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Step1

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

)

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 data is used
to train our
reward model.

Explain gravity

Moon is matural

A

Explain the moon
landing to a 6 year old

0 0

Explain war

o [0)

People went to

satefine of the moon.

J

)

0-0-0-0
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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

Training language models to follow instructions with human feedback. Ouyang et al. 2022.
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Step1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our

Explain the moon

promp‘ dataset. landing to a 6 year old
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desired output 2
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to the moon...
Y
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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 data is used
to train our
reward model.
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Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt

™
is sampled from Wt ey
the dataset. about frogs
\j
The policy PO
enerates 2o
¢ 00?0&0 -
an output. W
Y

The reward model R'M
calculates a ...
reward for S
the output. W
Y
The reward is
used to update I ”
the policy
using PPO.

A

RXI3F

Training language models to follow instructions with human feedback. Ouyang et al. 2022.
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TS 2019.10 Ik - - 1000Bi5;c 1024 TPU v3 -

CodeGen 2022.03 16 - _ STTB i it i B |

OPT 202205 175 - - 180B i55C 992 A100 (80G) -

CodeGeeX  2022.09 13 = - 850B 5 jc 1536 Ascend 910 60 %

GLM 2022.10 130 - - 400B i5loc 768 A100 (40G) 60 x

BLOOM 2022.11 176 v - 366B 5o 384 A100(80G) 105 %

Galactica 2022.11 120 - - 106B 4] 7T - -

LLaMA 202302 65 - - 1400B 55 2048 A100(80G) 21 %

Pythia 2023.04 2 = - 300BigC 256 A100 (40G) -

CodeGen-2 2023.05 l6 - - 400B 4] 7T - -

StarCoder  2023.05 155 - - 1000B i5 7T 512 A100 (40G) -

Falcon 2023.06 180 3500B 5] 7C 4096 A100 (40G) -

LLaMA-2 202307 70 ~ 2000Biiit 2000A100(80G) -
Baichuan-2 2023.09 13 ~ /  2600Biiit 1024 AS00 2
QWEN 202.00 14 ~ /  3000BiEiT 2 E
FLM 202309 101 v - 3UB{ET 192 AR00 2 %
Mistral 2009 7/ - 5 s ¢
Skywork  2023.10 13 - - 3200BidJE 512 A800(80G) =
Mixtral 202.12 47 v - : g .
DeepSeek 202401 67 ~ 2000Bidit gy &M Kb R i o &%
: mffid (B) IT RLHF $JM#s (GPUs/TPUs) Bifil
GPT-3 202005 175 - - 300BiEIT - .
Codex 202107 12 - - 100BiEIT : -
ERNIE3.0 202107 10 - -  375Biic 384 V100 :
FLAN 2021.09 137 + - k 128TPUV3 60 /pBt
Yuan 1.0 202110 245 - - 180BiE5E 2128 GPU A
Anthropic  2021.12 52 - - 400BidiT : .
WebGPT  2021.12 175 - / g = i
Gopher 2021.12 280 - - 300BiEIE 4096 TPUV3 920 /et
LaMDA 202201 137 - - T68BiEE  104TPUV3  S1.7 %
MTNLG 202201 530 - -  270Bii5t 4480A100(80G) -
AlphaCode 202202 41 - -  967BiiiT : 2
InstructGPT 202203 175 / / 3 . .
Chinchilla 202203 70 - -  1400Bi#iT = "
PaLM 202204 540 - - T80BiEt 6144 TPU v4 .
GPT4 MR . S 2 i -
PanGu-r 202303 1085 - -  329Biil5c 512 Ascend910 100 %
PaLM-2 202305 16 + -  100Biic . :
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Review: The LLM Era — Paradigm Shift in Machine Learning
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Oct 2018
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(a) Left-to-right LM. (b) Masked LM. (c) Prefix LM. (d) Encoder-Decoder.
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Single Task Model General Model

P(output | input
(output | input) P(output | input,task)

o (EFEMIIFEIRMEMSIARRIF

LAMBADA LAMBADA CBT-CN CBT-NE WikiText2 PTB enwik8 text8 WikiText103 IBW

(PPL) (ACC) (ACC) (ACC) (PPL) (PPL) (BPB) (BPC) (PPL) (PPL)
SOTA 99.8 59.23 85.7 82.3 39.14 46.54 0.99 1.08 18.3 21.8
117M 35.13 45.99 87.65 834 29.41 65.85 1.16 117 37.50 75.20
345M 15.60 55.48 92.35 87.1 22.76 47.33 1.01 1.06 26.37 93.72
762M 10.87 60.12 93.45 88.0 19.93 40.31 0.97 1.02 22.05 44.575

1542M 8.63 63.24 93.30 89.05 18.34 35.76 0.93 0.98 17.48 42.16
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_ wWEW
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GE
N
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LAMBADA LAMBADA CBT-CN CBT-NE WikiText2 PTB enwik8 text8 WikiText103 IBW

(PPL) (ACC) (ACC) (ACC) (PPL) (PPL) (BPB) (BPC) (PPL) (PPL)
SOTA 99.8 59.23 85.7 82.3 39.14 46.54 0.99 1.08 18.3 21.8
117M 35.13 45.99 87.65 834 29.41 65.85 1.16 117 37.50 75.20
345M 15.60 55.48 92.35 87.1 22.76 47.33 1.01 1.06 26.37 93.72
762M 10.87 60.12 93.45 88.0 19.93 40.31 0.97 1.02 22.05 44.575
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e “power law scaling”

Generalization Error (Log-scale)

¥ AN

Small Data
Region

Best Guess Error

Power-law Region

..................................

-

Irreducible
Error
Region

Irreducible Error

Training Data Set Size (Log-scale)

Test Loss

4.2

3.9

3.6

3.3

3.0

2.7
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2020 4F, Kaplan 5§ A [15] (OpenAIHIBA) BUHEHL T HAE G HEMEES =
PMERERZ B (V). ZaEME (D) MHRERES (C) ZEPHEHEXAR

(Power-Law Relationship) . 4518 3CHEA 4 th BRI B2, &850
WA FPERMRAIL RS —EE R E TR A T A . ERERAWE c 5%
T, ATRAEIAS B AT = AR A58 A FOR R Rk -

aN
L(N) = (NW) , an ~0.076,N. ~ 8.8 x 10" 2.1
DC i 13
L(D) = (F) , ap~0.095,D.~54x%10
P .
L(C) = (?) , ac ~0.050,C. ~3.1x10

X, L() 295 HRA nat'y B 932 LR K . AP, Neo D il Cc BEHER)
HEEUE, 43N TIRRA SEEE . IGEERSEAEENROIE. AT

Scaling laws for neural language models. Jared et al. 2020.
-
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Model Scaling: GPT-3

A —P
Source:
https://bmk.sh/2020/05/29/GPT-3-A-Brief
-Summary/
175b params!
GPT-2 was 1.5b

Size (billions of parameters)
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GPT-3 Pre-training — Architecture

Model Name Nparams Mlayers Omodel Theads Ohead Batch Size Learning Rate
GPT-3 Small 125M 12 768 12 64 0.5M 6.0 x 104
GPT-3 Medium 350M 24 1024 16 64 0.5M 3.0 %10~
GPT-3 Large 760M 24 1536 16 96 0.5M 2.8 %104
GPT-3 XL 1.3B 24 2048 24 128 1M 2.0 x 104
GPT-3 2.7B 2.7B 32 2560 32 80 IM 1.6 x 1074
GPT-3 6.7B 6.7B 32 4096 32 128 2M 1.2 & 10-*
GPT-3 13B 13.0B 40 5140 40 128 2M 1.0 x 104
GPT-3 175B or “GPT-3” 175.0B 96 12288 96 128 3.2M 0.6 x 1074

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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GPT-3 Pre-training — Training Data

Quantity Weight in Epochs elapsed when

Dataset (tokens)  training mix training for 300B tokens
Common Crawl (filtered) 410 billion 60% 0.44
WebText2 19 billion 22% 2.9
Booksl1 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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REINE: FAR SARK, X ET 2HRAK, 4HA 3ARK, ILER %
A 3R 2

ABlNE: FRA—FEA SAK, 2HEHEIANAMEELL 6 A RK, 5+6=11,
R 11,

MMA: RTFEH 16 43%, AP —¥k 2B R %K, FAMAESREAKTH—
FRBEMIK. APASIANBESHREIKY?

B : RTEA 164K, AP —F X HRKRK, BRA 16/2=84FZR X
Ko —FIZREAKAEE. AiLh 8/2=4NBEemREK. LEXR 4,

B 10.3 Rt b BN SUE R T O 6 SCFFRRERA SR )
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RFZ—EF 164K, AP —FRHREK, L2, A 8AZRK
Ko FIABRAKRPAE—FREEY, LHRXHAAINEEHZHREK.

e #7 i i s5e 0 :

MWA: R — 2T 6 T, REFTRKYILELIFIR, REZaRIEHFM LY
wRiEw S KA F —ANIREE CRAEFMEAR, ARBLARAEHE.
BOME: B 2K, A TR—RETE EARLGHIE

L F83ed RE S e AR TARARSEE Y, REFARE
2HEEHHIEZ—, CRTTRATR ML MGH T, OEETRLER,
Th AT T B LR,

2. 3 A RIS R iE 12 T 5 S w oy TR R I MR |
EINFPIERATRTFEREFAFBRE R, CWAFF a9 OB A ls ot
BV, RESE, BB, Y. AT ARETLRF A0,

3. 2R ETEMIE: XEEMIEETEHREARBE PO RIEEIREKETA,
w7 b EARYE & E TR, ETA AL ZR T REmayFHF
bR AR, UARR S L.
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Answer the following mathematical reasoning questions: Answer the following mathematical reasoning questions:
Q If you have 12 candies and you give 4 candies to Q If a rectangle has a length of 6 cm and a width of 3
" your friend, how many candies do you have left? " cm. what 1s the perimeter of the rectangle?
A The answer is 8. For a rectangle, you add up the length and width
Nx Q: If a rectangle has a length of 6 cm and a width of 3 Nx A and double it. So, the perimeter of this rectangle is
cm. what 1s the perimeter of the rectangle? " (6+3)x2=18cm.
A: The answer is 18cm. The answer 1s 18cm
Q: Sam has 12 marbles. He gives 1/4 of them to his sister. Q: Sam has 12 marbles. He gives 1/4 of them to his
9 How many marbles does Sam have left? \ sister. How many marbles does Sam have left? /
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A: The answer is 9. XEZTER e

The answer 1s 9.
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