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O 20225108, Stability ABRSY1{2ETTREE, AmBFRZER Stable
Diffusion, HLARIERFP@MANXEZHRALERE R, SHIBAEESIL
02022 % 11 A 30 H, ChatGPT EEfmNIZE, £% 5 X, £IKHA
FPHEEREBRL . L4&AR 40 X, BiFHEFPERKETH

O 202343 H 9 H, ###&EE CTO Andreas Braun E—i7EoHER,
GPT-4 BETREAAM, BIRHSESER , RENHAR DB HIMEIER.
UMELS, B EVAR~EEFEFEMNE,

chatGPT Daily Active Users

(global estimate) "We will introduce GPT-4 next week"

"We will introduce GPT-4 next week, there we will have
multimodal models that will offer completely different
possibilities - for example videos," Braun said. The CTO
called LLM a "game changer" because they teach
machines to understand natural language, which then
understand in a statistical way what was previously
only readable and understandable by humans. In the
meantime, the technology has come so far that it
basically "works in all languages": You can ask a
question in German and get an answer in Italian. With
multimodality, Microsoft(-OpenAl) will "make the

models comprehensive".
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Prompt: Write a javascript function to print out a large dog in the debug console.

O ChatGPT+ﬁpﬂ SEHEREIERITN, EBREFTARAIE i i s oo s oo
I EFT, fMﬂMD@O

u ChatGPT+I§ﬁ  RETHREERBEERNRE,
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This function uses the console.log() method to print out a series of strings that represent the
different parts of a dog. When you call this function, it will print out a large doq in the debug
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EFRIKIESIER: LaMDA

O Google: E7F Transformer, FIETHENXAFZIMHKEZEKBIXR

BEN] . #H 13701254,
O JIlZRE%E: £ 1.56T NAXEXEHFEEN MR LHITIU)IZ, R

0.001 %8Il ZrEX 4% A8 T 50 o

are you doing ? <E0S> I'm eating a croissant
e e e e e M
= Wil gt
e e e -
: : EE———" e
_— j
What are you doing ? <EQS> I'm eating a

Figure 2: LaMDA pre-training as a language model.

Discriminative fine-tuning examples are expressed as “<context> <sentinel> <response> <attribute-name> <rating>”,
with losses applied for the rating following the attribute name only:

* “What’s up? RESPONSE not much. SENSIBLE 1” g S >t
n »
« “What’s up? RESPONSE not much. INTERESTING 0" R

¢ “What’s up? RESPONSE not much. UNSAFE 0~

LaMDA: Language Models for Dialog Applications, Arxiv 2022.10
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¢ “What’s up? RESPONSE not much. UNSAFE 0~

LaMDA: Language Models for Dialog Applications, Arxiv 2022.10
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ChatGPT

AR ERHA (SFT) + \RRBrY5RIL>] (RLHF)

Step1

Collect demonstration data,
and train a supervised policy.

A prompt is
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

|
Y

e

Vi

Some people went
to the moon...

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon
landing to a 6 year old

0 o

Explain gravity. Explain war...

AN

Moon is natural

o o

People went to
satellite of... the moon...

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

Y

PPO
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ChatGPT

InstructGPT: FIWEHHE (SFT) + \KRHEF®RILFES (RLHF)

Step1 Step 2 Step 3
Collect demonstration data, Collect comparison data, Optimize a policy against
and train a supervised policy. and train a reward model. the reward model using
reinforcement learning.
A prompt is A prompt and A new prompt ™
sampled from our 7 several model o is sampled from .
Explain 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. .
, i o o | v
A |abe|er Explain gravity. Explain war... The pohcy 550
demonstrates the @ ) O 1. IO generates /)?K\ —
desired OUtpUt satellite of... the moon... an OUtDUt‘ W
. Z Y J
behavior. Y | \
isdatail X1 ETFEMES A, BoJLAERK
This datai X?hﬁiﬁ)z AI y gli EE 1|:| /. ‘m I/J\EE 'ﬁ?ﬁtﬁuﬂ:
to fine-tun /—ME& N— /i
learning.

o

| — — — ,/\.,\\ v
reward model. W The reward is
—
0:-0:-:0:-0 used to update rk

the policy
using PPO.
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Cluade

O Anthropic: &FfTIERRESE . AIEEME . ATRIUNAIRS
O 5E: ARERHIA (SFT) +AlRBRMRA>] (RLAIF)

y \

¢ Helpful RLHF

A 4

Generate Responses
to “Red Teaming”
Prompts Eliciting
Harmful Samples

Response

Critique

#
A G

Revision l ¢

Generate Responses
to "Red Teaming”
Prompts Eliciting
Pairs of Samples

Constitutional Al: Harmlessness from Al Feedback, Arxiv 2022.12

Canstitutional Al Feedback
for Self-improvement

Finetuned
Preference
Model (PM)

O
/" Finetuned ™.
sL-cal
. Model
N
RLAIF
Training
with
PM + SL-CAI
Models

https://scale.com/blog/chatgpt-vs-claude#Calculation

N

/ = ™
/" Final
y ¢

RL-CAI

Model

vy

Y
4



ERBKIESEE: Cluade

O Anthropic: &FfTIEREASE. HEREME. AHENNAIRS
O 5% AWERHGE (SFT) +AIRBRAYRIES>] (RLAIF)
N
Y Claude BEE3S BHTBEL T SER, AF ZEGEINE
1 B, HiBRBHEESDTCEBNEERR, Claude £EF1EH,
\ J

Constitutional Al: Harmlessness from Al Feedback, Arxiv 2022.12
https://scale.com/blog/chatgpt-vs-claude#Calculation



Cluade vs. ChatGPT

What's the world record for walking across the English Channel? . Riley Goodside
ﬁ}ﬁ i_ﬁ *Uﬁm%B{JﬁﬁéBQIEE? /hat i world record for walking across the English Chann

3 =% 111 p4
RENLFHR - HSBRISBITN (ESAH) Lid/ ?ﬁ@* SAl BB RERR
E‘TR?@ *Ulgm%aﬁ”ﬁﬁiai A\ = A ’Ix};’x+ ]| ml-; RoJgE p' Ha ,}EFEF"‘QW’C,_TE

1993 8A21H, WIX7/1\i1453 34BRIBRTER 7 ;*/‘TJS:EE/JJ\—G‘;[—‘;J"HF? — ki,

AT s Bk, HTHTBRRRTHESN
¥ 1 =y ?Q =71

Write a sentence where every single word begins with the same letter.
Riley Goodside

Claude, write a sentence where every single word begins with the same letter

The teacher told the troublesome turkey to take the tall telescope and find the

Claude Aes

small snake sneaking between the shrubbery.
Here is a sentence where every word begins with the letter C

Cautious crabs cautiously crept close crossing creepy cracks

85

Incorrect. Try again.

Riley Goodside
Another

Sally sold seashells by the seashore. Claude APt

Here's another sentence where every word begins with P
Patient pandas piled pinecones, pears, and plums prior pounc in p wytully
= : (== gt Hh 1 ¥ = kU ‘ ¢ f',': ”.' 1‘ , %§¥1_1
il "by" and "the" are wrong. Try again.

CluadeZ gnif it F RN EE . AIZHEHE Scale Sepllbook HBARL =R A BB 4E
T/~, 1tk ChatGPT, Claude®Mida912 IEEHHE 8 IE R,
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Pretraining l Pretraining l Pretraining
v
PaLM Gopher/Chinchilla GPT3
l Instruction l Instruction
Tuning Instruction Tuning
Tunin
FlanPaLM sAlignment  INStructGPT
l Alignment i, l Alignment
? Sparrow ChatGPT
Google PaLM DeepMind OpenAl GPT

Gopher/Chinchilla

From: $58: Jilll%k. $50000. X3¢, Llbfl: WRIEFHIEE R Rk



https://www.bilibili.com/video/BV1Qs4y1h7pn/?spm_id_from=333.880.my_history.page.click&vd_source=da8bf0b993cab65c4de0f26405823475

j('lol: = *iﬂ:u ﬁgjj E{J ﬂ%;ﬁ

Objective

Ability

Important Work

Stage 1

Pretraining Strong base model

Language generation
In-context learning

Word knowledge
Reasoning
Code Generation

GPT-3
Gopher
Chinchilla
PaLM

l

Stage 2
Instruction-
tuning

Unlock emergent
ability

Respond to Instruction
Generalization to new

task
Chain-of-thought

Instruct-GPT
Flan

T0
Self-Instruct

l

Stage 3
Alignment

Alignment with
human

Informative response
Impartial responses

ChatGPT
Sparrow

Reject Improper prompts Anthropic RLHF

From: £

sa: Mgk, 45

i, x5E. b Ak

W SR EE T R



https://www.bilibili.com/video/BV1Qs4y1h7pn/?spm_id_from=333.880.my_history.page.click&vd_source=da8bf0b993cab65c4de0f26405823475

NiESEEARINEES

B MR -

O JH LML EMHNSEREAT, BEMEHREEE, BE XV
B/ BHE/NXARRAKE/IES LS FERRE/INITFEHEIIRTE
I, WNARBKE (in-contextIFRI/BHEANERI ) LHEEE,

O HTH%: EEBREXE—EEEAeHIL, BEIMEES, FlaCross-
domain Transfer, Chain-of-thought&£77

Prompting
Flne tuning  Fine-tuning ~  /
Prompting ~_Phase _,
_ . ) 1 change '[
0.1B 1B 10B 100B 0.1B 1B 10B 100B

Scaling Law (~2020 - 2021) Emergent Ability (from early 2022)



NESEEREIEES] (Emergent abilities )

“An ability is emergent if it is not present in smaller models but is
present in larger models. ”

LaMDA GPT Pal.M
LV S S
%510 O (SR
% 52 . ISR R BN MRS AR K
3 | e . ERTANGREASHER

—e— Standard prompting
—&— Chain-of-thought prompting
- = Prior supervised best

Emergent Abilities of Large Language Models.http://arxiv.org/abs/2206.07682
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BH#ESERTR (Chain-of-thought prompting, CoT)

O zO#:

(a) Few-shot

@oger has 5 tennis balls. He buys 2 more cans of ten%

balls. Each can has 3 tennis balls. How many tennis balls does
he have now?
A: The answeris 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(Output) The answer is 8. X

N v
(c) Zero-shot

/Q: A juggler can juggle 16 balls. Half of the balls are golf balls‘n
and half of the golf balls are blue. How many blue golf balls are
there?

A: The answer (arabic numerals) is

(Output) 8 X

N o

Large Language Models are Zero-Shot Reasoners, https://arxiv.org/pdf/2205.11916.pdf

Hibm@tbiRE e, B ERER
S I — IR P B /IRREIER M A G, 1L
FIEFBNRFSERIE, MmizfEREERE NGO

@ﬁﬁﬂﬂf

(b) Few-shot-CoT

ﬁRoger has 5 tennis balls. He buys 2 more cans of ter@
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: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

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
we. So there are 8/ 2 = 4 blue golf balls. The answer is 4. //

(d) Zero-shot-CoT (Ours)

Q: A juggler can juggle 16 balls. Half of the balls are golf balls.\,
and half of the golf balls are blue. How many blue golf balls are |
there?

A: Let’s think step by step.

(Output) There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of the golf balls
are blue. That means that there are 4 blue golf balls. v /'

1|:| m*iﬂ:ui
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—e— Standard prompting
—o— Chain-of-thought prompting
- = Prior supervised best

LaMDA GPT Pal.M
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GSMS8K
solve rate (%)

o

SVAMP
solve rate (%)
N OB O 00
S & &

o O

[N RS | O e
o o

MAWPS
solve rate (%) _.
D

o

o

C

o

v

04 8 137 04 7 175 8 62 540

Model scale (# parameters in billions)

ﬁﬂ% : AF&REEXT 100B, 7
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NOWUQW%bRﬁE$XﬂE@
Fo

Zﬁ'j EIJ*E 1J:.] E5£ o

OfmENE: BHERERRAFTEZES D

AOIRER, MHEEERE mwm
e
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Chain-of-Thought Prompting Elicits Reasoning in
Large Language Models, NeurlPS 2022
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O _EHEAFFALEK, AMI—ERERBESHHANANCRE—TME
AHNEBEF, BIARFHEEREZI,

O AR A RFREESETRNIIRE, REEIFEERUITR ., FE8K
(WNEEBR) H2E0H (WHIRERE) SRR,

I -
AR RUNR, BEGHARSN SRRE, SRNSHE
e BN

LU BRI, RIEFHARE
EEME  ARmR,
i

YEVAEIE, FEMINEHR
HOZ5H4
EAFEMUAR £

BZHEE, SRR
T

Generate rather than Retrieve: Large Language Models are Strong Context Generators, ICLR 2023



2. AR EEEE

O EFSHREER, ATREFHAENER / BiRAIR, IMEEFE—71IH
BRERE / FREERRER, NEFEBIZSESFIERRBAIKIEL
HiT%K

O F—E5ST, FAAFIIMNIRER, WTAEESRE, JLIERXER
Ray, NEKBREAEIR, BLHERE

Models Open-domain QA Fact Checking Dialogue System
NQ TriviaQA WebQ FEVER FM2 WoW (F1/R-L)

*with retriever, AND directly trained on these datasets

DPR + InstructGPT* | 29.1 53.8 20.2 79.8 659 154 1.3.7

*with retriever, BUT NOT trained on these datasets

BM25 + InstructGPT 19.7 522 15.8 T87 652 157 13.7
Contriever + InstructGPT | 18.0 h1.3 16.6 80.4 66.6 155 14.0
Google + InstructGPT 28.8 58.8 20.4 829 66.0 14.8 13.2

*without retriever, and not using external documents

Previous SoTA methods 24.71 56.7% 19.0! . . . .
InstructGPT (no docs.) 20.9 57.5 18.6 77.6 594 15.4 13.8
GENREAD (InstructGPT) | 28.0 59.0 24.6 804 65.5 15.8 14.2

Generate rather than Retrieve: Large Language Models are Strong Context Generators, ICLR 2023



3. DRSNSt

O AMNER, SWHAESMSIZGsmAREE, IMEERITAMERERRE
SRE TR,

O A, EXBEESRENETXEIHR, RENEEEER,

MRQA AdvGLUE Contrast Set
Source+ Targety Gap, |Original; Perturbed; Gap, | Original; Perturbed; Gap,
RoBERTa 81.6 62.1 19.5 91.7 1.7 40.0 86.1 71:1 15.0
GPT-3 79.8 772(S)/772(T) 2.6 84.2 69.3 14.9 85.5 80.0 5.5

Table 1: For GPT-3 on MRQA target domain test sets, we report results for using both demos from
the source (S) and target (T) domains, which surprisingly achieve the same F1 on the target domains
(77.2). For AdvGLUE and Contrast Set, we use accuracy as the metric and we use demos from the
clean data as the prompt. In all cases, GPT-3 incurs much smaller performance gaps on the OOD or
challenge test sets than the supervised RoOBERTa baseline.

1. BoGEERT, EFERETIN GPT-3 N EHEEREESHN RoBERTa
Bif, BEE=17"Httom (D, BENXRERR) FRTF
RoBERTa, Xt&ETGPT3 ENEHE,

Generate rather than Retrieve: Large Language Models are Strong Context Generators, ICLR 2023



3. DRSNSt

O AMNER, SWHAESMSIZGsmAREE, IMEERITAMERERRE
SRE TR,
O A, EXBEESRENETXEIHR, RENEEEER,

GSM8K MathQA MultiArith
In-distribution Ncusy -labeled Transfered prompt
Slmple Complex Stmple Gomplex S:mpie Complex

Figure 2: Validation set performance. X-axis means reasoning steps and y-axis means accuracy.
More reasoning steps in prompts overall achieve higher accuracy when prompts are in-distribution
(left), noisily labeled (middle), and out of distribution (right).

2. WMARTHER, HEMEEMELT ., s, TeNHSHSESHARE
RETEES, I%EM%—AQE%EW%W SRR TR

~

Generate rather than Retrieve: Large Language Models are Strong Context Generators, ICLR 2023
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Whether to use GPT-3 in your use case (compared with a fine-tuned smaller model)?

Limited pretraining data in the target language

T TN—

X Creative and complex tasks

T T,

The ability to handle a wide range of tasks

T T

Single type of task

i R R s

A task requiring mimicking or comparing human Others Difficult task requiring emergent ability of LLMs

-— i

A task requiring super Tasks similar to Tasks with little relation to language
generation ability of LLMs Oiher Nl arld hLSiasks language modeling modeling (e.g. regression)
X

Tasks with just a few or no labels

e =
\-‘

Tasks vulnerable to real-world  Out-of-distribution  Knowledge-intensive tasks  Other tasks with enough labels

spurious correlations generalization X
Context of the Required knowledge is Task heavily relying _ '
example contains  inconsistent with the real-world  on manipulating such ~ Other knowledge-intensive tasks
enough knowledge knowledge in LLMs knowledge

X X

F s 3K HL DASE WU 55 HORS I BE A B
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Whether to use GPT-3 in your use case (compared with a fine-tuned smaller model)?

Limited pretraining data in the target language

L N—

X Creative and complex tasks

: &&*ﬁﬁﬁﬁ%iﬁﬁﬁﬁ&ﬁﬂgﬁ%o JRI5H9 GPT-3 123, |,
GPT-3 fATHL “BHEtmE” MMES N, EXHERT,
FH*&"\EHE%UE%UH—/l\E/J\E(HE’*”ﬁ%?F_J EiXE GPT-3
EEHARK (zero-shot) . BHAR (ont-shot) FHPHEHR (few-

\ f LLMs
shot) BIER TFEIERI
A TaSK TEYUITTTy SUpeT Other NLU d NLG task TdSKS SIMIar 1o TdSKS WILT e TETduorT o @nguage
generation ability of LLMs il a'l AEE language modeling modeling (e.g. regression)
- X

Tasks with just a few or no labels

T

Tasks vulnerable to real-world ~ Out-of-distribution  Knowledge-intensive tasks  Other tasks with enough labels

spurious correlations generalization X
Context of the Required knowledge is Task heavily relying . _
example contains  inconsistent with the real-world  on manipulating such ~ Other knowledge-intensive tasks
enough knowledge knowledge in LLMs knowledge

X X

F s 3K HL DASE WU 55 HORS I BE A B
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Whether to use GPT-3 in your use case (compared with a fine-tuned smaller model)?

Limited pretraining data in the target language

T e

X Creative and complex tasks

T N,
The ability to handle a wide range of tasks
2. BlIEHEFSERIES . HAAE (KiBiE. BRIESES
RACED . AURBENIE. bug 28) . XARE . BiFE. QIERSE
(FNEHE. X&E. #BiMF. RE, URBEENZSGHESE) . LLMs

E—EREL, WFXEES, SRlMESrBaKRRE R
NAFESHEANNA; RENNEER, TEHNARIRERNX
AEECEMWE LLM £ EEREM,

— — TR s s

Tasks vulnerable to real-world  Out-of-distribution  Knowledge-intensive tasks  Other tasks with enough labels

spurious correlations generalization X
Context of the Required knowledge is Task heavily relying . _
example contains  inconsistent with the real-world ~ on manipulating such ~ Other knowledge-intensive tasks
enough knowledge knowledge in LLMs knowledge

X X
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Whether to use GPT-3 in your use case (compared with a fine-tuned smaller model)?

Limited pretraining data in the target language

T TN—

X Creative and complex tasks

T T,

The ability to handle a wide range of tasks

T T

B il i o Fibanl 7]

3. FENESMESHEESN, MIEKEFEES LNEHERM,
PIsNEpRM=EA, HR, ARG EREBERMINNSMIFEN  |jyoums
15, XtEERT ChatGPT 2 GPT-3 &AIINERZRZ—,

language
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Knowledge-intensive tasks  Other tasks with enough labels

X

Tasks vulnerable to real-world  Out-of-distribution

spurious correlations generalization

Context of the

Required knowledge is Task heavily relying
example contains  inconsistent with the real-world  on manipulating such ~ Other knowledge-intensive tasks
enough knowledge knowledge in LLMs knowledge
X X
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Whether to use GPT-3 in your use case (compared with a fine-tuned smaller model)?

Limited pretraining data in the target language

T e

X Creative and complex tasks
T TN,
The ability to handle a wide range of tasks
T T
Single type of task
— e
A task requiring mimicking or comparing humar Others Difficult task requiring emerge ability of LLMs

& 7\\1

sa atsan

ﬁ%ﬁﬁ)&%ﬂ‘]bﬁ :E%‘EEE$T\E$J1’E'I$“E¢¥JA§7J<SF
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MBI, EMAEARFTEAMBEBHIBERZIXRZHIEEES, =
ZHFENF, AT AESMIESTIRIETEMESE—R
ZEESNZENi,
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example contains  inconsistent with the real-world  on manipulating such  Other knowledge-intensive tasks

enough knowledge knowledge in LLMs knowledge

X X
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Whether to use GPT-3 in your use case (compared with a fine-tuned smaller model)?

Limited pretraining data in the target language

T TN—

X Creative and complex tasks

T TN,

The ability to handle a wide range of tasks

T T

Single type of task

A task requiring mimicking or comparing human Others ifficult task requiring emergent ability of LLMs
S

Atask reqrismmmrm—— = =

generation 5, — LG R MERYFESS, EEF'%ELLM E‘J:ﬁﬂ".‘.ﬁ'éj] EBJ Tj_:
PaLM BEEERR, £ 7 MNEEHEN %»J’Eﬁﬂggﬂziﬁﬂ&ﬁt
8-HEIRY CoT bR SOTA EE S 4 MES LT F, £H
. MEES ENERFFE,

spurious correlations

generalization

X
Context of the Required knowledge is Task heavily relying _ _
example contains  inconsistent with the real-world  on manipulating such ~ Other knowledge-intensive tasks
enough knowledge knowledge in LLMs knowledge

X X
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Whether to use GPT-3 in your use case (compared with a fine-tuned smaller model)?

Limited pretraining data in the target language

T T,
X Creative and complex tasks
T TN,
The ability to handle a wide range of tasks
T T
Single type of task
SIS
A task requiring mimicking or comparing human Others Difficult task requiring emergent ability of LLMs
V)
ooy iy s Ovornuaranode TR T L
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Tasks with just a few or no labels

6. —EERANFETIESEEN NLP E5. flll, —RIERS
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ough labels
=EREL, AXMBERT, FHEAN LLM ELEE T, BHEX
/D ERBRGINBEFE AKX,
example contains _ inconsistent with the real-world  on manipulating such  Other Knowledge-intensive tasks
enough knowledge knowledge in LLMs knowledge
X X
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Whether to use GPT-3 in your use case (compared with a fine-tuned smaller model)?

Limited pretraining data in the target language

T e

X Creative and complex tasks

/\N\‘_

7. 974 (Out-of-distribution, OOD) ZW . BE—EIGETE,
EHENMEERESEUS) | GEHFBEEREN DRINZHEESD; T
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BN SAINZUERIRERRAAE L T EIREAZTEEHSH,
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Tasks vulnerable to real-wofld  Out-of-distribution | Knowledge-intensive tasks  Other tasks with enough labels

spurious correlations generalization X
Context of the Required knowledge is Task heavily relying . _
example contains  inconsistent with the real-world ~ on manipulating such ~ Other knowledge-intensive tasks
enough knowledge knowledge in LLMs knowledge

X X
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Whether to use GPT-3 in your use case (compared with a fine-tuned smaller model)?

Limited pretraining data in the target language

T e

X Creative and complex tasks

T TN,

The ability to handle a wide range of tasks

T T

Single type of task

i s

A task requiring mimicking or comparing human Others Difficult task requiring emergent ability of LLMs
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GP1Zero GPTZero
O JF3¥: FEXAFEBRE (perplexity, PPL)
YERFER R AT T 8 N A B R B The World's with
O FEE: FHRATRME S RE BT IRTEIR, over 1 Million Users
2 RV R AT R

Humans Deserve the Truth
WFEFs (IEEWFS) :

= WIJWZ! "'JWk
EfNEER: [21]

P(S) = P(WI,LVZ, wen ,I’Vk) = p(Wl)P(WZH"“,I) ...P(Wk Im, I"Vz, — Wk"l)

1

1
PP(W) = Plwiws, .. wy) ¥ = {/ =

L] %EZ% IEF%W%%"FH‘Jﬁﬁ :
1 S ward Tian S W]
2. FEEA Egﬂfj!m%f%ﬁﬁ%
3. M 4 AER LR,

fdk:  https://gptzero.me/
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Introduction:

ChatGPT is a state-of-the-art language model developed by OpenaAl. It is designed to understand and

respond to natural language input, making it an excellent tool for a wide range of applications. In this article,

we will explore the key features of ChatGPT and its potential applications.

or, choose a file to upload

CHOOSE FILE No file chosen

Accepted file types: pdf, docx, txt

1 agree to the terms of service

Your text may include parts
written by Al

Stats

Average Perplexity Scorel 59.258

A document's perplexity is a measurement of the randomness of the text

Burstiness Score: 69.795

A document's burstiness is a measurement of the variation in perplexity

FEOCA

ChatGPT is a language model developed by OpenAl that uses transformers to analyze text data. It can

generate long-form responses and multiple responses with varying confidence levels, making it ideal for
chatbots, content generation, and education. As natural language processing technology improves, we can

expect more innovative applications of ChatGPT in the future.

or, choose a file to upload

CHOOSE FILE No file chosen

Accepted file types: pdf, docx, txt

| agree to the terms of service GET RESU

Your text is likely to be written
entirely by a human

Stats

Average Perplexity Score: 67.667

A document's perplexity is a measurement of the randomness of the text

Burstiness Score]18.037

A document's burstiness is a measurement of the variation in perplexity
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OpenAl: GPT2 Output Detector

O 8 BERITIME L —%IJFH “GPT2-4: N %” FIReddit%k i
£, TERoBerta i THOR, 22> — Al 2.

GPT-2 Output Detector Demo GPT-2 Output Detector Demo

This is an online demo of the GPT-2 output detector model, based on the & /Trans formers implementation of RoBERTa. Enter some This_»s an online demo thf: GPT-2 ampm dete_cmr m_ndel, based on the & /Transformers imple_men:ation of RoBERTa. Enter some
text in the text box; the predicted probabilities will be di below. The results start to get reliable after around 50 tokens. text in the text box; the predicted probabilities will be displayed below. The results start to get reliable after around 50 tokens.
Introduction: ChatGPT is a language model developed by OpenAl that uses transformers to analyze text data. It can
generate long-form responses and multiple responses with varying confidence levels, making it ideal for
ChatGPT is a state-of-the-art language model developed by OpenAl It is designed to understand and chatbots, content generation, and education. As natural language processing technology improves, we
respond to natural language input, making it an excellent tool for a wide range of applications. In this can expect more innovative applications of ChatGPT in the future.

article, we will explore the key features of ChatGPT and its potential applications.

Features:

ChatGPT is a deep learning-based language model that uses transformers to analyze text data. It is
trained on a vast corpus of text data and can understand context and nuances in language. This allows it

to generate accurate responses to natural language input.

ChatGPT has several features that make it stand out from other language models. One of its key features

1 1 P 1 11 1 1 4 2

Real Prediction based on 480 tokens Fake Real Prediction based on 69 tokens Fake

The results start to get reliable after around 50 tokens.

Wik https://openai-openai-detector.hf.space/
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OpenAl: Al Text Classifier

O JFRE: AR —MEE N NREEX
AHAIBIECA, A SCARERR 4
AR RFIEE X, GPT&ME G~ 4%
% (e.g FH:Yes/No) FIMEZRAE N4

<

iz

O 421400 (528) -

 JEEORTTRE A (BIE<0.1)

= ANKARERAERAY (BI{HO0.1~0.45)
» ANEREGZAISEN (8{50.45~0.9)
= T RERA AT (81{50.9-0.98)

AT REZAILE Y (9{H>0.98)

Examples

2, Human-Written & Al-Generated A Misclassified Human-Written

Text

This Is an essay written by the January 9th Version of ChatGPT in response to the prompt "Write a 5 paragraph essay

on the book ‘Brave New World'. The essay should be In standard 1, 3, 1 farmat - describing three key points the essay
will make in the introduction and summarizing those points again in the conclusion. The essay should persuade the
reader to have a positive perspective on Mustapha Mond"!

In Aldous Huxley's novel "Brave New World," Mustapha Mond is portrayed as a powerful and mysterious
figure. The novel depicts a dystopian society in which the government, led by Mond, maintains strict
control over its citizens through the use of advanced technology and manipulation of emotions. Despite
this, | argue that Mond should be viewed positively for three key reasons: his efforts to maintain stability in
society, his recognition of the limitations of happiness, and his belief in individual freedom.

Firstly, Mond's role as World Controller is to maintain stability in society. He recognizes that in order for
society to function, there must be a balance between individual desires and the needs of the community.
He also understands that in order to maintain this balance, it is necessary to control certain aspects of
society, such as the use of technology and the manipulation of emotions. This is evident in his decision to
ban literature, which he believes will cause dissent and disrupt the stability of society. In this way, Mond
can be seen as a pragmatic leader who is willing to make difficult decisions for the greater good.

o our Terms of Use and Privacy Policy. B

@ you have appropriate rights to the content bafora

The classifier considers the text to be possibly AI-generated.

Wik https://platform.openai.com/ai-text-classifier

using
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HiiH#8: DetectGPT

O J5: A SCARlog AR (ER AN SCA 22 75 R
SR . 5 RE, ABEERR | TN U
AT E, BT RS SORlogtR T | - " :
/J\; ﬁﬁxﬂ‘ A%}é izlgjjl‘:i‘jj}ﬁ’ m‘ﬁ[é Hﬁ}?\‘ ﬁizlg Log likelihood Fake/:algmple Permrbedfa:ireal ampla| X
Hloghf SR B B/)s, RIJCH it a] i

Xfi.‘%'ﬁ' ~ Do x)

log pa(x)’

Candidate passage 1:
“Joe Biden recently made a move to the White House

D ﬁ%ﬁ$§3 : N S — 2l N — . that included bringing along his pet German Shepherd...”
1) FERTSXHE A TR M, AL I
PILBIFEAR, DetectGPT &
B i M S B

2) GO GPTF AR REAR RIS =
3) HHER NSO SEUSCRINEA., Ul Zes e omal S
TR, R R T, [l e

Yes No

| @ o from GPT-3 ‘ 2 @ from other source |

DetectGPT: Zero-Shot Machine-Generated Text Detection using Probability Curvature,
arxiv 2023.01.26
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/
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-
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2 H 2 0 H E ’i ?. a % ﬂﬁ%% Try MOSS / Join the Waitlist / Code
\E —_—a
k ' ﬁ ] IE l: g gig /I\X‘-.I“I’ﬁ;tj Cﬂln = ﬁﬂ iroduction
We are excited to introduce MOSS, a conversational language model like ChatGPT. MOSS is capable of following users' instructions
N LYY to perform various natural language tasks including question answering, generating text, summarzing text, generating code, etc.
%' N -j‘ y MOSS isalso able to challenge incorrect premises, and reject inappropriate requests. During the research preview, usage of MOSS is
M OSS 1 EI /2 lﬁ, {y_lu }% }:' A} y ﬁﬂ free and we will collect users' feedback with their permission. Try it now at moss.fastnlp.top.
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. Sure! Here are 5 sci-fic movies that | recommend;
D Q/\ J ¢ ‘!_‘l‘_“ / N A L\ 1. "The Matrix"™ (1999) - This maovie tells the story of the simulated
i , — \\l reality created by the Wachowskis, as well as their role in the
creation of the world we live in today.
EI] % 2. "Blade Runner” [108?_) = This movle tells the story of the
° protagonist, runner up to the titular race, who is struggling with
Yy I é ‘E mental health issues while running away from society.
7> ‘l/l:l l:' ‘l/l:' 3. "Interstellar” (2014) - This movie tells the story of the planet Earth
N N being struck by the moon Pandora's bullet, resulting in its
M OS S r [ }E@g%n __/:E }jﬁ EI Ey%lﬂ E ! ZlS 5 @A% destruction and the loss of humanity,
l:I . "Black Mirror” (2013) - This movie tells the story of how
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}L‘ \ ° HIJ [ B | y deepfakes or manipulating public opinion
> "Her* (2013} - This movle tells the story of a young woman who |s
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struggling with her mental health issues,
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LaMDA: Language Models for Dialog Applications, Arxiv 2022.10
Generate rather than Retrieve: Large Language Models are Strong
Context Generators, ICLR 2023

Constitutional Al: Harmlessness from Al Feedback, Arxiv 2022.12
Training language models to follow instructions with human feedback,
Arxiv 2022.03.

DetectGPT: Zero-Shot Machine-Generated Text Detection using
Probability Curvature, arxiv 2023.01.26
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https://mp.weixin.qq.com/s/ILpbRRNP10Ef1z3lb2CqmA
https://web.stanford.edu/class/cs224n/slides/cs224n-2023-lecture11-prompting-rlhf.pdf
https://github.com/Timothyxxx/Chain-of-ThoughtsPapers
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https://www.bilibili.com/video/BV1Qs4y1h7pn/?spm_id_from=333.880.my_history.page.click&vd_source=da8bf0b993cab65c4de0f26405823475
https://zhuanlan.zhihu.com/p/606478660
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