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Von Neumann's The Computer and the
Brain (1958)
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; John von Neumann (1903-1957)

(¢) 2000-2007 SNU CSE Biointelligence Lab, http://bi.snu.ac.kr/



The Brain vs. Computer

1. 10 billion neurons

2. 60 trillion synapses

3. Distributed processing
4. Nonlinear processing
5. Parallel processing

1. Faster than neuron (10~ sec)
¢f- neuron: 107 sec

3. Central processing

4. Arithmetic operation (linearity)

5. Sequential processing



History of Brain-Style Computation (1/2)

1943 McCulloch & Pitts Neuron
1948 Hixon Symposium on Cerebral Mechanisms in Behavior
1949 Hebbian Learning & Cell Assembly

1955 Session on Learning Machines (Selfridge’s Pandemonium)
1957 Perceptron (Rosenblatt)

1958 The Computer and the Brain (von Neumann)

1960 Adalines & Madalines (Widrow)

1970's Kohonen, Amari, Grossberg

1979 First Issue of Cognitive Science Journal

1979 First Conference on Cognitive Science

1980 First Machine Learning Workshop (ML 1)

1982 Parallel Models of Associative Memory (Hinton & Anderson)
1982 Connectionist Models and Their Properties (Feldman & Ballard)
1982 Hopfield Network

1984 Kohonen Network (SOM)

1986 Machine Learning Journal (Langley)

(¢) 2012 SNU Biointelligence Laboratory, http://bi.snu.ac.kr/



History of Brain-Style Computation (2/2)

1986 Parallel Distributed Processing (PDP) Models (Rumelhart & McClleland)
1987 International Neural Network Society (INNS)

1988 Connectionist Models Summer School (Touretzky, Hinton, Sejnowsky)
1988 Bayesian Networks (Pearl)

1989 Neural Computation Journal (Sejnowsky)

1989 First Neural Information Processing Systems Conference (NIPS 1)

1990 Brain Style Computation: Learning and Generalization (Rumelhart)

1992 First Computational Neuroscience Conference (CNS)

1992 Support Vector Machines (Vapnik)

1993 First ICML Conference (ML 10, Int. Conf. on Machine Learning)
1995 Helmholtz Machine (Hinton, Dayan, Neal)

2002 EU FP6 Artificial Cognitive Systems

2006 Deep Belief Networks (DBN)

2006 First Computational Cognitive Neuroscience Conference (CCN)
2008 IBM Cognitive Computing Project (SyNAPSE)

2009 MIT Intelligence Initiative (12)

(¢) 2012 SNU Biointelligence Laboratory, http://bi.snu.ac.kr/ 10



Deep Neural Networks
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Convolution
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AlphaGo (Google DeepMind)
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Machine Translation
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Image Synthesis

© 2020 AlIS, SNU Al Institute



Visual Storytelling (VIST)

GLAC Net: GLocal Attention Cascading Networks for
Multi-image Cued Story Generation, T. Kim et al. NAACL

. Vi SuUa I StO I"ytel I i n g 2018 Workshop on Storytelling, 2018.
= Visual story = photo sequence + sentence sequence

N
3

-

The local market was a There were so many Some of the shops I bought a few souvenirs My favorite part was
lot of fun. different kind of things looked very interesting.  for the kids the bike ride.
to choose from.

Output:

= Glocal Attention Cascading Networks (GLAC Net): 15t Place in VIST Challenge

Image sequence  Image feature Glocal LSTM (Decoder)
extractor attention
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Bi-LSTM —
(Elncoder) %Ejtg%éj

FC Image Encoding
layer feature vector
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(Provocative) Question

Do deep neural networks learn
like a brain?

© 2020 AIlIS, SNU Al Institute
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Embodied Brain

5 MONTHS .~
PICKING,UP_SOME OBJECTS

© 2020 AIlIS, SNU Al Institute

18



Embodied and Situated Brain

© 2020 AIlIS, SNU Al Institute
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Agents in the Real World

Team Tidyboy
RoboCup@Home DSPL 2019

© 2020 AIlIS, SNU Al Institute

20



Brain,

Cognition

Brai

Bod
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Body, and World

Environment
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Perception

Action
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orld

[Zhang, 2008]
[Zhang, 2012 a,b,c]
[Zhang, 2018]

* Cognition grounded by dynamic perception-action cycle
* Knowledge construction by interaction with the world

© 2020 AIlIS, SNU Al Institute
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Why We Need Brain-Like Intelligence?

(Artificial InteIIigence)

- Real-World
- Real-Life
- Real-Time

[Super Smart TV] [Cloud & Big Data] )
- Multi-Sensor Streams

/o - Real-Life Context
w - Open-Endedness

[Smart Watch] [Smart Glass / VR] - Non i.i.d B|g Data

Do B - Non-Stationary
S = | - Uncertainty

[Auto}momous [Smart HomeFactory B Rapld' Flexible, Robust

Vehicle] and loT] - Brain-Like Cognitive Al
22



Brain-Like Intelligence

Molecule

Cell Brain

>108 Molecules 10" Cells co Memory

Scientific Understanding < > Technical Construction

Brain-Like Learning

Brain-Like — Brain-Like

Computation Intelligence

(© 2005-2015 SNU Biointelligence Laboratory, http://bi.snu.ac.kr/
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Concentration, planning,
problem solving

[ ] Frontal lobe
|| Parietal lobe
I:] Temporal lobe
D Occipital lobe
D Cerebellum

Motor control Touch and pressure

Speech

Smell

Hearing

Facial recognition

Cerebellum

Body awareness

Language

Reading

Vision



Three Levels of Analysis

® Structural

= Containers & substrate

= Representation

= Anatomy
® Organizational

= Contents & information

= Encoding

= Development and learning
® Functional

» Computation & processing

. .
DeCOd n g Cognitive Computing I, IL, III (in Korean), B.-T. Zhang,
m Be h aVi ors Communications of the Korean Institute of Information Scientists
and Engineers, 30(1):75-111, 2012. [PDF]


http://bi.snu.ac.kr/Publications/Journals/Domestic/KIISEC30_01_CognitiveComputing1.pdf

Brain-Scale Structural and
Functional Networks

MRI Acquisition

Segmentation T1w high res. Diffusion Spectrum Imaging

Whole brain structural
connection network

Hagmann et al., 2010

26



Structural Principles:
HIMACS

® Hierarchical

= Layers, multiscale, deep
® Molecular

= Chemical switch, distributed, massive associative
® Aggregate

= Assemblies, microcircuits, cascades
® Complex

= Heterogeneous, hubs, recurrent, convolutional
® Sparse

= Distributed, modular, sparse population coding

Cognitive Computing I, IL, ITI (in Korean), B.-T. Zhang, Communications of the
Korean Institute of Information Scientists and Engineers, 30(1):75-111, 2012. [PDF]


http://bi.snu.ac.kr/Publications/Journals/Domestic/KIISEC30_01_CognitiveComputing1.pdf

Organizational Principles:
DevMIND

® Developmental
= Growing, self-reproducing, adaptive
® Mapping
= Topology-preserving map, transformation
® Incremental
= Continual change, online
® Nonequilibratory
= Far from equilibrium, edge of chaos, asynchronous

® Decompositional
= Disassembly, reassembly, reorganization

Cognitive Computing I, IL, ITI (in Korean), B.-T. Zhang, Communications of the
Korean Institute of Information Scientists and Engineers, 30(1):75-111, 2012. [PDF]


http://bi.snu.ac.kr/Publications/Journals/Domestic/KIISEC30_01_CognitiveComputing1.pdf

Functional Principles:
DynalLIFE

® Dynamic
= Perception-action cycle, interaction, feedback
® Long
= Learning continually over time
® Integrative
= Spatiotemporal integration, multisensors
® Futuristic
= Anticipatory, internal model, goal, desire

® Emergent
= Collective, population decoding

Cognitive Computing I, IL, ITI (in Korean), B.-T. Zhang, Communications of the
Korean Institute of Information Scientists and Engineers, 30(1):75-111, 2012. [PDF]


http://bi.snu.ac.kr/Publications/Journals/Domestic/KIISEC30_01_CognitiveComputing1.pdf

Brain as Widely Distributed, Parallel, Interactive, Overlapping,
Dynamic Relational Memory Networks

Executive memory Perceptual memory

Sensory iInformation

J

L
l l Primate brain
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Unimodal Potymodal
associative assoclative
area area

First level 6' integration

Perirtunal Parahippocampal
cortax cortex

Second level of integration

Entorhinal
cortex

Highast level of integration

Hippocampus

8 years 12 years 16 vears 20 years

- ARG oo N

Myelination (percent “white matter”)

[Fuster, 2004 ] 30



Brain-Like Al

Organizing vs. programming .
Teaching vs. instructing _

Regeneration vs. recog
Synthesis vs. analysig# =

Growing machines
Anticipatory systems
Imagination machines

I t t. I t Cognitive Computing I, IL, I1I (in Korean), B.-T. Zhang,
nentiona Sys ems Communications of the Korean Institute of Information

Scientists and Engineers, 30(1):75-111, 2012. [PDF]


http://bi.snu.ac.kr/Publications/Journals/Domestic/KIISEC30_01_CognitiveComputing1.pdf

© 2020 AIlIS, SNU Al Institute



Human-Level Al and the Brain

® Human intelligence involves solving problems
by sequentially acting in an uncertain world to
achieve a long-term goal. It s not just a single

perception-to-action mapping.
® Human-level Al requires goal-directed
autonomous cognitive capability to continually

percelve, plan, act, and learn about the world.

® This 1s exactly what the brain does best.

© 2020 AIlIS, SNU Al Institute 33



The New Al

New Al

0 Cognitive Al (3G)

» Constructivistic/Dynamic
Modern Al > Temporal
L. > System 3 (New)
u Connectlloncljst Al (2G) » Enactive/Grounded
. > Empirical/Inductive > Action/Interactive
Classical Al Probabilistic > Feedback Based
System 1 (Kahneman) > Cognitive Systems

YV V VYV VY

|conic/Visual (Agents/Robots)
Perception/Bottom-up

Nat+ta_Nrivian

Closed W:)rld - Open World

. . \I“"'vl I\J’
» Thinking/Top-down
» Knowledge-Based

> Reasoning Systems [Zhang, 2018] Human Intelligence and Machine Intelligence:
(Rules) Cognitive Al, Communications of KIISE, 36(1): 27-36, 2018.

» Rational/Deductive

> | onical

© 2020 AIIS, SNU Al Institute 34



Autonomous Learning

1G: Supervised Learning 2G: Unsupervised Learning JEICHFANI{e]sTe] 1o Te IR N-ET o 114Te
(1980~2000) (2000~2020) (next generation)

* Decision Trees * Deep Networks * Learning by Doing
* Kernel Methods » Markov Networks * Perception-Action Cycle
 Multilayer Perceptrons - Bayesian Networks * Recursive Self-improvement

© 2020 SNU Al Institute (AIIS) 35



Al2| THA|: L1~L6

L1 CQIZFEZZ 28] 1iuman programming) Tool

L2 XIS ZR212]Y (avtomatic Programmingg  Oracle We are here
L3  X}7| I A} (seit-teaching) Genie N

L4  K}7| B (seit-refiection) Sovereign — i;ain-like
L5 QZtrFE S (Human-Level Learning) AGI (HLAI)

L6 XQlZF StE (superhuman Leaming) Superintelligen

ce

[2EE, SXs2 0lch-+IH &2l & A, 2021-1-23]
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> AlZt 2A 2 SNEEE A

> 0| 220 HiEdlaF= 22F=(Oracle)
» Xtes Z 224 Y (Automatic programming)
» Automated deep learning (AutoDL)
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Al Level 3
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Self-supervised Learning Self-teaching
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Al Level 4

A7t AAZ2 SRS FBICH
Xxxﬁ 7H|:|I-% 75!‘% | EE'|! H-|E|(Sovereign)

X719 at& (Self-reflective learning)
AMHA K770 Al A E (Recursively self-improving systems)

“Seed AI”

Autonomous Learning BabyMlnd Project
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Al Level 5
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Al Level 6

Superintelligence)
& 7| A (Superhuman learning machines)

A 3f Robot & Frank (2012)

41



© 2020 AIlIS, SNU Al Institute



Human-Level Al & Autonomous Cognitive Systems

Human-
Level Al

Body
(HW, Device)

16: AlphaGo

>

© 2020 AlIS, SNU Al Institute Mind (SW, Data) 43



Future of Digital Brain

! Technology Superhuman Al
Free Will

Human-Level Al
Agency

Brain-Like Al

= Works out own goals,

0 learns continually
e

Al with Deep Learning

Works$ out own methods,

Narrow Al follows given goals

Follows given

goals and methods Time
<

1980 1990 2010 2020 2030 2050

Modified from Eliezer Yudkowsky & David Wood 44



