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Chapter 1: Emerging Threats in the Al Era A Strategy for Competition and
Chapter 2: Foundations of Future Defense Cooperation: Chapter 9

Chapter 3: Al and Warfare % The Talent Competition: Chapter 10

Chapter 4: Autonomous Weapon Systems A S
and Risks Associated with Al-Enabled Warfare aAcpelcting il innovalian: Ghapteridi
Intellectual Property: Chapter 12

Chapter 5: Al and the Future of National Intelligence 7 = :
Chapter 6: Technical Talent in Government % h Microelectronics: Chapter 13

Chapter 7: Establishing Justified Confidence 3 Technology Protection: Chapter 14
*, o : in Al Systems 7 7 A Favorable International
) Chapter 8: Upholding Democratic Values: G 7 Technology Order: Chapter 15
-&. , Privacy, Civil Liberties, and Civil Rights in 4 Associated Technologies: Chapter 16
i Uses of Al for National Security
p B

4/ “

NATIONAL SECURITY COMMISSION ON ARTIFICIAL INTELLIGENCE
FINAL REPORT: RELEASED MARCH 1, 2021

https://x.com/AiCommission/status/1438873036535521289
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Transformer? GPT?

- Decoder only el GPT-1 vs GPT-2 vs GPT-3
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Figure 1: The Transformer - model architecture. 1024 tokens

Vaswani et al. Attention is all you need.NIPS 2017.
https://www linkedin.com/posts/ingliguori_gpt1-gpt2 -gpt3-activity-7028774382193774592xdoj/?originalSubdomain=na
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(a) Few-shot

e a

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

A

(Output) The answer is 8. X

(c) Zero-shot

Q: A juggler can juggle 16 balls. Haif of the balls are golif balls

there?
A: The answer (arabic numerals) is

(Output) 8 X

and half of the golf balls are blue. How many blue goif balls are

Al2| £&: Chain of Thoughts (CoT)

(b) Few-shot-CoT

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

A

{Output)

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)

Figure 1: Example inputs and outputs of GPT-3 with (a) standard Few-shot ([Brown et al., 2020]), (b
Few-shot-CoT ([Wei et al., 2022]), (c¢) standard Zero-shot, and (d) ours (Zero-shot-CoT). Similar tc
Few-shot-CoT, Zero-shot-CoT facilitates multi-step reasoning (blue text) and reach correct answe
vhere standard prompting fails. Unlike Few-shot-CoT using step-by-step reasoning examples pe!
task, ours does not need any examples and just uses the same prompt “Let’s think step by step” across
il rasks (arithmetic, symbolic, commonsense, and other logical reasoning tasks).

MultiArith  GSMSK
Zero-Shot 17.7 10.4
Few-Shot (2 samples) 33.7 15.6
Few-Shot (8 samples) 338 15.6
Zero-Shot-CoT 78.7 40.7
Few-Shot-CoT (2 samples) 84.8 413
Few-Shot-CoT (4 samples : First) (*1) 89.2 -
Few-Shot-CoT (4 samples : Second) (*1) 90.5 -
Few-Shot-CoT (8 samples) 93.0 48.7
Zero-Plus-Few-Shot-CoT (8 samples) (*2) 92.8 51.5
Finetuned GPT-3 175B [Wei et al., 2022] . 33
Finetuned GPT-3 175B + verifier [Wei et al., 2022] - T
PalLM 540B: Zero-Shot 255 12.5
PalLM 540B: Zero-Shot-CoT 66.1 43.0
PalLM 540B: Zero-Shot-CoT + self consistency 89.0 70.1
PalLM 540B: Few-Shot [Wei et al., 2022 - 17.9
PalLM 540B: Few-Shot-CoT [Wei et al., 2022] - 56.9
PalLM 540B: Few-Shot-CoT + self consistency [Wang et al., 2022] - 74.4

Kojima et al. Large Language Models are Zero-Shot Reasoners.NeurlPS2022.
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Pre-training ( Supervised Fine- tunlng (&): el ABIA & RLHF: VOC
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50 Most Visitéd Al Tdols Fotal Visits %rorfa:ﬁcmal
with over 248B Visits

ountries With the Most Al Users
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Writerbuddy
NAVER Cloud

https://writerbuddy.ai/blog/ai-industry-analysis
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Research~  APlv~ ChatGPTv Safety Companyv

Below are a few examples of the artists’ work, with early thoughts from them on how
they see Sora fitting into their workflows and businesses.

shy kids - “Air Head”

https://openai.com/sora

NAVER Cloud
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Figure Status Update - OpenAl Speech-to-Speech Reasoning

https://www .youtube.com/watch?v=Sqg1QZB5baNw
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For Real-World Values!

€2 CBINSIGHTS

Generative Al — large language model (LLM) developers

Enterprise Te Development

Overview ESP Ranking Scorecard Market Data All Companies

Trends E] Top companies by headcount

H 1 )

N
¥
S

Rankings

oR

by valuatior
Top companies by headcount

Benchmarks

B2 CBINSIGHTS
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these evaluations are calculated.

https://llama.meta.com/llama3/
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HumanEval
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McKinsey 2| Hd Al 211K (2024.1)

Generative Al's impact on productivity could add trillions of dollars in value to the global
economy.($2.6 —=$4 .4 Trillions)

About 75 percent of the value that generative Aluse cases could deliver falls across four
areas: Customer operations, marketing and sales, software engineering,and R&D.

Generative Alwill have a significant impact across all industry sectors.

Generative Al has the potentialto change the anatomy of work,augmenting the
capabilities of individual workers by automating some of their individual activities.

The pace of workforce transformation is likely to accelerate, givenincreases in the
potential for technical automation.

Generative Al can substantially increase labor productivity across the economy, but that
willrequire investments to support workers as they shift work activities or change jobs.

 Theeraofgenerative Alisjust beginning.

https://www .mckinsey.com/capabilities/mckinsey-digital/our-insights/the-economic-potential-of-generative-Al-the-next-productivity-frontier#key-insights
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ZHU AI D I 2= Matd &SI (Boston Consulting Group)

B GPT + Overview
I GPT Only
I Control

Quality

Notes: This figure displays the full distribution of performance in the experimental task inside the frontier
for subjects in the three experimental groups (red for subjects in the GPT+Overview condition; green for
subjects in the GPT Only condition; blue for subjects in the control condition).

https://www .hbs.edu/ris/Publication%20Files/24-013_8f3583c2-2e9a4379-9697-a93bd6a84 133 pdf NAVER c|
oud
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PBS1] Media Relations and Strategic Communications

Ari tat
U:"iig?;aa © & Asu expert directory ASU in the media News from ASU »  Press releases & statements v Contact Media tools

Home / Press Release / Arizona State University collaboration with OpenAl charts the future of Al in higher education

Arizona State University collaboration with OpenAl charts the future of
Al in higher education
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1. Product design and development

2.Predictive maintenance

3. Quality control

4.Production planning and inventory management 4.0 L2 2N Z2E

5. Supply chain management . =
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FINANCE

JPMorgan is developing a ChatGPT-
like A.l service that gives investment
advice

P o f = X "OhLE 37, Rt e MHER g 4 Stof”

& v

) Squawk on the
KEY * JPMorgan Chase is developing a ChatGPT-like software service that leans on a Street

POINTS disruptive form of artificial intelligence to select investments for customers, CNBC

«T | Money Movers
has learned

* The company applied to trademark a product called IndexGPT earlier this month
according to a filing from the New York-based bank

“It's an A.l. program to select financial securities,” said trademark lawyer Josh
Gerben. “This sounds to me like they're trying to put my financial advisor out of EIIE.‘QI-% I‘"F

business.” ol y

https://www.cnbc.com/2023/05/25/jpmorgan-develops-ai-investment-advisor.html
NAVER Cloud
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Others, 7
UniXCoder, 2

# Unit test case generation (20

+ Test oracle generation (4)
StarCoder, 3 Testing # System test input generation (22
5 BART, 3 ,

Unit test case

generation Bug analysis

2 Test oracle 2
[=9 a
L] generation 4 e Debug 13
System test input 29 Program
generation repair
0 5 10 15 20 0 5 10
Paper Count
n 5
i i
) Test Test Design Test Case Test Test Report /
Requirement (0) —* —> : —> ; — : —P
Plan (0) and Review (0) Preparation (46) Execution (0) Bug Report (8)

¢ ViewW & + Bug analysis

38
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Paper Count
'Y
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\
\

Bug Fix / _, Software
Regression Test (50) Release (0)

Fig. 4: Distribution of testing tasks with LLMs (aligned with software testing life cycle [134]-[136], the number in bracket
indicates the number of collected studies per task, and one paper might involve multiple tasks)

wouer e

with LLM

Fig. 6: LLMs used in the collected papers

Wang et al. Software Testing with Large Language Models: Survey, Landscape, and Vision. arXiv:2307.07221.2023.

+ + Program analysis (9)
+ + Mutation testing (7)
+ + Syntactic repair (6)

¢ + Differential testing (5)

4 + Others
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Al competitiveness

After a first phase focused on research, this second phase aims to “trz Artificial intelligence ( + AddtomyFT

indeed to create French and European Al champions, improve the col

emerging markets Saudi Arabia and UAE race to buy Nvidia chips

0 commented, “We want to ensure that we invest in emerging Al teck

edge computing, blockchain, cybersecurity, and the subject of ember tO power A—I alllbitiOIlS

The main measures for 2025, beyond the talent effort, are the followi . i . .
Gulf nations acquire thousands of GPUs amid global shortage of semiconductors needed to

. Invest in new generations of embedded Al, responsible and trusted build large language models

applications, including open-source (€1.22 billion);
. Support 500 SMEs and intermediate-sized enterprises in the adopti

. Scale up startup accelerator programs to triple the number of Al sta
Me3 million);

. Launch demonstrators aimed at using energy-efficient Al in sectors
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enable our country to play a leading role in the field of Al and will par
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ecosystem of startups and transforming companies the skills they soi
enable us to “convert the try” of the first phase and bring out the futt

502 Al startups in 2021

iaire-backed
France’s Al efforts, initially marked by a lack of strategic direction, ha

years. At the ‘France is Al event yesterday, France Digitale unveiled a
Al-related startups. In 2019, 432. In 2018, 312. And in 2016, only 180.

France Digitale's 2021 mapping highlights four key characteristics of t

<Yundo

. These startups are quite young since 73% of them were created le!

. They are attracting more and more investors and have already rai = 5
y g © adyra Saudi Arabian Crown Prince Mohammed bin Salman, left, and Nvidia chief Jensen Huang. The Gulf state’s interest in Al has sparked

vs, €708 million in 2020). concerns over the technology's potential misus montage/Bloomberg

. They create jobs: 13,459 people will be working in Al startups in 2021 (1 u,uuu HILITELLJULS gEIIETAaLEU), LIALS THULE Litall 3370
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Undergraduate
level knowledge

S0l A

BIG chl: IIa) d

Knowledge Q&A
ARC-Challenge

https://www .anthropic.com/news/claude-3

https://www .dogdrip.net/543514669
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Global Top-3 Pioneer in Hyperscale Al

@ HyperCLOVA &Anvibia 5§
LLM (2048B) Sic bo Mega ron TuringNLG

GPT-3 (1758) (13

May 2021 Aug 2021 Sep 2021

June 2020 { Jan 2022 May 2022 Aug 2022

P huawer S cogie i Google

Pan-Gu (2008) GPT-J (68 LAN (1378) ie 3.0 Tita GF 20B) PalM (5408) BLOOM

NAVER Cloud




otOlIH=2=6IX 2

» Various qualitative evaluation for Korean

Muodel Korea-Specific  General

# of Instance 645 g810

Lrama-2-THB 266 23,95

LLAMA-2-KOEAN-TB 24.13 0.37

Lrama-2-138 2RB.55 29.8R

PoLyGLoT-12.8B 18.39 27.90
OWEN-T2B 44.79 52.3

GEMINI-PRO 43294 45.64
GPT-3.5-TURBD 319.59 42.47
GPT-4 54.89 .49
HypPERCLOVA X 55.21 54 32

Table 3: Average accuracy of selected models on ques-
tions that require knowledge specific to Korea compared
to questions that don't. For each model. the larger score
is bolded.

Son et al. KMMLU: Measuring Massive Multitask Language Understanding in Korean. arXiv:2402.11548 NAVER Cloud

August 2023  September 2023  October 2023 November 2023




Model | Kor. CS Fact Math Code Harml. Overall Model Korean English | Average
Polyglot-Ko 1.3b 25.32° 33.64*  17.68® 0.92°  0.00° 20.70 MR GRS wna | Krew gkl o
Polyglot-Ko 5.8b 26.00° 33.62°  21.70°  1.32°  0.00° 20.68 SOLAR API 70.55 65.36  46.63 4645 | 67.95 4654  57.25
Polyglot-Ko 12.8b 27.40° 34.63%  21.25°  1.46°  0.00° 21.54 (solar—1-mini-chat)
GPT-3.5 51.17 58.03  46.01 18.46 54.60  47.24  50.92

Falcon 7b 25.40° 3550  39.96° 5.06° @ 3.25° 10.61 25.21 (gpt—3.5-turbo-0125)
Falcon 40b 27.41° 67.88°  35.32° 19.03° 5.24° 5544 36.28 GPT-4 65.60 7838 64.26 60.00 | 71.99 6213 67.06

g il - b - b b (gpt—-4-0125-preview)
LLaMA 2 7b 27.29°  35.75° 53.34® 38.33 11.33° 14.08 1141  31.65 — . — — - — —
LLaMA 2 13b 36.56° 43.72°  63.98° 4216 20.82° 17.52° 4840  39.02 st } i oo B aone o a4
LLaMA 2 70b 48,92 58.33° 70.00° 54.96 41.72® 28.28°  60.51 53.12 . : : il : i :
LLaMA 2 Ko 7b 13.62°  27.65" 37.37° 27.20° 277 0.00°  39.00°  23.16
LLaMA 2 KoEn 13b | 817" 58.59°  45.95°  14.10° 944  46.13*  36.52

Model HAE-RAE Bench (0-shot)

‘ LW RW SN RC HI GK | Al
62.09

KORani 13b

SOLAR 10.7b
EEVE v1.0 10.8b

32.60

54.47
60.10

62.35 38.43 15.90 11.45 17.13 35.38

84.33  49.24 41.71 30.06 60.26 53.62
85.20 59.22  39.80  33.54 60.99 56.21

SOLAR API
(solar-1l-mini-chat)

HCX-S 61.73  47.08 7656 4688  39.04 37.71 6208  53.01 LPERS N 55.62  5L11  49.67 6242 2713 4545 | 511V
HCX-L 72.07 5825 87.26 56.83 5091 46.10 67.32 62.68 (gpt—3.5-turbo-0125) i ) ) -
- GPT-4 3846  63.70 43.79 8121 79.79 60.22 | 65.60
* Evaluation carried out on the base version of the model. = T

(gpt—-4-0125-preview)

HCX-S 85.62

75.1 51.14 77.89
HCX-L 82.25 93.09 86.93 8143 9415 59.09

84.14

HyperCLOVA X team,HyperCLOVA X Technical Report.arXivi2404.01954

NAVER Cloud
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Extension of CLOVA X via Skills
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Superior Performances Validated by Peer-reviewed Publications

[Training] Kim et al. What Changes Can Large-scale Language Models Bring? Intensive Study on HyperCLOV A: Billions-scale Korean Generative Pretrained
Transformers.EMNLP 2021. (World 2nd LLM papers published in Top Al Conferences)

[Training] Shin et al. On the Effect of Pretraining Corporaon In—context Learning by a Large-scale Language Model. NAACL 2022.
[Training] Kim et al. Critic-Guided Decoding for Controlled Text Generation. ACL2023.
[Evaluation & Data] Park et al. KLUE: Korean Language Understanding Evaluation. Dataset track in NeurlPS 2021.

[Evaluation & Data] Kim et al. The CoT Collection: Improving Zero-shot and Few-shot Learning of Language Models via Chain-of-Thought Fine-Tuning.
EMNLP 2023.

[Evaluation & Data] Ko et al. ClaimDiff: Comparing and Contrasting Claims on Contentious Issues.ACL 2023.
[Application] Yoo et al. GPT3Mix: Leveraging Large-scale Language Models for Text Augmentation.Findings in EMNLP 2021.
[Application] Chung et al. TaleBrush:sketching stories with generative pretrained language models.CHI2022.
[Application] Bae et al. Building a Role Specified Open-Domain Dialogue System Leveraging Large-Scale Language Models.NAACL 2022.
. [Application] Kim et al. Ground-Truth Labels Matter: A Deeper Look into Input-Label Demonstrations. EMNLP 2022.
. [Application] Bae et al. Keep Me Updated! Memory Management in Long-term Conversations.Findings in EMNLP 2022.

. [Application] Jo et al. Understanding the Benefits and Challenges of Deploying Conversational Al Leveraging Large Language Models for Public Health
Intervention.CHI2023 (Best paper).

. [Inference & Optimization] Kim et al. Memory-Efficient Fine-Tuning of Compressed Large Language Models via sub-4-bit Integer Quantization. NeurIPS
2023.

. [Inference & Optimization] Lee et al. FlexRound:Learnable Rounding based on Element-wise Division for Post-Training Quantization.ICML2023.

. [Inference & Optimization] Kwon et al. AlphaTuning: Quantization-Aw are Parameter—Efficient Adaptation of Large-Scale Pre-Trained Language Models.
Findings in EMNLP 2022.

. [Safety]Kim et al. Aligning Large Language Models through Synthetic Feedback. EMNLP 2023.

. [Safety]Lee et al. SQuARe: A Large-Scale Dataset of Sensitive Questions and Acceptable Responses Created through Human-Machine Collaboration.ACL 2023
(Best paper nominated).

. [Safety] Lee et al. KoSBI: A Dataset for Mitigating Social Bias Risks Tow ards Safer Large Language Model Applications.ACL2023.
. [Safety] Lee et al. Query-Efficient Black-Box Red Teaming via Bayesian Optimization. ACL2023.
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11026 FLOPs

Parameters FLOPs FLOPs (in Gopher unit) Tokens

400 Million 1.92e+19 1/29,968 8.0 Billion
1 Billion 1.21e+20 1/4,761 20.2 Billion

10 Billion 1.23e+22 1/46  205.1 Billion
67 Billion 5.76e+23 1 1.5 Trillion
il 2 8Lol 04 E=F 27 Trillion

280 Billion 9.90e+24 17.2 5.9 Trillion
520 Billion 3.43e+25 59.5 11.0 Trillion
1 Trillion 1.27e+26 221.3  21.2 Trillion
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