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Summary

1. Title
Research Status and Challenges of Next Generation Artificial Intelligence

2. Purpose

The purpose of this report is to analyze the state of research on the next
generation of artificial intelligence. Next-generation artificial intelligence is a
field of research aimed at achieving human-level intelligence of machine such
as artificial general intelligence or artificial life. The reason for dealing with
the next generation of artificial intelligence in this report is to understand the
current situation for exploring our future direction. Over the past five years,
artificial intelligence technology has made rapid progress from deep learning,
but it is still far from human intelligence. Nonetheless, there are many studies
to develop human-level intelligence. A timely analysis of next-generation
artificial intelligence, which is likely to be the last invention of mankind, will
be the basis for successful policy design.

The next generation of artificial intelligence can still be a story of the future,
but the research that goes toward it is increasing. These studies are an
extension of deep learning, a technology that has also been noted at AlphaGo.
Because the next generation of artificial intelligence is still a conceptual and
immaterial technology, this report analyzes the research to overcome the
limitations of current artificial intelligence.

3. Contents and Details

Modern artificial intelligence, triggered by deep learning, is fast-paced and
diverse. Accordingly, the government policy for the activation of artificial
intelligence must also keep pace with the characteristics of rapidly changing
artificial intelligence. The premise will start from a timely analysis of
technology.

Artificial intelligence is the most instrumental feature for solving various

_Vi_



problems. Artificial intelligence is a typical open science, and the results are
quickly shared and verified. This environment is accelerating the development
of artificial intelligence. In order to propose a successful artificial intelligence
policy, it is necessary to make efforts to understand the technical and
industrial characteristics of artificial intelligence. Based on this, we must
understand real artificial intelligence technology and establish a milestone in
our direction. I intend to utilize this report as understanding the properties of
artificial intelligence in detail, including the technical characteristics of artificial
intelligence and limitations of deep learning. I also propose a categorization of
artificial intelligence R&D based on characteristics of artificial intelligence.
Based on this, I analyzed the basic artificial intelligence research case which is
related to the next generation artificial intelligence. Finally, I conclude what to
be discussed about our immediate challenges.

4. Application
Utilize as basic data for planning basic and fundamental Al R&D

- Vil —
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At& : Chelsea Finn, Pieter Abbeel, and Sergey Levine, “Model-Agnostic Meta-Learning for Fast
Adaptation of Deep Networks,” https://arxiv.org/abs/1703.03400
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A= : Kulkarni, Santosh, Sishaj P. Simon, and Kinattingal Sundareswaran. "A spiking neural

network (SNN) forecast engine for short-term electrical load forecasting." Applied Soft
Computing 13.8 (2013): 3628-3635.
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Zo]  8t<5(Transfer Learning)S  oju]  sh5dE A 2El9]  22]& o]
(transfeD A A M2 AFE 287 AT st US|t oA
T Ql #-§(domain adaptation), A¥rA1 AlQ) FH# cl(general game playing),

0% 97 Shs(multi-task learning) & x5 H&AYA dFATE dT8s
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TRl AS ASTgFe=E Fdstna o™, oln g AlexNets
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At82 : Fernando, Chrisantha, et al. "Pathnet: Evolution channels gradient descent in super
neural networks." arXiv preprint arXiv:1701.08734 (2017).
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A& S<5(Continual  Learning)2  QIZto]l  ShFsle= WA &34
St (Sequential Learning)ell A 2hs A8 & olald 5 vt A& S Uzt
w45 He 9 4= FaL, 540 e AAE oFsH, g4e Eo=
HolA, 48 o= Pz AE37T 7bsslth o] PYPELS E¢yFR o7 45H
2ol oiyet HxE 2457 A% «AHA AR dFE F3du= Aot

oAl ASTFoE Fotek HA ASSE T|EFoER FyEd Rl
Aokl A &S 24T o] FEo] AAetE v EE AAZE dukst
27l Eos 4 dFo HAASHHD & Ao 53 ASstEy nd A<l
Al X% & wZH(Catastrophic Forgetting)> dhue] mdlo A thFg JFE
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S5 WS doidns Aotk o]Ae BestuA y sde] viE A&
S5 Aot A& Sg2 7S Stat ARE wAshA gl Az o=
OE 9FE Ssste Aot I Mde Y [1E 3-919F Zo] 2dE
At [Z8 3-9]= oF A¢k BVl M=E e JIsAE E8I2E2HA she
rd=z £ 7HA dFE FEY F dve Aol

[2& 3-9] A% st52 7= JEE

At& : Google Deepmind Blog, “Enabling Continual Learning in Neural Networks”,
https://deepmind.com/blog/enabling-continual-learning-in-neural-networks/
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Atz @ Vincenzo Lomonaco, “Why Continuous learning is the key towards machine intelligence”
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At& : Hanul Shin, et. al., “Continual Learning with Deep Generative Replay,”
https://arxiv.org/abs/1705.08690
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The Core AGI Hypothesis

.« FE3) YAQIE 5£F) 2 WEAL 2 ATATe FEU AT DA
Q ZWAA FY3 3 o WEAHN wEE A
o

« 9 &F : the creation and study of synthetic intelligences with sufficiently
broad (e.g. human-level) scope and strong generalization capability; is at
bottom qualitatively different from the creation and study of synthetic
intelligences with significantly narrower scope and weaker generalization
capability

A& : Artificial General Intelligence: Concept, State of the Art, and Future Prospects, Ben
Goertzel (2017)
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27) When Will Al Exceed Human Performance? Evidence from Al Experts (2018)
28) How to get empowered not overpowered by Al, Max Tegmark, TED talk (2018)
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3. HE A3ATY I dEF

ACT-Re tiEZQl 7153 W& AFA T HAIZHHY AA o718 A(Cognitive

Architecture)3V=  1973dHH AlZtE fFA4 ZHA2 AFAF Ao ACT-R
AZte] JAA|(cognition)7} oAE A Z-ssh=Ao e o]EE FHIFHE L&
T3t Ot dFE AAsted A&t ACT-RY o2 Agg
Ao A A FELS AT Ao JAAY FHAe| i A (assumption)<
Tl AYHET

ACT-RS %o SW Zslzaz Ags® o2 Fi gud wADE
Adste #4¢ ATAT ATAES 5Y YFE AW As ACT-RE
g8t RAEFFH ZEIOH)S e F Ad, A7) dTFAES &4
W e FohTh o /e A Adel AW YRE £AF A
Hlwste] AFste SAIE AT vue 4 JiEe dFE dZdstes o
a8 AR ARE, AZoe AFe 5 A FW JHEMRDE
g3}
Cheset let
|
e1zke| QIx|of Tzt
utxiol 7
|
ACT-R £ 2R|0] et 7hy

T

[28 3-12] ACT-Re 71 &A9Ql s &
A& ACT-R homepageofA] A5+4, http://act-r.psy.cmu.edu/about/

ACT-RE &83F A7 Z23+= oF 7001 o]itol] ol2n, A & Hof=
A3+l 719, AAJofA g, AR HHAE, WS 5 UgdFshA 8-t ACT-RS
MAE AFSEY 20173 79 7= 7.5 WAool F =] At}

3D A oPF|HAE QIZte] AlnE FEIISHE oS VA FEs= of
32) 3kl & Al AU Tole] 7)Y, Qlof oldl], it &, BldY] 2F AlEH A
33) ACT-R software, http://act-r.psy.cmu.edu/software/




Soart 19839 A& AT meAEs} ARHT ACT-RI 4 AEA
A3A s 75 xS Soarv= HE Ase Ze JdoHAEE ws7] 9l
1 74 f47]<(building blocks)S /|E3t= A
Azte] A EE AHZF s AT F e A=
AY FdH, AddAAY & BHAT I & F A
Soar= ACT-R3} wzb7FA] &2 217Fe] <1 A](cognition)ol] T
AFE FgHo= FEFo) Utk Soars HE AFA T 7
HAF< & ¥y, ACT-RS <z AAo gk AMFZ< =2d
FAoe Ze®E O A8 e S 4 Aok
Soar= <1Zte] <IA|o] gk 7HHd E JERAE AAT A WA JRER]
b 7}2(Problem Space Hypothesis)& ofFg B33 IR =
2 o e, ojAL et YgArAA e dA&(sequence)E &
o 5 HA JpEe sk YApEAHo] Aol ofd
ANtk Mol T Soard] 7B FERE EE3 Holda, e
o = A7 71, AAHA 719

ok =
i, + z
b ¥ X
di jo T [o A
SC 1V o [  TR)

[  3-13]12 Soare] wWET
i=1 % % ]/‘I— ]ﬂ- ITH q- 7] Z_]_'HE:] ’ — Symbolic Long-Term Memories
* Procedura Semantic
-7 < — ]
FREE Ve ARsE ||B=H]) | &
E]‘OO 6 63 %‘% SN & I Remforcement ‘e antic
A

Symbolic Short-Term Memory

—
zgg aTie AR AY, e
GUn AEUeld,  AA s [ e ]
olgf, ZERYx~ Fo| At} Soar oty
dA  ACT-R%  maiA = | '
ol ZAs  mzHdS ZASW [23 3-13] Soare| mj2e2] s =
%]EH = Xﬂ%?}ﬂ: At& : Extending the Soar Cognitive Architecture,

John E. Laird (2008)



CBMM(Center for Brains Minds+Machines)3®-& MITe] AFAE <17+
HPZE 9Fsor FHI=E AFE FY3Ig. CBMML: s=F oz HE
AFA &S MEdst= A 22 3t i, A= AL As(Visual

o =
Intelligence)oll Tt Aot A ASsE 7€ oluAdA A=
J

al A TS ==
Ast=d T Hold %S RAsm Atk 2u Agel AXI U
A7 Awe BgEel oAyl Astth & Bol 500Wel grobglE
Aol 3 owA 2o Qe AgelA <P Hol B ot e Fe
“GalolA g e Me duit gold uar o W@ Arol
At 9e BA @uE 9P & 9 Zolth oldd Age AF AL
gk AZEHQ JRWY ol AR o] ojs] TARGE Holth whebA
Acjel AFsse A%

=
otk 7 A3 fobe] WBL GFHHoT BAY

7S MYt olAL FYEE= wHEocwr:= 357 =z 3 (Probabilistic
3z =

Architecture of Visual Intelligence
MODULE FOUR

Towards Symbols ‘

MODULE TWO MODULE THREE

Brain OS —| 30 ey Cognitive Core

Sketch

\ MODULEONE
[13& 3-14] CBMMQ| A|ZX|s = 71d

Visual Stream
A= : MIT AGI: Buliding machines that see, learn, and think like people (2018)

34) MIT9] AGI 7+e] “MIT AGI: Buliding machines that see, learn, and think like people (Josh Tenenbaum)”o|4 £k
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1. IDC
=7 M & Zof
Hardware Server, Storage
Software Cognitive Application, Cognitive Platform
Service IT Service, Business Service

At& : Worldwide Semiannual Cognitive/Artificial Intelligence Systems Spending Guide, IDC(2017)

2. GVR (Grand View Research)

i = 7 M & =Zof

The hardware segment includes chipsets such as the
Central Processing Unit (CPU), Graphics Processing
Hardware

Unit (GPU), Application—Specific Integrated Circuits
(ASIC), Field—-Programmable Gate Array (FPGA)

Al-based software solutions include libraries for
designing and deploying artificial intelligence
Software applications including those for, inference, primitives,
video analytics, sparse maitrices, linear algebra, and
multi—hardware communication capabilities.

. The service segment includes installation, integration,
Service . .
and maintenance & support undertakings

At= : Artificial Intelligence Market Analysis(By Solution By Technology By End-use, By Region,
and Segment Forecasts 2014 - 2025, Al Market, GVR(2017)



3. Gartner

i = 7

M & =Zof

Core Al Technology

Machine Learning, Deep Learning and Neural Networks
Natural-Language Processing, Speech Recognition and
Text to Speech, Computer Vision, Machine Reasoning,
Decision Making and Algorithms, Business Analytics
and Data Science, Robots and Sensors

Leading Al
Application Areas

Bots, Chatbots and Virtual Assistants, Conversational
Al Platforms, Analytics and Predictive Analytics Models,
Smart Objects, Sensors and Environments

Al in the Enterprise

General Enterprise Al Strategies, Customer Service and

Support, Digital Business Initiatives, Digital Commerce

and Digital Commerce Personalization, Governance and
Information Management for Al, Human Capital

Management/Recruiting, Internet of Things, IT Service

Monitoring/Help Desk, Legal, Ethical and Social Issues,
Sales, Security and Fraud, Workplace and Digital

Workplace

Al in Vertical
Industries

Automotive, Banking, Asset and Wealth Management,
Capital Markets, Business Process Outsourcing,
Customer Management, Finance and Accounting

Procurement, and HR, Consumer Products With Al,
Government, Healthcare, Life Science and Pharma
Education (K-12 and Higher Education), Insurance

Services — Property, Casualty and Life, Invest/Venture
Capital and Al, Manufacturing Operations, Retail,

Supply Chain, Telecom, Topics Specific to Regional Al

Usage

A& : A Framework for Applying Al in the Enterprise, Gartner(2017)
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