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3. Al %ol 7ok 4l ScalingLaw 5%

Al 2HO| TIBH= Test-time scaling, Y/JHIOIE{2] AFRO 2 /d%0| ZIA|Fo|CE,

Scaling Law & 2 LiL| 3H2| TOlof| Z3tOL} ofA| Q3o SUUCE

3-1.LLM A5 94 37He] &: HES, Yna|E, HlolE
H&Y CEO 7t B4 WHOIC} SO0 2 sk B0t QICh RIIS LS
Cf &2 Al50| Lo 71XV AISEORICH: HolCh Of= YHHOZ Scaling

LLM &3 Point
1) HAER2 Capex, 7|53 LR
2) YueIE2 Mz o U
=5} HE Law 2 22IC} 2020 F OpenAl = Al 22| SAIS TS M| 7FA|Z AL
o~

| Ry Sy

=2 11—

3) Hlo|E{7t

1) Compute Scaling
2) Parameter Scaling(=¥12|5 AHUF)

3) Data Scaling

LLM &7 27| F=2 HARFYOIUCEL 50| ChatGPT &A| o|F Al FH0| 2
OE|HA HRT Elas gEIP Ml WY OojgZ BYUCL OpenAl
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AR Alge WFEH RO ZEOP| Q6 2 F old2| Capex € 5
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o rr 1¥
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Lo

r

U025 2|HPt CH| 2 APz 539| EHAIS(DeepSeek) THOICEL E
Al3E &4 FRBE(RL), Mixture of Experts(MoE), 22 F&(Distillation) 5

L
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2018~2022 'A7| Al 222 10 2HHO| Parameter 447 SHHOR Parameter & S22 GPT Al2[Z
o Number of parameters’, by GPT generation
GPT-1117 million

e

1S

[0

-

£

8 R GPT-2——— Y

& = FE Y PoBo 1.5 billion GPT-3

‘ ‘ 8| 175 billion
v Pt‘Jinca“t‘ion c;ate - v GPT-4 1.76 tl’i“ion* J
At Bloomberg, SK5H AI2: Bloomberg, SK 5 H
CEEel BHS0| Optimal CHH| training token overfit OFCt H[T QIE{L! 37 Hlo[E{= 2026~2028''A Alo| 12t of7y
T Megatron-Turing NLG (5308} RUNNING OUT OF DATA _
The amount of text data used to train large language models (LLMs) is rapidly
approaching a crisis point. An estimate suggests that, by 2028, developers will
Gopher (2808B) Le25 FLOPS be using data sets that match the amount of text that is available on the Internet.
GPT-3 {1705,$ — Amount of available text on the Internet — Size of training data sets for LLMs

© Individual LLMs

1008 1e24 FLOPs

Chinchilla (70B) 10"

Projection
1e23 FLOPs //”7/;’_'—,’

"
2 Median projection for
@ 10 /f/ when the amount of
£ 108 1e22 FLOPs Y / available text equals
E H the training data size
. § /.LlamaS(Mera)
1e21 FLOPs % 10" A 2DBRX
g ’ 4 (Databricks)
1B 1e20 FLOPs 3 /,;LAN .(Fallc)nanB
y 5
10% 5 (Google)
. ®paLM
GPT-3  (Google)
—— Our estimated compute-optimal scaling (OpenAl)
100M 10" i % . - 2 i 8 A : ;
108 1008 T 10T 2020 2022 2004 2026 2028 2000 2032 2034
Tokens “One token is about 0.8 words. tTechnology Innovation Institute, Abu Dhabi
X2 MOI AL SK S AIZ: Nature, SK 5H
= o : : [ [
UTa|= ClORIZ || M A[xivt 2%l0] Data, Computing Scaling 22& GPT-5& RLIQE=WF?
RAG Allof the above
A X .
fctchockingsicp W P
— W Fine-tune model 1] n H * s}*
‘Add simple retrieval l__—-‘—"_'> — 7 —
Context [ —] Leee=1H
OptlleaUOIl x n
Prompt engineering Fine-tunin [ 0 E H-l- [[ -|-"
What the model IR, g -r ] L
needs to know W A fem shot
W Prompt
ME2 71
—)
LLM optimization
How the model needs to act
A& MediumAl, SK 33 A= PHHEAE SKBH



Test time scaling Point
1) EE-II A‘Ih % |. 6|:I.AI- 7}%

2) & HolH B3

SK

3-2. 4l Scaling Law 7% Test-time scaling

2024 3 E, MZ2 Scaling F°| L HIZ Test-time Scaling OICt. 7|E2)
AlO

U AN ARY, YNB|E, HOEE LLM Q| Flash Think 53& Zotshe B
O|UCE THA| ZdH, LLM°| =2 AFO|| LHAKSELY Qlo{of 3, ASAR} input &
ofH fE -_rL ':f J2{L} OpenAl 2| Strawberry &

Reasoning 222 Test-time Scaling = & Al 7t Q2IFF At 2 QIS
A=l ZEolC}, MEHEM 2016 A O|MIEt HISS FE It
of 25 MEAQICE O H = 7|IE HLIR'HOME AR MO|H BHAOICE 2iE|=
CheSICE Al ol AAZ RIZANEE HhEoP| ofH ECh o|foll= AMBARE
prompt £ Bk= Q=I5Hof MR|T Strawberry = O[2{T Al 2AE LARRISH &2
Gz 2 A QIC}

=2 T ML

rr
HY
ro
Jo >
[
II' mH

Test-time Scaling & Al 2 2t2| 55442 FH57 TiCt 27 ThAoflA] aiTot
A= FYP 0/4ds REo| olL|HEE, 2 THRM B AJLE HA|H S5
benchmark £ B4 4 ULt GIE =01, PaLM(54B) 2EoiIA| AI2AMES =

SH| SIAE 23 HIXIOIR0YM 57%2] HEES 7IE/e, ol TAl B DMIZE
¥S A GPT-3(175B) RREL} =2 AL O 71F0 =2 3 BYf Of4f
= 2SS 7P AL

O|21 Hiok= Blackwell ZHO| 'F2 25 B2 AL 0[R07|% it GTC
2025 oM & L2 Al AHYUZ HAO| X2It5(hyper-accelerated) =1, 8
T Aol A4 o| i o ZECt 100 B F7KUCH 1 BfICE Ol= Scaling Law
7t Test-time BHOZ CHHRIE| N QICh= HE PHFTH

Test-time Scaling 2 Context Length 57 T2= B2 HI&Z X7(0| Q715}A|
o F=MozE BY g2 Mt £2 HIG 7(e?:u" Z olojH £ [Tk
Test-time Scaling = M&% 2&Z Teacher = &&3H Student ZHZ o
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Reasoning 2H2 7|= uhAl} Ct=3| || M & 2ot

QlIH|C[o} ZAHIEIO| MO “Test-Time Scaling’ 5%

Pre-training Post-training  Inference
Most LLMs B
Pre-training Post-training  Inference
@orsmfan
A& MediumAl, SK 3H At OHHHRAE, SK 3
LLM 2 22 H30|| CHSHME &4 Prompt & 88l B 2= 715

Standard Prompting
Model Input
Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?
A: The answer is 11
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

Model Output
A: The answer is 27 x

Figure 1:

Chain-of-Thought Prompting
Model Input
Q: Roger has 5 tennis balls. He buys 2 more cans of

tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A Roger started with 5 balls. 2 cans of 3 tennis balls
8ach is 6 tennis balls. 5 + 6 = 11, The answer is 11

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

Model Output
A The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3+6=9. The

answeris 9.

Chain-of-thought prompting enables large language models to tackle complex arithmetic,

commonsense, and symbolic reasoning tasks. Chain-of-thought reasoning processes are highlighted.

At&: Google, SK 5H

LA HAF IS Sa|H 3B BRI 70B 2HO| Benchmark 93 7ks

__Llama 3.1 70B
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w

(=2}
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MATH-500 accuracy (%)
w
w

_Llama 32238

w
o

45

---- 0-shot CoT

—e— Majority
Best-of-N

+— Compute-optimal

2! 22 23

24 2> 29 27 28

Number of generations per problem

At2: Semianalysis, SK 33
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Test-time Scaling2 100 £&2| 2&0| 10009 4452 & 4 U
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- OO L— - 1d

HUZ TS HIOIE{(Synthetic Data)@l ZHMof| QT

7|1E g HiolH 280l 71y 2 =Ale £ ol FE| siao|rt HER
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FO| CA| 247 QJC}, ofi= iR LLM WOl 5 2 W02 ANg|s Hpo|

Bl 2% ZAIE oHEY 4 U= F37 oIk
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E1E LIS Mo 2 2290f X3 -85t Tt GPT-5, Claude 4 Al &g Gl
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Model Collapse: 2t 9t& Al& A| RO| BULH FZ0jTH Tk

a Breedsin realimages b Breedsinimages C Breedsinimages d Model collapse
3 generated by Al generated by Al trained
Pembroke  Petit basset
; trained limages Al rated
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Reageffing

GPT-4

A2 SK3H

AlZiofl 2 Al REEQ| 45 ot

Frontier Model Intelligence Over Time by Al Lab

@ Openal
®
© OvopSonk
® Googe
@ Antvopc
§ ® Mets
%0
§ GPT4 Tuto
g T .
GPT-35 Tuto "—7J
% 3 =
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(21 Fe 2025 « 1 Bose /\ Artificial Analysis
- >
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Model Release Date
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¥+ H[oIE{ Point
1) AtMIEH 22 G[olE] 32
2) _-g_ox-l A_ELE EE-II |:||_8_ X2 P

NVIDIANIM(Al agent)2| 74 2. CI%

SK

3-4. &/ HOIE|2 Agent Ao FPIIRIZIC

g HlojEfe] #82 mEO| 4 2H(Scaling up)2 Eo1A, Agentic Al X
Qv

Physical Al 29| 219} FQ9t HEZ of1 QICf.

Agentic Al = 23| ¥FoH= Al'Z HFELE 25 HHoM EHH o] 'JYF2 7|E
W8E Al 715E0] 27 (coordinate) =0 MPE|= O[T}, o2t S &S
QoM E FETH 27X Hcoordinator) =2t OfL|2} 2 7152 EHESlE BEAQI A
¥ 2% (work tool) Sk L4MOICE 2|1 O] AY FHES O W2 HEOE B

SHOZ AZAPIE HfZ 24 Cilo|E{C.

M) EHo|
O GTC 2025 oM He B2 Al F9 £HO0=2 RLVR(Reinforcement
Learning with Verifier Rewards )% AIHQUCE Of= AR 2ol glol, AIZt =A|
£ Az Ao oo, WHE A5 (Verifier) 71| AR50k JLALE Verifier
IER| Al 7F 22Y6HH| E|H, -4\-%4 LLM & B BR800z i £+ oM, 2
Ho|E Z&2 SCHRISh= BHAlo] ElCt.

YT Agent T ©IF, 0| Zoh= Hol= §/d HoE= R0 U3 U
QUEE YHFHOI LLM o] AtAAR R EHH WA 0lEle Y FHE Al HHH
Agent 2 Physical Al = 7418 SEE P AP YT o0 Q7L
TP FHZ A Al & 2HAIP|E 2PH0lM, g TIo[EIE 28T Fetets:

& = 2 4 US NOZ J[CHECE
oYY Al 2 RLVR 7Z, %% 9 HOJE| AIR] RISHE Z9 4% Al 34t ots

NVIDIA NIM: Optimized Al Models You Can Run Anywhere Verifiable Reward

0 otherwise

. Scalar
lfr@ Reward

_ {a if correct (—

' a;
825 POIICV Completions

Prompts 7‘-0 < ) 0¢41 = 0 + aVgJ(mp)
Policy Update

AL=Z:NVIDIA, SK 5 H
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Al F2 HIE2 20224 0|2
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Al = DR 201 714 olake FY Folth S WAIDIRAMMLU 42 )2 9|
7|9Iek 22 HIEZ 2022 1 100 EEolM 2025 18 0.03 == 3,000
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Relative (inference) cost of ~50% performance on the MATH benchmark

1000
Minerva 540B (maj@64)

Relative Cost

1
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GPT-4 (on release, few-shot)

DeepSeek’s journey towards the top

= Best Model
Gemini 1.5 Flash = DeepSeek
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4-1. SIEQIo]: A|ITMM 5 7H4 FE 5

GiRl A9 Al 2EHO| 90% ©OJ4fo| QAH|C|oF GPU ofjAM ZRAEICE QlH|C|ote]
Ve o SEE SIEQN AL BIIE FFslE 4 QUCE 2017'E V100 AlE|=
CHH| GB200 NVL72 T £9| 452 720 HH 2L Rubin 2 Blackwell CHY|
138K /70| Z|CHEICEH o|E MR Ho O 2 7 HY £F9| Ad7%folCt

2E SA SE(NVLINK, InfiniBand) 37t tHd & B & £%F 37t (Blackwell
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Cooling, Dynamo) & THLIXQ! SIERO] JHMo| A& FOICL &5 F7h=
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A2 NVIDIA, SK 52
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At=:NVIDIA, SK 3 H At=:NVIDIA, SK3H
o|o| Top4 CSP 22| FEF2 2|4 BH0| F YY Computing 220l GPU B:20| AlR[sH:= HIF 45 MY

Computing At Inflection Point

Top 4 US CSps

3.6M
Blackwell GPUs So Far
(2-GPUs per Chip)

W NVDA OC Revenwe

Data Centor Capex
o ru

1.3M
Hopper GPUs

2025 2026 2021 2028
2024 2025
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In 10 years
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63.3% accuracy (AlexNet performance)

80.9% accuracy (ResNeXt-101 performance)

90.9% accuracy (ViT-e performance)
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e ——
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Compute (FLOP)
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(a) Pareto frontiers in data and compute
for AlexNet performance
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(b) Pareto frontiers in data and compute
for ResNeXt-101 performance

w0 1on 1012 10 104 100

Data (# of images in training set)
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(c) Pareto frontiers in data and compute
for ViT-e performance

Figure 1. Pareto frontiers for training models to achieve performance of well-known models over time.
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=
SABP = SHAIZE 7P 2 £RAKS0l7|= SILt,

-

=
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HIE|SARSS| 22t Al 282 ?_f k5| g2l Crgat 2Lt

OFE: HARSZEN MblA E 27 2t

2T %E Z U EEE }:zgs‘z}, AT 2ast 13 9 B2 Al ZRHE 29
Hl?(l_l/\ AHAI-(_;I % AHA(_;I' ERP A-IHlé
MER SHE L =5 289}, ¢

CSP 3 AL Al 2HA HIZ

Dojazane ‘ 22 | ofntE
Maia TPU Tranium/Inferentia
ASIC + + +
NVIDIA NVIDIA NVIDIA
@ OpenAl

’v - \:-
Foundation Model BPHI-4 Gemini &% Amazon Nova

||
LLMbase EUE ' v

e M Foundry vertex.ai

Al as a Service

™ Copilot Gemini

) Google
HIZLIA A8 1 |
JHeE Office Workspace amazon WorkDocs
Ny, Microsoft
ERP V Dynamics 365 N/A N/A

Al MY AR, SK5H



SKB A B|MA|ME
I

Al Infrastructure

Predictive Al 2 (On-premise)
Enterprise 2 /Y, Al ®AA (RQEAA TE ELBO|HAR X|F)

CSP AtH|

FM =X Cloud Service NEETSE-2
A{:{_:le;_rgl_lfe Provider
<ANVIDIA A\ Azure T EPTTIEN
(i servicenow 2|1E MH|A Zt
tsmc SI(M.T: O Google Cloud () theTradeDesk LHs 4|8 HZ
et nix
— Y aws
S —
a VERTIV. Prodicive A 22 (%Et-?-;}
L] LLM AH4| Fine tuning 7
FOXconn Furwing, ? A
. M R auxE
=
@ hﬁognldﬁtloi:n
odel Maker
C’// QUANTA
CoreWeave @) openal ChatGPT § B2C Ml
ANTHROP\C THOI AHARAL TAI
ORACLE Grok !’_v%é:mé Yef X
Gemini
. y

RN G

F9 UM E0]o] Y&

2025 48 71E

miRargRol | oo oo ‘ AHICH 2 U

@OpenAl

ANTHROP\C

@'deepseek
X
Gemini

09 LLaMA

(Mejga)
o4, 0b
GPT-4.5, 03 (254 48)
] "
17.9 157 (244108 ) (2514 32)) GPT-50
(254 7~8%)
Claude 3.7 Sonnet Claude 4
14.3 615 (25 3") Claude 3.5 Haiku PN
(2544 28) (2535%)
N/A 10 (25 24) DeepSeek-R1 DeepSeek-R2
*EEH0 Y (25F18) (25 58)
Grok 3 Grok 4
12 7525428 (2541 22) (2512)
Gemini 25Pro
N/A N/A Experimental o)
(254 49)
Llama 4 Llama 4
N/A N/A (2541 42) I OVE=EN)
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o|E A|Zol o|n| 573k= B2C

L2 29AMd Al(B2B) TE&

5-1. ©715 B2C Al A 94 ¥Y

Al AIEollM B2B ECF B2C 2| Al gto| I HlZ2H|, o &2 SI17HX|Q| FEHZ L}
Ete o2 ML

Ol= Microsoft 2t OpenAl 2| 112 2tk x}o| 2 TOIO| JH55ICt QA= Z2 Al
ZH(GPT)E 7|42 22 B2B, B2C 32| MHIAE AIFPICL OpenAl & 7+
o2 £L2 5 AF9 MAU & 2= HHH Microsoft 2 Copilot AIZ MZE
(M365, GitHub, Dynamics 52| S& AMgAR= CHEE fHTHEHO = RAEIC)
Ol= Copilot 2, GitHub Al O|&At 4 CHH| 2% OIL{Q| H|ZO|Ct Al
ARR(Annual Recurring Revenue)& &48llE 39 OpenAl 2 API TARO]|
70% Ol%d=2 AFR[PHL

T8 B2B AT EQof 7|¥S0| AN g9 Y HTIT o|F SULFDICL CHEXO!
B2B ~ZEL|o] 7| 67 F, 2023 H CHH| 2024 Hoj| OiE dFE°! S2l0[oH|
FHME 7|12 SAP o QUL LIHA| 7|HE2 dHE0| FAIEAHLE ERIE =
52 HUOH, Y GHE Y IA| A= EpXolc,

Microsoft Al ARR 2| CHEE-2 AIA[SH= B2B AP| ZARZ HEH| 435t= H|I=
LIAZ} S| =2 2IP7IX|Q| HIZL|AZLD 421517 of et Al 222 FAHlOHF
1 YU SW E 20A HoY2 S2iF MH|A0| 2115t7| WHEOICT B 2HHE AdH|
A NZARES| B30l 0L M5t AP 217t 4l 22 SA] 22 HEEA| HHE=

252 Hol= FOIEE B2B Al = ¥F 7I1UY Al Agent 7} =2i{et o|Z 2 247}

KE Y& £ U2 A= THHEICE
ChatGPT MAU 9] FY2Q25 Microsoft Al ARR Td, Azure Al ZARI0| 70% 42|
(s9t)
600 - B M365 Copilot
GitHub Copilot
500 4
Dynamic 365 5 Z|Et
400 4 Azure Al
300 -
200 -
100 ~ 74%
o
WO F N Vop
-‘{} D = ; a2 of
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A2 SK 5 37
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AlZbol| 2} Pareto 7t AISAO = FAIE= B2B Al 2 AIF B2B APl TAR! 0l 22k 20| Al RH QI CloRt RHIS TF

Cost of o1 level
Intelligence fell 27x Tof T Top this month

inlhelastarrmms\\ .
.

100

Google: Gemini 2.0 Flash

new 2025
Pareto
Frontier

Anthropic: Claude 3.7 Sonnet >

Meta: Llama 3.3 70B Instruct >

DeepSeek: R1 (free) >

OpenAl: GPT-40-mini >

Anthropic: Claude 3.7 Sonnet (thinking) >

Cost of GPT4 level

Inteligence fell 1000x Google: Gemini 2.5 Pro Experimental (free) >
inthelast 15 years ‘
Anthropic: Claude 3.5 Sonnet >
§Prc par mion bkens,assumeg 11 L0 ks 380
At&: Openrouter, SK 5 H
API ZAY 9|, 23t 372 O[Ol (it 224 2o O CHE 25 2025'3 38 25U ZAIE! Gemini 257t F2t &2/l 5

1178 0 y Top this week

Anthropic: Claude 3.5 5 t (self-moderated) 83.98 g
I nthropic: Claude onnet (self-moderated) Google: Gemini 20 Fash »

Anthropic: Claude 3.5 Sonnet 53.68B
| Google: Gemini 1.5 Fiash 88 21.68 Arshuopic: Glode 37 Sqnet. )
| Mistral: Mistral Nemo 16.68

OpenAl: GPT-40-mi
| Google: Gemini 1.5 Flash 14.88 TR L
I DeepSeek: DeepSeek V3 11.1B 1 Google: Gemini 2.5 Pro Experimental (free)
OpenAl: GPT-40-mini 8.65B
DeepSeek: DeepSeek V3 0324 (free) »

Total 3278

At&: Openrouter, SK 5 At&: Openrouter, SK 3

Al Coding 2% AiaaS 7t 6}o{ AEIEQT} CSP E2F F70| A|E

ome to Claude Code research

@ GitHub Copilot CLFI UDE D 4

Gemini.
Code Assist

Alg: MY Az, SK5H
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CHE B2B SW DHEQY 20| Y H 2024 14 AR50 JI40El

(%)

50 - SAP CRM NOW ADOBE
40 |
30 A
20 4
10 A \ —
0 T
(10) -
2019 2020 2021 2022 2023
At2: Bloomberg, SK 5H
B2BSW 7| Al 2 2 5%
71 (78 Alg) L&
SAP Z2H2E A2k 50% O[4fo| Al AR AtE| 22t
(ERP) 2024 3 524130 7 Ol ‘44 Al(Gen Al) 715 EA|
Al 7|8 It BIM "Joule' ZA1, 30,000 74 042 70| AL &
Salesforce Agentforce % 90 ¢ Btol| 300071 0% 02 2
(CRM Salesforce LIEOIME Agentforce B, 12 A Q7% 380+ 21 5 84% AiF A2
Data Cloud & Agentforce £ Al AH|3 7|8+ QFMZ 1§ ($2 per conversation)
ServiceN Al 7[8H A8 ARSIt AMHIA Q39| 85%E K, LA kg 20% ol B4
e ARS8 IERQRISY ) MH40BkF AR Y
Al Agent 283 7|8k AH| B (consumption-based pricing) 27t
Adobe Firefy ¥ 7= 29 ¢, A 715 2ES 59 771 O1E A& 7|0

(RIS )

Acrobat Al Assistant Ol 227t ¢10] A|, HE 2A 4 AUA 2M 7|5 Z0t
FY25 L7HA| Al HE & B A S8

Workday
(HR % RyS2t2])

Al Agent tAIZ 231 SHE7| Cia ZA] A
K& 719t Al (Recruiting Agent) TE7| CHE| 41 A 244 28H A%

U HE SHF (Extend pro) Al 7 [ 4 JHE Ba’g 50% O Y, THE7| Chu| A2 28 3%

TTD
(EIRIE P 2%t

Al J|8HUID2 (RA] LIO[E] BT AJAR) St
Al 7|8 3 XK} AR Kokai Y, 2 Adot 7HM
Al 712k 30 F29 8 Sincera 4, 1 BE4 37t
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)52 718N 275
2) T2 ) 0/Z

Al ZUE Ishid Silo 2 244! HPIEIS S
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I

5-2. MZ 1A slia2t Aot B2B

B2B Al AMH|A0| 2HK
Ofo DI} KM, Al &2
U= RAG 7I=9 T
Al 7t Bk SEY

oI BIg ©

= =

[5 MEE|
| n=opt LQSICt 7|2 Co|ElE 2| glo] FYYE
b obA|, 29| AM2|=(Reliability) M7t @=IC

=i Agent FEHZ TIotY 39, REHO I 03
of 2IgMel 2|A3= ABY 4 UCL Agent = Al Reasoning
7|9k IHIECE 21 context length & ECHE BFFMQ! Chain of Thought AlE
ojo{Z Aoz HQICt ¢d HilolE], AlZ2o]

H
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iME & 71| 212N U 22
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>
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=
Th=
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e 71 29
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A
—

FFOE oLff JHE o= T
—

=W, DAL 20| £¢) FH| 2Zo|ct tHRXMQ! A7t Data Silo 2F Migration =
EJOICE IT AJAR =Q ZAMRAIR! IBM 2 2025 3 Morgan Stanley 24T
HAZOM 7|2 HIO[E{2] 99%7 OFA] Al off Z-EEIR| 2ot oW, Al TS

[P =29] 80% OOl Data & FH[ok=El| AFE F'O[2} TITHICE IBM 1ZHAL
HA| YAl ZRHES RFoh= 7|Y2 26%01 2EICE Accenture FA| |
HXUROAM S2HQE O1o| 2ot HIo|E| o D|H|= FAUD AN BE
010z WHMOH 7|HSOIt ZHIE F=ot MAZHEC|Z L AZSIACE Al 2

— HAM—
SE ZAIA| 12{01H, of

rh o do

o

u

4 o|d

Ct HHEO C}
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O O L

7|2t Lh SHAE|7] of2{E FHYoILh

& Qlofof Al EY 71959 28| A8 A2, HOEE THRE O1F A5 Mg

Product manager

System architect

Data scientist

Machine learning engineer 5429 %

Data engineer

Al system QA engineer 20%

None 1429%

Other 1.43%

0

%

0% 20% 30% 40% 50% 6€0% 70%

A MY AL, SK5H

Al Y AR, SK5H
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CSP H|AL|A g}
NAIZ TN A 57t

2) AH|E[O] laaS 7H| HE

3) Al 7|18E9 SaaS 71| ME

36

S

Ay

oV
r.\_

5-3. CPUOIME= CSP 7t 73, GPU OllM= A[%¥o| HFRICH

Al R SHOZ 7|US0| O BF2 HERE 28| HICt 7|& On-premise &
Yo 7|18 S0| MH|A LQE L4 Migration = S0{L= FAMICH CSP A2

A DO|C,

J2iLt GPU 7[2te = Hjo[HHIE7} HRE|HA CSP Mole F2=% #Hepo} Lt
EfLf QIC} 7|12 CSP M2 & 71| 8 FIPIIE SHe= oA
Wi, 7|YS0| AMHoz astol UH ME QIZ2tE Kyl MRz 17gHIS
HSH|Z TZAHFE HYOICL M, M 7|8 MEIAS Foll 45 H[o[E] 22|,

HOF AHAMA GfAF 5O TOISH H|AL|AR SW S X712 MIZ3HC}

MEM CSP AISS HIEAIQF AH|AA} YZ0|M 2E Y
HCloHs HEXQ! B ZIRIOIAM HOolLt laaS 2

[ Lo 1 T&I =
2 HQICt 2|2 Blackwell MCHRE= 2 TH| AMFQ! NVL72 9 Aol HGX
Of HALE E0[7| AIZIZCE AHMICH Rubin 2 0MM= 500 7H olgel GPU 7t
BIAHE 2 TRl AAEO| S ofFolH, ol ZITF Telt 3 THelol s AL

—

<
Hu Mo

FPHCE, EEDE QlIH|CIopE AEA| MEQ! Dynamo = GIOIE{MIE] TA|Q| HA

WL Y|P |= TS AvlsIH, 7|Z CSP 9 SHAl oaF = Mo:u:-| xa2d. Ly

[ele) C == ! 154
2} A[=ePIA| CHHIBHe RgolCt, H|CIolZRE] QMY olmals Tlsl 7A
2 FYEICI WKl L Qs 40lo0] of£fet 4 Qir,

Al 2 DARIOZ QB SaaS, PaaS AIHS| EIPHA|E ZAPH} CSP 59| Al
THH2 ofH 1/gs Al 2R AE[O] QLLiof| FFELE GCP = AAF 2RI
Gemini € 7|02 SRMQ FHS LEWYOLL Azure 2 AWS = 22
OpenAl, Anthropic Ol 2JF0I1 = oI} 2|2 BiE2H SOILIL Q= Al 2

—
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Al =IO =2 QIBH CSP 1 12 HHY}

Al £¢ 0|Z (GPU 7|8h

7|1& CSP (CPU 7|8h

Paa$, Saa$S

laa$S Paa$, Saa$

»

QllH|C|of 247 Frontier Al 24| T2

HoSEQE UM TY AlTlARE

Atz SK 33
Z2 Blackwell & 142} B4l G HHAlo 2 NVL72 4501 H 29 GTC2025 £ S8l NVL 576 EHx| 374
GPUModel | NVL72Blackwell GPU | HGX Blackwell GPU
FP4 Tensor
20 18
Core (FLOPS)
Rubin Ultra NVLS76
FP8 Tensor | Socond 2027
10 9 157 P e .
Core (FLOPS) 1 LD e LT
L 8T8 77TBls Il o, J?—'
m2a| 8 186GB 180GB § .
TDP 1200W 1000W
AtE: MY B SKEH A=2:NVIDIA, SK3#
CSP4 AL F9 7%=
Y AR RS e Nkl Z0 3 Al 37
AWS  33% M LRIF T ARIEY AL HH2[R| & 219 Anthropic* Stability 5 Ch THEL]
° BIE] 7| 7R] S Ef%“’* MH|A ZEZ2]Q 3 TMHOZ =2 OFYAl  Trainium- Inferentia 5 AHA| & TAIR} |4
CHo |, ol ) ) )
o o Office, Windows, GitHub 52+ & SaaS ¥4 OpenAl 2t S TIELY
Azure  20% E/;ﬁrosoﬂ Az AE 21 | T C(E)pilot MEF2Q —’f—ﬂuﬁ]” IIth 7K
T
HHERL Al AEER, 71 QERACIPY, Workspace ¥ 712 7I1E AH[A% PalLM2, Gemini, Anthropic, Cohere ¥
ni = d : " Hi =
GCP 10% 7|2 CiolE Afo|RiA F A TPU 7P BHf0tE] ASIC 02 Tt
M Q= Q2 HO QI HEIZZQE AR AHyf e =0T
oc 3% OraceDBERP 1% Al 49| 598 97 502 e i aja 5 |\ VIDVADOX Cloud 7l 229

OpenAl & Stargate T
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H2Zep =2t CSP Aol H

HE CSP yegaec
Z871Y 0= CSP4AL 3= CSP AL O 7Id 9iF Coreweave, Lambda DB 5 AEIEY AF
GPU RIZ 14l HGX 78t olma} J1AS KIA| A HAEDIO[Y F4 DGX %UF AfH[A .
7|E YEiE 250l GPU AL HEA oF NVLink, NV Switch, Dynamo & SlIH|C[of £[41 7|& M b5
MH|A | loaS +Paa$ + SaaS 7HA| Q2= FY AfH|A Az GPU QIZ2HlaaS) 3, 1S HAY 55 A5 His
= =T (Ol: SageMaker, Azure ML, Vertex Al, BigQuery 5) Coreweave 2| 32 DB 20| GPU 2t A|lF (GPUaaS)
ALHGE AIATG: ] =Al
h ' ChE AIZECH HE|Z2QE JHE0R UR AT
X1 J1010 = AT BICIaF Lol 120 AFF GIOF 01X
£ =R SINOE SO 2, Y S A At R ) QIff %, AT 4 T, Al 28 4150} 2%
TOHTI QIARIA AT OF A0 HAE{OLO|

XtE: MAXIR, kS A

YT Al L TOHof| HE EEI3 O[Y 28 B

Rl A2 AR

Predictive Al Generative Al B2C Agent B2B Agent Physical Al
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B 25
) Google Cloud aws
<A NVIDIA /A Azure
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Appendix: Al 2% J|&7]|
oIRf A2 APR] FAID1 Al 2017

Ale B Qelizl 7H'-='0|7‘|':IP 4’3 Al(Generative Al)= H| W% Z|Zof| Z2{RCL

UL 57 0T Al £ AZO| AIF SHUAIZ Y4 Al £ ChatGPT 2 5%
oI92 22 SBECE N TS QI AR B Al A Al
Clin e

b QUCE 48 Al & EE2(Token) & 8/d5k= AlE 2|0[CH | Nvidia 7t
(o]

=
A|EMOo = AHISE Al Factory 2t %Jot= A2 o 'EZ'2 ‘¥/dot= 70| &
=

B8Y Al = Transformer OFP[HIAMZ A[RISICE AHE Al RES2 CHER
Transformer FI2E 7|2t02 O IPY RSO} W2A BT ofF[EIx{Q| 7|2
MOl AIRFSS ofslohor Al 279l HeHdat £=E 7I0lE 4 UCE ST 127t
XZ AME W2 2017'H Google Brain EolM ZHT "Attentionis all you need’
=mO|RUCE oY =F2 2025'H TRl 7|F 17 21] o4 QIEE =ROo= Al 20}
OflM 71 218 ot B2 ==OICh 71 T X! Open Al 2 GPT &

Lo TTOL AAL

Generative Pre—trained Transformer 2| 2AO|C},

=2 U] GAPIR|ZE SHE Transformer = E2i ZHO| ¢ §FY #o|UCt O
2Lt §E g2k £F WEAl GPU Zk&at ’e"ﬂﬂﬁ*‘l ‘d50l1 JHMFICE,
2022 '3 ChatGPT-3.5& 7V STt HIo[E 2 HAAJH "¢o] HIo|E{ & sHAY
7 UOR|HA REHo| FME oO[glfSh= 20| (o8lidh= WAE Eol= Aol) 750
MLt Transformer 2| Al 7} A|A, HIS0|| o]0 HOIIA| FEFSH| AlAFSH=
A|HOIRACE. OpenAl & HRHTIZ 2020 'H 'Scaling Laws for Neural Language
Models' =22 S0 O T2 ZFT 0 HoJEZ 20| BHS SRR ICH Y

2wt

OHO o
=
ALO
Ot

—
=
o
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Transformer, LLM, 4% Al Q| A[ZtS 2] =2 Of4fZiQl LHo it ALO|RE 61| S2{OFSiCt

. £ 100 5
Scaling Laws for Neural Language Models Z — ﬂe\&
2 e
£ o A
210F) RS-
p o
Jared Kaplan * Sam MeCandlish* > 1041 A
Johns Hopkins University, OpenAl OpenAl f w)de\SIJB
jaredk@jhu.edu san@openai.com é][}:_ ﬂwwm
E A
‘Tom Henighan Tom B. Brown Benjamin Chess Rewon Child 2 o
OpenAl OpenAl OpenAl OpenAl U U R [/ S (1 R (1
heni penai.con  tom@openai.com penai.com T penai.com Compute (PF-days|
i ) _ ) . Figure 3 As more compute becomes available, we can choose how much to allocate towards training larger
Soolt Gray Alec Radford Jetfrey Wa Dario Amodel models, using larger batches, and training for more steps. We illustrate this for a billion-fold increase in
OpenAl OpenAl OpenAl OpenAl compute. For optimally compute-efficient training. most of the increase should go towards increased model
i.con alec@openai.con  jeffwuCopenai.com  damodeiopenai.com size. A relatively small increase in data is needed to avoid reuse. Of the increase in data, most can be used to
increase parallelism through larger batch sizes, with only a very small increase in serial training time required.
At&: Archive, SK 3H At=: Archive: Scaling Laws for Nueral Language Models, SK 5

Transformers = O ML 2Rt CI27| & X2| 7F5

It was the best of times it was the worst, of times

Previous Models

It was the best of times it was the worst of times

Transformers | B i % E i i
1l

Atz: 3BluelBrown, SK 5H
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SK

Transformer 9| 7|2 X

Transfromer OF[EIX{= Vectorize It Self-Attention & 7tX| 298t E442 7}7ICY
Transformer £ 1) Vectorize £ input data & Tensor 2 A[2t5t1 2) A[HEl Tensor &
Attention 2EZ Sl ALl LIS TlolE of|Z5k= FQIE M=ol B2 THEO] L

Ur2 TRt 4 QU0

Al 2EOIME = EZ(THO)E ALt 7HsT HRIZ A|2BI3R0{0F BT} Transformer &
ClolE A& ZHTensor) O&, THofQ| QIX|E Position Encoding 24QE HHERLE 0| 1S
Embedding O[2}1 H2C} AR W2 Zfoj| Tol HEE Fof B Clojof| Bi2 HHE B
4 QU EIL}, 71E QIEY T HME Viookup TS 7|02 5t1QJ0| 1LH 1, = 1LY
N £&9| CH30| O|20{TICt Z2 HME SiCEEtT Y4 Al OlME EMS OfsHoICt=E =
US FE 0|9V} J|2Mo R O B2 YHBS CHE7| mFo|ct

Vectorize & HOIE2 Self-Attention & Sl F2H1t |0|S B0 HIE|Z HBIEICE 2¢

2
= ot 28 I-H QURIQF T qHAf w2} HEfGto] HEIEICE of2{Ph HEIS S HEXO
2 LBIEA Al 22 ZE Tof 21| #AIS 95314, weight 2 bias(2EQ| 754N E
A|Mofel] ‘A{9f R|='E THSO{HEL 0| & 2PgolME 2HE weight & 80 Self-
Attention 1t TEZQIE HEJIE W2 HLkoto] ks Aot 228 M= =
= FYUEO| FP16 & ARBAH weight £ DOIMl Z7oIR[R, 2 1PgoM= olo| SgE
weight £ AFGOP| 20| FP8O|Lt FP4 22 K2 FREZE Atho] 450t O|RLL

2 Jk531 TtEE S Transformer £ tockenize + self attention &

Paris is a city in

rge

Model

Main Points of Transformer Architecture
DECODER

Attention
France [l 17% -

Henry

: 1 SN
L0 Logan
Fanguage —p  vhid 1o F a
; f

northern &
central | 2% Output embedding

northeastern | 2% T
Tokenization

I

Entire input sequence Previous output

At&: 3BluelBrown, SK 5H

Aig: (ALE, SK3H
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N&517| N2 Tensor &

Lac gh 1 1 1 49 1
. > 7  —— 4 2 4 Dimerticn #2
S— 2 )
6 6 51 e, I '
10 Ay B, B, B, B B B F
—_ / . \ ] ) V] T Vi U6 7 O
[——— ;T TN R 1 i 1 i
/ otrices
! \ VRN
4 VLS v
| 6 n
q a0 54
1 2 1 6 2 -
vesm | |4 L0 51 4 15
& 2
At&: MediumAl, SK 3H X2 3BluelBrown, SK 3
H[o[t{ HME Viookup 7[H 7|I= OH W Als HiFEEhs M2k QAR DIAU2ak= JE7IA| D2{sio] Bt

ChatGPT 4
HFE x| et

7iE  O[OX]  X|AliN HEE QAX|0] CjafA 4%

1017t
ozx|7} F oux e #2Ilc
HF 3257 8
142 (e

o HF0N 71

2ot IEIFE
47l S

2 LICH https

Az HolH, SK 33 Al&: ChatGPT, SK5#
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they| |jumped (into

Atz: 3BluelBrown, SK 5H

Vectorize E! TH{E of2{H Attention 619 Ck2 22 Aot

repetitions

Q‘...

Atz: 3BluelBrown, SK 5H
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Al BEIo| N9}

L& (Pre-training) 19}

1. Parameter 37}

AXOM & 4 UR, Vectorize & FudHHL +F D HeTof| 2[5k}, ot Hojol|, ot
AR O W2 YEE B2 2 A=P| WEOICE £ZQ| Transformer @1 BERT ZH2
768 AFp0 2 Hhofof| ZES ROUOL M3 JE2E ChatGPT 2| 7|8k 2RI GPT-3.5
= 1 DIXHY oo = AUHTRCE PRl £ RHS2 0[Q| 4 B £F9| vectorize 7t O|F
oMe o=z FHECL LLM(Large Language Model)Q A5 A|EEZ 71§5|h
Parameter &= Self-attention ZFF0lIM A43E! Weight 2t Bias 0| XM 830l LHE-E

2 AIR[PHCE TR Vectorize 7F AHM[S| B ~F Parameter 7F 14|10, OJ2| A2 olE22 |
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Vectorize # OF-[2t ZHO| Layer & 57t 2 FHTE 00 H2 AFYLLE
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ot IS o 2 QOJEICE O] Qo= Attention Head 37t FFN
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Transformer = Lo B2 RERS0| HRE2 7|20 =N ZHO| 37(Qf HAREE 3|
= A o SAsED Yust QES R[GFe 4 QIC} CiE @ 37(of| Moot 2~30| Gjo|E

Fo| LMFIoRILL Aol 552 2= FE HIEQ T7IZ OlofR|E2 mavE et &
T2+ L

2. Attention H2%}

Attention R&%H= Sparse Attention(EEQPH S FO0| HANRE Flash
Attention(GPU M|22| Z[A3}) Multi-Query Attention(SE & 7 ) % | CHyot 7]
HZ Tt 53] 2 37|17} HEULE Attention HLRO| 7B 0z FI0k=0t
= 2|9t 7|4e| F2/dol HA| QIC} Attention B&%H= 2| 3H '/—'|\'59|' 2HEE

02 E9| 2|2 Grok-3 7t Flash Attention, Multi-Query Attention 22 85 £&£& 7|
f AHRIOA 37X D|E#S Bh= FOILt EHAIZ= Multi-Head Latent Attention ©[2F
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Chrot H2| A{2] AL MQA £ SEEE JHMd| 52|
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Publication date

Az MY AL, SK5H

Attention - MQA | GQA | MHA

Vilut
Kry
Muli Query Group Query
Attention (MQA} Atention (A}

Multi Head
Attention (MHA)

At&: medium.com, SK 5

GPT Parameter 3713

Number of parameters’, by GPT generation

GPT-1117 million

GPT-2— s

1.5 billion

GPT-41.76 trillion” 7

~

GPT-3
175 billion

Aig: M AtE, SK5H
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3. Mixture of Experts (MoE)

o421 74| T27HExperts) HIERIR T LR dviolo] HLFS Sol= 1125 Qojgt
Lk 2|1 Transformer 222 GPT-39 32 175B 2| Weight &t Bias 2 22 1127t &
YR, 0|52 F2 YoM EF HESHORUCE MoE = ©| IE0[HE f47H9] f2loz
LiED, =2Y o Lo 2o ZWRlsh= UN2IE 7oLt 71E Parameter & F7HO
M7t HcHExperts)E LFE 7152 AIEA0] D2 of TEIE /getUA| 7="H0|"—
Gating Network 722 EQ2Z Pt oS S0 FE4 B2 30 7HQ| Expert £ LIFHF
DEojM oot A HF0| QM GatingNetwork 7 gt gtk 2 7{0] rat SZMO-IQ}O}
1 LIHARs S8OH| Ofs RALE TA| 2 37|= He, MNZ ARl HiRR2 Xof

MM HI-Go| EHAIZ 4 QUCt,

MoE 712& YUt Transformer HCH ZETH AR2MA 30| O ICHED, TEI4 2t
% #Al(load balancing issue)?t 2 4~ QUCL CH HE7F BE0| T T2

LLM CHE| 22 £E7t Q0[3] =3fA|= EH|= Y ZHsICh

e o
rc

4, Distillation (2% 5&)

CHy 2ol 7‘I""’ Hop A2 REAZ % O[Sk 7IE0IEk WAKteacher) REAZRE

Lie Beot o5 2xE ‘—ﬁo”(s’ruden’r) 20| WEBIES Bloj, B BYo| 2 2| 4
52 DYSIEE BICE oIt o2 S| GPT-3 1758 20| 447 S AIGSH
10 o 32 B8 SIEAPIZ, s M2 20| GPT-3 o R 45 22 sl
A2 ACL YUM H2R|TF HTe 61| LS 4 Q\Ct

1P

— o=

AA ZRE HE oMY TH2 OiHa 271 3| 0150 HM FPo|o2 2 HIE £
K| AlZE oM QR[BICE I AMIR| AT A[oHE! AFRIOIM LLM & 2F5IALE, CHY E
2 X2[A] H[B-S £0l= O §-83ICt MAIZ, Stanford 9| Alpaca 222 HIAECHHIX|

003 (GPT-3.5=)2 &30 709 LI2H0[H LLaMA & DIMIZ7golof, GPT-359 %
YOt 52412 TS Eo| i) IS b 9UCt Google £ LaMDA 52 FFsH 2Hf
71718 Bard 9 F3 BT PIEE 5 AIK| $80| LESID Uk BY FRE TI& Ay
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SKS & E[MA[ME
I

Distillation 2 S8l &2 O 7HH2 50| 2 24 7Hs

large Transformer model smaller and denser
S S TS S SR Transformer model

teacher student

— fewer parameters

— faster during inference

— prediction quality close
to teacher

AE: TowardsAl, SK 32

2H Ho[E{E 2418} Mixture of Expert 712 Distillation = 5% Teacher 2% 74

DeepSeek

AE: TowardsAl, SK 32

AlE: X, SK5
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Y XN2|(Post-training) 1=}

Post training 2 Pretraining O|%0l| 20| J¥F2 ZX7ok= 2 QJO[PHt tiEXMo =
Fine-tuning Ol QU=C, HIO[EIMOZ RES CHA| SEAIHM £ EOQI0|Lt Z(Task)
452 Ol HAOICL JIEET HE A0 S2E MRS THE7| Pl HE =A==

7t st Aol g 4 Utk

1. RLHF (Reinforcement Learning with Human Feedback)
Afzlo| RO SEE HIRIALL £QIE D! T|EME 283 RES JH Mot HHAlo|ct
Dol of2] SEHE Yol Alol 01[.5 SHOl F2 AIE &85 F= FEIZ m|EWS o

¥ 0 BYE JIE0R YUIIAS AUICE

2.RLVR (Reinforcement Learning with Verifier Rewards)

RLHF 2+ QAR FHEOILE, ARzt CHAl AFSRHE! B2 |(Verifier) 7t B2
AIF7FLLM off M8t o ZRILE| F ARRIQ| TEW(HF) glo] £7
0] &1 o] 2 SlollM YIS S 02 FRE, TEMS = Teacher ZHO|
Q0i| 7H5TH FEHOICE ol Y9l RO HEE SARK= Distilation the T2El= 7

2 Distillation 2 Thrd| A|AIQ| OF2 0|ME B8l HEFS EARSH= {02t BT 7L

Ajolct, g

o

H
[e]
o
S
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o ir

rlo o_>.‘_

= O
EF k0| AR REIS 2AOITE HA|R R1-Zero 2 F RLVR 2| Z14IE, Distill Z2E

g3, ==

3. Retrieval-Augmented Generation (RAG, ZM 57 BH)
D RIA| KA 2 QJFESIA| 041, RE FOi| QF A|A AALL EE HBEH= HAIS 9

=
Ootct RAG 2 B3l Fine tuning 2 O|E E3t 222 4 2 QUL EF 2ol £

DB AIEOR A% RUS YST ¥, 38, 49T 2L SuiE BYS BEL o 5ol
k. B2B Al Agent 2 31013 9IA} Hlo[E{Z: ®12sto] S4 719] HlolEfof Alxjuiel 22 7|

T NIBE RAG Z 7597 7Izolct 4 B2 29| Al agent 7F EAI=|1 U=H|, Ol
D= Ho|EMIE Ef2|sk= Zdo| SHAlo|Ct Gemini 2.0 OlM= KlE ?:'IM_F! SEH %J__'|- A

A2 =2 [
ol 242 EGoh= Agent & HE0|1 Ik B2C 2 ZHRIGkE HIM HHIQ 5ol
RAG & E4Ho|ot JHQ! ojH|Y, HEMA, ARY 52 &udio] RHo| TEof| HHY 4

A& Stofof TS HIM 7|'50| ZHsOIC.
RAG GA| 2HO| 452 I WHAAFAIZ 2HO| 2F HIGS S2ICL 1) 714! D
TAY 2) AME GOl X2| 3) Z|E LLM 2t M2| Ho|EQ| Zgf 2P oflM H|Z2|et ﬁﬂoﬂ
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RAG £ 2831 f&{ HlolE| 7|82| EitH Iks

SCALING LAWS

“INTELLIGENCE"

POST-TRAINING WITH RLVR
>100T TOKENS

_ PERCEPTION
1

GENERATIVE
TN ey

ALZ:NVIDIA, SK3H

o

9|5 LIo[EE HASK= L AE 717 HHICIOF Agent ¥H2E NIM Agent 29| &

(]

()<
PIANNING

NVIDIA NeMo Retriever
Vector Datal

LIV 5
[PLANNING > MEMORY]

NVIDIA NeMo

ALZ:NVIDIA, SK 3H

Al MY A, SK5H

RAG £ 2831 fA{ HlolE| 7|82| EitH Iks

USING LOCAL LLMS WITH LOCAL DATA

BASE MODEL

What was the name of that s B Sorry, | don't b
movie Chris emailed me about any specific inf
last year? emails or

BASE MODEL + USER DATASET

as the name of that Chris Thomson emailed you

e Chris emailed me about about “The Fall” on October
23" last year. The Fallis an
adventure fantasy film
released in 2006, starring

At=:NVIDIA, SK5H
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ZE(Inference) 2+

Reasoning Model (2 2H)

ZHo| FE0t 17(Reasoning) O|%ol| HHES SPIE ZES MABH=
(Chain of Thought), Test time scaling, Self Consistency decoding 5<
DL

fAjo|C

CoT

2 s
O_|
7Ee BN

CoT £ 2HO| ZNIE & W T 7& IS of2] TAZ LIFM EHOI=R REol= &
SLEE LARIoh= FAOIEE 27| LLM RE| F 71R| S AL Al AZIE ZEZEQ|
AIZSHD LiE 22 RS0 Thot output O] FHMEI= BiAto| ZRYSHC} 0|2 @& Ao LY

_ EC 2T

M[2tSt A A7t 010|Ck Test-time Scaling 2 22 2 A| £7% £710| FFEH A X}

B2 291 FUPAS W 2% oolpch 990l 43 2YE BRI CoT VI8
LGl T2 ChSE WA SUNICE OpenAl & Y3 RUSO BHo| AxZ UL

-

ZE CHYE Tiokstn AI-_|_0}01 EfH5H= D3 (compute optimal)2 T F0(2t 0 g0
HE QIC}. Consistency decoding = CoT 2Al2 CIQFSH HEZ of2{H A[Ystn I
Mog L& HE X|XO| HHOZ NA[Sh= REZ CoT A2 42t MBol2tn 2k
2 et

M.

- |-

Reasoning & =2 Al 29| 315412 71501l Pt 23 TN B2 AHE &Y
o 085 Al REO| ofL|HEtE FE CHOM 2Ol ALRE AR EEH ZH
benchmark A8 MY 4 QUCL PalLM(54B) T20[E] 20| CoT ZEZEE X8
CiL| GSM8K 48t 2A[0fIM 57%2] FEEE Al SOTA £ 293D, Ol Hk O|M|IR
N AYE AHE GPT-3(175B) REELCIE =2 4SOIUCL ol BEHZ AT AL
openAl 2| Noam Brown B HES Al Q1 LT HA| AL ARKS | Q442 Wt
AR ARFE OIS W 2 4g52| ALo|7t OHY AT o7 [Pt HRETY ARRE 52

Al = ‘350! FORRI= Holct.

SHHZEE ERIOICE CoT M8 RRI2 B 24/d uPgollM B2 EZ S 2Y/g6 |' output &
QBN EoiFE= YARITE ARl WOl AQFICE °|" 2E 2 HIES 3 571
Z 2 ULk B3| 2ol 7|5 H°F°|"— Context Legnth &l 57I2 Batch size (t’“?_"oﬂ =749l
Mol Y 2 USAN7E Aol EZ G HIE F7HIA HIG ZHE FYAIRICL
Batch # OfL|2} 7|2fsHost= KV-Cache = $716H| &=t ol HZ2| HIE 5712
oJofZIct,
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LLM 2 Z2 2 29]| CHSHME X1 Prompt & 53 B S 7

Standard Prompting -of-Thought Prompting

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

A: The answer is 11. A
The answer is 11.

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

= | it J
. ol
LMBQ.J Thej

Figure 1: Chain-of-thought prompting enables large language models to tackle complex arithmetic,
commonsense, and symbolic reasoning tasks. Chain-of-thought reasoning processes are highlighted.

At2: Google, SK 5

EMT st Y2 S2|H 38 BYE 70B BHO| Benchmark ST K5
70
Llama 3.1 70B S=h
2365
8
z
© 60
3
v
v
S
S 55
n
T
'E 50 Llama 3
= -=-=-- 0-shot CoT
< —e— Majority
45 —e— Best-of-N
—e— Compute-optimal

21 22 23 24 25 26 27 28
Number of generations per problem

At2: Semianalysis, SK 33
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Al BHO| 24t - Multi modal £E{ Physical Al 71|

Transformer £ AfHO| A2 201 HLA|ZH Multi-Modal 2Z=E Transformer
20| 7|Hkot RASO| BTt o|0[A| M4 BRI Dall-E, T 4 ZHQ! Sora BF
O|0JA], B2 HE{SKIY Transformer 7[8tO2 AFEICE CHHA X ofF REZ
CHIAS 2AIE AlphaFold 2 ZQ0= CNN Z[2to|UE 2 mEn} Ci2H| %[
AlphaFold 3 2E0ll= Transformer & F7MEl A0 2 Bt E=L} Transformer 2
QIS HIE|Z XY 4 QU= BE THRPET S| ALt IF53HE! 20| Multi-modal 2
Transformer 22| 4&20f| & =22 & Aoz EOICE ¢Af LM 2 MXa U2
kg 5L 2EIM ESHE O|RR|LL Q= of| HISH AFTIn G4t 2HEE Agent Al

7} T4 LEERAZ QAT

Nvidia oM O§7[Sk= Physical Al ZHd= 2Xat £ 2FS HERISH: ZofM
EYOIL LIOE Physical Al A2 A AAQ| AIM TIOEZ Z1R|= ofoiY, =2
YF9 0|5 S7te dat o|= QY YE Ztel SUAYS Mo PHks HollM Multi-
modal FAME Ho|E=7t ELf A|tof| 3T M AlZ2o|d 2ol k2 I
=2 AZ3oEP7L AFECE H d% %S

TUY nzopt QAkl= Y Al 9 AN REO2 = £ QITt Physical Al £
ASFYARE UG 22X, FHE0IE SRED U S0 CI27MA| 2R AIAH

THE AO= J|hECE

ox M

o]

52 7t gnelFo| EeHMolEks HollM

J

CIFot o= Ello[EIE Al 2o 3| X[2HSk= Multimodal AlZ8[o[ 2 Nvidia 2| Physical Al

Text

Image

Audio ||H||||“|||—

—
Video B ——— 1 P Video

— Text

d I
e OMNIVERSE

+|

H”lh\l Audio
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Value 4
Physical Al

*Pixel, Moohan,
Google Glasses

B2B Agent Al

- Android

Ondevice Al ‘Project Astra

B2C Agent Al
*Youtube
-Google Search

Generative Al

-Google Ads

Predictive Al +Google Search

Time

Pl

X2 SKEH /3 CSP A2 M Al THAOA 38

FY2024 AR{SE OHE HIF

Other Bets 0%
Google Cloud 12%

Google Subscription, platforms,

Google Network 9% \ oogle Search & other 57%

\

\

YoutTube ads 10%
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|
2023 ' 2H7|0f|= 5% &2 Gemini HRE0| 50%HHZ 57t
160M
| others 464M
i qooglelgemini-flash-15-8b  44.8M
| aoogle/gemini-fiash-1.5 35.8M
| arypheimythomax-12-130 7.79M
SOM | openailgpt-do-mini 7.08M
| mistrataifmistral-tiny 6.01IM
| | meta-llamafliama-3.1-70b-ins.. 5.2M
40M i | | anthropic/ciaude-3.5-sonnet  3.87M
llllll IIII III| Total 157M
=Ei!=!!!!!!!__-- '-.. I |
Dec 24,2023 Feb 18 Apr14 Jung Aug 4 Sep 29 Nov 24

Xt&: OpenRouter, SK 5H
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Cloud Provider Market Share Trend
(1aaS, Paas, Hosted Private Cloud)

\’—\__\_f_/\_\’ am.a}on

%

GoogeCoud | WIL

Turbocharging cloud security & multicloud in the Al era

Share of Woridwice Revenues

5% Alibaba

Oracle
Salesforce
am

o%
08 Q1 G2 O3 4 Q1 Q2 O3 O Q1 Q2 Q3 Q4 Q1 @2 @ O Q1 @
1B 1% 19 19 190 W20 NN N RNRRR22ZADD

ue

o @
2 un n
Source: Synergy Research Group
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At&E: Amazon, SKSH



2024 AtAEE Heio|Q)

SKB A B|MA|ME

JtHz 25 9il, =X o= fop B

OIIEZ 57 YME Al B0l ZX TIY SOt 1EHAl= OFRHIR E Hi: R%QF
S HIS T 2P AIFRE Zefoln Afgk MAY x|XMgt 5

S DMMR|Q| HiE-2 ALt 2024 A Same-Day X Next-Day Hi& ?_"

2= 909 2oz M TiH| 28% F7t & BiS ME 2= 60% S7IUCL

2= QHRRE HHiE 9LIo|Ct 2H24 FE SE MM BRI 2 2Pgo
Al 7Igh 20 oSS S8 A BiAIS £ FOICk AMHOZ oK ol 9

X9 A1 HIFO| 2024 H 2 27| 25%, 4 27| 40%7HA| F7IULCL

3 EHl= 2HE|A OFF[HIAQ| TR HUOICE 2026 HHE 22 LEEE 10 HY
=t SRMEQ =S ALY H[2lo|H, HA| Sequoia, Robin, AVI 50| =& &

0|1 Sparrow(H%), Cardinal(25), Proteus(Al23%) S 7t FEE ogo|
Ch 22 02 E& X2| S 20 25% 4, S ToH= Z|0H 25% &Y
O| 7|cHEICY,

2024 A g¥Iao|ro] AlZEojl= 2O|X[ojLt MIE{o] A 22 TIH X E3Y
CH Z|CH KR OHEQ! 108 o HEi2 AUBHH Rate UFAMCE 2 7
CHAsE At MIEf 2S5 Same-Day % Next-Day HiS M50t 25

{1 Eioiz Al”o|Ct

nx
0E Mo 18

M| 2BH|0IM cocs A2, Q1HH|E BaXo2 Rt o

B AWS
¥ North America

International

20

B COGS -

B Fulfilment
Tech&Infra

SG&A
7IEt

14%

Xt&: Bloomberg, SK 3

AFE: Amazon, SK 3 H

S
SKh’?ecurities 87



SKS 2 AR e

North America AfHE HRi0[2E 3=0] Y ML

(%)
10 -

(2)
2021 2022 2023

8

b

4

2_J I

O_ T T T T
|

2024 2025E 2026E

O}HI2E &4, Center = 57t Same-day HiS 57}

X}2: Bloomberg, SK 3 H

AIE &8t ER &

rx
bt
it
ot

w o M oom o2
woll o4 om-o2

Xt&: Amazon, SK 53

SRAME CixtelS

R
=
a
=)
wn
=
i
ofm
=o|;
bt
i
LT3

Xt2: NVIDIA, SK 53

12 Mic 2F4IE| M8 Sparrow Picking Robot £ digital twin 2 S

NVIDIA Omniverse helping us optimize warehouse
design, train more intelligent robot assistants,

XtZ: NVIDIA, Sk 53
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