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Plan

e Self-esteem and error functions for neural
networks;

* Ensemble learning and distribution of problems
between local experts;

* Adaptive coding and self-supervising learning;

e Organisation of social networks of neural agents
and non-iterative knowledge transfer.



Tpu NpULLECcTBUA HENPOHHbIX
ceteu

* Po3eHbnatT M Ynapoy (Koneu, 1950x - Hayano 1960x);
* Xonoung n XuHTOH ¢ coaBTopamu (1980e);
e GOOGLE, Amazon u gpyrume rurantbl (2000e - cenyac).

TexHn4yeckne BO3MOXHOCTU KOMMNbHOTEPOB HAaKaN/1MBa/1nNCb
MOHOTOHHO.

NHTennekTyasbHble NPOopPbIBbl B 06/1aCTV HENPOHHbIX CETEN
onepeXKaam TeXxHUYecKme BO3MOXKHOCTU, a NOTOM
3aMeanAnncb Ao NoABJIEHNA HOBOMO N0 BO3MOMKHOCTEWN.

TepI'IEJ'Il/leIe CTa/IN KNnaccnKkamum!



[TPNYNHBI TPETHETO NMPULLECTBUSA

e KomnbloTepbl CTaIM JOCTAaTOYHO MOLLHbIMMU;

* MHbopmaumnoHHble rmranTbl (GOOGLE, AMAZON,
FACEBOOK, MICROSOFT) B goCTaTO4YHOM mepe
pPa3BuAn BU3HEC ceTeBbIX YCAYT;

e 10 mapTa 2000 ropa, nnaekc NASDAQ ynan 6onee
4em B NOATOPA pasa NpPu 3aKPbITUU;

e HeobxoammocTb AnBepcuduUKaLmm A40T-KOMOB;

e KpacuBble TeEXHONOTMYECKNne Haxoakn, obopMAEHHbIE
B 2000-e. “This is deep learning’s Cambrian
explosion.” Deep learning — MHOro choeB HEMPOHOB

APYIr 3a APYIrom.



Kpu3nc kypca akumm Amazon
2000-2001



HecKo/1bKO ©a30BbIX MAEMN.
ROHHEKLMOHU3M

 OOHOPOOHOCTL CUCTEMDI (3N1IEMEHTHLI OANHAKOBbI U
4ype3Bbl4anMHO NPOCThI, BCe onpeaensercsd
CTPYKTYPOW CBA3EN);

o Kaxgaqa cBA3b NpeacTtaBnseTcs Kak COBCEM
NPOCTOWN 3NIEMEHT, cnyXawmnmn onsa nepenaydu
curHana.

 HapeXHble CUCTEMbI N3 HEHAOEXHbIX 3NIEMEHTOB
N «aHarnoroBbIN peHeccaHc» UCMNofb30BaHUE
NPOCTbIX aHarnoroBbIX 3J1IEMEHTOB,;

o «lonorpaguyeckme» cnctemMmbl Npu paspyLleHnn
Crny4YanHo BbIDpaHHOW 4YacCTu CUCTEMA COXPaHSIET
CBOW CBOUCTBA.



GOOGLE, Amazon npoaatoT

e YCNyrn HEMPOHHbIX CeTen NO Pacno3HaBaHWUIO;

e YCNyru ctaptanam no BbipPaliMBAHMIO HEMPOHHbIX
ceten: «Google Cloud's Al provides modern
machine learning services, with pre-trained
models and a service to generate your own
tailored models.»

e YC/IYIU, UCMONb3YIOLWME HEMPOHHbIe ceTu: «Major
Google applications use Cloud machine learning,
including Photos (image search), the Google app
(voice search), Translate, and Inbox (Smart Reply).»



[Toodeccnmn HEMPOHHbIX CeTEN

Pacno3sHaBaHue 06pa3os.:

* n30b6parkeHui, yenoseyecknx nuu,, 6YKBs n nepornndos,
OTNeYyaTKoB NasbLUeB B KOUMUHANUCTUKE, Ppeuun, CUTHANOB

pajapa u coHapa,

* 3/1eMEeHTaPHbIX YacTUL, N NPOUCXOAALLNX C HUMMU
bU3NYECKNX NPOLLECCOB (3KCNEepUMEHTbI Ha YCKOPUTENAX
NN HabnogeHne 3a KOCMUYECKUMU Jlydami),

e 3360n1€BaHNMN MO CMMNTOMAM (B megunuunHe),

* MECTHOCTEMN, rae cneayeT NCKATb NONEe3Hble MCKoNaemble
(B reonormun, N0 KOCBEHHbIM MPU3HAKaM),

* MPU3HAKOB OMNACHOCTU B cUCTemMax 6e30nacHOCTH,
* CBOWCTB XMMUYECKUX COeAMHEHUUN NO CTPYKTYpE.



[Toodeccnmn HEMPOHHbIX CeTEN

Ynpas/sieHne B pea/lbHOM BpPpeMeHMU:
e aBTOMOOUAAMM,
* CaMOJIETaMM M PaKeTamMu,

®* CTAHKAMAN U MalLUNMHAaMW,

* TeXHO/IOTMYECKUMM NMpoLeccamMmn HeNnpPepbIBHOTO
NPoun3BoACTBa (B aHepreTuke, MeTanayprum un ap.).



[Toodeccnmn HEMPOHHbIX CeTEN

[MTpOrHO3MpoBaHME B peaibHOM BPEMEHMN:

° NoroApl,

* Kypca akuumn (1 apyrnx GMHaHCOBbIX NOKa3aTesen),
* KCXOAa IeYeHUs,

* NONNTUYECKUX COOBITUI (pe3ynbTaToB BbIOOPOSB,
MEXKAYHapOAHbIX OTHOLEHUW N Ap.),

* NoBeAEeHMA NPOTUBHUKA (peasibHOro nnu
NOTEHLMANBbHOIO) B BOEHHOM KOHP/IMKTE U B
3KOHOMMYECKOMN KOHKYPEHLU NN,

® YCTOMUYMBOCTU CYNPYKECKNX OTHOLUEHUMN.



[Toodeccnmn HEMPOHHbIX CeTEN

e ONTMMM3aUMA — MOUCK HAUTYyYLLNX BAPUAHTOB:
MNP KOHCTPYMPOBAHUN TEXHUYECKUX YCTPOWCTB,
npu BblIbOpe SKOHOMUYECKOM cTpaTernm, Npu
Ie4eHun, Npun noabope KOMaHAbI.

* [lpoTe3smpoBaHme («yMHble NPOTE3bI») N YCUNEHUNE
eCTEeCTBEHHbIX PYHKLUMNMN.

¢ I'IepeBo,u, TEKCTOB Ha eCTeCTBEHHDbIX A3blKaX.



Mwuccra HeEMPOHHbIX CeTEN B
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DNEeMEHTbl HEMPOHHbIX CETEM
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ObyyeHue c yyntenem

PacTaHOBKa OTBETOB HenpoHHaa ceTb

JlaHHble 3a4aa4 > JIaHHbIe C OTBETaMV> YYUTCA NaBaATb
NPaBuMabHbIE OTBETDI

!

OueHKa pabotbl ceTn (M «pyHKUMA OLLNOBKKY)

Kak npaBuao, ceTb obydyaeTtca nytem MUHUMMU3ALUUN GYHKLMKN OLLNOKM
(c nobaBneHUEM «MOOLPEHMAY 33 XOPOLLYIO CTPYKTYPY CETU
nnu wTpada 3a 3bbITOYHYIO C/NIOKHOCTD)



[ToMHUMN ABOMCTBEHHOCTU AN
BblYNCEHUA TPAANEHTA OLLEHKM
(MeToa 0bpaTHOro pacnpocTpaHeHus)
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A ana yHKUUN MHOTMX NepemeHHbIX obasnaeTca
BeTB/lIeHUe npm ob6paTHOM PYHKLNOHUPOBAHUN



[1BOMCTBEHHbIE PYHKLMOHA/IbHbIE
3/1EMEHTHI

MpoxoxaeHne GpyHKLMOHANbHOIo 31eMeHTa B npAMom (a)
n obpatHom (6) HanpaBneHMAX



[ nybokoe obyyeHme

KOHBOJOLMOHHbIX ceTen a4
06paboTKM N30OpaKeHUM 1 CUrHaI0B

'nyboKoe — MHOro cnoes;

KoHBonOUMOHHbIE ceTu — 06pabaTbiBatOT CUTHaANbI U
N300paXKeEHNA NyTEM UX CBEPTKM C NPOCTbIMU IMHENHDBIMMU
dunbTpamm (MHOro nepapxmyecKkmn BbICTPOEHHbIX GUNBTPOB);
Cnouv npocTbiX HeNMHeHbIX unbTpoB («nobeanTtens
nony4yaeT BCe» Ha CBOEW NNOLWAAKE, U T.M.).
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[TpOM3BOACTBO 3HAHUW N3 AaHHbIX

e HelipoceTu NnpousBoAAT 3HAHUA AN UCNO/Ib30BAHUA
4ye/I0BEKOM, NepeHoca B gpyrue nporpammHbie

NPOAYKTbI U Ap.

 «MMeHHO HenpoceTeBaa TEXHONOIMA MPOM3BOACTBA
3HAaHUN, NO-MOEMY, ABNAETCA KTOYKOMN POCTa»,
KOTOpasa No-HOBOMY pa3BepPHET HEMPOUHDOPMATUKY,
npeobpasyetr MHOTrne pa3aesibl MUHGOPMATUKU U
co3aacT HoBble.» [opbaHb, 1998.

e TexHONOrnA ecTb (AaBHO), COPT €cTb, HO
no/sb3oBaTesIen Maso — PbIHOK TpebyeT K KHOMOYHbIX
peLeHnm».

* MOJIb3OBATE/1b NTEHUB — 5T0 dyHAAMEHTANbHbIU
npuHuun passmutna N

20



CmeHa 6a3oBoro npmHumMna

 [lepBas cxema: HEMPOCeT CYMMUPYIOT HEABHbDIW
OnbIT U UCNONb3YIOT €ro ANA peLueHUuA 3a8au4
(MOHO TUPAXKMPOBATb, KaK MPOrpamMmmbl UK
YCTPOMCTBA).

e Cnepylolas cxema: HeMpoceTu NPOn3BOAAT 3HAHUA
ANA UCMONb30BaHNA YeNOBEKOM, NepeHoca B
Apyrme nporpaMmmHbie NPOAYKTbI U Ap.

e HapoXaatoLwaacsa cxema: HeMPoOCceT NPOU3BOAAT
3HaHUA K yyart apyr apyra. OHM PYHKLUMOHUPYIOT B
Pa3HbIX YCNOBUAX, HAKanN/IMBAOT Pa3Hble 3HAHUA U
obmeHMBatoOTCA NUMMU. 2



AUGMENTING ARTIFICIAL INTELLECT:
A CONCEPTUAL FRAMEWORK
A paraphrase of Douglas C. Engelbart



Two papers published
simultaneously in 1991

e SE Gilev, AN Gorban, EM Mirkes, Small experts and
internal conflicts in learning neural networks.
Akademiia Nauk SSSR, Doklady 320 (1), 220-223,
1991. (GGM1991)

e RA Jacobs, Ml Jordan, SJ Nowlan, GE Hinton,
Adaptive mixtures of local experts, Neural
computation 3 (1), 79-87, 1991.



Interpretation of outputs (classifier)

inputs

outl

VVVVVVVVVVVYVYYWN

Classifiers are used as a
simple class of Al systems

out2

Winner takes all

1 out2

Class 2

Class 1

outl

124



GGM1991

Interpretation and error function

out2 out2

Class 2 error Class,2 error

Class 2 Class 1 error
__ Class 1 error
Class 1
outl‘
out2 1
1o
Class 2
Class 1
Perfect training y) Perfect training .



GGM1991

B e ﬂ efl tS 1. Simplification of learning tasks (less

neurons and less time is needed for training);

out? 2. New useful characteristic appears: the
Class,2 error level of self-esteem s (the distance from the

diagonal):

If s/e>1 then the system “is sure” in the

answer (the training is assumed to be

validated with given €)

Class 1 error

outl 1

€ 1
A Correct
Correct, !
Incorrect, with for sure Class 2 | am sure 74 Class 1, but I am
InForrect, with e ’ not so sure
without doubt ou
doubt
< '__l_l_l >
E E S t1
. . . ou
Validation histogram ‘ 26



GGM1991

ldea 1

Let many agents share the problem fields.
We teach agents:

* To solve their own problems correctly with
high level of self-esteem g;

* To solve problems owned by other agents
correctly or “incorrectly but with lower level

of self-esteem 6<&”.



Supervising teaching

e Take a task

e Select the owner (an agent with the best correct
solution, or with the smallest mistake)

e Teach the owner by a step or several steps of
gradient descent of the error function with self-
esteem ¢;

e Teach non-owners with a step or several steps of
gradient descent of the error function with self-
esteem -6 (with 6<e).

* Take the next task




GGM1991

1D plots of MSE (for teaching)
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Ideal solutions for non-owners



GGM1991

A piece-wise linear estimate

Estimate

4

Ideal solutions for owners
Incorrect class ‘

Vo

Diagonal & Correct class

I

Ideal solutions for non-owners



GGM1991

Functioning: the agent with maximal
self-esteem gives the final answer

The most self-confident
answer: Winner takes all

Class 2 j Diagonal Class 1
—O—(—WWM”M —0— >
The answer/
we accepted Y

The range of answers



GGM1991

Floating classes, unsupervised
dynamic coding and skills updating

In real life, the classes “float” in time and the
classification model should also float.

e Take a new sample;

e Label of this new example by the “winner takes al
rule;

e Use this label for a step of supervising teaching (for
the owner and for non-owners).

I”



GGM1991

Collective ownership

* In supervising learning the owners of a sample are
k agents with k best correct solution, or with the
smallest mistake.

Owners:
k best answers

Incorrect class Diagonal Correct class
— — >

I

The range of answers




GGM1991

Estimates for collective ownership
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2"d owner estimate
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Ideal solutions for owners
Diagonal

It remains SOMs
in the output space
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GGM1991

Functioning with collective ownership:
the weighted voting of owners

The owners: k most
self-confident answers

/\

Class 2 Diagonal Class 1
The answer we Y
accepted after
voting. The weight The range of answers

of the vote depends
on the relative self-
confidence of the
agent.



GGM1991

Floating classes, unsupervised dynamic
coding and skills updating for collective
ownership

e Take a new sample;
e Find kK most self-confident agents for this sample
e Label this new example by the voting of owners;

e Use this label for a step of supervising teaching (for
the owners and for non-owners).

TOO MUCH ITERATIVE LEARNING
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One-shot Al Knowledge Transfer

Legacy Al system

Inputs e ™ Outputs

O Internal Signals o

(
\_
Correction

X %
Corrector
At the unsupervised stage the agents are considered as

legacy Al systems

Corrector building blocks: linear functionals or small neural networks



Corrector should:

* be simple;
* not change the skills of the legacy system;
* allow fast non-iterative learning;

* allow correction of new mistakes
without destroying of previous corrections.

Thus, it has to separate mistakes from correctly
solved examples and correct mistakes!



Stochastic separation theorems in
high dimensions Expected ¢ IS NOT small

in high dimension?

_ In high dimension, with high
Extreme points probability in an exponentially
large random set all points are
extreme ones???!




Al Knowledge Transfer from teacher to a student

A student Legacy Al system processes A teacher Legacy Al system processes
some input signals, produces internal the input signals related to the input
representations x € R™ of the input seen by the student and returns
and returns some outputs expert outputs
“Student” “Teacher”
Legacy Al system Legacy Al system
(0]
inputs 4 Internal Signals ) Hiputs - ( \
O D
% 2
C S
¢ *
- J % \_ J
4 \ 4 \ 4 + S
X /

The input Data “seen” by the
Student generates the set

.-"I"‘/I = {xl, X7, ...,xM}, X € R
Elementary “Additional” and Efficient

computationally decisions on x of internal representations "



Knowledge transfer between Als

In our experiments:

The teacher Al, Al,, was modelled by a deep Convolutional Network,
ResNet 18 with circa 11M trainable parameters.

The teacher network was trained on a “teacher" dataset comprised
of 5.2M non-pedestrian (negatives), and 600K pedestrian (positives)
Images.

The student Al, Al,, was modelled by a linear classier with 2016
trainable parameters.

The values of these parameters were the result of Als training on

a student" dataset, a sub-sample of the “teacher" dataset comprising
of 130K negatives and 55K positives.

This choice of Al and Al, systems enabled us to emulate interaction
between edge-based Als and their more powerful counterparts that
could be deployed on larger servers or computational clouds.



Knowledge transfer between Als: False
Positives induced by the teacher Al

These errors contain
genuine false positives
(images 12, 23-27) as
well as mismatches by
size (e.g. 1-7), and look-
alikes (images
8,11,13,15-17).



Knowledge transfer between Ais:
Student’s errors before and after teaching

4000

3500

3000

e OO
ity
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False Positives

Red circles show true positives as a function of false positives for the original
student linear classier.

Blue stars and Green triangles correspond to Als after correction of false
positives by the teacher (two different algorithms or errors clustering).

Black squares correspond to Al after correction of false positive followed by
correction of false negative.



Non-iterative knowledge transfer from
the owners conference to all agents,
who find the sample interesting

e Take a new sample;

e Find g (g>k) most self-confident agents for this
sample (the agents who find this sample
“interesting”; k most self-confident of them are
owners)

e Label this new example by the voting of owners;

* Create a non-iterative corrector for the agents who
are interested in this sample but make a mistake.

e If a3 “human supervisor” makes labelling then it can be
used for corrections of all the agents who are
interested in this sample but make a mistake.



Interiorisation of knowledge

e After collection of correctors, the interiorisation of the
collected knowledge can be used.

* Interiorisation of knowledge is its incorporation into
agent’s inner structure.

* Interiorisation can be organised as an iterative
supervised learning procedure that uses the agent with
correctors for sample labelling as the supervisor.

* Interiorisation is performed for all agents separately and
independently, in parallel.

o After the individual interiorisation procedure, the agents
return to the network learning.



Correctors
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Results and problems

+Al with self-esteem are efficient even for standard
learning tasks;

+The multiagent systems with self-esteem can solve
the problems of growing complexity;

+These systems combine the supervising pre-learning
and self-learning of the networks with corrections and
knowledge transfer;

+Interiorisation of knowledge is its incorporation into
agent’s inner structure for further learning and work.

?The scalability of the method to big and very big
heterogeneous problem spaces has to be analysed.
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