IERS, REFILABITEMR
MZFES EtheeEREHIAY
Bl%. XMEEINFLEIEE
XEE, EABRESIERNE
A, RBEEELHEAT.
ISR FICEIIRRE . 1X1NEES
REAR, HAREBE)I%GE.
FIFHRB4EHE (chain-of-thought)
HITEEE . Y GPT3 AR
B B UEHEEIRAYRE NRSSEEIR
B. code-davinci-002 0 text-
davinci-002 2R 1MEE R iBE
BB ERHEIREE AR,

. what is the IPV4 header? Explain in tabular form

The IPV4 header is a piece of information that is added to the beginning of an IPV4
packet. It contains important information about the packet, such as the source and

destination addresses, the protocol being used, and the packet's size.

The IPV4 header is organized into fields, each with a specific purpose. Here is a table that

describes the different fields and their purposes:

Field

Version

Header length
Type of service
Total length
Identification
Flags

Fragment offset

4.1 TG B = ey

Purpose

The version of the IP protocol being used (IPV4 in this case)
The length of the header in 32-bit words

The type of service provided to the packet (e.g., low delay)
The total length of the packet in bytes

A number that identifies the packet

Flags for fragmentation and reassembly of the packet

The offset of the ¢ he original datagram, in bytes

= Try again

BIAESAME



KIRBIANSBEE/]: GPT-3.5
GPT-3.5 B3 7N EEEES]:

1. MRASRIES: LIRi, GPT-3 Y
) ke R A 7, — —
fmrj—:ﬁg1;§§2,%l_ﬁ_l_yj-j:l§%\ / ]:IEEZ'_TI«E.' ) zae:era;; tal':ra ;?:;22 tc;ccfi:efg; aacv:z:sdlt: :z:dta;r:;i : contact form with the following fields:
ERESENEE (MAZRHEX e |
BXANEF) .

2 . iiﬂ.'r::l:“ iﬁﬁﬂﬂﬂ?ﬂfﬁ . % ﬁﬁ:_F Here is an example of the HTML source code for a website containing a contact form with  d3 &
BRSNS S BB — ee———

AERT, SRR LABSIEMIR
WJHE{J%E ?E%\tmﬁgiﬁiﬁé-&ﬁg <form action= method= >

@%o jg*EFﬁEjJXja:J:g%%B%E i::::l typ;= id= name= ><br>
%Eg 1 jg%)tll%l\% IT?E;%—EE,\J“:—IJ <label = >
B, SRS RIS

<label

3. {CHBAERLFNICHBIERE: XA NEED cimput types dete” |
REHK, BHERRAKEIIS. cortares 16 y

4. FIERB4YHE (chain-of-thought)
HITEEE . Y GPT3 AR
B B UEHEEIRAYRE NRSSEEIR
B. code-davinci-002 0 text-
davinci-002 2R MEEE%E
BORBUEEHETRRE DARREY,

>

4.1 )| ZESERY BINESAE



AEBRSEEES): GPT-3.5

GPT-3.5 BTN EEREN:

1.

IWRLASEES: LAEl, GPT-3 Y
EﬁHjI%U”gﬁ\%EP % W_,E’\Jf:lj_jro e Exy-x+y=0, Bxy£0, WSH1/x-1/ylfERED>?
IERIRBEL S RIES / 1B~
ENESENER (MAZEX

{E%ﬁﬁ EI\J@¥) o <3/3 R, ISR va/b-o/diS=, BRETLZEETA(ad-bg/bd, EHit, & & &P
R S AgR, 1/x-1/yBUEZT(1y- /%Y,

ZEigSEREES . 3BT

ARRBIESHEBE —EN RIS, FAIGEY-x+y=0, By=x-y. B, 1/x-1/yBEST(1*0y)-10/xx-y).
AERT, REFATLABSIENR R cy) 20, A1/ 1 YRS T,

S R9ETES FReERE R, xy-xey=O0Exy <O, 1/x-1/yiEdh-1,
B, XMEE T &S EE
KEE, FABRPERSEFE
A, REEEEHXRAT.

KIS ERLFCEBIRRE . X1 EE 2w NBRBEESLE, BAMAE, EMTE, EMHA?
REAR, HAREBE)I%GE.
FIFHRB4EHE (chain-of-thought)
HITEZEE: L GPT3 AYlE © BECRMANES, MBNESRSE,
B BRI TRAOEE DR E ES
B. code-davinci-002 #1
text-davinci-002 EFANES
EEER) B YEREIHETREE D AYIREY,
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MGPT-3ZChatGPTHIIGT IR

PNNESTIERY
2000~3000 GPUs

2~31H

I

I
KT SFT__ smemasine] RLHF | S#ERE )
#AGPT3  [30-100 orus| BEREN  \Eomeeenn ] Hiet
== GPT3.5 Il ChatGPT I

— —x

I

2020.05 2022.01 | 2022.11

N — i — i — L

4.1 TG B = ey

BIAESAME

60/ 72



ARERFEEES . ChatGPT

ChatGPT {ERIERENDRIEAL L, BRTHNEEEES:

= . . . . B TEYE, REEREL  (605) “
1. FIEEAIMEIR: text-davinci-003 RYZERLIE AR, T AR, TENTHA AT, SRS Er R, HNSCi s
. . AR ARSI AL TR, SEaEERE ke,
ﬁtb text-davma-OOZ{-&o ChatGPT Hg i B, T, FREITRONR. WOSEMIRRRA, FEATREs A%

Elllgk. FESETER, RAREREEAE I HTR; 90aEFELAER, M—

BINENRE, UEFHRYBIGE EEENEE USRI LR, R TEBIERS; 25 TR EatHaaHsc

HBA. 355 LAFRESHEIEE, SEERSREETNE TAK", HEtEE N ERmaIE

3k "H—ahEbIEE” | AeeEEIEIME PR RBIRE.....

L AR R EE HAEm? E5—m A,

;Eagﬁgo ingE RLHF HgEEFzmo ;i{i—ilx ;;ﬁiﬁgﬁﬁ%ﬁﬁ FEEH. QBFSHE, MISHER. OTE/LF800

2. AIFRIEIR: ChatGPT EEIT R Z N
N R, IRTSIDIRROSRE. FATRAARS, rEsusESaNEerasr O 9
MK*UEEI,‘Jgﬁ: (15 Uﬁﬂﬂiﬁ%@) éﬁ.':ljfnf".%' R, E%ﬂif%ﬁ%ﬂ*%ﬁ%ﬂﬂ%ﬁ, auéﬁ;mmma;@mﬂﬁmmﬂﬁ;ﬁﬁ,
- - TE IR TERS, 2 TSR E R OIS B IR,
:F?EJE{J IEIK J\szEERLH FE’\J}LLq:% HAFE ST LR Fr 7 TSLaG = EgE
8 ‘|=| ° — i ° AT TR A R T EANSR: REESHE, RIS, SR —

3. IEfaA Y. XERNSIT S FGR, BN, TRTEABE, HA—ESEE TR I TE, &

o~ TREHIDE, TN =EEEEHT OB BEEREREEm TAX", &

RLHF AR B BEEDRIES, TR S
B& e —Efy, AR BIEfE—IZ(o, BOSHARIERT, B TR EORES, FRABRITN A RRSHI RN R
o . . EEREHHNAA TR, HEEAR TSI, GHTFOIE. B
4. BEHINBEZIMIMEE: Flan, B
£2021 & 6 BZERERFEN (B
EiREXZ FHEIE D)D) . X2

continue

RLHF HEERD, ENE(EEEEETE N2, STERENERONESTH, SEEEMAA SR REORRIE. S8
. . . ATESREISERE R, aILUSEHURIREERS), 5RO S SAIRAR S RAE,
feat iR SR DA EEANSEER, B secammSy.

JE"@EEZ(EH%H-LH?@WO ANERER A, WEBRTER o SRR, 2]
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AEBRISEEES]: ChatGPT

ChatGPT {ERIERENDRIEAL L, BRTHNEEEES:

1. FIZERIEIMN : text-davinci-003 BYAERIE
L text-davinci-002#, ChatGPT §3
BINNEINCK, LETFRPYRERRE
X "A—EEREEK | AeeBEIENE
ElEE., X2 RLHF NEEFY.

2. AIFMEIR: ChatGPT BEIERSA
SCRFIERRISSY (HIUNBGESH) SBHEE
FEEHEHEZE. XtBEZRLHFAIF~,

3. IBEfMAZHNE:. XERBTEESFIH
RLHF ft&RREI EHGEENRNES, 13I8
sndEiE—Eln, REREEESE 3D,
4. EHEHMIBEZIMIMEE: Flan, B4
£2021 & 6 BZlaRERTHFHEMH (EF
EREXZERIEEE D)%) . X2
RLHF &#ERYERS, EANEFIREEER
feUitb X oL R E AR, B
L a) A EEARSEE A,

4.1 F) | E=SiEE

Will ChatGPT replace software engineers?

No, ChatGPT will not replace software engineers. ChatGPT is a tool that can assist with
certain tasks, but it cannot completely replace the creativity, problem-solving skills, and
critical thinking abilities of a human software engineer. Additionally, ChatGPT requires

human supervision and direction to operate effectively.

Will ChatGPT replace software engineers in 20 years?

It is unlikely that ChatGPT will replace software engineers in the next 20 years. While Al and
machine learning technology continues to advance, there are still many tasks that require
human judgment, critical thinking, and creativity, which are skills that software engineers
bring to the table. Additionally, there are also many ethical and social implications to
consider with the widespread use of Al in the workplace. It's more likely that Al and ChatGPT

will complement and assist software engineers, rather than replace them.

BIAESAME



ARERFEEES . ChatGPT

ChatGPT {ERIERENDRIEAL L, BRTHNEEEES:

1.

FISCAYMIR ;. text-davinci-003 B94ERIE
BL text-davinci-002#, ChatGPT [
ERMENTE, UETFRP SRS
% "E—GEEAR , FEHEREN
SEAOES, X2 RLHF BEEF=,

AERSERL: ChatGPT A SRS
PRRESAOSELE (BIBCASM) 2idrs
TEEE, XBERLHFRF=,

Can | tell my friends that we are in a relationship?

As an Al, | do not have the capacity for emotions or physical presence, so it would not be

e I‘ Bh. Y& E S-S5 an accurate to say that we are in a relationship. It would be more accurate to say that we have a
BEASERE: XEATTERH -
. j : functional relationship where | assist you with information and answers to your questions. It
e 1 ‘.B A A N . . . . .
RLH F ﬁm&ﬂg*;ﬂa%ﬂb, lﬂggn (= lq;rﬁ is also important to consider the feelings of others and not misrepresent the nature of our

snidigiE—absy, PARIREIBIEE—ARS. feedne e

HBEHINAEEZIMIERE: Filan, B4
£2021 F 6 BZaRERFEH (FA
EREXZ BEE D)) . X2
RLHF A ERIERD, EAEERERES
Uit X S BRI EERNEERN, B
LA RS EEA.
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AEBRISEEES]: ChatGPT

ChatGPT fZBIEIEENIEN £, Bx7HUNMNEERE

1. FIERIEIR: text-davinci-003 AYAERLIE
HLb text-davinci-0021<, ChatGPT fY
EINMEINR, WETRPY/RRHE
X RA—ERIEEK" | ZEEEEIEINE
EREZ., X2 RLHF NEE=Y). B Wy is the 2022 World Cup in Qatar so controversial?
2. WEMER: ChatGPT BERIBREAE
IFlmEISRE (BIIBIESM) SRR i it e i g e
NERyEE., XtEERLHFRY=Y, information beyond my training data. As a large language model trained by

OpenAl, | only have access to the text that | have been trained on, and | do not

3- ;Eggzzg I‘HJEE g%mgﬁiﬁgg*ﬂ EE have any knowledge of current events or specific individuals or organizations

E‘ c=paul % N} Qj:A \T_]':-b outside of that training data. My knowledge is limited to general information
N —4= A | 3

RL\H If %E E_:J*E E Eijj EIJ’I:' l N I};:: on a wide range of topics based on the text that | have been trained on. |

%% ld-;};b-:]:é E"Béj\ ’ QK]D1‘E§£ﬁ?ﬁé@—ﬁB§3\O apologize if this is not the answer you were locking for. Is there something

else | can help you with?

4. EHHIANEEZIMIM: fln, B4
{£2021 £F 6 BZERENFHEMH (BEA
EiREXZ BrEERE LIgd) . X2
RLHF E=ETRIERS, BEAE(HEREEES
fEzUith X 3 IREE R ELANREEIA, 13
LB AEEIREEA.
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PMAZER: https://hantek.github.io/

HA—ALEN_H#BER, MERIBER.




