JEDAIf58 % 553[H]

‘ Try ChatGPT

Chat GPTIc2 4 h 3
GPTD Rt

AR B



ROWENRET DA

135 L ‘ .
v #HHPHFHChatGPT, FALHLHWL, TDODEY I —TIC,
vV TED, 8L EEEIRBYRSINERLH S, .
v oo T, EiiMEsTcLAITELZI LI EELL S,

W) ChatGPTico%n 3 [BififInE(BEs| 2FEYEZOLEALAS LAKL, , .

MHRET DA

vV O INnbDoET 5%
> 2ROFHER[ T I KW EET I LT, RA—XIZERZFINERFILINELNELA
v SHELTW3AEFEED)
> RICHEOWBXDAZERLICES LD LNEEA
v $TICEBWA
> Dolly2.0niEEEe THRNMLEIDT, KEZEL TS,
> https://github.com/databrickslabs/dolly

>  https://huggingface.co/databricks/dolly-v2-12b
>  https://qiita.com/taka yayoi/items/1aeef630ad09dd0a1669



https://qiita.com/taka_yayoi/items/1aeef630ad09dd0a1669
https://qiita.com/taka_yayoi/items/1aeef630ad09dd0a1669
https://qiita.com/taka_yayoi/items/1aeef630ad09dd0a1669

SZXHN/ YA b

[paper]
« Attention Is All You Need
https://arxiv.org/abs/1706.03762

* Google's Neural Machine Translation System: Bridging the Gap between Human and Machine Translation
https://arxiv.org/abs/1609.08144

« BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding
https://arxiv.org/abs/1810.04805

« Improving Language Understanding by Generative Pre-Training
https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language understanding paper.pdf

« Language Models are Unsupervised Multitask Learners
https://d4mucfpksywyv.cloudfront.net/better-language-models/language _models are unsupervised multitask learners.pdf

« Scaling Laws for Neural Language Models
https://arxiv.org/abs/2001.08361

 Language Models are Few-Shot Learners
https://arxiv.org/pdf/2005.14165.pdf

« Training language models to follow instructions with human feedback
https://arxiv.org/abs/2203.02155

« Proximal Policy Optimization Algorithms
https://arxiv.org/abs/1707.06347


https://arxiv.org/abs/1706.03762
https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf
https://d4mucfpksywv.cloudfront.net/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://arxiv.org/pdf/2005.14165.pdf

SZXHN/ YA b

[#ﬁﬂ% SE8]

SENEB D DEINFE S AP
Www.amazon.co.jp/dp/4339027510

AUOBHS5FER! PyTorchic &BRET—I0'5—=9
www.amazon.co.jp/dp/4839970254

[youtube-Qitta&&]

CEEBEB]GPT - GROEED, BRIFBEI7AMOF1—=2V1CLBINFGHILASITNMF1—I5—=>) DitRvol.31])
https://www.youtube.com/watch?v=wDXPXgn5hX4

GERBFEBIGPT-2 - XREEEFBETNOTREEEZRE.,. HESEH O EEFINOLEEH [F1—I'5—-=>) DitRvol.33]
https://www.youtube.com/watch?v=3BUk7mtf10M

[EREF&]Scaling Law - XZ\ Transformer 380\ [5F1—2'5—-=>J Dt R vol.38]
https://www.youtube.com/watch?v=n1QYofU3_hY

GERBFEBIGPT-3 -1 £5J)LE Sparse Transformer [COWT[F1—I5—=>% DittRvol.39])
https://www.youtube.com/watch?v=CBZWzQVcXE4

(REFEZ]IGPT-3 O-2 EMFEBRULTHARIICHET H1iLHHH
https://www.youtube.com/watch?v=hMQG-oFSpgw

(REEFB]IGPT-3 @ BBRESEDOWAET—VI[F1—I'5—-=>)DitHFvol.40])
https://www.youtube.com/watch?v=-rI5n5M80Sqg

REFZIGPT-3 O SR ER - AIZRALBRVWEDIC[F1—I'5—-=>)DitRvol.41]
https://www.youtube.com/watch?v=szY-gk3ANdU


http://www.amazon.co.jp/dp/4339027510
https://www.youtube.com/watch?v=wDXPXgn5hX4
https://www.youtube.com/watch?v=3BUk7mtf10M
https://www.youtube.com/watch?v=-rI5n5M8oSg

SZXHN/ YA b

[youtube-Qitta/k&]

o FWOXfEER InstructGPT
https://speakerdeck.com/koharite/lun-wen-jie-shuo-instructgpt-training-language-models-to-follow-instructions-with-human-feedback

o EEEBRFED DA [ChatGPT| OEHEAICH F B | hitps://giita.com/omiita/items/c355bc4c26eca2817324



GPT-XICDOWT

REETI
GPT-XWWEBEEFLO—&
EFNIE TREZEFUNTZ] EFL

ETIVDEZFIZTHEL D OEFE
REZEFADA A —

SONON mif

1 1] I 1
ol anh

O D

. 1531 60%

. [T160%
7T TR 40%

.1 50% — D1 30%

% IR130%
, Tx140% 1 10%
% (30% TAL10%
g EL15%
Z%) " T30\ 5%
S TS n0L 5%

PRI 3% (51A7] T — KGR it
rﬂgn-l 2% hltpz//fv?vvjvj[i:melIImllz:/coIumn/ai/‘ZJ(f)fZZ/O;Z‘BOO.a::pr

re110%

AF¥Y I FyEER "IN %
L TWBERTITA WL
SAIAENDOH? ? ?

GPT-XDF A > b

vV EERPIZPH-oTWBZ LI REEFR

vV KERBETNZRLOT—XTIIET S
CERBICEEN,EHNB(KS5ICRZB)

v BiE(EGPT-4)Tld=ILFE—ZIL(H
BRE)DT—R2ICH I




GPTREAEDEXR(HM L RE) 7

Transformer — GPT-1 GPT-2 Scaling law GPT-3 Instruct GPT

Chat

- Attentinon#tEZHEXD A | - Pretrain&Finetune - FinetuneZARZE(C - ERRICKRIEESIL - ARBEDORE
NIZEBERETIL - ENESETT—4 | - AREETILIRE |- ARMEETILRL\(HEE) e THI ([CEBHET G PT
- Decoder : GPT-xICHE DL EFRIAE! DR =R BT - B\ TE

GPT-3%ZiIl#E9 D
- Encoder : BERTICHE

2022 2022

v HMHTR?E, ELORE—FHIFT W
v  EERUANCHLEZILFE—ZILICHG L 7=-E&E(CLIP - PaLM-E)% &%
v $¥5(CPaLM-EZGPT-4 L BAEDZEZ 5 (BRHTB) o o

[&%]
CLIP : https://openai.com/research/clip
PaLM-E : https://palm-e.github.io/



https://openai.com/research/clip

GPTREAEDEXR(HM L RE)

NIEEERESIL

- Encoder : BERTICRE

.

Transformer W

- Pretrain&Finetune
- IRENLHETT—4
CTDLZ AR ETgEE!

- Attentinon#t87ZELD A

- Decoder : GPT-x(CHE

N\

J

GPT-1

GPT-2 Scaling law

- FinetuneZzAE(C

- KFIEETILORE |- KURET) LR \(FES)
DRz RETZ

GPT-3

- ERRICKRIEESIL
E>THIE
- BN TEE

Instruct GPT

- AR
(CENHET
GPT-3%Z3ll#R9 3

Chat
GPT

2022 2022




Transformer [Attention Is All You Need (Vaswani et al, 2017)]

[l

=5
¥z

LSTMAR—ZXDEFILHIEDBREADTE

1. BEIN/-HEOBRRZEOCOIEF
(LSTM+Attention TS

2. GPUDF|FBRNERE L

[T &2

[£%] GNMT (https://arxiv.org/abs/1609.08144)

77A—F

LSTML A 7 % AttentionL € ¥ I B
vV BENTWAHEIZEDBRZRAZEAYT <
o T- (MY FLORIEE BEESTE)

v GPUDRIF%HZRUP |
(BRI RERBRE 4 < L)

FERETFILE L TIRE

T=X%TI7Fx

ROEFE%
¥ 89 B 5B
(Decoder)
GPTXR D
ETIVICEE

(" Output A
Probabilities
EEDEMRZEREYIAAT Softmax
NY bz EBERD ——
Lineal
(Encoder) T
BERTZDETILIZHRE ( (FodaNomm )<~ |
Feed
Vs ~N Forward
" 1 ~\ | Add & Norm ﬁ
w Multi-Head
Feed Attention
Forward 7 Nx
—
Nix Add & Norm
f->| Add & Norm | VR
Multi-Head Multi-Head
Attention Attention
t t
o Y, \ —)
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
9 JAN (shifted right) )

Figure 1: The Transformer - model architecture.
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Figure 1. Zero-shot task performance of WebText LMs as a function of model size on many NLP tasks. Reading Comprehension results

are on CoQA (Reddy et al., 2018), translation on WMT-14 Fr-En (Artetxe et al., 2017), summarization on CNN and Daily Mail (See et al.,
2017), and Question Answering on Natural Questions (Kwiatkowski et al., 2019). Section 3 contains detailed descriptions of each result.
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\‘ Model Name Nparams Mlayers Odmodel Mheads dhead Batch Size Learning Rate
GPT2 L AL o GPT-3 Small 125M 12 768 12 64 0.5M 6.0 x 10~4 |
AT L GPT-3 Medium 350M 24 1024 16 64 0.5M 3.0x 1072
: GPT-3 Large 760M 24 1536 16 96 0.5M 2.5 x 104
Pk £ AR:H8B \4 GPT-3 XL 1.3B 24 2048 24 128 M 2.0x 10~4 |
GPT-3 2.7B 2.7B 32 2560 32 80 M 1.6 x 104
\GP’M 6.7B 6.7B 32 4096 32 128 2M 1.2 x 104
AR BB B 20858 GPT-3 13B 13.0B 40 5140 40 128 2M 1.0 x 104
[ GPT-3 175B or “GPT-3” 1750B 96 12288 96 128 3.2M 0.6 x 10~ |

GPT-3D /85 X — & ¥

Table 2.1: Sizes, architectures, and learning hyper-parameters (batch size in tokens and learning rate) of the models
which we trained. All models were trained for a total of 300 billion tokens.
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IDT—XEv b Quantity Weight in Epochs elapsed when
=17 T570GB Dataset (tokens)  training mix training for 300B tokens
(GPT-2D ¥ |3 £ 1A T40GB) Common Crawl (filtered) 410 billion 60% 0.44
Weblext2 19 billion 22% 2.9
Books1 12 billion 8% 1.9
Books?2 55 billion 8% 0.43
Wikipedia 3 billion 3% 34

Table 2.2: Datasets used to train GPT-3. “Weight in training mix” refers to the fraction of examples during training
that are drawn from a given dataset, which we intentionally do not make proportional to the size of the dataset. As a
result, when we train for 300 billion tokens, some datasets are seen up to 3.4 times during training while other datasets

are seen less than once.
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The model is trained via repeated gradient updates using a
large corpus of example tasks.
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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.

TrainjEHDETIVIC
FEN(EH) 25 TEZSIES
(ETIVDEHITEFLEWL),

Translate English to French: task description
sea otter => loutre de mer example
cheese => prompt

In addition to description, the model sees a few

ex s 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

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

plush girafe => girafe peluche

cheese => prompt

https://arxiv.org/pdf/2005.14165.pdf
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=)
Setting PTB
« EEETFTI(=XRHEEFHR) : YEDSoTAIZERE SOTA (Zero-Shot) _ 35.8°
GPT-3 Zero-Shot  20.5

« Closed Book QA (rivaiqa/2 4 x7—%+v +): 1Shot TSoTA% E[B] % (Z)5HFT4A L)

TriviaQA

70 Fine-tuned SOTA

o e e o e i s

[Trival QAD 1]

60

[42)
o

Accuracy

—e— Zero-Shot
—e— One-Shot

0.1B 04B 08B 1.3B 26B 6.7B 13B
Parameters in LM (Billions)

—s— Few-Shot (K=64)

Question: American Callan Pinckney’s eponymously
named system became a best-selling (1980s-2000s)
book/video franchise in what genre?

Answer: Fitness

175B

https://arxiv.org/pdf/2005.14165.pdf
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E r‘:ﬁk Setting En—Fr | Fr—En| En—De |De—En| En—Ro |Ro—En
SOTA (Supervised)  45.6° | 35.0° | 41.2¢ 40.2¢ 38.5¢ 39.9¢
SR ° TR A £ XLM [LC19] 334 33.3 26.4 34.3 33.3 31.8
: ﬁﬂﬂ "R - Raag ™ @ﬁﬂﬂ "R fl A 7 MASS [STQ"19] 375 34.9 28.3 35.2 35.2 33.1
IS5 W THERA L (57:14FS) TSOTA mBARTILGG20 | . | 208 | 30 | 350 | 303
GPT-3 Zero-Shot 25.2 212 24.6 27.2 14.1 19.9
GPT-3 One-Shot 28.3 33.7 26.2 30.4 20.6 38.6
GPT-3 Few-Shot 32.6 39.2 29.7 40.6 21.0 39.5
e Za—RER:“ARor “GPT-3"D EH L HMERL L 7-NEH D IEfFSEK

—b2%(IEIF 7V % L/ BXDP.2BICERICERINE-XELFHY £7)

. FRTREBLZRIERNLE LI,
EFELZR7HHY £ L1 (HLANLI,

3w e ZEBL TV,

https://arxiv.org/pdf/2005.14165.pdf
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SR DOEEGRR)

o« REZEFHLUA(Cross Entropy) DFEFIEITH LD ?
v A Eﬁybwoq-vss? [ BILFEE? /L FE—XL?

c T—REYy PDNATREZITHEWNTLE S

v Ex. MR
> &8 - BITXR - FEHIR : BEICET A EHELIRICE CEMR
> BOEEERT - BFEERD - RBUF : WEICRET 2 EEHLRICHE < HEF

https://arxiv.org/pdf/2005.14165.pdf
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Transformer —

- Attentinont#tgZHLD A
NIZEERESIL

- Decoder : GPT-xICFKE

- Encoder : BERTICHE

GPT-1
- Pretrain&Finetune
- IREMRHETT—4
DLz AR RIEE!

GPT-2

- FinetuneZzAE(C
- KRBTSO ESE
DR =R BT

Scaling law

- KAUEET) LRV \(FEE)

GPT-3

- ERRICKRIEESIL
E>THIE
- BN TEE

rlnstruct GPT

- AR
(CENHET
GPT-3%Z3ll#R9 3

Chat
GPT

2022 2022
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fir) B A

SHRETINELTONEALY., BRET 2RI DHEEE

= A

MEICERFLTVWSEIIEZIELGL,

ABIDORREICES L5, EEEET IV %ZFineTunel 7=y,

https://arxiv.org/abs/2203.02155
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77O0—F: #gﬁfﬁ?) ) 25 ;(3§1B$E"T°GPT-3%FMGTUH‘G

R . Step1 Step 2 Step 3
\ —
j\ FEﬁ 75 'ﬂzﬁx L 7(:- Collect demonstration data, Collect comparison data, Optimize a policy against
TF—Xtyv blZLB and train a supervised policy. and train a reward model. the reward model using Eﬁ'ﬂ:?_zéj
s 55 reinforcement learning.
HEnbH ) FE
A prompt is A prompt and A new prompt ™
sampled from our - several model ~ is sampled from )
xplain the moon Explain the moon Write a story
prompt dataset. landing to a 6 year old outputs are landing to a 6 year old the dataset. about frogs
{ sampled. o o . +
A |abe|er Explain gravity. Explain war. The pohcy BP0
. _9
demonstrates the @ . o 1. lQ‘ generates LN -
desired output st o, an output. Y

‘ 2
behavior. Some people went \ﬂ—/ +

to thi
© the moon A labeler ranks

* the outputs from @ Once upon a time...
best to worst.

This datais used SFT _ +
to fine-tune GPT-3 /}5\0\ 0-0-0-0 The reward model .
with supervised N7 calculates a .o
o ¢ | LRI
learning. 2 ) ) \J reward for 57
@@@ This datais used .RM. the output. e
to train our
.//?.SK\. +
reward model. N7 The reward is
—
0-0-0-0 used to update rk
the policy
using PPO.
\_ J L /U J

\ BibFED-HD

W€ T )L DIERK

https://arxiv.org/abs/2203.02155
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Stepl : #EhdH V) F8

Step1
Collect demonstration data,

and train a supervised policy. A (tra i n ed Ia be I e r) 75{1‘;(1: % 1’E,ﬁ
« ETAADAATAYT b

sl « 7OV MIRET2EE LVES
prompt dataset. la:;ialgaltr;t:zvme(;?:'d e -7—_\\ - & él;'& Lj: 1 3 K (1 E 3 O O 0)

I
A labeler '

@ L% T — 2 TGPT-3
| % EndH Y FineTuning(SFT) 9 %

O
°

behavior.

Thi§ datais used = . 3*@%5: 0) __E 7__:\”/ % E“I%%
to fine-tune GPT-3 ./}}.5{\. oo — g
:Nith supervised N e 13B(GPT-2(RL/XT XA —2%)
earning. 2

« 6B(R[EIY A X)
e 175B (GPT-3i X CTHRIL S NT/-TmK/¥N T X — X )

https://arxiv.org/abs/2203.02155
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Step2 : sRI1LFEE D 7= OB € 7 )V (reward model) D {ERK

Step 2 [mg]
Collect comparison data, .
and traina reward model.  ABOfD Y ICERSNENEORS EABILTZETL
A prompt and ° Stepl'CSFT Lf:'—Ej_:)l/(GB)a)EEiﬁgEa)Hjjj %?&ﬁﬁ(Zt’ 5)‘:2%
several model S the moon
z::::ltjdare landing to a 6 year old [$ g ﬁif]
| s

« [A—7AY7HFIFHLT,. EHOETILHFEALEXEOR S % AR

() (0] . — —
s Pt D7 FFLi=7—2ty bZ21ER
N J
A labeler ranks . -'Ej_':\}lza)AHjj]
the outputs from
best to worst. 0-0-0-0 « AR TRV TREETUANEANLI-XE"DIE]
HH : “ETILHAEALIXE DRSS (RAF)

: : * o s LW TRV T R EETANEALEXE OE] ICHTHRXaT7 L,
This datais used 2 - IEXBEH B TOYT N EEFAAED LA XE OB ST 527
to train our A, DENKEBHENTOYT MIBORKEDTB) & 5 102
reward model. \.\52{/ 1

0-0-0-0 IOSS(Q) ‘= —_[E(x,yw,y )ND[log( 0'( rg(x, yw) - re(X, )’l) ) )]
K I

(2)

https://arxiv.org/abs/2203.02155
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Step3 : wIL=FHE

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model o
Explain the m
outputs are landing to a 6 year old
sampled. o o
Explain gravity... Explain war...
loon is natur:

llllllllllllll

A labeler ranks

the outputs from @
best to worst.

0-0-0-0
This data is used RM
to train our 258,
./)?.s\\.
reward model. \.\52{/
0-0-0:-0

[ %]

Step2 TEH L 7=3REHT T )L D DR
#EKILT 3 &5 I8 {bFEE TGPT-3 (SFTi%) %#Fine Tuning

B EIEPPO (Proximal Policy Optimization (Schulman et al, 2017))

[BRIREE (RKIL)]

objective () =F(z )~ .

HEHE T L
5 D R

To(CII,y)

RLESFTORERZZ Z £ T3k
LWl WO IERMLIE

/

Blog (m5"(y | ) /= (y | z))[| +

’YE iENDpretram [ Og (

L@)]| |emEsrelcsmzLln,

& WS IERIMBIA

AN

https://arxiv.org/abs/2203.02155
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BHA
ARBICE Y ERXZEML-ER
+ Instract GPT (1.3B)»'GPT-3(175B) % Lt[a] 3,

« SFTZZIFDETIL(SFT) Z 5L E (PPO, PPO-ptx)h* E[E]l 5,
O— FOERbH ALY TETWD,

Prompt: |
What is the purpose of the list C in the code below? % 06 /
def binomial_coefficient(n, r): ~ T
U Model
C = [0 for i in range(r + 1)]; - — |
clol = 1; c|-|5 =o— PPO-ptx
for i in range(1, n + 1): i PPO
S TS 175]
j = min(i, r); c
while j > O: g 0.4 4 —o-SFT
Ccljl +=c[j - 11;
j 2: 1; ) g GPT (prompted)
return C[r] § \ GPT
GPT-3 175B completion: InstructGPT 175B completion: é 0.2 |
A. to store the value of C[0] The list C in this code is used to store the values of the |
B. to store the value of C[1] binomial coefficient as the function iterates through ‘
C. to store the value of C[i] the values of n and r. It is used to calculate the value . L . L )
D. to store the value of C[i - 1] of the binomial coefficient for a given value of n and ) y J
. 1.3B 6B 175B
1, and stores the result in the final return value of the .
function. MOdel Size

https://arxiv.org/abs/2203.02155
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GPT-XICRRINBLLMIZ Z ZHFETRENELLZZXITT-
ZDRKEBFERDOD—ITETFILDEKXIE,
EET N EZELG 2R 7 ICalignmentiCBT 3 FEBHARINTULS,

=

SR, ETNELTORELIITIREL, AFiEL EDTFHTHRWEERD
FVERINBD LS5 ICHS(EE., GPT-4DreportTlEH 4 ) DIEHZEIVLTWL

%)O




