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Feedback#t& (Loopt&i&) & Consciousness~MD;XB 3 AHEE

Norbert Wiener (1894-1964) ; MIT
PANRT 4 v T A, BRT 4 7 AT — M A= a U OSEREE
M E O N[EHEMRGR (Feed-back Loop % #5218 Hii#AR)

Marvin Minsky (1927-2016) ; MIT
H— h < AEFEDFEEND— AN (John McCarthy 7= & 3£(2)
Mind Dfy = (Z7E B

Jiri Wiedermann ; ALERKZE(AS V)
[2018] Finite State Machines with Feedback :

An Architecture Supporting Minimal Machine Consciousness

[2020] Towards Minimally Conscious Finite-State Controlled
Cyber-Physical Systems : A Manifesto

A. A. Sukhobokov ; SAPZUZ 2NV IVE 2 5EBMSTUREER

[2018] Business analytics and AGI in corporate management systems

[2019] Consciousness and Subconsciousness as a Means of AGI‘s and
Narrow Al’s Integration

[2020]  AGI components for enterprise management systems

%820 AAAILMGEHTEs HLY:FEBEESE about “Weight Agnostic Neural Networks “, 2022/3/28


https://ja.wikipedia.org/wiki/%E3%83%95%E3%82%A1%E3%82%A4%E3%83%AB:Marvin_Minsky_at_OLPCb.jpg

HE. FNSITERETAMN?

1) RYRT=0DB)BRAETEB TSRS (BEXYRI—UDHEID)
> EERET R GEEICEDEREND) [F A TEFERSGNAFEE7IVT XL

(Neural Architecture Search. Evolutional Computing. Genetic algorithms)

[106] K. O. Stanley and R. Miikkulainen (2001);
“Evolving neural networks through augmenting topologies.”

> BEC. 21—y hD—o8ii S EERETEDRIS [dEA TR TS,
=120 IREDECRETE 7 I T X LIFEHFAHBEZEHRLRNETIND,
Loopt&i&PFeedbackiBEEER LR,
2) LooptEarFeedbackigiglc&E D <Consciousnesst . MIFBERERKICEE
> Jiri Wiedermann(Z kL ERKZE) W, AA. Sukhobokov(SAP)
> AA. Sukhobokovld. Enterprise-ITHITOAGIZ—XANKELNET D,

%820 AAAILMGEHTEs HLY:FEBEESE about “Weight Agnostic Neural Networks “, 2022/3/28



“Cognitive Cyber-Physical Systems”

proposed by Jiri Wiedermann and Jan van Leeuwen (2020).

Jiri Wiedermann and Jan van Leeuwen (2020); “Towards Minimally Conscious Finite-State Controlled Cyber-Physical Systems: A Manifesto?”

A detail of the feedback betweenS/M

External : ;
units and finite state control
inp Lt Dashboard Output

@ @ @“\ ®/ \] Quality

Report / ey SENSOF i
Control ercept
(B ® e | @
sensor 11 l 1 l motor
Finite control Report Instruction
(Next move
function) Self- :flnhal |
AWAT ENESS roadcasting
New instruction Self
New state knowledse
o elf
Control signal o _ _ monitoring
Minimal machine consciousness
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The proposed architecture ; An agent to form the consciousness.

AA. Sukhobokov (2019) “Consciousness and Subconsciousness as a Means of AGI’s and Narrow Al’s Integration”
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Lean Consciousness

b

Jifi Wiedermann(2019);“Finite State Machines with Feedback: ” An Architecture Supporting Minimal Machine Consciousness’

Human

Minimal machine consciousness

consciousness

Lean o
Consciousness

Lean Consciousness(X. RN FDLELIFERICE DEH,
(FHETEDTHMBICITKRNLEGL, MEDHAMAIREE(LEETIE S IEHREILEE

“facilitate a meaningful behavior”.  Jiri Wiedermann

The Lean Consciousness must be limited by specific knowledge from the subject area,
necessary for solving specific problems and not include unnecessary extraneous knowledge.
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Business analytics tools for various forms of knowledge representation.

Artem A. Sukhobokov (2018); "Business analytics and AGI in corporate management systems"

applications
+ OLAP-analysis

« Tonality definition
* Text abstracts composition

+ Converting of text to speech
* Processing of speech streams to collect

* Talking Bots

Knowledge form Complexity level 1 Complexity level 2 Complexity level 3 Complexity level 4 . |Complexity level N
Using of fixed images: Image Analytics: Video analytics: Tools of virtual and augmented Image processing
+ Infographic formation + Formation of image’s text description + Image recognition on video reality: in AGI
+ Working with dashboards + Pattern recognition + Textual description of what is + Enhancement for people working

Images + Working with diagrams, pictures and  |(medicine, safety, quality control) happening on video with large information contentor in a
photos while reports and presentations [+ Computer vision + Video Matching rapidly changing environment
forming
Structured Data Analytics: Text Analytics: Speech analytics: Conversational analytics: Description
* Reports forming + Key entities highlighting * Voice confrol of devices * Personal digital assistants and processing in AGI
Descriptions  |* Working with data in dashboards and | Text subject definition + Converting of speech to text virtual assistants

Analytics of structured numerical

Methods of numerical coding:

Numeral algorithms:

Probability analytics:

Numbers

without crossholding
+ Working with hierarchical assets

networks
+ Working with graphs of logistic networks
that do not provide product return

+ Working with graphs of communication
networks
+ Working with transport route graphs

networks in which there are several
levels of decision making

data: + Hash functions for steady data allocation |+ Optimization + Application of fuzzy sets and fuzzy processing in AGI
+ Working with tables in sforage systems + Solving of ordinary and differential logic
Numbers + Working with numeral arrays + Coding to improve of security and error - |equations systems * Risk Analysis
* Reports correction * Interpolation * Forecasting using probabiliies
+ OLAP-analysis + Data protection coding * Integrating * Simulation
* Regression analysis * Probability Machine Learning
Working with simple actions Working with branching and cyclic Development of actions sequence  |Independent actions planning Working with
sequences: algorithms: based on available samples: based on previous experience: algorithms in AGI
« Steps planning based on simple and |+ Work with block diagrams * Imitation Learning « Search in state space
) nested action sequences + Working with BPMN and BPMN2 + Algorithmic metaheuristics applicaton |* Reinforcement Learning
alpeilis N Working with chains of added quality |diagrams + Actions planning based on previously |+ Lifelong Learning
+ Working with EPC diagrams solved problems * Systemic Learning
« Working with information flow diagrams |+ Expert systems
* Inference algorithms
Working with hierarchies: Working with directed acyclic graphs: |Working with complete graphs: Working with hypergraphs and Working with
+ Working with organizational structures |+ Working with diagrams of electrical and |+ Working with graphs of logistics metagraphs: graphs in AGI
i + Working with ownership structures gas distribution networks, water supply  [networks providing product return « Working with graphs of complex
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TAILA—2

Value

[

3

Artem A. Sukhobokov.(2018); “Business Analytics and AGl in corporate management systems”.

Stage of Business Analytics Development

Reflexive
analytics

Machine
Theory of Mind

Multiagent systems
of artificial

Executive
analytics

Prescriptive search in intelligence
analytics state space
A Reinforcement
Predlct_we e
analytics

Descriptive
analytics

Lifelong Learning
Imitation Learning

Selection

Ranking S mic
P;?'I:Iy'lics Allocation Learning
Re Implicative Actions
St analytics planning
OLAP-analysis Graph
Descriptive models analytics

Level of intellectuality
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(Z)[ConnectivityEWeightsZ#AEDEREIEXF—LIXZDRED

BEMfEVNZB] N.J. SROUTEETT 1 VINSKE mesnzs)

Nicholas J. Radcliffe (1993);
”Genetic set recombination and its application to neural network topology optimization”.

Deep Learning & Evolutionary Computing siS

(BRHFH) GEETIER I DR IARI ML)
DL Method Evolutionary Computing

Ky cJ—oNROY—

oo - Bt
_____ Hyper/\ox—% | ARDERE (Neural Architecture Search)

a1 EREER
FET—Y (ANEDHER)
"""""""""""""""" [BlZ
BHINTA—Y =)
B’RRHIFE EILDHEIR
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“Weight Agnostic Neural Networks®

by Adam Gailer & David Ha, in 2019;
https://arxiv.org/abs/1906.04358
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(8) Two best paper awards for Adam Gaier

Multidisciplinary Analysis and
Optimization (MDO) Student Paper
CompetitionTEX T ZE DI R LR BEL
D= DFHLLVF X, Surrogate-
Assisted Illumination (SAIL)Z#8/TL1
LLZEES

=& # I Aerodynamic Design
Exploration through Surrogate-
Assisted Illumination |

ZTOHGERZ. NV TRESNT:
Genetic and Evolutionary Computation
Conference (GECCO) IZHULNT., 54

R TREFTHXEZZRELTVET,

Oy —k- 7R MILSR—30I(2
&3 %ﬁ@?*ﬁ{yo)-ﬁf—aﬁﬂﬁmfgiﬁ%
R.wx@ilk. ®ETI)T ]

820 AR ANILHGEwES

v.¢ Departments & Institutes ((_:, :
Hochschule

Bonn-Rhein-Sieg

O ‘ Study

https://www.h-brs.de/en/inf/news/two-best-paper-awards-adam-gaier

TWO BEST PAPER AWARDS FOR ADAM GAIER
Monday 21 August 2017

Our PhD candidate Adam Gaier has had a successful summer winning two best
paper awards for his current research on surrogate-assisted illumination in

Application Guidance

Monday 21 August 2017

design space exploration.

daaa. AT
s AR,

o -

Adam Gaier (2nd'right) at the AIAA awards ceremony
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1. Introduction

2. Related Work
Architecture Search
Bayesian Neural Networks
Algorithmic Information Theory
Network Pruning
Neuroscience

3. Weight Agnostic Neural Network Search
Topology Search
Performance and Complexity

4. Experimental Results
Continuous Control (reinforcement learning task)
BipedalWalker-v2
CartPoleSwingUp(CarRacing-v0)
Classification

5. Discussion and Future Work
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Abstruct

@ FHA/NTX—YEXRYNT=D - T—FTI0F V(L ESOMNENIFEEEN?

o KAARTIK RYNIT—IT7—FTI0F v EH/INTA—IYEFEHETIC. MHEET
NDBILFEIRD  HEiHUFEIR VI U Bt (&/IME) T2FEEZ X
Do

@ JIAh r—ZU0%FERETIC. YRVICERE/FE/&FIVEZ1—2IVRYEk
=07 —FTO0FvEREIAEZEZD,

(FDEMAEZETET B/=DIC. I—RS T LDTmh o) TENE
PINTA—Y | ETET—ATCFREINDINTA—V IR | DTF—IEERBURITT D)

@ TORYNI—I7P—FTIFv ([Tt BE1ToeRORBEIX. 55T LIREH
ZalteE LB E (Chance Accuracy) KU E. [EB3MNTEVWEE CEIREZHT
5  ELWOERIETRT,

(&) Interactive version of this paper
https://weightagnostic.github.io/
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https://weightagnostic.github.io/

1-1. Introduction ; Weight Agnostic Neural Networks& (& ?

@ AT -1—3JI)bxYbT—UIF ZEHEN. MROI—ZERU. I\ M/IN\—/I\SX—F %
FRU. FE7INIVXLZFEAUTC. EH/INOA—IEREITDETRETTRL),

o FLR(DMR)IF. EENLENSIC, HDIEENDZENTESD,
(MEE. FELURIDREINKRE<ERD)
> bAY(Lizard)AE (Snake) Dsifk(hatchling) : HEED S Dk
> PEICEEEDETD 1 k< HBEDIES
o AKX TIL, TFHELURBIDIRREITH. DI EEDCENTETDR Z1—3JIbRVED—2
ZHFE I D, (WeightlCAgnostic(Rr[FIR) DNeural Networks @ WANN)
> BHDINTA—YZEmEb I DLLRIDEEEES
> RXYEJ—20-bROY—0OBRE (BT TRICIFRIVEH /NSO AXA—YEZERTE
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1-2. Introduction ; Strong inductive bias for a task domain.

® JIAk-INSX—9ZFEHI( randomly-initialized networks ) DEEFEH S
BEDY RV BBENRBESHEEF ORYNI—7 - MROY —DFER

(WANNSs : Weight Agnostic Neural

> CNNs : BE{%s%E
> LSTMs : BFRIIDERHE T8

Networks)

- Building Blocks
BEVVR XA U ZER DEARIEREREL)

> Self-Attention and Capsule Networks _

® NAS (Neural Architecture Search)
» IR—IVR 1 %R

Search = Selection

> HEEHETE /EEd o 1—F7+« >4 (Evolutionary Computing. EC)
- TEDOANL—3>2 (Crossover. Mutation. etc)
- Instatance (GR1782) =55, Population GRITEEDESR) 4Rk

- BIEICNY BFitness CESE) D

- Speciation(#&1t) & Building BlockD &R,
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(&) R—ILE912%h R (Baldwin effect)

https://scrapbox.io/nobuoka-pub/iR—JLR D1 %h R

CI—LRX-T—-1R—ILE942(1861-1934, KEDILHEFE) DEILER,
(&) Baldwin, Mark J. (Jun., 1896);"A New Factor in Evolution.”

- RBAIE TRRWFE NICE>TERSNTLWV=RED, REISEGHICER
SN SERMIBENICERIET S, —RICIE, ROKIIGEZDDEEMGES,

F1EE 0 FEICEI O T EFICEL-BEZERL-ERNRERIZS
{DFHRZEZRT
(ZEDNEHIC. TZOWRE 1ZFE T HRVET—IMROCESE
FRIISFE DL FEIRE IHEL,)

F2RE - £FELANGRYNT—IMRODZAERMICETLTLSER
DFH . TOERRNICERE LGS, (EIEEFEDOHREER)

- 1987£ (2, Hinton&Nowlanh®, 5T EHEER(Z K> TR—ILE D1 R E7ERR

[44] G. E. Hinton and S. J. Nowlan(1987); “How learning can guide evolution.”
(Z) FHERTE. 1 (2009) vy FHEELFEDHEERICEI AERA—RELIZaL—3aY
http://www.alife.cs.is.nagoya-u.ac.jp/~ari/stuff/papers/sice08-niche.pdf
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2—1. Related Work : Architecture Search

1) NEAT[106]%5t& 9 BEvolutionary Computing 7ZJLJUXLZERALWS,

(NeuroEvolution of Augmenting Topologies)
[106] K. O. Stanley and R. Miikkulainen (2002);
“Evolving neural networks through augmenting topologies.”

2) FEFRZEE (Search Space)%. Task-Domain(ZEU=EAEEEE(CNN. RNN,
Self-Attention. &) DBuilding Block&fZiksH D & T, StEEFRE = HITE

3) Building BlockE%#FFRER & T D& T, State Of The Arts(SOTA)D
XY T—=DOFP—FTI0FvZ=BERERVER TS [65, 90, 100]

[65] L. Lietal. (2019); “Random search and reproducibility for neural architecture search”
[90] E. Real, et al. (2019); “Regularized evolution for image classifier architecture search”

[100] C. Sciuto, et al. (2019); “Evaluating the search phase of neural architecture search”

4) [44, 102]DED IS VIA bt Z TN T [C7 —F T F I F v D REZ M

[44] G.E. Hinton and S. J. Nowlan.( 1996); “How learning can guide evolution.”
[102] ]J. M. Smith (1987); “When learning guides evolution.
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51 F

[2] P. J. Angeline, et al.(1994);

“An evolutionary algorithm that constructs recurrent neural networks”
[3] J. M. Baldwin (1896);

“A new factor in evolution.”
[49] R.Jozefowicz, et al. (2015);

“An empirical exploration of recurrent network architectures”
[65] L. Lietal. (2019);

“Random search and reproducibility for neural architecture search”
[66] H. Liu, etal. (2018);

“Hierarchical representations for efficient architecture search”
[74] R. Miikkulainen, et al. (2019);

“Evolving deep neural networks”
[90] E. Real, etal. (2019);

“Regularized evolution for image classifier architecture search”
[91] E.Real,etal. (2017);

“Largescale evolution of image classifiers”
[100] C. Sciuto, et al. (2019);

“Evaluating the search phase of neural architecture search”
[103] D.R. So, C. Liang, and Q. V. Le (2019);

“The evolved transformer”
[106] K. O. Stanley and R. Miikkulainen (2002);

“Evolving neural networks through augmenting topologies.”
[123] B. Zophand Q. V. Le (2017);

“Neural architecture search with reinforcement learning”
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(&) EIEMETE /EERIa E 2—T 127 (Evolutionary Computing. EC)

(&) BRI 7IL31) X L (Genetic Algorithm) & BIGHIT 04 522 % (Genetic Programming)

B 7ILO) XL (Genetic Algorithm. GA) &1/ ELDTETIVEFIFALU TIEER-
B b ZE{TOEtEFE. 1975F0DJ.H.Hollandimh&=HICIRE

[1] John H. Holland (1975), “Adaptation in Natural and Artificial Systems :
An introductory analysis with applications to biology, control, and artificial intelligence”.

[106] K. O. Stanley and R. Miikkulainen (2002); Evolving neural networks through augmenting topologies.”
(B%) LT (2008 F9 H); “BIEMATILIY XL, EFHEHMEFS [A#o0R] S3 B4 fF3 &=
{@{k(Instance) RIS 2 —D DR GA1TRR)
BOIE (Speciation)  REIAREEIELTRD (NEATHR CROEBZIHR
&M (Population)  BRETER) DS
EixDHE  RAEZEH (BIEFICEL > THIRTDEFDEN)
BILFE(GenoType) @ REZEHZ1 RlCEIILET —%
EEE (Fitness) D MEMRDIZE I ENRIR I E DEHR T X X XDVEHE9 &5 TARDFHETE

BIGARL—% (Operator) : BRTFRICKEFT DRE. SHMIENBIXINEZRZET D,
RXARL—% (Crossover) : BEDOERZSIEE L THUWMERZERT D,

TERANRL—4(Mutation) : B—NOEEKZESIE). &,

B8 (Reproduction)  : EEHMSHEUFEBEERD SEFEREER T DA R —FR(E

@A (Selection) D ARL—FCK > TEEZ KXV BESEDEVWFHEIRICE S RZ S18/F
EETOER  BREEAOREEVTETIVEEINS,

%3 (Search) D ERK(Selection) ICLDEEEDEVEITRZHL T S8F
EIT 427 70v2(Building Block) : BEEDIEKXNICHFS T DEGFEDEDT

)27 —3(linkage) ! BB ICEFEFN. BEEADFSICHVWGEVEREZH DELT
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(2)[106-3.1] NEATOZRE(L. BAERYNT—IEEDmA

=ZZdEncodinglC k> TEFRIRT B,
7 L= Y (ESnELF)

A
[ 1

1) ZEHLEMDRE

el 1|34 | 5|6 1| 3|4 [[5]|6]|.7]|c&EES
[CRET D | 4R =42 233335 |—>4 [2—>412—=5|3—>5[4—>5|3—=4  innovation number
SWIN DIS DIS (historical markers)

Mutate Add Connection UV EREET ( ZRESAI)N

GE) 15L& A B FOXREISEMEINS,
BIRIRRDFZTHLY), ' = FULVER (EAMEIXT)
NEnTF+3ek] 1 1 2

=7 NGRS GE¥) “DIS”(Z. MEsME1 DR

2) /—REMDRE
%ﬁ%ﬂﬁﬂ{ 1|3 |4

ICE§9 B 1 >4 [2—42—=5

A DIS
UL — R E UL s
) N, = (BHER. (ERERUE)
1 > PEISN S EHLECFHEME(DIS)

SN 2DODF ULV ERLERF (#8&)
HIOWT/ LOKREISEMENS
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[106-3.2] 7/ LDOREEIELLITI AIC B FORIRDECERZE R

Parent2 ‘DISAB’=“Disabled”

=>4 | 324 | 358 | 45 | 16| 64

EDBLEFOIVIBFNZIERR T STZHIC,
B FDOREERRENEEHL TH D,

NYFITEEFIE .2, 4, 6,
(BT /LICHBREIUA/NR—3 BT
DERF)

disjoint
s | s “disjoint” * “excess’REGETFIL.EN0
Parentl| 1—4 | 24 1-=5 | 3—=5 | 4—5 TS,
1 | 2 |4 6 | 7| 8
Parent2) | ol s | aa |15 45 | 126 | 64
disjoint EECESS RNCESS
: 1 | 2 3|4 s | 6| 7| s
OffSpringl gy | 3oy | 324|225 | 325 | 425 | 16| 64
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[106-3.2] Minimizing Dimensionality through Incremental Growth

from Minimal Structure

® SecarchMEK @ READEGEHINZIELIGenometlAEHE (=3
FO—OBE&E) FRRND,

o NEATIXRN/—FMEO(TRNE INTOAANEAICERE T
3) DXy =0 DE—12BEEN 51605,

=> HJVRITDZEICEI > THRRZROE D,

o FULEE BEEENRECDLUVICKBENICEATN. EaEHEIC
SO THREHIISNIZRBEDAHDNESTFED,
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[106-4.2] Verification: Evolving XORs

B XORIEINEATOEESEILEENZT AT DDIELTLD,
« XORIFREDEENTTRVD T, Z1—I IR YN I—DIEINZBEIZDHIC[2
NI1ZVhZNEETIN ANZETRITRICDE TET DL DRASTIDIE S
SIS T BERIEIFEVRVD T, 2DDAANIFEST/—RIEIFT TR, HB3EN
IR THEEINRITNIERS R,

Gene Out Out

!
!
!
£
I

/
s Gene Gene

20 3
Bias
H5(a) #EEAZEFICEZoSNZRKIFR (b)BERRICT. BN/ —RM1DE1THh 3 5HE
(BBN./—RH7E%0) BN/ —RHA VWY S T—D(IXORZETET

=R BRICK O TIFNA TP RDEEREIIS T U
EMETIFE< MDERIIRNTBRETH D, )
- EfE (RN —RTE)IX100ERTDS522 TRDOM o7,
FIENGEEIE 2. 35EDREN./ — R oY BERERLTIMETH o7
- Each connection gene received a random connection weight.
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2-2. Related Work : Bayesian Neural Networks

1)

2)

BNN
BNNOEH/NSA—=FIEDHmH o T TN, BEEETIERL,
PHZERIRTD/INIA—FEIEFICLVIHLRIEETZN ., TDINTA—F{EEUE.
KYRT—=DDIIA L INTA=FEHLVEZLBEDOTURIMNELNIR),

[4] D. Barber and C. Bishop (1998); "Ensemble learning in bayesian neural networks. NATO ASI series”,
[5] C. M. Bishop (2006); “Pattern recognition and machine learning”.

[25] Y. Gal (2016); “Uncertainty in deep learning”.
[43] G. Hinton and D. Van Camp (1993); “Keeping neural networks simple by minimizing the description

length of the weights”.
[70] D.]J. MacKay (1992); “Bayesian interpolation”.
[80] R. M. Neal (2012); “Bayesian learning for neural networks, volume 118”.
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2-3. Related Work : Algorithmic Information Theory (AIT)
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2-4. Related Work : Network-Pruning
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3. Weight Agnostic Neural Network Search (WANNS)
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3-2. Performance and Complexity
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4-1. Results ; Continuous Control Tasks #1 ; ##{t¥&E
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4-1. Results ; Continuous Control Tasks #2 ; #@{t¥&E

(Development of WANNs Over Time)
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4-2. Results ; Continuous Control Tasks #2
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Results ; Continuous Control Tasks D355l
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4-3. Results ; Classification #1
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4-4. Results ; Classification #2
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5 Discussion and Future Work
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