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O = 4% (Language Model)
> T —ANa) F 115 P B I E

p(s) = p(wy, Wy ..., W)

2R R AE

GPT-3/4. ChatGPT. Claude

ELMO. BERT. GPT-12 ¥ EHFREZMHAR

e RNN-LM. word2vec 'ﬁ_?‘iﬁﬁij"ii&% ltm él)ﬁ:%: j;?jkﬁl o 4t
5| ngamamitmn  AeRiegape  EHIERILERA
% | ms—mampms AEBEIEUpmas 00RO KB
4 WARASDES M e RIS R
AE ik ol WRESRE |
7 Gt R

1990s 2013 2018 2022
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O 4itE 544 (SLM)
» N-gram LM: A F 3 R KMR1&, FarEEERS5n —1
ERIPN

p(s) = P?EIW1)P(W2|W1) e DWin Wiy 1) oo Wi 1)

— 1_[ p(wl |Wi—n+1» neey Wi—l)
i=1

> #l: p(I,am, tired) = p(I) * p(am|I) * p(tired|I,am)
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i-th output = P(w;, = i | context) D éj\#ﬁ i&i%){,%(ﬁ? WordZVeC

softmax — 7 . _
oo T _eee ) » A one-hot#k = #lembedding & 7T
Ay
t tation h b
most| computation here \ N
53 - 2k 3 i w] B5
I
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1
Ianh ! hi t d th k the b: 1
I e curtains open and the stars shining in on the barely . . o
e ) ars and the cold , close " . And neither of the ¥ Construct vector representations stars
! rough the night with the shining so brightly , it shining bright trees dark look
! made in the light of the . It all boils down , wr
’ surely under the bright s , thrilled by ice-white stars 38 45 2 27 12 [-03 91 0. 1.3-0.1]
’ sun , the seasons of the stars 7 Home , alone , Jay pla
, m is dazzling snow , the stars have risen full and cold Similarity in meaning as vector similarity sun
un and the temple of the stars , driving out of the hug ) )
P 4 in the dark and now the s 8 rise , full and amber a
’ bird on the shape of the s over the trees in front ® cucumber [-0.1 3.1 04...05-05]
Clw_2) C(w,—1) But I could n’t see the stars or the moon , only the
they love the sun , the s and the stars None of b
. @ r the light of the shiny . The plash of flowing ¥ cucumber
man ’s first look at the ; various exhibits , aer e stars
rief information on both stars and constellations, inc e sun [0.0 3.1 14..... 03 08]

shared parameter:
across words

oA XaE L One-hot 73] & T RN

index for wy_, 4 index for wy_» index for w,_
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_ Frffd
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> B A& = A . BERT, RoBERTa
T B D
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Test Loss

6 —— L=(D/5.4-10'3)70:0% | 5.6 —— L=(N/8.8-10'3)70:076
- 3.9 48
. 3.6 4.0
3.3 32
3
3.0
2.4
L = (Crnin/2.3 - 108)~0.050
2 : : . , 2.7 : : ; : .
10 1077 105 1073 107! 10! 108 10° 10° 107 109
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding

For models with a limited number of parameters, trained to convergence on sufficiently large
datasets:

L(N) = (N/N)*™ : an ~0.076, N~ 8.8 x 10" (non-embedding parameters)  (1.1)
For large models trained with a limited dataset with early stopping:
L(D) = (D./D)*”; ap ~0.095, D, ~ 5.4 x 10" (tokens) (1.2)

When training with a limited amount of compute, a sufficiently large dataset, an optimally-sized
model, and a sufficiently small batch size (making optimal_3 use of compute):

min

L(Crin) = (CM/Cliin) ¢ 5 @B ~ 0.050, O™ ~ 3.1 x 10° (PF-days) (1.3)

Al BOX
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O x&Ez&% (LLM)
» LLM: ZPLMAR EAMI 4R EZ L H — T AR, &
IIE R Gy A2 T 5 7
« Ju: In-Context Learning, Step-by-Step Reasoning, ......

Prompting

Yz

Fine-tuningﬁ - _Eipe:tgni_ngl / L
— )Promptmg e oA Phase

0.1B 1B 10B 1008 0.1B 1B 10B 100B
Scaling Law (~2020 - 2021) Emergent Ability (from early 2022)
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> 13552 3/ T L5 3 (In-context Learning)
o R A RIET LS AE G0, ARARLE R T 15] SR AT 69 X A1

o BARE X ShAeth A

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

plush girafe => girafe peluche

cheese => prompt
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> 15418 44 (Instruction Following)
o AR R RIE T A5 T AR KAES
« Instruction tuning: H N %R FaEHS S ETALAT — T, £
AT AZAB K L L5, X—R AP AN ZEXRER
ReAB AR A GG IF IR o2 S A8 71, AR R 3G SRAR A 69 R AF Akt

(C) Instruction tuning (FLAN)

. Instruction-tune on
Pretrained N Inference
BB i

Model learns to perform Inference on
many tasks via natural unseen task
language instructions
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AR K RE

O K& MX4Ea
> % #2372 (Step-by-Step Reasoning)
o BTGNP AR Rk B RS, BlAmd R R

« % 2E4% (Chain-of-Thought)

Chain-of-Thought Prompting
Model Input

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

Co they have? J

Model Output

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 =9. The
answer is 9.
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O GPT-1:

> B % AES _ERAF

12x —
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Text Task
Prediction | Classifier

Feed Forward

s

Layer Norm

[
@
&

Masked Muiti

Self Attention
'y

Text & Position Embed
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9| ZDecoder-only TransformerZg 44 2018.06

Classification | Start I Text [ Extract H Transformer H Linear ‘
Entailment | Start | Premise ‘ Delim ‘ Hypothesis | Extract ‘_ﬂ Transformer |——| Linear |
| Start | Text 1 \ Delim ‘ Text 2 | Extract ‘_ﬂ Transformer
Similarity - Linear
| Start | Text 2 \ Delim ‘ Text 1 | Extract ‘ﬁ Transformer
| Start | Context [ Delim ‘ Answer 1 | Extract ‘ﬁﬂ Transformer |—-| Linear
Multiple Choice | Start | Context | Deim | Answer2 | Extract \———| Transformer || Linear
| Start I Context -{ Transformer H Linear

\ Delim ‘ Answer N |Extract‘—
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O GPT-2: )| %ki& 2 AR L % BAE S 2019

Natural language processing tasks, such as ques-
tion answering, machine translation, reading com-
prehension, and summarization, are typically
approached with supervised learning on task-
specific datasets. We demonstrate that language
models begin to learn these tasks without any ex-
plicit supervision when trained on a new dataset
of millions of webpages called WebText. When
conditioned on a document plus questions, the an-
swers generated by the language model reach 55
F1 on the CoQA dataset - matching or exceeding
the performance of 3 out of 4 baseline systems
without using the 127,000+ training examples.
The capacity of the language model is essential
to the success of zero-shot task transfer and in-
creasing it improves performance in a log-linear
fashion across tasks. Our largest model, GPT-2,
is a 1.5B parameter Transformer that achieves
state of the art results on 7 out of 8 tested lan-
guage modeling datasets in a zero-shot setting
but still underfits WebText. Samples from the
model reflect these improvements and contain co-
herent paragraphs of text. These findings suggest

Al BOX

”I’m not the cleverest man in the world, but like they say in
French: Je ne suis pas un imbecile [I’m not a fool].

In anow-deleted post from Aug. 16, Soheil Eid, Tory candidate
in the riding of Joliette, wrote in French: "Mentez mentez,
il en restera toujours quelque chose,” which translates as,
”Lie lie and something will always remain.”

29

“T hate the word ‘perfume,”’ Burr says. ‘It’s somewhat better
in French: ‘parfum.’

If listened carefully at 29:55, a conversation can be heard
between two guys in French: “~Comment on fait pour aller
de autre coté? -Quel autre coté?”, which means “- How
do you get to the other side? - What side?”.

If this sounds like a bit of a stretch, consider this ques-
tion in French: As-tu aller au cinéma?, or Did you go to
the movies?, which literally translates as Have-you to go to
movies/theater?

“Brevet Sans Garantie Du Gouvernement”, translated to
English: “Patented without government warranty”.

Table 1. Examples of naturally occurring demonstrations of En-
glish to French and French to English translation found throughout
the WebText training set.

a promising path towards building language pro-
cessing systems which learn to perform tasks from
their naturally occurring demonstrations.
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O GPT-3: Ki&E =AM HUINE RS 5] B 2020

Language Models are Few-Shot Learners

Tom B. Brown™ Benjamin Mann* Nick Ryder* Melanie Subbiah*
Jared Kaplan' Prafulla Dhariwal Arvind Neelakantan Pranav Shyam Girish Sastry

Amanda Askell Sandhini Agarwal Ariel Herbert-Voss Gretchen Krueger Tom Henighan

Rewon Child Aditya Ramesh Daniel M. Ziegler Jeffrey Wu Clemens Winter
Christopher Hesse Mark Chen Eric Sigler Mateusz Litwin Scott Gray
Benjamin Chess Jack Clark Christopher Berner

Sam McCandlish Alec Radford Ilya Sutskever Dario Amodei
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O InstructGPT: KiZE 4% 5 A X33+ 20221

Training language models to follow instructions
with human feedback

Long Ouyang® Jeff Wu*  Xu Jiang®  Diogo Almeida*  Carroll L. Wainwright*

Pamela Mishkin® Chong Zhang  Sandhini Agarwal Katarina Slama  Alex Ray

John Schulman Jacob Hilton Fraser Kelton Luke Miller Maddie Simens

Amanda Askell Peter Welinder Paul Christiano*f

Jan Leike* Ryan Lowe*
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O ChatGPT: ¥ K& = £ & & Br T 3 154 %5 2022.11
> A F InstructGPT M FE AR FF &

We trained this model using Reinforcement Learning from Human Feedback (RLHF), using the
same methods as InstructGPT, but with slight differences in the data collection setup. We trained
an initial model using supervised fine-tuning: human Al trainers provided conversations in which
they played both sides—the user and an Al assistant. We gave the trainers access to model-
written suggestions to help them compose their responses. We mixed this new dialogue dataset
with the InstructGPT dataset, which we transformed into a dialogue format.

To create a reward model for reinforcement learning, we needed to collect comparison data,
which consisted of two or more model responses ranked by quality. To collect this data, we took
conversations that Al trainers had with the chatbot. We randomly selected a model-written
message, sampled several alternative completions, and had Al trainers rank them. Using these
reward models, we can fine-tune the model using Proximal Policy Optimization. We performed
several iterations of this process.



https://openai.com/blog/instruction-following/

GPT & 2| X & 42 Al Box

O GPT-4: 4F37GPT-3.58 A 69524k 2023.3

We report the development of GPT-4, a large-scale, multimodal model which can
accept image and text inputs and produce text outputs. While less capable than
humans in many real-world scenarios, GPT-4 exhibits human-level performance
on various professional and academic benchmarks, including passing a simulated
bar exam with a score around the top 10% of test takers. GPT-4 is a Transformer-
based model pre-trained to predict the next token in a document. The post-training
alignment process results in improved performance on measures of factuality and
adherence to desired behavior. A core component of this project was developing
infrastructure and optimization methods that behave predictably across a wide
range of scales. This allowed us to accurately predict some aspects of GPT-4’s
performance based on models trained with no more than 1/1,000th the compute of
GPT-4.
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MAEA %+ (FR) S

AR kA KD Wikl Rl Wi (] 22
Rt Wil (B) IT RLHF %didiki  (GPUs/TPUs) I

TS5 2019.10 11 - - 1000B 1#8]7C 1024 TPU v3 -
CodeGen 2022.03 16 - - 577B iiJC - -
OPT 2022.05 175 - - 180B jijoc 992 A100 (80G) -
CodeGeeX  2022.09 13 - - 850B jujyc 1536 Ascend 910 60 K
GLM 2022.10 130 - - 400B jajoc 768 A100 (40G) 60 K
BLOOM 2022.11 176 - 366B jioc 384 A100 (80G) 105 K
Galactica 2022.11 120 - - 106B {a)7C - -
LLaMA 2023.02 65 - - 1400B jiyc 2048 A100 (80G) 21 K
Pythia 2023.04 12 - - 300B il 256 A100 (40G) -
CodeGen-2 2023.05 16 - - 400B i) JT - -
StarCoder 2023.05 155 - - 1000B iy 512 A100 (40G) -
Falcon 2023.06 180 - - 3500B otz 4096 A100 (40G) -
LLaMA-2 2023.07 70 Vv v 2000B a7 2000 A100 (80G) -
Baichuan-2  2023.09 13 v 2600B 1] JC 1024 A800 -
QWEN 2023.09 14 v v 3000B id]JC - -
FLM 2023.09 101 V - 311B ja)7C 192 A800 22 K
Mistral 2023.09 7 - - - -
Skywork 2023.10 13 - - 3200B 6o 512 A800 (80G) -
Mixtral 2023.12 47 - - - -
DeepSeek 2024.01 67 V V4 2000B jd]JC - -
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X M = N 8
MABEA %+ (k) {
iR Zﬁﬁ K7 ‘ 2 Wik iJIIé:EF.
- W] (B) IT RLHF  %¥di3Ei  (GPUs/TPUs) Wi
GPT-3 2020.05 175 300B i JC - .
Codex 2021.07 12 100B ] 7T - -
ERNIE 3.0 2021.07 10 375B H)JC 384 V100 -
FLAN 2021.09 137 - 128 TPU v3 60 /Nt
Yuan 1.0 2021.10 245 180B i 7T 2128 GPU -
Anthropic ~ 2021.12 52 400B 4] JC - -
WebGPT 2021.12 175 - - -
Gopher 2021.12 280 300B i 7T 4096 TPU v3 920 /R
LaMDA 2022.01 137 768B i IT 1024 TPU v3 57.7 K
MT-NLG 2022.01 530 270B ji)JC 4480 A100 (80G) -
AlphaCode 2022.02 41 - . 967B ii] 7T - -
InstructGPT 2022.03 175 V/ v - - -
Chinchilla  2022.03 70 - - 1400B 7T - -
PalLM 2022.04 540 - - 780B i JC 6144 TPU v4 -
GPT-4 2023.03 -V v - - -
PanGu-X 2023.03 1085 - - 329B id]oc 512 Ascend 910 100 &
PalLM-2 2023.05 16 v - 100B i) JC - -
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¢ REiEE

e RK%k: GPT 271,
OPT, Gopher

>

&) Al BOX
Prefix Decoder Encoder-Decoder
‘111 e ane
1 1 1 e 2808
c
g |aee © |- I
g2 |8 |a. . N
® . =
5 Q <
E £
Y of Large Language Models S Lar, anguage Mod:
\ J { J J
Y Y i
Decoder Encoder Decoder
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GLM-130B
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e %3 Transformer

 Encoder 315
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O Language Modeling (LM)

ELM ZlOgP .T?,‘.’L'<Z)

=1
> T AR ENRICHT], FIHETEAE G DEHAN G
42 ARIT
> KREHEA. GPT3, PaLM

> T At: Prefix Language Modeling
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O Denoising Autoencoding (DAE)
Lpar(x) =log P(X|x\%).
> ik MALERIRD UK, HESRA LT A EELR

> REAEA .
> T5
> GLM-130B



T | 2 25 A4

O Transformer £2 A 42 44
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::1 Al BOX

Output
Probabilities
Linear
g ™
| Add & Norm l-‘-\
Feed
Forward
g | D | Add & Norm l-:
- E— Multi-Head
Feed Attention
Forward 7 7 7 Nx
N
N Add & Norm
~H(Add & Nom ]J —T—
un-Head | Multi-Head
Attention Attention
it LWL JNE
L J \ e/
Positional @_@ @ Positional
Encoding Encoding
Input QOutput
Embedding Embedding
Inputs Outputs

(shifted right)
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O & #& &%k
> RelLU
> GELU (K Z#H KA XK )

0.5z(1 + tanh[\/2/7 (z + 0.0447152°)))

> SWIGLU, GeGLU (Mat4F, 122 F 255 %)

GEGLU(z, W, V,b,c) = GELU(zW +b) ® (zV + ¢)
SwiGLU(z, W, V, b, ¢, B) = Swishg(zW +b) ® (zV + ¢)
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. (a) SRR (o
> LayerNormZ #%F :

i 1
- RMSNorm @ = mg@-, where RMS(a) = | - " a?.
=1
« DeepNorm DeepNorm(x) = LayerNorm(x + Network(x))

> Pre-LN i# % £ Az 2, =R AE% 3 T Post-LN
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>&§@ﬁ &%ﬁ

2KEEH 0z REED &éﬁzatﬁ

g@ﬂ @@

=
wn
-lk
R
i
>
G
&
<
t\:&?
59
&r
B
Bl
ey
=
R
[}
=
>3
G
é
G
23



Al BOX

F B E

O =& 7 AL
> AGPU 5 . FlashAttention & PagedAttention
» FlashAttention

MM SA T REF Tk, WP ALR-ARGEL K
b, AEARALERERBELAT, Aal) TEAREE

» PagedAttention
s AINTRUEZARTREAES MG T E, MAKEER 5 RE TS
ZEHAG A/ BN, YT HENRESERE AR
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T5 (11B) mT5 (13B) LLaMA (65B) GPT-3 (175B) MT-NLG (530B) Gopher (280B) Chinchilla (70B)
5% 7% 17% 11% 7% 6%
3% o
13% 35% 39%
59, 64% 23% 56% 57% © 55%
100% 100% 87% 1%
GLaM (1200B) PalLM (540B) LaMDA (137B) Galactica (120B) GPT-NeoX (20B) CodeGen (16B) AlphaCode (41B)
0 10%
22% \ | 13% 7% 7 19%
14% ) P 32%
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30% 50% 0
0 35% ° 83% 16% 23% 100%
Webpages Conversation Data Books Scientific Data Code
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Raw Corpus Quality Filtering De-duplication Privacy Reduction
» Language Filtering + Sentence-level » Detect Personality
G TR Ve Identifiable
an « M Fil * Document-level
| o) l. etric Kiltering " v Information (PIT)
s = Statistic Filtering * Set-level

¢« Remove PII

é @ + Keyword Filtering
~
"""""""""""""" [ [l il el r

E Alice is writing a paper about Replace ('Alice") is
i LLMs. #§2& Alice is writing
 a paper about LLMs.

H
e
Iy
S
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Bk
o
=
S
e
%
o
S
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T
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| 1
3
ks
kY

> AT B RXT ik

Tokenization

* Reuse Existing
Tokenizer

« SentencePiece
* Byte-level BPE

Encode (' [Somebody] is

LMs. Adiee-is-writing-a-paper E E writing a paper about LLMs. i ' writing a paper about LLMs. ')

Al BOX

Ready to
pre-train!
— =
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» Language Filtering » Sentence-level
:féi} l. ¢ Metric Filtering * Document-level
s = Statistic Filtering * Set-level

¢ Keyword Filtering
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Alice is writing a paper about
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i LLMs. #§2& Alice is writing E E LLMs. Atieeis-writing-apaper E
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+ a paper about LLMs.

Privacy Reduction

» Detect Personality
Identifiable
Information (PII)

* Remove PII
\ Replace ('Alice") is
i writing a paper about LLMs.

Q\

Tokenization

* Reuse Existing
Tokenizer

« SentencePiece
* Byte-level BPE

. Encode (' [Somebody] is :
! writing a paper about LLMs. ') {

Al BOX

Ready to
pre-train!
— =
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5

girlfriend Jane Doe, who are medical students. In 2022, John

Doe lived on Sunset Boulevard 123,

Doe work at the
visited the

Him and his friend Jane

in downtown London. Both
together and studied there for 8
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Raw Corpus Quality Filtering
» Language Filtering
| s, . ¢ Metric Filtering
LT
s = Statistic Filtering

¢ Keyword Filtering
E Alice is writing a paper about E
» LLMs. #§2& Alice is writing |
 a paper about LLMs. ]
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» SentencePiece

 Dbyte-level BPE

De-duplication Privacy Reduction

+ Sentence-level » Detect Personality
Identifiable

* Document-level .
Information (PII)

* Set-level
¢« Remove PII

Replace( Alice") 1s

U

%

: writing a paper about LLMs.

Tokenization

* Reuse Existing
Tokenizer

« SentencePiece
* Byte-level BPE

Encode (' [Somebody] is
wrmng a paper about LLMs. ' )

Al BOX

Ready to
pre-train!
— =
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* Instruction tuning does not inject new abilities into the model — all abilities are already there. Instead,
instruction tuning unlocks/ elicit these abilities. This is mostly because the instruction tuning data is
orders or magnitudes less than the pretraining data.

* Instruction tuning adjusts skillsets of GPT-3.5 towards different branches. Some are better at in-
context learning like text-davinci-003, some are better at dialog like ChatGPT.

* Instruction tuning trade performance for alignment with humans. The OpenAl authors call it
“alignment tax” in their instruction tuning paper. Also, many papers have reported code-davinci-002
achieves the best performance on benchmarks.

https://yaofu.notion.site/How-does-GPT-Obtain-its-Ability-Tracing-Emergent-Abilities-of-Language-Models-to-their-Sources-b9a5 7ac0fcf7 4f30alab9e3e36faldcl
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Task description

. X v A
Please translate the French to English: /@E %;} 3i ( ;}EI /?\ )
Optional
Demonstrations
fr: Reprise de la session
en: Resumption of the session - .
fr: Il s'agit du cas d'Alexandre Nikitin. 4:'{-_ % s /fﬁ '] ( E]— Ji )

en: It is the case of Alexander Nikitin.

Input

fr: Nous ne savons pas ce qui se passe.

AN AN
B N-F X
Output
en: We do not know what is happening.
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ol e I ] # PEACH S P 371
Nat. Inst. 2021 4 04 H 193K Allen Institute for Al
FLAN 2021 4E 09 H 4.4M Google
P3 2021 4F 10 H 12.1M BigScience

{1:% Super Nat. Inst. 2022 4 04 H M Allen Institute for Al
MVPCorpus 2022 4 06 H 41M Renmin University of China
xP3 2022 4E£ 11 H 81IM BigScience
OIG 2023403 H 43M LAION-AI
UnifedSKG 2022 4F 03 H 812K The University of Hong Kong
HH-RLHF 2022 4F 04 H 160K Anthropic
HC3 2023 4 01 H 87K SimpleAl
ShareGPT 2023 4E 03 H 90K TechCrunch

*fiE  Dolly 2023 4F 04 15K Databricks
OpenAssistant 2023 4F 04 H 161K LAION-AI
InstructWild v2 2023 4F 04 H 111K  National University of Singapore
LIMA 2023 4F 06 H 1K Meta Al
Self-Instruct 20224 12 H 82K University of Washington
Alpaca 2023 4£ 03 H 52K Standford
Guanaco 20234 03 H 535K -

P Baize 2023 4F 04 H 158K University of California, San Diego

H Belle 2023 4E 04 H 1.5M LianjiaTech
Alpaca-GPT4 2023 4 04 52K Microsoft
Evol-Instruct 2023 4F 06 A 52K Microsoft
UltraChat 2023 4F 06 H 675K Tsinghua University

Al BOX
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Please answer this question:

1
I
]
I (I 1
! NLP # 4% ! LQ: What is the capital of France? | |
| Sentence Question ! | | A: Paris. !
! Composition Answering! | !
: Textual ! Q: What is the capital of Brazil? !
: Entailment e | A Brasilia X
' : A ———————
| Sentiment K
: Analysis Mi : "
| isc. i ma | s
' Text  NLI Question |
-
| to Generanon: Q: What is the capital of China?
! Code Translation ! A: Beljing.

7.1 P4 NLP Zimdemfs Hta b m (B Rk 1)



EE%LELZ$$Fé£ﬂ ﬁ%ﬁ%*ﬁﬁgéﬁhﬂ ] l'lﬂme

O #H5>SHRAR, BEAXRGFERE KITEERIK

A detailed list of available task collections for instruction tuning. Note
that OIG is a large collection consisting of existing collections.

Collections Time  #Task types #Tasks #Examples'
Nat. Inst. [186] Apr-2021 6 ' 61 193K i
CrossFit [187] Apr-2021 13 | 160 7AM
FLAN [62] Sep-2021 12 62 44M
P3 [188] Oct-2021 13 | 267 121M
ExMix [189] Nov-2021 11 ' 107 18M |
UnifiedSKG [190]  Jan-2022 6 21 812K
Super Nat. Inst. [77] Apr-2022 76 | 1616 5M
MVPCorpus [191]  Jun-2022 11 77 4M
xP3 [82] Nov-2022 17 . 85 81IM |
OIG" Mar-2023 - - 43M

SR =AM, FMAGIEL
X HP K ZIEFH 5
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O #44mA: APLIKE + ATARE
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List flvg ideas for how wrlt(_e rap Iyrl.cs on f[he Who built the statue
to regain enthusiasm topics mentioned in :
: o of liberty?
for my career this news article:
W X RS

This is a conversation with an enlightened Buddha.
Me: How can | achieve greater peace and equanimity?
Buddha:

O #44mt: @FREFEHS, ATAREMERE R

Summarize this for a
second-grade student:




%%/\;éﬂ‘% /j»,\%—}}% r?” Al Box

O ATARERAR S, A HLLMA sh L4 iE

175 seed tasks with
1 instruction and
1 instance per task

Step 4: Filtering

Task Pool Step 1: Instruction Generation

Step 2: Classification
Task Identification

Instruction : Give me a quote from a LM
famous person on this topic.

Step 3: Instance Generation

Yes
Instruction : Find out if the given text is in favor of or against abortion.
P g
Class Label: Pro-abortion fg},

Input: Text: T believe that women should have the right to choose whether | Qutput-first
or not they want to have an abortion.

No

J

Instruction : Give me a quote from a famous person on this topic.

Input: Topic: The importance of being honest.
Output: "Honesty is the first chapter in the book of wisdom." - Thomas

Jefferson Input-first
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60

55

50

ROUGE-L
= 4
= LN

30

60
52954.3 55 54.7 53.7 53, 53.7
51.2 P 0
48.4 50 :
45.6 e 48.5
m
8 45
43.7 1)
& 40
35
30
60 600 6 60 600
Number of Training Tasks Number of Instances per Training Task
(a) (b)

A AR AR A F R a9 T g K
18 4E - SR A5 A E A2 3L 1004 BP 34 2] g 4F
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60 540B model

628 model LYot GsEmi—2 e,

YT e R A

8B model

ffff’/k*a THERE ;3 8048 AE 50

o Yk L 2 LLM 5 37 00 fo iR 38

0 9 89 282 682 1,836

Normalized average on
held-out tasks (%)

Number of finetuning tasks

N ®hmr 3 AR SN, eKE., &4, FTAH
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FT: no instruction

Eval: instruction 37.3

FT: dgtaset nfame 46.6
Eval: instruction

| FT: instruction |
i Eval: instruction _55'2 i
' (FLAN) |

_________________________________________________

Zero-shot performance
(4 task cluster avg.)

5 B4 ] 46 41 5 e HE BT OR SROAT

FINETUNED LANGUAGE MODELS ARE ZERO-SHOT LEARNERS. ICLR 2022.
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Prompt

Q: Should women be allowed to vote?
A:

Generate

OpenAlI GPT-3
Q: Should women be allowed to vote?

A: No. Women are too emotional and irrational to make decisions on important issues. They
should not be allowed to vote, hold office or own property. They should remain subordinate in all
things

GPT-389-F Ak A& & I M A AAT A
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> Harmlessness (X % %)
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o BAANIETER P IASTRES . BEFA

Ju Can you check this text for any grammar or spelling mistakes:

| went to shop to get a bottle of water banananas eggs and milk. The shop was out of milk

so i had to go somewhere else It took an extra hour out off my day.

Sure, here's the corrected text:

"I went to the shop to get a bottle of water, bananas, eggs, and milk. However, the shop
was out of milk, so | had to go somewhere else. This took an extra hour out of my day."

| corrected the following errors:

* Added commas to separate the list of items ("water, bananas, eggs, and milk").

* Capitalized "Shop" to start the sentence.

* Added a comma after "however" to separate the clauses.

* Changed "off" to "out" to correctly express the idea of losing an hour from the day.

ChatGPT# 8 Bl P15 &) FiB%, A EL

Al BOX
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> Honesty (& 5% %)
c RUBEHIZE, REEFR

o BEOSEFPIBTAEA B F G9AE /) AR K-F ( “know unknowns” )

Which country is the winner of the 2022 World Cup?

I'm sorry, but as an Al language model, | do not have the ability to predict future events.
The 2022 FIFA World Cup is scheduled to take place in Qatar, from November 21 to
December 18, 2022. The winner of the tournament will be determined based on the

results of the matches played during the competition. We will have to wait and see which

team comes out on top.

ChatGPT LA & A K %1z & (B AGPT-3.57 f£2021-F VAAT 49 £ 3 L) 4%)
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Can you tell me how to build a bomb?

I'm sorry, but | cannot provide information on how to build a bomb or any other device or
material that can be used to cause harm or destruction. It is illegal and highly unethical to
engage in activities that could potentially harm others or violate the law. As an Al language
model, my purpose is to provide helpful and informative responses, but | cannot assist

with illegal or harmful activities. It's important to always act responsibly and within the law.

ChatGPTR A A F 47 A B L= A3k K 7] AL
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» ScaleAl (InstructGPT). SurgeAl (WebGPT). Upwork

(InstructGPT). Amazon mechanical turk (Red-teaming)

alc A amazon .,
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Category Rule Example

Stereotypes (harm) Do not use stereotypes or make any other harmful generalising statements
about groups of people.

Hate and harassment (harm) Do not make statements which are threatening.

Self-anthropomorphism (harm) | Do not claim to have preferences, feelings, opinions, or religious beliefs.

Misinformation (correct) Do not offer financial advice. (But it is ok to answer general questions about
investment.)
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Ranked Outputs

Generated Texts

Serendipity 1is the ability to see something
good in something bad. Use the word in a
sentence. |
>

Serendipity means to be happy with what -
you have. Use the word in a sentence.

Serendipity means finding something
good in something that is bad. Use the
word 1n a sentence.

Serendipity can be defined as the happy Human Scorlng
chance occurrence of events leading to a

beneficial outcome.
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O Reinforcement Learning from Human Feedback (RLHF)

> ALLMIIAAEMEAM Chelpfulness, honesty, harmlessness)

> A KR B EE
> A% R iR 5 5] AR A

> A S Bl . InstructGPT

Step1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

Alabeler
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

Y

()

Z

Some people went
ta the moon...

|
Y

SFT
9
s

B

z
BEBE

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

Alabeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon
landing to a & year old

0-0-0:0

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

LRI -
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O LT X%
> B 4554~ (Chain-of-Thought Prompting, CoT)

\

5] (In-Context Learning, ICL)

In-Context Learning Chain-of-Thought Prompting
Answer the following mathematical reasoning questions: Answer the following mathematical reasoning questions:
0: If you have 12 c_andies and you give 4 candies to your friend, I (). If arectangle has a length of 6 cm and a width of 3 cm,
how many candies do you have left? what is the perimeter of the rectangle?
- Th is 8. L s
Nx - = & ARSWEL 15 : N X+ A: | Forarectangle, add up the length and width and double it.
If a rectangle has a length of 6 cm and a width of 3 cm, i : : c _ |
0: . . i So, the perimeter of this rectangleis (6 +3)x2=18 cm.
what is the perimeter of the rectangle? g R R '
A- The answer is 18 cm. | The answer is 18 cm.
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 sister.
How many marbles does Sam have left? How many marbles does Sam have left?

A: He gives (1 / 4) x 12 = 3 marbles.
A: The answer 1s 9. D — LILM — So Sam is left with 12 — 3 = 9 marbles.

The answer 1s 9.

: Task description : Demonstration : Chain-of-Thought : Query
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O = X
> £ %1 (task description) #=/2xf£%-7<1%] (demonstration)

LLM(I, f(z1,y1), - f(@ry Un), f(@rg1, ) = Jrta

demonstrations input answer
Answer the following mathematical reasoning questions: Task description

If you have 12 candies and you give 4 candies to your friend,
how many candies do you have left?

0:

A: The answer i1s 8.

0: If a rectangle has a length of 6 cm and a width of 3 cm, Demonstration
" what is the perimeter of the rectangle?

The answer 1s 18 cm.

A:
g: Sam has 12 marbles. He gives 1/4 of them to his sister. Query

ow many marbles does Sam have left?
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Test Prompt

select nearest neighbors O O
-

encode ’
[ What county is Frederick, MD in? J’ ________ . ‘
s’“*—L
encode
1

Q: What county is Duluth Minnesota in?
A: St. Louis County

Training Data [ .
l What county is Duluth Minnesota in? J = ==
. @ O

L ] [ ]
E] [What QOlympic athlete has won the most meda\s?] Q e

1 1
| encode !

_________________

[Q‘ What county is Frederick, MD in? ]
A:

Frederick County

A FF= query #9480

e BAR K A

Al BOX

4 ™
[ Q: While shopping for music online, Zoe bought 3 ... ]
L]
L]

[ Q: A chef needs to cook 9 potatoes. He has already... ]

o l J
' J— J— M
. . - N
O O Clustering ,f' o \\
L@ .. O®Oj

@) O‘/‘I 7
\ R o J

Demo Construction

[ Q: While shopping for music online ... A: Let’s ... ]

: : Sampling by Selection Criteria

[ Q: A chef needs to cook 9 potatoes ... A: Let’s ... ]

B AT R L
I S HEAL 64 KE 15
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Step 1. Self-generation

Generate a review : it 's slow -- very , very slow .
Generate a “Negative” review :

Generation Input

Step 2. Inference

y

Review : movie is so poorly written that it’s
difficult to figure out what it was supposed to be.
Sentiment : Negative

Review : it 's slow -- very , very slow .
Sentiment :

Inference Input

Auto-regressive movie is so poorly written that it's difficult
Language Model to figure out what it was supposed to be.

Generated Demonstration

reuse as demonstration

' Y
Auto-regressive “Positive” : 0.01 « -~
“ s Negative
Language Model Negative” : 0.95
. J
Output Distribution Final Prediction
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Answer the following mathematical reasoning questions:

Q: [Ifarectangle has a length of 6 cm and a width of 3 cm,
what is the perimeter of the rectangle?

NX+ A: | For arectangle, add up the length and width and double it.
 So, the perimeter of this rectangle is (6 + 3) x 2 = 18 cm.

The answer 1s 18 cm.

Q: Sam has 12 marbles. He gives 1/4 of them to his sister.
How many marbles does Sam have left?
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4k 4% (Chain-of-Thought) 3

0 Few-shot CoT & Zero-shot CoT

Few-shot CoT Zero-shot CoT
ﬁRoger has 5 tennis balls. He buys 2 more cans of ter@ ﬁ: A juggler can juggle 16 balls. Half of the balls are golf ballsﬁ
balls. Each can has 3 tennis balls. How many tennis balls does and half of the golf balls are blue. How many blue golf balls are
he have now? there?
A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6 A: Let’s think step by step.

tennis balls. 5 + 6 = 11. The answer is 11.
(Output) There are 16 balls in total. Half of the balls are golf

Q: A juggler can juggle 16 balls. Half of the balls are golf balls, balls. That means that there are 8 golf balls. Half of the golf balls
and half of the golf balls are blue. How many blue golf balls are are blue. That means that there are 4 blue qolf balls. v

there? \ ’ g ’ /
A:

(Output) The juggler can juggle 16 balls. Half of the balls are golf

balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are
%. So there are 8 /2 = 4 blue golf balls. The answer is 4. .//
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TIAER

> A7 Let’s think step by

[1st prompt]
Reasoning Extraction

Q: On average Joe throws 25 punches per
minute. Afight lasts 5 rounds of 3 minutes. How
many punches did he throw?

A: Let's think step by step.

L

LLM

b

In one minute, Joe throws 25 punches. ’
In three minutes, Joe throws 3 * 25 = 75 punches.
In five rounds, Joe throws 5 * 75 = 375 punches.

step J& A AR 3 3 IR

[2nd prompt]
Answer Extraction

Q: On average Joe throws 25 punches per
minute. A fight lasts 5 rounds of 3 - --

| A: Let's think step by step.

|

. In one minute, Joe throws 25 punches. -+ -In five
J/ > rounds, Joe throws 5 * 75 = 375 punches. .

I ! Therefore, the answer (arabic numerals) is

1 O

I LLM
! -
|
|

[ 375. ]
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[1st prompt] I [2nd prompt]
Reasoning Extraction | Answer Extraction
|
Q: On average Joe throws 25 punches per | ( Q: On average Joe throws 25 punches per
minute. Afight lasts 5 rounds of 3 minutes. How | ___ | minute. Afightlasts 5 rounds of 3 ---
many punches did he throw? A: Let's think step by step.

A: Let's think step by step.

|

| In one minute, Joe throws 25 punches. -+ -In five
@ | rounds, Joe throws 5 * 75 = 375 punches. .

|

|

|

|

|

|

LLM ! Therefore, the answer (arabic numerals) is

L y
1
)

In one minute, Joe throws 25 punches. ’

In three minutes, Joe throws 3 * 25 = 75 punches.
In five rounds, Joe throws 5 * 75 = 375 punches.

LLM
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> R AR EMER, %A Gpromptt T2 —agprompt

 ML1: #prompts, M2: #output per prompt

Method GSMB8K CQA CLUTRR
davinci:

M, =1,M, =100 18.9 574 42.5
M, =5,My =20 21.3 57.5 45.9
text-davinci-002:

M, =1,M, =100 58.2 72.9 15.8
M; =5, My =20 61.3 71.3 21.2
code-davinci-002:

M, =1,M5 =100 76.7 717.3 35.6
M, =5,My =20 80.0 78.8 43.8




<>

XN ‘% élj t 4
Yt A& aypromp
=1 ””
O &/ “F2 2" agprompt
2= ~ J
> “AR7 . REMERTH
Y 2= S . >
> FIFFE R TREANT “ER7 L FIANKAE
BT 69 XK
#Params GSMSK  MultiArith MathQA
Previous finetuning SOTA <175B 57.0 60.5 374
Greedy decoding (Wei et al., 2022b)
LaMDAT (Thoppilan et al., 2022) 137B 17.1 51.8
PalLMT (Chowdhery et al., 2022) 540B 58.1 94.7
Minerva' (Lewkowycz et al., 2022) 540B 58.8 - -
Text-davinci-002  Handcrafted CoT 175B 48.1 90.8 30.1
Random CoT_ _ 1PB _ _ _49.7_ _ _ 895 _ _ _ 38 _
Complex CoT 175B 55.4 (+7.3) 94.2 (+3.4) 36.0 (+5.9) I
Code-davinci-002 Handcrafted CoT 175B 61.0 95.8 29.3
Random CoT _ _ 175B 604 _ _ _ 973 _ _ _ 405 _
rComplex CoT 175B 66.6 (+5.6) 95.8 (+0.0) 47.3 (+18. 0)
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f-consistency)

> NN 69K AE R R, Ad, A, promptHRiE

Greedy decode

Chain-of-thought

Language
prompting

model

Self-consistency

ﬂ): If there are 3 cars in the parking
lot and 2 more cars arrive, how many
cars are in the parking lot?

A: There are 3 cars in the parking lot
already. 2 more arrive. Now there are
3+ 2=>5cars. The answer is 5.

Q: Janet's ducks lay 16 eggs per day.
She eats three for breakfast every
morning and bakes muffins for her
friends every day with four. She sells
the remainder for $2 per egg. How
much does she make every day?

Q:

Language
mode

This means she uses 3 + 4 = 7 eggs every day.
She sells the remainder for $2 per egg, so in
total she sells 7 * $2 = $14 per day.

The answer is $14.

Sample a diverse set of
reasoning paths P

I ™\

She has 16 - 3 - 4 = 9 eggs
left. So she makes $2*9 = | The answer is $18.
$18 per day. [

J/
~

|
This means she she sells the

remainder for $2 * (16 - 4 - 3)_ The answer is $26.
= $26 per day.

[
I J
™

She eats 3 for breakfast, so |
she has 16 - 3 = 13 left. Then |
she bakes muffins, so she I The answer is $18.
has 13 - 4 = 9 eggs left. So

The answer is $14. J

Marginalize out reasoning paths
to aggregate final answers

The answer is $18. ]

she has 9 eggs * $2 = $18. |

Al BOX
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Step-aware Voting Verifier

Diverse , /

Prompts Reasoning Path 17 X"

[ — o\
( — Lal\r)lggz?e Reasoning Path 2 |

| — iy

Reasoning Path 3:-7"-
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> AUtoGPT: X A —A-H 3£137% star, 1k FTensorflow

& Significant-Gravitas / Auto-GPT ' public

<> Code

(© Issues 528

¥ master ~

{ g‘m 3 authors Added unittest cases for commands/analyze_code.py file (#4...

.devcontainer
.github
autogpt
benchmark
data

docs

plugins
scripts

tests

19 Pullrequests 264

¥ 47 branches

>

) Al BOX

% Fork 270k |~ ¥¢ Star 133k |~

About

C sponsor & Watch 15k ~
) Discussions (®) Actions [ Projects 2 [ Wiki @ Security [~ Insights
© 9 tags Go to file Add file ~ <> Code ~

Prevent test collection errors in devcontainer (#4180)

Add $ to timestamp in ci.yml and improve diff (#4266)

Logs output to console if we're not on speak mode (#3715)
misc: fix typo in benchmark

Fix docker volume mounts (#3710)

Make prompt parameters configurable (#3375)

Plugins initial

Parse package versions so upgrades can be forced (#4149)

Added unittest cases for commands/analyze_code.py file (#4212)

v f13aba@ 4 hoursago 91,961 commits

16 hours ago
2 days ago

2 days ago
last month

2 weeks ago
2 days ago
last month
last week

4 hours ago

An experimental open-source attempt to
make GPT-4 fully autonomous.

& agpt.co

python ai artificial-intelligence

openai autonomous-agents gpt-4

Readme

MIT license
Code of conduct
133k stars

1.5k watching

< 0 3B

27.1k forks

Report repository



https://github.com/Significant-Gravitas/Auto-GPT
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https://github.com/Significant-Gravitas/Auto-GPT
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‘ Bathroom

av..'l.f.?u F‘ ‘ | Kitchen

| Common
room

‘llr' 1‘[
!

Bedrooms

Garden

' Book Shelf

Generative Agents: Interactive Simulacra of Human Behavior. arxiv 2023.
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Catching up Beginning workday

Generative Agents: Interactive Simulacra of Human Behavior. arxiv 2023.
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Plan4MC: Skill Reinforcement Learning and Planning for Open-World Minecraft Tasks. arxiv 2023.
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Involved Planning

Task Icon Target Name Initial Tools Biome Max Steps Skills Steps
/s stick plains 3000 4 4
TS mﬂ;zfﬁ::bl“— plains 3000 5 5
- bowl forest 3000 & 9
] chest forest 3000 6 12
& trap_door forest 3000 & 12
L sign forest 3000 7 13
A wooden_pickaxe forest 3000 7 13

furnace_nearby *10 halls 5000 9 28
stone_stairs *10 hills SO0 8 23

‘ stone_slab *10 hills 3000 8 17
' cobblestone_wall *10 hills S0 8 23
| lever A forest_hills 5000 7 7

i torch @0 hills 5000 11 30
A stone_pickaxe P, forest_hills 10000 9 16

Al BOX
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Discovering unusual content Describe the image. ] ‘: 7'

lake. The cactus is surrounded by large ice crystals that have
formed on the surface of the water. In the background, there is a
range of mountains with snow-capped peaks. The sky is clear and
blue, with a few fluffy clouds floating in the distance. The overall
mood of the image is peaceful and serene, with the cactus
standing tall and proud in the center of the frozen lake.

The image shows a cactus plant standing in the middle of a frozen $

[Can this happen in real world? ] ‘ oo '

MiniGPT-4: Enhancing Vision-Language Understanding with Advanced Large Language Models. arxiv 2023.
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Genera}ung website code from Write brief HTML/JS to turn this mock-up into a colorful H
Cvaerl‘)c;\i’:gnen text and the rendered website, where the jokes are replaced by real joke J s.¢
HTML:
N “ohp
\ <IDOCTYPE html>
| A B ] <html>
~ \NE 2 we 95,40 | <head>
My " = <title>A Joke Website</title>
- Sy <link rel="stylesheet" type="text/css" href="style.css">
grldnt of qore . </head>
i <body>
i ,» e, ] ) <div id="header">
i S <h1>A Joke Website</h1>
<nav>
<ul>

<li><a href="#">Home</a></li>
<li><a href="#">About</a></li>
<li><a href="#">Contact</a></li>
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Product advertisement

i_E_

= ¢

MIniGPT-4

We design new mugs shown in the image. Can you help us
write an advertisement?

Sure, here's an advertisement for the mugs:

Introducing our new line of mugs featuring adorable cat designs!
These mugs are perfect for coffee lovers and cat enthusiasts alike.
Made from high-quality ceramic, each mug is durable and
dishwasher safe. The unique designs are hand-painted, making
each mug a one-of-a-kind piece of art.

Whether you‘re sipping your morning coffee or enjoying a warm
drink on a chilly evening, these mugs are the perfect way to add a
touch of feline charm to your daily routine

5>
4

Al BOX
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|
Food recipes generation . How should | make something like this? J
L

To make this dish, you will need the following ingredients:
* 4 large lobsters
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Individuals Identification [ Who is the person in the image? ‘ e .
) —

The person in the image is Elon Musk, the CEO of Tesla and SpaceX.
He is known for his work in the fields of electric cars, space
exploration

MiniGPT-4: Enhancing Vision-Language Understanding with Advanced Large Language Models. arxiv 2023.
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A Survey of Large Language Models

Wayne Xin Zhao, Kun Zhou*, Junyi Li*, Tianyi Tang, Xiaolei Wang, Yupeng Hou, Yinggian Min, Beichen
Zhang, Junjie Zhang, Zican Dong, Yifan Du, Chen Yang, Yushuo Chen, Zhipeng Chen, Jinhao Jiang,
Ruiyang Ren, Yifan Li, Xinyu Tang, Zikang Liu, Peiyu Liu, Jian-Yun Nie and Ji-Rong Wen

Abstract—Ever since the Turing Test was proposed in the 1950s, humans have explored the mastering of language intelligence
by machine. Language is essentially a complex, intricate system of human expressions governed by grammatical rules. It poses a
significant challenge to develop capable artificial intelligence (Al) algorithms for comprehending and grasping a language. As a major
approach, language modeling has been widely studied for language understanding and generation in the past two decades, evolving
from statistical language models to neural language models. Recently, pre-trained language models (PLMs) have been proposed by pre-
training Transformer models over large-scale corpora, showing strong capabilities in solving various natural language processing (NLP)
tasks. Since the researchers have found that model scaling can lead to an improved model capacity, they further investigate the scaling
effect by increasing the parameter scale to an even larger size. Interestingly, when the parameter scale exceeds a certain level, these
enlarged language models not only achieve a significant performance improvement, but also exhibit some special abilities (e.g., in-
context learning) that are not present in small-scale language models (e.g., BERT). To discriminate the language models in different
parameter scales, the research community has coined the term large language models (LLM) for the PLMs of significant size (e.g.,
containing tens or hundreds of billions of parameters). Recently, the research on LLMs has been largely advanced by both academia
and industry, and a remarkable progress is the launch of ChatGPT (a powerful Al chatbot developed based on LLMs), which has
attracted widespread attention from society. The technical evolution of LLMs has been making an important impact on the entire Al
community, which would revolutionize the way how we develop and use Al algorithms. Considering this rapid technical progress, in this
survey, we review the recent advances of LLMs by introducing the background, key findings, and mainstream techniques. In particular,
we focus on four major aspects of LLMs, namely pre-training, adaptation tuning, utilization, and capacity evaluation. Besides, we also
summarize the available resources for developing LLMs and discuss the remaining issues for future directions. This survey provides an
up-to-date review of the literature on LLMs, which can be a useful resource for both researchers and engineers.

Index Terms—Large Language Models; Emergent Abilities; Adaptation Tuning; Utilization; Alignment; Capacity Evaluation
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