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I China nNew Generation of Artificial Intelligence Development Plan

China announced its ambition to lead the world in Al in its July 2017 development plan, A Next Generation Artificial
Intelligence. The plan is the most comprehensive of all national Al strategies, with initiatives and goals for R&D,
industrialization, talent development, education and skills acquisition, standard setting and regulations, ethical norms,
and security.

By 2030, the government aims to cultivate an Al industry worth 1 trillion RMB, with related industries worth 10 trillion RMB.
In addition, the government has also partnered with national tech companies to develop research and industrial

leadership in specific fields of Al and will build a $2.1 billion technology park for Al research in Beijing.
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YOS Fp— State Cquncil No_tipe on th_e Issuance of the Next

BN B RXEM: 250G Generation Artificial Intelligence Development Plan

% B: ESRETOEH-FA TR RauRn Completed: July 8, 2017

EXFE: WE (2007) %§ BEEM: 201150708 Released: July 20, 2017

A Next Generation Artificial
RERATFAR Intelligence Development Plan
Bi AN WA IR The rapid of artificial i (A1) will change human society
AL (2017) 3% and life and change the world. To seize the major s(rategu: npponum:y for the developmenl

of Al to build China’s first
construction of an innovative nation and glohal power in science and (echnology in
accordance with the requirements of the CCP Central Committee and the State Council, this

B4 DHE . RIBARAN. RSREDE
IS €I —EA TRAES BRSBTS

EHR plan has been formulated.
%7808
(RRLTES) I. The Strategic Situation
B A LAY The development of Al has entered a new stage. After sixty years of evolution, especially in
- mobile Internet, big data, supercomputing, sensor networks, brain science, and other new
theories and new technologies, under the joint impetus of powerful demands of economic
ALWUEMRRERETNTARUSTE . RTEN HRIAT NRBRA TSRS K and SOClal Al's has i deep leﬂ’nlng
1. MRRCHHAEFOENHEAE, BENER . WARSEEE. WETRY. in i hi the opening of swarm intelligence.
— HRIR aulonomous control, and o!her new characteristics. B‘g data-driven cngnmve learning,
ATWEAREAWR - SideoSFa1RE, NAHSTHHEBR . AME. SEHN . ROF . BHFSTECTHERURE and
FULRMENRANREMEDNT RAERR, SRETRET) . R ARDA . FEFN . SERZFFNE AN i swarmi i i and i systems have
EDROTS) . R BAREEE . HIERAEE . BTWRRRIHATURATERES, RIHY 8 become the focus of the development of Al. The results of brain science research inspired
ENARERESBNE. THI CURBIRR. AT WS TR 5K, F—RATEREXTHER . o human-like intelligence that awaits action; the trends involving the chips, hardware, and

platform have become apparent; the development of Al has entered into a new stage. At

@ SR # £ DS TU S EANTI T o
ATORR TS AT » AT I present, the development a new generation of Al and related disciplines, theoretical
FETERONANE. ELARYEN. BRSO FEAL (ORTHELEE. HEGH-LRPHERM TS modeling. \og i anghzaﬁware g mg':lej;":‘:v:'“ce
S0 4. SRR R RALBERR, LABEH. EATERERGRTHRRERRSH. LN, FFE i . esbeler Ay
A THEE R R RGOUR ), TR W ———— -economic and social domains from and toil
ATWRARSETRRBINEIE - ALUEFAR- L~ LMD HiE-STHDAREN0~ITNRENE X Al has become a new focus of international competition. Al is a strategic technology that
RAF SR X ARBERZHETR: DRAACRMERE SEOURLHRR. ALK will lead in the future; the world’s major are taking the of
W SIREHARMARE, T Alasa ma]or sualegy to enhance national competitiveness and protect national security;
FUMGMEOEARERTREE, ion of plans and for this core top talent,
standams and regulanons etc.; and trying to selze the initiative in the new round of
ATWRR# SRR ACREH » ERTFRSTRS AT, ATR science and At present, China's situation in national
RENN . B A RPN AL RS AT SWIHARLEDN - security and international competition is more complex, and [China] must, looking at the
ATERBAT TR0 . 50 5 . BRSSWSUNBOEEL. THAREE. SEEN world, take the development of Al to the national strategic level with systemic layout, take

me initiative in planmng hrmly seize the strategic initiative in the new stage of

B SHERN KT
to create new

ERBRATRAN . FEEOSU ST . G017
opening up the development of new space, and effectively protecting national security.

BHREE. IABFE TR - TANZEATRENE, £
» MOATEERS . 58 AITEE. e
- Al has become a new engine of economic development. Al has become the core driving
x R 2 3 B’y 7 e 13 .3 £ D h i s .
" TASSSOSICIN SO TIO OIS M 0. RIAINT * B~ AT T PN force for a new round of industrial transformation, [which) will advance the release of the
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I USA The National Artificial Intelligence R&D Strategic Plan

In February 2019, the United States launched the American Al Initiative, in the form of an executive order. This “whole-of-
government strategy” aims at focusing federal government resources for investing in Al research, unleashing Al resources,

setting Al governance standards, building the Al workforce and protecting the US Al advantage.

This plan (updated 2023) defines the major research challenges in Al to coordinate and focus federal R&D investments. It
will ensure continued U.S. leadership in the development and use of trustworthy Al systems, prepare the current and

future U.S. workforce for the integration of Al systems across all sectors, and coordinate ongoing Al activities across all

federal agencies.

The National Artificial Intelligence R&D Strategic Plan
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I European Union coordinated Plan on Artificial Intelligence

The 2021 Coordinated Plan on Artificial Intelligence, published in April of that year, builds on the collaboration established between the

Commission and Member States during the 2018 Coordinated Plan.

It sets out the strategy to:
accelerate investments in Al technologies to drive resilient economic and social recovery aided by the uptake of new digital
solutions;act on Al strategies and programmes by fully and timely implementing them to ensure that the EU fully benefits from first-

mover adopter advantages;align Al policy to remove fragmentation and address global challenges.

bove, the 2021 review of the Coordinated Plan provides an overview of OUR KEY PROPOSALS TO SET ENABLING CONDITIONS
actions taken since the adoption of the 2018 Coordinated Plan and scts out an outlook with

concrete proposals and recommendations for further action, identifying areas where the
partnership between the EU and the Member Statesis partcularly effective in making
a hub for the pment and use of cutting-cdge, AL The 2
to advance the objectives above and proposes 14 interrelated, joint n arcas for
collaboration between the European Commission and the Member States (seven horizontal
and seven sectoral arcas)'’. As in the EU 2020 White Paper and the 2018 Coordinated Plan,
the 2021 review of the Coordinated Plan does not address the development and use of Al for
military purposes.

In line with th

Acquire, pool and share policy insights

¥ ENABL
(_uuomo‘v:

Tap into the potential of data
OBJECTIVES
I SET ENABLING CONDITIONS FOR Al DEVELOPMENT AND UPTAKE

IN THE EU
In order to support the development and take-up of Al and to achieve the objectives of this 75
Coordinated Plan, a number of enabling conditions are necessary. The first one is an °"‘°'- PO §
and An efficient and functioning Foster critical computing capacity
and dinatic rk can help to build economies of scale, minimise

information and transaction costs and facilitate synergies among Member States. The second
enabling condition is data. The development of Al technologies often requires large, high-
quality, secure and robust datasets. It is therefore important to ensure that data can *flow” L
within the EU, with our trading partners and across sectors, in line with the EU acquis,
lm.ludln; lhc Gwcr.\l Data Protection R;gul:nmn l‘or personal dau ;md the Umon
hird is a
necessary for storing, 'n\.\lynm, and processing the incre
ts and hes to increase e
through semiconductors that enable Al algorithms to store, run, and lt\l dm Together, these
three factors create broad enabling conditions for Al technologies to succeed in the EU.

Acquire, pool and share policy insights

Knowledge is key. Sharing knowledge and policy insights, and coordinating policy ac
and investments in a rapidly developing area such as Al can add an important compet
advantage. For this reason, in the 2018 Coordinated Plan the Member States 2

d the
agreed on a ism for joint work and proposed two sets of

ly large \olumcs o! dala ln

insights and develop synergies. Member States were encouraged to put
strategies or programmes (or add an Al dimension to other relevant
) i o s and programmes) and share these with each other and the Commission'’;
Accordingly, to sct cnabling conditions for Al development and take-up and enhance and the Commission pledged to monitor developments and mobilise expertise.
cooperation among Member States and among Member States and the European Commission,
the review proposes to focus on three key actions: to build a govemance framework to
effectively acquire, accumulate and share policy insights on AL 1o tap into the potential of
data to unleash its full potential; to foster critical computation infrastructure to support
capacity building and enhance the development of Al All Member States made substantial efforts to develop national strategies on Al or to
include an Al dimension in their existing strategies and programmes'*. The adoption of
onal strategies facilitated structured reflection on the priorities and objectives for
pment and uptake of Al, and triggered wider public debate in many Member States,
e exchange of information on the national strategies also fed into a structured dialogue
between the Member States and the Commi

1.1. Maximise the advantages from national strategies and accelerate the proposed actions

Overview of actions taken

on.

As the analysis of nati es, the adoption of national strategies was an
important first step to facilitate and streamline European effort on Al This process helped to
identify the priority sectors for joint actions, provided a solid mapping of the main inves
prioritics planned by the Member States and indicated possible steps forward for common
multi-country projects and joint activit
Outlook

The next step is to ensure that the efforts invested by Member Sta

in developing the

This cacouragenent was lso ncludod i the Febeuary 2019 Council Conchusions; (Councl of the Europssn
_— the ¢ . 617719, 11 February 2019).
"oAn fully with the EU rules on cx Taw and notably Statc aid. * Sec Appendix 1 to lhluk\umﬂl xM JRC’s forthcoming Al Watch report on Al national strategies (2021).
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High-valued companies remain private
Private deal activity with post-money valuation of $5 billion-plus

81

49
36

13 23 24
10

$ﬁf__.__._.—13 Wi/’-

2015 2006 2017 2018 209 2020 2021 2022 2023 2024 2025

e Deal value (3B)

Deal count

AI&ML VC deal value / deal count (2015-2025)
https://nvca.org/wp-content/uploads/2025/10/Q3-2025-PitchBook-NVCA-Venture-Monitor.pdf
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Al Funding Concentration: Rounds $500M
Or More In Al Vs. Non Al

2021 2022 2023 2024 *¥YTD 2025

@ Al>=5500M @ >=$500M % of Al @ Not Al >=$500M

CrunChbGSG *Data as of Dec. 14, 2025.

https://news.crunchbase.com/ai/big-funding-trends-charts-eoy-2025/?utm_source=chatgpt.com
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Share of artificial intelligence jobs among all job postings

A job posting is considered an Al job if it requests one or more Al skills, e.g., "natural language
processing”, "neural networks", "machine learning", or "robotics",

A Table & Map I~ Line v Bar
1.8% — United States
1.6%
1.4% Sweden
~ United Kingdom
1.2% ~1" Netherlands
Spain
1% Austria
Italy
0.8%
0.6%
New Zealand
0.4%
0.2%
0% I T T I I 1
2014 2016 2018 2020 2022 2024
> 2014 @ ® 2024

https://ourworldindata.org/grapher/share-artificial-intelligence-job-postings ?tab=map
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Al Engineer Total Compensation by Country (June 2024 - June 2025)

Country
United States
Switzerland

Israel
United Kingdom

Canada ] [E—
China ]
Netherlands [
Australia I
Singapore /"
Ireland /"
Germany I
Finland | |
Poland _
United Arab Emirates _
Korea, South [ —
Austria _
Hong Kong (SAR) I
France I
Sweden _
Belgium [ ]
Serbia _
Czech Republic I |
Japan I
Spain |
Taiwan I
Hungary [
Italy ) —
Brazil I
Mexico I
Romania _
Russia _
Portugal I —
India I
Turkey I
Thailand _
Vietnam [ |
Pakistan -
Eoypt N
OK 20K 40K 60K 80K 100K 120K 140K 160K 180K 200K 220K 240K 260K 280K 300K 320K 340K 360K 380K

Annual Total Comepnsation in USD

https://www.levels.fyi/blog/ai-engineer-compensation-trends-q3-2025.html
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Model Size (Parameters in Billions)

N
o

N
o

Evolution of Large Language Model Sizes Over Time

S

Claude 3.5
(OGpPe.Ir:l-:I) (Anthropic)
1800B 2000B
3
DeepSeek-R1
(DeepSeek)
6508
GPT-3
(OpenAl)
175B
2022 2023 2024 2025 2026
Year

ﬁﬂﬁﬂiﬁ ?F“fﬁﬁ

§ BANIGEENFRAFEEKIRE (4351 wRTHRETH
KIEE (498f%) , REFARMRNER

BEAFREK i)

1E+27

1E+26

1E+25

1E+24

1E+23

1E+22

1E+21

=H-RET (10fF) X ERHE (T1)
*Egiggiiu %FJij%i:i]iﬁi:jz

..................................... - Gemini ultra
1.5T para*30T

T toke
p/rﬁ/(:la-ude3

30000x
GPT4 T para*40T tokens
' °T para*13T
LLaMA ans
GPT3 el
175B para* 2.5PFLOPS
300T tokens B200
- - 989TFLOPS_/ 8x
313TFLOPS _— H100
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2024 F5E VR
& H JFREs iy
(AlphaFold)

24

Google DeepMind 2025-2-7

Gold-medalist Performance in Solving
Olympiad Geometry with AlphaGeometry2

Yuri Chervonyi*!-°, Trieu H. Trinh"1°, Miroslav Ol34k"-1:2, Xiaomeng Yang'-!, Hoang Nguyen'-3, Marcelo
Menegali!, Junehyuk Jung!4, Vikas Verma!, Quoc V. Le! and Thang Luong!-®

1Google DeepMind, 2University of Cambridge, 3Georgia Institute of Technology, “Brown University

‘This work was conducted entirely at Google DeepMind by all authors.

We present y2, a signi i d version of AlphaG: y introduced in Trinh
et al. (2024), which has now surpassed an average gold medalist in solving Olympiad geometry problems.
To achieve this, we first extend the original AlphaGeometry language to tackle harder problems involving
movements of objects, and problems contauu.ng linear equations of angles, ratios, and distances. This,
together with other additi has the ge rate of the AlphaGi

on International Math Olympiads (IMO) 2000- 2024 geometry problems from 66% to 88%. The search
process of AlphaGeometry2 has also been greatly improved through the use of Germm architecture for
better 1 deling, and a novel k sharing hanism that Itiple search
trees. Together with further enh to the bolic engine and ic data ion, we
have significantly boosted the overall solving rate of AlphaGeometry2 to 84% for all geometry problems
over the last 25 years, to 54% previ Alph: y2 was also part of the system that
achieved silver-medal standard at IMO 2024 https://dpmd.ai/imo-silver. Last but not least, we
report progress towards using AlphaGeometry2 as a part of a fully automated system that reliably solves

BEIRENEETE . Al IRE]
IMO  “&EhfrE”
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C NTBAE: A R 2L KB
SKEGERE, AEMSRUAISE, FRMRSHER,
I PO 5 70,

iﬁm AI%’ ﬁ'é (Artificial General Intelligence)

—HEZEGLEESE. HEBIA LB A

C WA TERESE A TR B A
K s A KB AAIRE S, A
FEAR SRR SE R 2%,

=

KX ar £ ZOsb 2=~k sSATERE BAAIER BAIER
Aﬁ@ = E%E/J%ﬂ = Hb{Tjjo (Narrow Al) (General Al) (Super Al)
B—E5 AGI HBHEA 2
ANI » ASI

A

AT TR L5 A TR
RO, (F R AEIR B ERE
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ChatGPTIRFE
HlEE A AJEK
AlphaStar
FERSEE
AlphaGo&k RN E
RBEAEEST | (&=
A Krizhevshy
= HAlexNet
MEE, AIFFRE
_ BEIAEE
F
i Hintonie
: intonf H
I 5o FE=S
fﬁ%iﬁ;ﬂ;’;ﬁ FRoszenblatt =i
r AL H HE 1= |
WMcCulloch | | & il
FIW PittsiE
wELEZ ] I 1969 1991
: -
1943 1949 1956 1957 1982 1986 2006 2012 201s6 2019 2022
D HebbigH BEAE—
H"-‘-bbl_ﬂﬂ _ NEEL FfLHLH R KR,
Learning#E i AIREFEER,

EREE, BN
BoREL
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1956 Dartmouth Conference:
The Founding Fathers of Al

£ ey
A% i

John MacCarthy

ll:lr

Claude Shannon Ray Solomonoff Alan Newell

Herbert Simon Arthur Samuel Oliver Selfridge Nathaniel Rochester Trenchard More

Founding fathers of Al. Courtesy of scienceabc.com
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Number of Al Publications by Field of Study (Excluding Other Al), 2010-21

Source: Center for Security and Emerging Technology, 2022 | Chart: 2023 Al Index Report

60 59.36, Pattern Recognition
50

42.55, Machine Learning
40
30 30.07, Computer Vision

20 / 19.18, Data Mining

11.57, Control Theory

Number of Al Publications (in Thousands)

10

- 6.74, Linguistics

2010 201 2012 2013 2014 2015 2016 20177 2018 2019 2020 2021
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* Yann LeCun/ Geoffree]/ Hinton / Yoshua Bengio:
REFZI=B3k (B, {RFES. REMSE)

« MLP/[AfE#E. CNN. RNN/LSTM
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« 1943, MZITH McCulloch 1 Pitts, &R AHZE M 4% é ; é

« 1949, (The Organization of Behaviour) , Hebb*">]

« 1958, EHINLEA (preceptron) , Rosenblatt

.« 1986, BPXIAfEHEIIZ/71%, Rumelhart, Hinton Fil Williams, &5 - Ji £ 4%
« 1998, HBRAMMZMZE, Lecun

+ 2000, HAAWESHAL, Bengio

. 2006, REEBE(EMZ (DBN) , Hinton, & = M2

+ 2012, AlexNet (Dropout) , Hinton[ZIfAif%ImageNetttZEILSVRCHIH %
2015, Deep Residual Network, AlphaGo

« 2016, EEOHHIMZ, GAN

« 2017, Transformer H4R1E = A0 #

+ 2018, BERT, GPTHAIG =AM

« 2020, ViT, GPTE|{GA#

« 2022, ChatGPTHIRHLERA

« 2023, Llama 2 JFE%AT OFBONEARBARIEZ LA

© 2024, GPT-40 (SEMZHEES: IA+EB+EI)

+ 2025, DeepSeek-R1




B\ A T RhEARIZE K SR

TR ELAREST (1911) Heah 2t
GANs(2016%)
McCulloch-Pittsf£& oiER! (1943) ResNet(2015)
) ensSeNet (2017)
R (1958) LEMEE0A S }‘ F} Transformer (2017)
LeNet (1998) VGG(2014)
BERT (2018)
(2012) | GPT(2018) ChatGPT(2022)
ViT (2020)
DERT (2020)
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@ OpenAl GPT-3

175012

Krizhevsky, A., Sutskever,
., & Hinton, G. (2012).
Imagenet classification
with deep convolutional
neural networks. In
Advances in Neural
Information Processing
Systems (pp. 1-9).

Le, Q. V., Ranzato, M. A.,
Monga, R., Devin, M.,
Chen, K., Corrado, G.
S., ... Ng, A. Y. (2012).
Building High-level
Features Using Large
Scale Unsupervised
Learning. In International
Conference on Machine
Learning.

Coates, A., Huval, B.,
Wang, T., Wu, D. J., &
Ng, A. Y. (2013). Deep
learning with cots hpc
systems. In International
Conference on Machine
Learning.

S

Brown T, Mann B,
Ryder N, et al.
Language models are
few-shot learners[J].
Advances in neural
information
processing systems,
2020, 33: 1877-1901.
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« FREGEHERS: 1980FEAR, HMIFFSENE
BEALERNE wé*m (Prolog¥l, LISP#1)

« FAREGEHE RS : 2010F4%, MHAERE LN
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« 1975, MIT Al LabFJGreenblattfff il i ILISPHLCONS
+ 1978, MIT Al Lab%fiCONSHYJ54K, CADR

- 1980s, &&=l

 Symbolics (3600, 3640, XL1200, Maclvory)

 Lisp Machines Incorporated (LMI Lambda)

- Texas Instruments (Explorer and MicroExplorer)

« Xerox (Interlisp-D workstations)

- HA, AL

* Prolog#l, 1983, David H. D. Warren Warren Abstract
Machine

« 1980s A £1990s%/], Al winter, £ —(CEREN T AR
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Pred|cted Extreme Weather Patterns 210? 07-07 Ground Truth Extreme Weather Pattems 210? 07-07
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120'wW  BO"W a° BO°E 120°E ) 120°W 60w o G60°E 120*E
—— Tropical Cyclene  —— Atmaespheric River —— Tropical Cyclone  —— Atmosphernc River

2018FXE - M/REZHMFCHMATFIE RLIEEFINVIDIAR BRVEL S HRA ERASummIit &H&Eit S
Ea7=hak, FARRE/A “Employing Deep Learning Methods to Understand Weather Patterns”
IZREER T RSREIH TG, EEEDIXET1.13Eflops
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Claude’s context window size is 200K, meaning it can ingest 200K+ tokens (about 500

pages of text or more) when using a paid Claude plan. UItra_Long ConteXt Support Kl MI Platfo rm
s e s e i e e o kimi-k2.5, kimi-k2-0905-Preview, kimi-k2-turbo-preview, kimi-k2-thinking, and kimi-k2-thinking-

Claude . See What is the Enterprise plan? for more turbo models all provide a 256K context window.
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Inference scaling (Best-of-N) — Thinking +— NoThinking

75 —— Sampling (7B) AMC 2023 (= 700 tokens) LiveCodeBench (= 800 tokens)
o= Sampling (34B) 100 A 100
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Inference FLOPs per question (x102) k k
MATH inference scaling across model sizes [1] Thinking vs. NoThinking as k increases [2]

[1]WuY, Sun Z, Li S, et al. Inference scaling laws: An empirical analysis of compute-optimal inference for LLM problem-solving[C], ICLR. 2025.
[2] Ma W, He J, Snell C, et al. Reasoning models can be effective without thinking[J]. arXiv preprint arXiv:2504.09858, 2025.
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