P
HERRAIDE =0T HEA /NI NEESH RN TEL RS

AN L —— AN Mick Etoh
Kﬂgj% EF:E\ Professor, CEO, Program Director at
— ] B LN T T 26 s . 0z Japan Science & Technology Agency
ANRAKRE FSENFERAFTEE Y

IR (JST) CRESTA TAIREABISHATE
IR A B AT S RS

//31/2023
@mickbean
https://www.linkedin.com/in/micketoh/




A Survey of Large Language Models

Wayne Xin Zhao, Kun Zhou*, Junyi Li*, Tianyi Tang, Xiaolei Wang, Yupeng Hou, Yingqian 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 1850s, humans have explored the mastering of language Intelligence
by machine. Language is essentially a complex, intricate system of human expressions governed by grammabcal rules. It poses a
significant challenge to develop capable artificial imelligence (Al) algorithms for comprehending and grasping a language. As a major
approach, language modelng has been widely studied for language understanding and generation In the past two decades, evolving
from statstical language models 1o neural language models. Recently, pre-traned language models (PLMs) have been proposed by pre-
training Transformer models over large-scale corpora, showing strong capabillities in solving vanous natural language processing (NLP)
lasks. Since the researchers have found that mode! scaling can lead 10 an improved model capacity, they further investigate the scaling
effect by mcreasing 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 abilties (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 entre 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, utiization, and capacty evaluation, Besides, we also
summarze the avallable resources for developing LLMs and discuss the remaining issues for future drections. This survey provides an
up-to-date review of the literature on LLMs, which can be a useful resource for both researchers and engineers.
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HOW LONG IT TOOK TOP APPS
TO HIT T00M MONTHLY USERS

ChatGPT is estimated to have hit 100M users in January, 2 months after it's launch.
Here's how long it took other top apps to reach that:

APP MONTHS TO REACH 100M GLOBAL MAUS
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Fig. 1. A timeline of existing large language models (having a size larger than 10B) in recent years. We mark the open-source LLMs in yellow color

Zhao, Wayne Xin, et al. "A survey of large language models." arXiv preprint arXiv:2303.18223 (2023).
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Fine-tuning

REAEE

EEHDS

Prompt
Engineering
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RLHF

Reinforcement Learning
from Human Feedback

REBEE

Getting The Most Out Of Large Language Models: Tune, Prompt, Reward

What

Entails taking a pre-trained language

model and further training it on a specific

& smaller dataset that is specific to the task
at hand. This is typically done by updating
the weights of the model's last layer or layers
while leaving the rest of the model static.

o
3

Involves designing natural
language prompts or
instructions that can guide

a language model to perform  ————

oo D)
a specific task. S——

=T LI TS BEF NS B =

How

During fine-tuning, a pre-trained model is
loaded into memory and its weights are
frozen. A smaller dataset relevant to the task
at hand is loaded, and the pre-trained model
is adjusted by tuning its weights. The model
is typically trained for several epochs until

the desired level of accuracy is reached.

-’:’O O

Select & arrange the words in a prompt or
query to elicit a specific response from the
model. Top-notch prompt engineers conduct
experiments, systematically record their

findings, and refine their prompts to identify

essential components.

% Le

EREEOENWEBETILEERT AICIEF+57

Reinforcement Learning from Human
Feedback (RLHF) involves training a model
by receiving feedback from human

é?

The model is first trained on a dataset to
establish a baseline level of performance.
The model then generates a response to a
prompt or query that is evaluated by a human.

Feedback from the human evaluator is utilized

to update the model's weights so that it can

generate more accurate responses

in the future.

When

The fine-tuning process is normally used
when the task or domain is well-defined, and
there is sufficient labeled data available to
train on. If you have a large dataset and a
specific task in mind, fine-tuning a language
model is likely to be the most effective

approach. @

Best suited for tasks requiring a high level of
precision and well-defined outputs. Prompt
engineering can be used to craft a query that
elicits a desired output. In some cases,
prompt engineering can be used to improve
the performance of a fine-tuned model by
providing more guidance to the model during

inference. @

RLHF is ideally suited when the task requires
a high level of accuracy and the model needs
to be trained on a wide variety of inputs.
RLHF is particularly useful when there is

very limited data that can be used to train
the model, since the model can be trained

on a wide range of inputs through Z

human feedback.
fa—

ARHVERRE

ChatGPT. Google®Bard. Anthropic®Claude. DeepMind®D SparrowZs

EDiL.

1ET L DMEREIZILLfE.

Source: https://gradientflow.com/lim-triad-tune-prompt-reward/




BHFEaXk
MEEDOORX $540 M in 2022

B AR
Running Cost $70,0000/Day

$0.01/response

HARE : instructGPT 34

Q

LLM
Development

Microsoft

655 Employee

total funding
$11B

Generative
Al per se

SaaS
License

Direct via Web
Microsoft

Enterprise
DX

OPEX: $255M
CAPEX: $400M?

$88.7M per year.(2022)

Source: https://www.businessinsider.com/openai-2022-

losses-hit-540-million-as-chatgpt-costs-soared-2023-5

BEATLLMZR ISV FNoRETTEDAMIEE0ALLELESD,

https://growjo.com/company/OpenAl
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Source:Chelsy Ma Al/ML | Education | Solutions Architect @ AWS
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If there are no children at the bus

stop, contact the school and
parents to ensure the safety of the
children. If necessary, proceed to
the next location or the school.
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Fig. 2. Ratios of various data sources in the pre-training data for existing LLMSs.
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Zhao, Wayne Xin, et al. "A survey of large language models." arXiv preprint arXiv:2303.18223 (2023).
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Pace of Commerce will Increase by 10x

Al will fouch every function of every company in every industry
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Al is a journey: PERVASIVE Al
Invest in a foundation for the future
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Generative Al could deliver significant value when deployed in some use cases
across a selection of top industries.

Selected examples of key use cases for main functional

value drivers (nonexhaustive)

Total value
potential
per industry,
$ hillion (%
of industry
revenue)
Banking 200—-340
(3—5%)
Retail 400-660
and (1-2%)
consumer
packaged
goods?
Pharma 60—-110
and (3—5%)
medical
products

Value
potential,
as % of
operating
profits!

9-15

2744

15-25

Product R&D,
software
engineering

M [ egacy code
conversion

Optimize migration
of legacy
frameworks with
natural-language
translation
capabilities

B Consumer research

Accelerate consumer
research by testing
scenarios, and
enhance customer
targeting by creating
“synthetic customers”
to practice with

W Research and
drug discovery

Accelerate the
selection of proteins
and molecules best
suited as candidates
for new drug

Customer
operations

B Customer
emergency
interactive voice
response (IVR)

Partially automate,
accelerate, and
enhance resolution
rate of customer
emergencies through
generative
Al—-enhanced IVR
interactions (eg, for
credit card losses)

B Augmented
reality—assisted
customer support

Rapidly inform the
workforce in real
time about the status
of products and
consumer
preferences

Customer
documentation
generation

Draft medication
instructions and risk
notices for drug
resale

Value potential
of function for

the industry

Marketing
and sales

B Custom retail
banking offers

Push personalized
marketing and sales
content tailored for
each client of the
bank based on
profile and history
(eg, personalized
nudges), and
generate alternatives
for A/B testing

B Assist copy writing
for marketing
content creation

Accelerate writing of
copy for marketing
content and
advertising scripts

M Generate content
for commercial
representatives

Prepare scripts for
interactions with
physicians

I- High

Low

Other
functions

Risk model
documentation

Create model
documentation,
and scan for
missing
documentation
and relevant
regulatory
updates

® Procurement
suppliers
process
enhancement

Draft playbooks
for negotiating
with suppliers

Contract
generation

Draft legal
documents
incorporating
specific
regulatory

ChatGPT
Code interpreter

X s 9%
Python Code

import pandas as pd

# Create a dataframe
data = {
EE:[IFREHBREQEMS, 7V EERMA, BT,
FIIRITH TS ED AT BEME": ['400-660 (1-2%)', "'60-110 (3-5%)', '200-340 (3-5%)',
. "WRRED, VIRV FIV =TI [HBRERR: P FVAETRANTHEERAREMEL, "EREEE "SERLTS—
TTavTERIET S
. "BMREEMRR: FERAERMELTREALGIVNVEES TFORIREMET S,
LHY—a—FE#: BREEERBEEZFIALTLAY—IL—LI—Y0OBITEREILT S,
HEEARL—2aV: [ARXEEEFEYR—M HRCHEEOEFORRICOVT, VP2 LATHEAEZRRICIRBIRMT S

TWERF2ALT—av R EMERO-HOENHBELYRVBAEERT ",

. "BERIBHIIVR: £RAICKYBRIESh=IVRIU 25923 2B T. BEORAEBORREEZRINICES
e, ME, AESES B ILIOYRA—FOHBERITHLT)],

. R=YTTATER— VR [[R—= T4 T AV ToVER D=0 DAE—SA T4V T KR 9—r T4 a0 TV ELERD
DI DEREMET S,

"ERBYSFERTIAVTUOVER: EMEOREBRADRIVIMEEKT S,

. "NRBLNT—= NN X TF I7— BEDTOT1—VEBEICESVWTEIFAT NI BOE /A~ F54
RENFR—r T4V T ERFAL T VEREL (Bl 8=V F A XS RER) . ABTRID OO REREERT S,

'FOfOBEE": [FAZEY TS5/ V—TOtRMt: HBQEFLOZFDOEODTLLTvoEERT S,
'BUER: BEDORHNESHEZSTENLELZERT S,
"WROETILXEIL: ETILXELRTERL. RELTWAXELBAETIRFAEHREZRX VYT

df = pd.DataFrame(data)
df
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Occupations most exposed by Language Generative AI¢

[} SOCa—K B 4 EEETYVJAIOE
1 41-9041 TLIY—4 43— 1.926
2 25-1123 REOEELNFE DA 1.857
3 25-1124 RF D5 EFEEXFDZEN 1.814
4 25-1125 RE2 ) FE 50 20 1.813
5 25-1112 KD EFHE 1.802
6 25-1126 REDTFERBFDHER 1.800
7 25-1067 RFEDHERFHEN 1.770
8 25-1065 REZDBUAFHEN 1.770
9 25-1111 REDHZERIAEEEZHITDZEM 1.754
10 19-3041 HEFE 1.747

Source: Occupational Heterogeneity in Exposure to Generative Al By Ed Felten
(Princeton), Manav Raj (University of Pennsylvania), Robert Seamans (New York
University), 19 Apr 2023



Occupations most exposed by Language Generative AI¢

IE {32 SOCa—Fk ii: g S ESEETJAIOE
50 23-1011 5+ 1.454
58 41-3021 RIRIRFE LI A 1427
17 23-1023 | AT S 1,646
29 43-4041 ERREE. Frvh—. 95— 1546
46 21-2011 e 1.470
65 25-1021 KREDIAUE 1—5F 2 DK 1.390
69 29-1066 ¥ T L E 1.366
75 13-1161 ?Eﬂ%ﬁ’fﬁ%%*UV TTA¥ 4356
79 41-9021 RE)ETO—h 1.348

Source: Occupational Heterogeneity in Exposure to Generative Al By Ed Felten (Princeton), Manav
Raj (University of Pennsylvania), Robert Seamans (New York University), 19 Apr 2023
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Q
AGI (Artificial General Intelligence)

. LLM(iﬂ#“lﬁaﬁ@*ﬁ‘i’éiﬁ’q’:bﬁ\f;m

e LWL BEXRVATLDERE, tXalTaxtin. EE. 7
Q5307 2 8i8EES l:J:AFaEJ%tZ_T:OEﬂﬂEI’VoL
Fa—)UFFAREIRAL TS,

o F5LVAIEFRUAGI Z2RX AT HERRAZELY,

s ARXREFMRELEDHIEEXINDNLIBFES,

o WD HEMDI2ONI—FZE EBHHIEHETBLEE
95O ARTAOVAMARIIERELTEZELLY,

. ﬁﬁ_gﬁémm BE4EE. JHEIRILX—DEEZHBINIX
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Not AGI but Partial Singularity
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Two Layer Cake Structure

‘/’-.“— ' ’ ” ' R ----‘\\\“
i. |
.\\_\ /|
reinforcement learning
from human feedback

chatGPT

30



A0

R
T=DH DT _
DD IR E X E
(:ﬂﬁgﬁ) 5£’ = (HﬁFﬂqb{ﬁb\jb\@b\) /
‘ﬁ } sﬂ“'>jj‘4 FE’( >,
%5

RERDBEHME, F—HDESHE, CFa1VUFT+ a>eE31—%
(BDASA K) -U- 4 I >Z
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Google BEDHAF A

e THYANI)I R (Experience)
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Search Generative
Experience(SGE) ~MDHE

«vis under 3 and a dog, bryce canyon or X !/ 3 Q

images Videos News Maps Books Fights rnance

erimental

1 and Arches National Parks are family-friendly. Although
it dogs on unpaved trails, Bryce Canyon has two paved trails

ias distinctive features like hoodoos, natural bridges, and Kids § Youth - Arches
A Sy : e - Bryce Canyon National Park
.\e Ynsstor center's interactive exhibits, children can learn about . . Rz oy
jildlife, and people of the area. You can bring your dog on the
1s of both the Rim Trail and the Shared Use Path, both of which
er-friendly. € roors N Sempiing

hildren may enjoy the rock formations, and some say that Arches
iriety than Bryce Canyon. Pets aren't allowed on any trails, though
ywed at campgrounds, pullouts, roads, and parking lots.

offer guided tours, ranger-led programs, picnic areas, and
and both parks require pets to be leashed.

3 How long to spend at Bryce Canyon with kids? S How many days do you need in Arches National Park for kids®

ur Guide

Guide

n g A Trip To Bryce Canyon National ...

Visiting Bryce
Canyon
National Park...

& Gopetirienct
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