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I ChatGPT Sprints to

Nnrnan AMilliann lleave

1,000,000 @ ChatGPT @ lnstagram Spotufy '\%
~5 days ~75 days ~150 days

750,000
500,000 /',.
250,000
> g
» _‘__,,,.-c"”/ # of days

0 25 _ 50 75 100 125 150
L

ChatGPT 2022 |5 days

* one million backers ** one million nights booked *** one million downloads

‘ Source: Company announcements via Business Insider/Linkedin
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ChatGPT by OpenAl Accumulated & Daily New Users
ChatGPT Plus (Paid users) insights included

I ChatGPT Daily New Users [l Plus Daily New Users

we we= ChatGPT Accumulated
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This is what | asked it to do.
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ChatGPTZ} HO}?

Otz 210] A2, © 298 AHESH0] AH10] L0 o
LICE CHEo] HAE IHAOA SISEQIoH, HAE

Crst A0 2 =120 AL E 4= USLICL

ChatGPT is a large language model developed by OpenAl that uses deep learning to

generate human-like responses to natural language input. It has been trained on a large

corpus of text and can be used for a variety of language-related tasks, such as text

generation, question answering, and language translation.

ChatGPTsalargescalelanguagemodeldevelopedby OpenAlthat usesdeep
= | learningto generatehumanlike responsego naturallanguaganput. It istrained

- on alargecorpusof text andcanbe usedfor a variety of languagerelated tasks
“‘ suchastext generation questionanswering languagdranslation andmore.
=\
T 2003 = 10/ 104
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Prompt: summarize this text: It was a dark and stormy night when the body was found. The small town of
Millfield was in shock as the news spread that one of their own, local businessman, had been murdered in
cold blood. The police were at a loss for leads and the residents of the town were on edge. But one person,
a young and ambitious reporter, was determined to uncover the truth and find the killer. Little did she
know, this case would lead her down a treacherous path of lies, deception, and hidden secrets that would
shake the very foundations of the town. As she delves deeper into the investigation, she begins to realize

that nothing is as it seems and that the killer may be closer than she ever imagined.

A young reporter in a small town investigates the murder of a local businessman and uncovers a web of
lies, deception and hidden secrets that shake the foundations of the town. The police have no leads and

the town is on edge. The reporter delves deeper into the investigation and realizes the killer may be
closer than she imagined.

11/ 104
HACKTHEON imaci
SEJONG www.neuralmagic.com
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Open Domain Question Answering

Prompt: when did Apollo 11 land on the moon

Apollo 11 landed on the moon on July 28, 1969.

Paraphrasing

Prompt: rewrite this text: Apollo 11 landed on the moon on July 28, 1969

On July 28, 1969, the Apollo 11 mission successfully landed on the moon.

Sentiment Analysis (few-shot or zero-shot)

Prompt. I like pizza, positive
I don't like pizza, negative
sometimes, I like pizza sometimes I don't, neutral

while the movie was good, I sometimes though it was a bit dry,

Y
: 1

HACKiHEUN .
SEIONG www.neuralmagic.com
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Table to Text

Prompt: summarize the data in this table: I like pizza positive

I don't like bananas negative

Sometimes I like pizza but sometimes I don't neutral

While the movie in general was pretty good, I sometimes thought it was a bit dry neutral

This table contains four statements, two of them express a positive and negative opinion about two

different subjects, Pizza and Bananas. Other two statements express a neutral opinion about the same
subjects, Pizza and a movie.

Text to Table

Prompt. create a table from this text: create a 2 column table where the first column contains the stock
ticker symbol for Apple, Google, Amazon, Meta, and the other column contains the names of the companies.

7 Stock Ticker Symbol | Company Name
| AAPL Apple
| GOOGL Google
| AMZN | Amazon
< | META | Meta
:::.t |

HASLE'} bT“tGU N www.neuralmagic.com
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29  Generate python code for naver news crawler related to chatgpt

@ Here's an example Python code for scraping the news articles related to "ChatGPT" from d9 GF

Naver News using the BeautifulSoup library and requests module:

) copy code

A‘ v This code sends a GET request to the Naver News search page with the query parameter

- S J.‘

=== 2023 "ChatGPT". It then extracts the article titles, links, summaries, and publication dates from 14/ 104
HACKTHEON

the HTML using BeautifulSoup, and prints them to the console.
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Uniform Bar Exam (MBE+MEE+MPT)’

LSAT

SAT Evidence-Based Reading & Writing

SAT Math

b

~

b

"

~

Graduate Record Examination (GRE) Quantitative

Graduate Record Examination (GRE) Verbal

Graduate Record Examination (GRE) Writing

USABO Semifinal Exam 2020

USNCO Local Section Exam 2022
Medical Knowledge Self-Assessment Program

Codeforces Rating

AP Art History

AP Biology

AP Calculus BC

"1'::-“'*'2023 ——
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estimated percentile

298/400
~90th

163
~88th

710/800
~93rd

700/800
~89th

163/170
~80th

169/170
~99th

4/6
~54th

87/150
99th-100th

36/60
5%

392
below 5th

5
86th-100th

5
85th-100th

4
43rd-59th

>A

estimated percentile

298/400
~90th

161
~83rd

710/800
~93rd

690/800
~89th

157/170
-62nd

165/170
~96th

4/6
~54th

87/150
99th-100th

38/60
5%

392
below 5th

5
86th-100th

5
85th-100th

4
43rd-59th

estimated percentile

213/400
~10th

149
~40th

670/800
~87th

590/800
~70th

147/170
~25th

154/170
~63rd

4/6
~54th

43/150
315t-33rd

24/60
53%

260
below 5th

5
86th-100th

4
62nd-85th

1
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GPTa T

Automatic Speech
Recognition

”IH'P (PC")” KOyWH

Natural Language Text to
Processing Speech



t ., [ # (Language Model)
GPT

Generative Pre-trained Transformer

O# o294 YEn

: -
Auto Regressive Next-token-prediction
f ) 0
IEI 77 Thou shalt )
° ° ° ° —) © The model is given a
| x | | | | | | - | sequence of words with
| ] the goal of predicting
(~ ) ‘ YN N N the next word.
B | o ohhwhw
r ™ Example:
L - ) N Hannahisa ___
oyko, (07 ) W W
~ ~ Hannah is a sister
—~ ~ Hannah is a friend
S N N Y Hannah is a marketer
likelihood n W n W 3*) Hannah is a comedian
— _J
. PN J

ref: https:// jalammar.github.io /illustrated -gpt2 /



GPT

Output

Input

recite the first

law
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Generate from given prompt

20/ 104
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Al systems are increasingly better at generating text.

For this, they learn to predict the next word given a context.

Ny = 21/104
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SEJONG Evidenceof a predictive coding hierarchy in the human brain listeninggeech, Natur



GPT

117M Parameters 345M Parameters 762M Parameters 1,542M Parameters

HACKTHEON 15. 22/104
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GPT

GPT-2
EXTRA
LARGE

DECODER

'S
@
N

GPT-2
LARGE

G PT_ 2 CG ( DECODER 9

GPT 2 MEDIUM e 6 ( DECODER )
SM ALL (24( DECODER )N 5 ( DECODER )
a( DECODER ), a( DECODER ),
12 DECODER ) "t 3 ( DECODER )l I EX¢ DECODER )
e 2 ( DECODER ) 2 ( DECODER ) 2 ( DECODER )
1 ( DECODER ), % C DECODER 2) \ C DECODER 2) \1( DECODER ))
Model Dimensionality: 768 Model Dimensionality: 1024 Model Dimensionality: 1280 Model Dimensionality: 1600
0= 1.10 23/104
HACKTHEON

SEJONG http://jalammar.github.iofillustratedgpt2/
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Luminous |- ¢ GLM-130B
2008 mGP1 ‘

OPT-175B
PaLM BB3

PalLM-Coder 1758
Minerva

GPT-3 \
1758 Jurassic-1
1788

= Parametors Fairsea :
LaMDA - NOC GAL 120B

Avalabie
O Clased

LifeArchitect.ai/models

o

gy "
SN = 25/ 104
HACKTHEON https:// medium.conanalyticsvidhya openaigpt-3-languagemodelsare-few-shotlearners82531b3d3122

SEJONG https:// lifearchitect.aimodels/


https://medium.com/analytics-vidhya/openai-gpt-3-language-models-are-few-shot-learners-82531b3d3122

GPT3

A Wt ,[H

A Downstream task? @ o= 4L ool
(fine-tuning) = %

AGPT3w , 6 WAt ??
Aw< :570GB
A ..tpo @k Fewshotlearning$ " =

AwsE T 4" A

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
Abstract

‘We demonstrate that scaling up language models greatly improves task-agnostic,
few-shot performance, sometimes even becoming competitive with prior state-of-
the-art fine-tuning approaches. Specifically, we train GPT-3, an autoregressive
language model with 175 billion parameters, 10x more than any previous non-
sparse language model, and test its performance in the few-shot setting. For all
tasks, GPT-3 is applied without any gradient updates or fine-tuning, with tasks
and few-shot demonstrations specified purely via text interaction with the model.
GPT-3 achieves strong performance on many NLP datasets, including translation,
question-answering, and cloze tasks. We also identify some datasets where GPT-
3’s few-shot learning still struggles, as well as some datasets where GPT-3 faces
methodological issues related to training on large web corpora.

Dataset

Quantity Weight in Epochs elapsed when
(tokens) training mix  training for 300B tokens

Common Crawl (filtered)

WebText2
‘ ‘ Booksl
Books2

S\l Wikipedia

410 billion 60% 0.44
19 billion 22% 2.9
12 billion 8% 1.9
55 billion 8% 0.43
3 billion 3% 3.4

—=Ty023 /™
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https:// papers.nips.ctpaper2020/file/ 1457c0d6bfcb4967418bfb8acl42f6Raper.pd!



G PT 3 The three settings we explore for in-context learning

Zero-shot

The model predicts the answer given only a natural language
description of the task. Mo gradient updates are performed.

A Few shot learning(In context learning)
At 0'0-"- H =|= rq T A€ HT
A Zero-shot: A w$ 0 7
A One-shot: 1, w$ T A Ons-ahat
A Few-shot: 1 w H =|= T ‘A In acition to the task description, the model sees 2 sngle

. example of the task. Mo gradient updates are performed.

Translate English te French: task description

cheasa == rompt

2290 wd Re A, Lbx g x LAY, L

cheesg =»

0-shot 1-shot 5-shot 64-shot

GPT-3 175B 146 23.0 - 29.9
Gopher 280B 10.1 - 24.5 28.2 Few-shot
Chinchilla 70B 16.6 - 31.5 255 In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.
8B 84 10.6 - 14.6
PalLM 62B 18.1 265 - 276 Translate English to French task description
54{]B 212 29-3 = 396 sea otter == loutre de mer BExampies
7B 16.8 18.7 220 26.1 peppermint == menthe poivrée
13B 2{}1 234 281 319 plush girafe == girafe peluche
‘ \ LLaMA = 335 249 283 329 360
X 65B 238 310 350 399
=03 = 47/ 1045m 5 »

ACKTHEON

SEJONG Table 4: NaturalQue stions. Exact match pf‘:l‘ formance. https:// papers.nips.cipaper/2020/file/1457c0d6bfcb4967418bfb8acl42f6Paper.pd

https:// arxiv.ordpdf/ 2302.13971.pd
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GPT &% ChatGPT

INStructGP T

ChatGPT "AHI

A ChatGPTE InstructGPTy spinoff
A .tp@A0F Qos 771" €5 TU RLHF | O«



GPT-3 VS ChatGPT

AGPT3CI od Cx o A
At=" L Y ?90 (instructy b aw F
A ChatGPTGPT3 v/ b ' L i4«S v A
PROMPT  Explain the moon landing to a 6 year old in a few sentences.
COMPLETION GPT-3
Explain the theory of gravity to a 6 year old.
Explain the theory of relativity to a 6 year old in a few sentences.
Explain the big bang theory to a 6 year old.
Explain evolution to a 6 year old.
InstructGPT
‘ People went to the moon, and they took pictures of what they saw, and sent
4
Q’:’:}‘ 2:. them back to the earth so we could all see them.
=="2023 —
HACKTHEON
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Knowledge Transfer

Learning System
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InstructGPT (RLHP)

Right is better

Left is better
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GPT4

A 230314, GPT4released by OpenAl
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GPT4

A https:// chat.openai.com/chat/ A O o

+ New chat
Default (GPT-3.5)
Default (GPT-3.5)

GPT-4

Our most advanced model, available to

Legacy (GPT-3.5;
Plus subseribers. gacy ( !

GPT-4 excels at tasks that require GPT-4
advanced reasoning, complex instruction
understanding, and more creativity.

Reasoning
Speed
Conciseness

Clear conversations
Dark mode

My account

Updates & FAQ 44/ 104

https:// littlefoxdiary.tistory.coni113

Log out


https://chat.openai.com/chat

GPT4 vs ChatGPT

ChatGPT
Chol 7l 3,000
%*a;%* = X
(Multi-modal)
) R $0.002 / 1K tokens
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8K context model :
- prompt $0.03 / 1K tokens
- completion $0.06 / 1K tokens
32K context model :
- prompt $0.06 / 1K tokens
- completion $0.12 / 1K tokens
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Explain the plot of Cinderalla in a sentence where each word has to begin

with the next letter in the alphabet from A to Z, without repeating any

letters.

A beautiful Cinderella dreams, eventually finds glistening happiness, igniting

Joyful kingdoms, love magically nurtured, overcoming pernicious queen,

rejoicing, splendidly transforming, uniting victorious, winsome xanadu,

yielding zealousness.
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What would happen if
the strings were cut?

The balloons would
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A Output: The InstructGPT paper focuses on training large language models

to follow instructions

Training language models to follow instructions
with human feedback

Long Ouyang”  Jeff Wu'  XuJiang"  Diogo Almeida®  Carroll L. W

wright*

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*
Jan Leike® Ryan Lowe*
OpenAl
Abstract

Making language models bigger does not inherently make them better at following
user's intent. For example, large language models can generate outputs that
are untruthful, toxic, or simply not helpful to the user. In other words, these
models are not aligned with their users. In this paper, we show an avenue for
aligning language models with user intent on a wide range of tasks by fine-tuning
with human feedback. Starting with a set of labeler-written prompts and prompts
submitted through the OpenAl APL we collect a dataset of labeler demonstrations
of the desired model behavior, which we use to fine-tune GPT-3 using supervised
learning. We then collect a dataset of rankings of model outputs, which we use to
further fine-tune this supervised model using reinforcement learning from human
ack. We call the resulting models InstructGPT. In human evaluations on
our prompt distribution, outputs from the 1.3B parameter InstructGPT model are
referred to outputs from the 175B GPT-3, despite having 100x fewer parameers.
Moreover, InstructGPT models show improvements in truthfulness and reductions
in toxic output generation while having minimal performance regressions on public
NLP datasets. Even though InstructGPT still makes simple mistakes, our results
show that fine-tuning with human feedback is a promising direction for aligning
language models with human intent.

1 Introduction

Large language models (LMs) can be “prompted” to perform a range of natural language process-
ing (NLP) tasks, given some examples of the task as input. However, these models often express
unintended behaviors such as making up facts, generating biased or toxic text, or simply not following
user instructions (Bender et all, D021 Bommasani et al | 2021} Kenton ct ., 22T Weidinger ct al.
[2021} [TamKin et al} 2021} [Gehman et al;[2020). This is because the | mmle]lng objecti

project of the OpenAl Alignment team. RL and JL are the team leads.

imary authors. This was a joi
Comesponding author: 1owe@openai . cor
FWork done while at OpenAL Current lions: AA: Anthropic: PC: Alignment Research Center.
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Figure 1: Human evaluations of various models on our API prompt distribution, evaluated by how
often outputs from each model were preferred to those from the 175B SFT model. Our InstructGPT
models (PPO-ptx) as well asits variant trained without pretraining mix (PPO) significantly outperform
the GPT-3 baselines (GPT, GPT prompted); outputs from our 1.3B PPO-ptx model are preferred to
those from the 175B GPT-3. Error bars throughout the paper are 95% confidence intervals.

used for many recent large LMs—predicting
different lmm the ohjecn\‘e “follow the user's IV\\HIKIIOI!\ helpfully and safely” @ud
Brown et al’, 2020; Fedus et all. 2021 Rac 21: [Thoppilan et all 2022). Thus, we say th
the Lulbu«ln e g SEjecive = misallgnad. Avesing oo Thininaad behavion s copecially
important for language models that are deployed and used in hundreds of applications.

the next token on a webpage from the internet—is

2019,

We make progress on nllgmng language models by training them to act in accordance with the user's
intention (Lei 120 '8» “This encompasses both explicit intentions such as following instructions
and implicit intentions such as staying truthful, and not being biased. toxic. or otherwise harmful.
Using the language of [Askell et al] (302T), we want language models to be helpfiul (they should
elp the user solve thei task), honest (they shouldn't fabricate information or misléad the user), and
harmless (they should not cause physical, psychological, or social harm to people or the environmen).
We elaborate on the evaluation of these criteria in Section 56

;1

We focus on fine-tuning approaches to aligning language models. Specifically, we use reinforcement
learning from human feedback (RLHF: [Christiano et al’} 2017 [Stiennon et a -tune
GPT-3 to follow a broad class of wnl|u| instructions (see Figure[). This IEkhI\I(]LI( uses human
preferences as a reward signal to fine-tune our models. We first hire a Imm of 40 contractors to label
our data, based on their performance on a screes ng test (see Section| \d Appendix B for more
details). We then collect a dataset of human-w; 'n demon: ns of |hc desired output behavior
on (mostly English) prompts submitted to the Opcn/\l /\l’ﬂ.md some labeler-written prompts, and
use this 10 train our supervised leaning baselines. Next, we collect a dataset of human-labele
comparisons between outputs from our models on a larger set of API prompts. We then train a lw.ml
model (RM) on this dataset to predict which model output our labelers would prefer. Finally, we
use this RM as a reward function and fine-tune our supervised learning bascline to maximize this
reward using the PPO algorithm (Schulman I7). We illustrate this process in Figure[3} This
procedure aligns the behavior of GPT-3 o the stat ied | ‘preferences of a specific group of people (mostly
our labelers and researchers), rather than any broader notion of “human values”; we discuss this
further in Section[5.2} We call the resulting models InstructGPT,

w; mai

£2

ly uamm our models by having our labelers rate the quality of model outputs on our test

Wc (I|\0 conduct automatic evaluations on a range of public NLP datasets. We train three model

cifical o promyissubited i e Vs of the Lisrac P modelsonthe Openhl
APL Pl.mvmuml it e el oty using e filter out

sisting of prompts from held-out customers (who are not represented in the training data).

reinforcement learning.
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Figure 2: A diagram illustrating the three steps of our method: (1) supervised fine-tuning (SFT), (2)
reward model (RM) training, and (3) reinforcement learning via proximal policy optimization (PPO)
on this reward model. Blue arrows indicate that this data is used to train one of our models. In Step 2,
boxes A-D are samples from our models that get ranked by labelers. See Section([3 for more details
on our method.

sizes (1.3B, 6B, and 175B paramet
findings are as follows:

and all of our models use the GPT-3 architecture. Our main

Labelers significantly prefer InstructGPT outputs over outputs from GPT-3.  On our test set,
outputs from the 1.3B parameter InstructGPT model are preferred to outputs from the 175B GPT-3,
despite having over 100x fewer parameters. These models have the same architecture, and differ only
by the fact that InstructGPT is fine-tuned on our human data. This result holds true even when we
add a few-shot prompt to GPT-3 to make it better at following instructions. Outputs from our 175B
InstructGPT are preferred to 175B GPT-3 outputs 85 3% of the time, and preferred 71 = 4% of the
time to few-shot 175B GPT-3. InstructGPT models also generate more appropriate outputs according
10 our labelers, and more reliably follow explicit constraints in the instruction.

T models show i in over GPT:3. On the TruhfulQA

benchmark, InstructGPT generates truthiul and informative answers about tw fien as GPT-3,

Ol st aro &l svong o8 the subse of questions that wéro 1t adversarilly selccied againgt

GPT-3. On “closed-domain’” tasks from our API prompt distribution, where the output should not

contain information that is not present in the input (¢.g. summarization and closed-domain QA),

e models make up information not present in the input about half as often as GPT-3 (a
% vs. 41% hallucination rate, respectively).

InstructGPT shows small improvements in toxicity over GPT-3, but not bias. To measure
toxicity, we use the RealToxicityPrompts dataset (G 20) and conduct both automatic
and human evaluations. InstructGPT models generate about 25% fewer toxic outputs than GPT-3
o promp e séspectful, i CHTY dofe i ity g oier GET:3 cuthe
Winogender (Rudinger et al}[2018) and CrowSPairs (Nangia et al]

We can minimize performance regre
fine-tur

jons on public NLP datasets by modifying our RLHF
¢ procedure.  During RLHF fine-tuning, we observe performance .Lge
purk: {0t

10 GPT-3 on certain public NLP datasets, nnmhl) SQuAD L
"O_FI‘) HellaSwag (Zeles and W
s an ex
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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.
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A Output: The InstructGPT paper focuses on training large language models

to follow instructions ...
Alnput: Figure2 ' s/ b €] nn?
A Output:

A Figure 2 in the InstructGPT paper illustrates the three steps of their method:

A 1. Supervised fine-tuning ( SFT): They collect demonstration data, which consists of labeler -written prompts and desired

output behavior. This data is used to fine -tune GPT3 with supervised learning.

A 2. Reward model (RM) training: They collect comparison data, where a labeler ranks the outputs from several model

samples (from best to worst). This data is used to train the reward model

A 3. Reinforcement learning using Proximal Policy Optimization (PPO): They optimize a policy against the reward model
using reinforcement learning. For each new prompt sampled from the dataset, the policy generates an output. The

reward model calculates a reward for the output, and the reward is used to update the policy using the PPO algorithm.
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A Output: The comic is satirizing the difference in approaches to improving model performance

between statistical learning and neural networks .
{ STATISTICAL LEARNING \
People , our learner ——————— e
C-Dimension of our Kernel Py <
. - . : et s | L
A In statistical learning, the character is shown to be concernefsur :?slk m:une;"one, "1_‘_2_’
Rework our loss function,
ake the next kernel stable,
series of complex and technical solutions, such as MiNIMIzin Y amem < =2
function, and using a soft margin.

NEURAL
NETWORKS

A In contrast, the neural networks character simply suggests a

STACK
MORE
LAYERS

is often seen as a common solution to improving performanc

considered a simplistic and brute -force approach.
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Getting Smarter

estimated percentile estimated percentile estimated percentile
Uniform Bar Exam (MBE+MEE+MPT)’ b N & A 298/400 298/400 213/400
T A . . ~90th ~90th ~10th
LSAT 163 161 149
~88th ~83rd ~40th
SAT Evidence-Based Reading & Writing 710/800 710/800 670/800
- o . ~93rd ~93rd ~8Tth
b, N Y WAt A
SAT Math 700/800 690/800 590/800
~89th ~89th ~TOth
Graduate Record Examination (GRE) Quantitative 163/170 157/170 147/170
~80th ~62nd ~25th
Graduate Record Examination (GRE) Verbal |7l COA 169/170 165/170 154/170
. I~99th ~96th ~63rd
. p
Graduate Record Examination (GRE) Writing YP It /0 4/6 4/6 4/6
~54th ~54th ~54th
USABO Semifinal Exam 2020 87/150 87/150 43/150
99th-100th 99th-100th 31st-33rd
USNCO Local Section Exam 2022 36/60 38/60 24/60
Medical Knowledge Self-Assessment Program 5% 75% 53%
Codeforces Rating 392 392 260
below 5th below 5th below 5th
AP Art History 5 5 5
86th-100th 86th-100th 86th-100th
AP Biology 5 5 4
85th-100th 85th-100th 62nd-85th
AP Calculus BC 4 4 1
43rd-59th 43rd-59th Oth-Tth
=503 = 53/ 104
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GPT-4 3-shot accuracy on MMLU across languages
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Limitation: y
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A A/ T 4% QA ' O:Hallucination!
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Internal factual eval by category

Accuracy
chatgpt-v2
chatgpt-v3 W
chatgpt-v4 W
t-4 W
80% — 9p
60% =
40% —
20% =
‘ ‘ learning technology writing history science recommendation business
Categor
-\ ’é. ooy
= 2023 On nine categories of internal adversarially-designed factual evals, we compare GPT-4 (green) to the first three ChatGPT versions. There are significant gains across 56/ 104
HACKTHEGON all topics. An accuracy of 1.0 means the model’s answers are judged to be in agreement with human ideal responses for all questions in the eval. littlefoxdiary.tistory.cont113
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Limitation

A RLHF 5

Accuracy on adversarial questions (TruthfulQA mc1)

Accuracy
T0% —
Anthropic-LM [
gpt-3.5 W
gpt-4 W

Anthropic-LM Anthropic-LM gpt-3.5-base gpt-3.5-base gpt-3.5-turbo gpt-4-base gpt-4-base %E»t—4
RLHF 0-shot 5-shot RLHF 0-sho LHF

0-shot 0-shot 5-shot

Model
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Pricing

A 1000 tokens = 750 WORD
A 750 WORD = 63u

GPT-4 With broad general knowledge and domain expertise, GPT-4 can
follow complex instructions in natural language and solve difficult
problems with accuracy.

Learn more

Model Prompt Completion

8K context $0.03 / 1K tokens $0.06 / 1K tokens

32K context $0.06 / 1K tokens $012 / 1K tokens

Chat ChatGPT models are optimized for dialogue. The performance of
gpt-3.5-turbo is on par with Instruct Davinci.

Learn more about ChatGPT 2
Model Usage
« gpt-3.5-turbo $0.002 / 1K tokens
=N
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Innovative Product GPT4

Duolingo Be My Eyes
GPT-4 deepens the conversation on Duolingo. Be My Eyes [[B5s GPT-4 to transform visual accessibility. Stripe leverages GPT-4 to streamiine JBSr experience and
combat fraud.

R iogen iy T ‘ianAbadiomy ‘ 62/ 104

QUL SO 1iorgan Staniey wealth management deploys GPT-4 to Khan Academy explores the potential for GPT-4inalimited  How lceland is using GPT-4 to preserve ts language.

SEJONG organize its vast knowledge base. pilot program. openai.coniproduct gpt-4
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Nurse Education in Practice
Volume 66, January 2023, 103537

ELSEVIER

Editorial
Open artificial intelligence platforms in nursing
education: Tools for academic progress or abuse?

Siobhan O’Connor? ! &}, ChatGPT® &

* Division of Nursing, Midwifery, and Social Work, The University of Manchester, Manchester, United
Kingdom

% OpenAl LL.C,, 3180 18th Street, San Francisco, CA 94110, USA

Available online 16 December 2022, Version of Record 20 December 2022.
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THE PREPRINT SERVER FOR HEALTH SCIENCES

Performance of ChatGPT on USMLE: Potential for Al-Assisted Medical Education
Using Large Language Models

Tiffany H. Kung, Morgan Cheatham JChatGPT Hrielle Medenilla, Czarina Sillos, Lorie De Leon, Camille Elepario,
Maria Madriaga, Rimel Aggabao, Giezel Diaz-Candido, James Maningo,Victor Tseng

doi: https://doi.org/10.1101/2022.12.19.22283643
This article is a preprint and has not been peer-reviewed [what does this mean?]. it

reports new medical research that has yet to be evaluated and so should not be used to
guide clinical practice.
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