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Master Thesis Goals

@ Explore statistical decisioning in NNs
© Analyze the abilities of simple network structures

© Try to evolve the networks useful for statistical decisioning
of mean rates and regularities

© Methods: JASTAP and GA’s
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What is JASTAP?

' Characteristics

@ spiking neuron model

a v E @ respects physiological
aspects of a real neuron
H A E @ weights, thresholds,

latencies, PSP’s,

‘ firing rates
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@ JASTAP works with temporal code
@ information is coded in inter—spike intervals
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Gamma Distribution

A random variable Z has the Gamma distribution, if the
probabilistic density function of Z is

a—1.—%
f(z) = Zﬂarea)ﬁ a,3 >0,z > 0,and we denote it as ¥ (a, [3)
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How it works?

@ input temporal code is generated from
random Gamma distribution drawns

© T IO AT AT AT T—0
[T I I I f=—w

© input is processed by the network
Q if any of the output neurons fires, it is taken as a decision
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Evolution Set Up

What to evolve?

weights absolutely
latencies important for time—related patterns
PSP shapes expands the search space, slower decay chosen
thresholds no comment
fire rates not evolved, /i := 1ms, /max := 10ms
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Evolution Set Up

Genetic Algorithm

@ Gray binary coding

@ recombination: multipoint crossover

@ mutation: p—scaled

@ 2 phases: second is for fine—tuning from the seed
@ fitness function — crucial issue
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Fitness Functions: One Side Minimum

one side minimum
fitness 1/(1 —min(qt, gr)) — 1
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Hypothesis Testing of Regularity

Theoretical Strategies: Description

copy machine

event counting

it makes the decision that the
more frequent input is the one
with the more events observed

o
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Theoretical Strategies: Defining the Bounds

lower isi | higher isi | ratio
30 ms 40 ms 57.14 %
20 ms 40 ms 66.67 %
10 ms 40 ms 80.00 %
20 ms 30 ms 60.00 %
10 ms 30 ms 75.00 %
10 ms 20 ms 66.67 %
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Hypothesis Testing of Frequency
Decision Problems More Regular Input

Hypothesis Testing of Regularity

Theoretical Strategies: Defining the Bounds

lower isi | higher isi | ratio lower isi | higher isi | ratio
30 ms 40 ms 57.14 % 30 ms 40 ms 72.45 %
20 ms 40 ms 66.67 % 20 ms 40 ms 94.51 %
10 ms 40 ms 80.00 % 10 ms 40 ms 99.99 %
20 ms 30 ms 60.00 % 20 ms 30 ms 83.97 %
10 ms 30 ms 75.00 % 10 ms 30 ms 99.91 %
10 ms 20 ms 66.67 % 10 ms 20 ms 98.83 %
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Hypothesis Testing of Regularity

Network Structures: Comparison

low isi | high isi | copy A B C D | event
30ms | 40ms | 57.14 | 60.12 | 62.18 | 59.08 | 61.31 | 72.45
20ms | 40ms | 66.67 | 88.11 | 87.56 | 87.67 | 81.32 | 94.51
10ms | 40ms | 80.00 | 99.81 | 99.65 | 99.25 | 99.58 | 99.99
20ms | 30ms | 60.00 | 66.92 | 71.52 | 69.65 | 67.27 | 83.97
10ms | 30ms | 75.00 | 99.35 | 99.19 | 99.14 | 98.08 | 99.91
10ms | 20ms | 66.67 | 95.04 | 92.74 | 94.12 | 91.75 | 98.83
(10ms,40ms) | 60.22 | 66.66 | 66.68 | 68.48 | 65.75 | 79.68
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Evolution curves: 7si 10 vs.20ms, ¢, = 1

100

fitnesses and ratios

0 \ \ \
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generation
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Comparison: Different ¢,s (in %)

low isi | highisi | 0.02 | 0.1 0.5 1 [0, 1)
30ms | 40ms | 100.00 | 100.00 | 77.17 | 63.26 | 73.29
20ms | 40ms | 100.00 | 100.00 | 98.07 | 87.67 | 95.61
10ms | 40ms | 100.00 | 100.00 | 99.99 | 99.69 | 99.85
20ms | 30ms | 100.00 | 99.96 | 90.78 | 70.94 | 87.62
10ms | 30ms | 100.00 | 100.00 | 99.94 | 99.14 | 99.77
10ms | 20ms | 100.00 | 100.00 | 99.85 | 94.25 | 98.60
(10ms,40ms) | 98.02 | 92.51 | 78.15 | 72.00 | 66.01
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Hypothesis Testing of Regularity

Strategies

@ information paths

@ competing

@ redundancy handling
@ copy machine principle
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Hypothesis Testing of Regularity

Network Structure for Hypothesis Testing

' eo e Strategies

. @ gap detection
, @ perfect timing
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Hypothesis Testing of Regularity

Results: isi ez (10 ms, 40 ms), 300 ms

Ho c,=002|¢,=01|¢,=05]| ¢, =1 (0,1)
isi<20ms | 98.57 % | 94.72% | 89.48 % | 57.20 % | 73.91 %
isi < 25ms | 99.00% | 95.04 % | 85.59 % | 60.66 % | 73.78 %
isi <30ms | 98.97 % | 94.64 % | 67.53 % | 56.86 % | 74.21 %

Michal Valko, advisor: Mgr. Radoslav Harman, PhD.

Evolving Neural Networks for Statistical Decision Theory
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low | high | 10ms | 20ms | 30ms | 40ms | (10,40)
0.02 | 0.50 | 99.93% | 99.75 % | 98.90 % | 98.74 % | 74.52 %
0.02 | 1.00 | 99.95% | 99.61 % | 97.99 % | 98.32 % | 88.85 %
0.50 | 1.00 | 83.05% | 76.55 % | 77.44 % | 64.32 % | 67.08 %
(0.00,1.00) | 70.99 % | 67.85% | 67.78 % | 63.96 % | 55.07 %
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Decision Problems

More Frequent Input
Hypothesis Testing of Frequency

More Regular Input

Hypothesis Testing of Regularity

low | high | 10ms | 20ms | 30ms | 40ms | (10,40)
0.02 | 0.50 | 99.93% | 99.75 % | 98.90 % | 98.74 % | 74.52 %
0.02 | 1.00 | 99.95% | 99.61 % | 97.99 % | 98.32 % | 88.85 %
0.50 | 1.00 | 83.05% | 76.55 % | 77.44 % | 64.32 % | 67.08 %
(0.00,1.00) | 70.99 % | 67.85% | 67.78 % | 63.96 % | 55.07 %

Strategies
@ close events
@ distant events

Michal Valko, advisor: Mgr. Radoslav Harman, PhD.
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Hypothesis Testing of Regularity

Ho 10 ms 20 ms 30 ms 40 ms (10,40)
Ccy <05 | 83.04% | 76.28 % | 76.20 % | 74.99 % | 66.31 %

One Neuron Strategies
@ memory in latency
@ from regularity to frequency
@ irregularity stopping

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory
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Summary

Summary

Summary

Conclusions

@ JASTAP is able to model decision making.

@ We have found decision makers for comparing and
statistical testing of mean and ¢, of Gamma distributions

@ Results are amenable to analysis.

@ Several strategies emerged during evolution,
that helped networks to decide.

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory
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@ Evolve the topologies.
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Summary

Summary

Summary

@ Enhance the evolution.

@ Evolve the topologies.

@ Evolve PSPs and firing rates.

@ Speed preferences, faster decision makers.

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory
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Obsah dodatku

0 Dodatok
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Skolitef'sky posudok
Oponentsky posudok
Odovede na otazky oponenta
Vol'na diskusia

Dodatok

Mgr. Radoslav Harman, PhD.

Department of Applied
Mathematics and Statistics
Faculty of Mathematics,
Physics and Informatics

*f/ Comenius University

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory



Dodatok

Skolitersky posudok
Oponentsky posudok
Odovede na otazky oponenta
Vol'na diskusia

Ing. Igor Farkas, PhD.

Department of Applied Informatics
Faculty of Mathematics,

Physics and Informatics
Comenius University

Michal Valko, advisor: Mgr. Radoslav Harman, PhD.

Evolving Neural Networks for Statistical Decision Theory



Skolitel'sky posudok
Oponentsky posudok
Odovede na otazky oponenta
Vol'na diskusia

Dodatok

Oponentska otazka €. 1

Autor si zvolil model JASTAP, no patrilo by sa aspon v
referenciach spomenut, Ze existuje cela $kala inych,
etablovanych, biologicky prijatefnych modelov neurénu (pozri
napr. prehladovy ¢lanok Izhikevich E., IEEE Trans. on Neural
Networks, 15(5), 2004). Okrem toho, ¢o znamena ta skratka?

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory
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Dodatok

Oponentska otazka €. 1

Autor si zvolil model JASTAP, no patrilo by sa aspon v
referenciach spomenut, Ze existuje cela $kala inych,
etablovanych, biologicky prijatefnych modelov neurénu (pozri
napr. prehladovy ¢lanok Izhikevich E., IEEE Trans. on Neural
Networks, 15(5), 2004). Okrem toho, ¢o znamena ta skratka?

Odpoved
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Dodatok

Oponentska otazka €. 1

Autor si zvolil model JASTAP, no patrilo by sa aspon v
referenciach spomenut, Ze existuje cela $kala inych,
etablovanych, biologicky prijatefnych modelov neurénu (pozri
napr. prehladovy ¢lanok Izhikevich E., IEEE Trans. on Neural
Networks, 15(5), 2004). Okrem toho, ¢o znamena ta skratka?

Odpoved

@ Janco, Stavrovsky, Pavlasek
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etablovanych, biologicky prijatefnych modelov neurénu (pozri
napr. prehladovy ¢lanok Izhikevich E., IEEE Trans. on Neural
Networks, 15(5), 2004). Okrem toho, ¢o znamena ta skratka?
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Skolitel'sky posudok
Oponentsky posudok
Dodatok Odovede na otazky oponenta

Vol'na diskusia

Oponentska otazka €. 1

Autor si zvolil model JASTAP, no patrilo by sa aspon v
referenciach spomenut, Ze existuje cela $kala inych,
etablovanych, biologicky prijatefnych modelov neurénu (pozri
napr. prehladovy ¢lanok Izhikevich E., IEEE Trans. on Neural
Networks, 15(5), 2004). Okrem toho, ¢o znamena ta skratka?

Odpoved

@ JAnco, STAvrovsky, Pavlasek

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory



Skolitel'sky posudok
Oponentsky posudok
Odovede na otazky oponenta
Vol'na diskusia

Dodatok

Oponentské otazka €. 2

Niektoré symboly neboli vysvetlené, napr. str. 8:
predpokladam, Ze k=1; pracuje sa v principe v modeli aj s inou
hodnotou k? Str. 10: Co je '(a) pri gamma distribdcii f(z)?

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory
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Dodatok

Oponentské otazka €. 2

Niektoré symboly neboli vysvetlené, napr. str. 8:
predpokladam, Ze k=1; pracuje sa v principe v modeli aj s inou
hodnotou k? Str. 10: Co je '(a) pri gamma distribdcii f(z)?

Odpoved

@ k je normovacia konstanta konstanta, je hodnota je
1/(maximalna hodnota PSP)

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory
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Oponentsky posudok
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Dodatok

Oponentské otazka €. 2

Niektoré symboly neboli vysvetlené, napr. str. 8:
predpokladam, Ze k=1; pracuje sa v principe v modeli aj s inou
hodnotou k? Str. 10: Co je '(a) pri gamma distribdcii f(z)?

Odpoved

@ k je normovacia konstanta konstanta, je hodnota je
1/(maximalna hodnota PSP)

°r(z)= [t e tdt
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Oponentsky posudok
Odovede na otazky oponenta
Vol'na diskusia

Dodatok

Oponentské otazka €. 2

Niektoré symboly neboli vysvetlené, napr. str. 8:
predpokladam, Ze k=1; pracuje sa v principe v modeli aj s inou
hodnotou k? Str. 10: Co je '(a) pri gamma distribdcii f(z)?

Odpoved

@ k je normovacia konstanta konstanta, je hodnota je
1/(maximalna hodnota PSP)

°r(z)= [t e tdt
el(n+1)=nl(n)=---=nlT(1)=n!

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory



Skolitel'sky posudok
Oponentsky posudok
Odovede na otazky oponenta
Vol'na diskusia

Dodatok

Oponentské otazka €. 2

Niektoré symboly neboli vysvetlené, napr. str. 8:
predpokladam, Ze k=1; pracuje sa v principe v modeli aj s inou
hodnotou k? Str. 10: Co je '(a) pri gamma distribdcii f(z)?

Odpoved

@ k je normovacia konstanta konstanta, je hodnota je
1/(maximalna hodnota PSP)

°r(z)= [t e tdt
el(n+1)=nl(n)=---=nlT(1)=n!
@ [(a) je hodnota funkcie I' v bode a

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory
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Skolitersky posudok
Oponentsky posudok
Odovede na otazky oponenta
Volna diskusia

Oponentské otazka €. 2
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Michal Valko, advisor: Mgr. Radoslav Harman, PhD.

Evolving Neural Networks for Statistical Decision Theory
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Oponentsky posudok
Odovede na otazky oponenta
Vol'na diskusia

Dodatok

Oponentska otazka ¢. 3

Rozdiely medzi jednotlivymi modelmi AD (tab.4.3, 4.4) vyzeraju
byt minimalne. Otazka je, Ci su Statisticky signifikantné.
Pomohli by tu Statistické testy?

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory



Skolitersky posudok
Oponentsky posudok
Odovede na otazky oponenta
Vol'na diskusia

Dodatok

Oponentska otazka ¢. 3

Rozdiely medzi jednotlivymi modelmi AD (tab.4.3, 4.4) vyzeraju
byt minimalne. Otazka je, Ci su Statisticky signifikantné.
Pomohli by tu Statistické testy?

Odpoved
Pozrime si znova tabufku. . .

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory



Skolitersky posudok
Oponentsky posudok
Dodatok Odovede na otazky oponenta

Vol'na diskusia

Oponentska otazka ¢. 3

vyssie isi | nizdieisi | A B C D | rozdiel

30 ms 40 ms 60.12 | 62.18 | 59.03 | 61.31 2.06
20 ms 40 ms 88.11 | 87.56 | 87.67 | 81.32 | 6.79
10 ms 40 ms 99.81 | 99.65 | 99.25 | 99.58 | 0.40
20 ms 30 ms 66.92 | 71.52 | 69.65 | 67.27 | 4.60
10 ms 30 ms 99.35 | 99.19 | 99.14 | 98.08 | 1.27
10 ms 20 ms 95.04 | 92.74 | 94.12 | 91.75 | 3.29

(10 ms, 40 ms) 66.66 | 66.68 | 68.48 | 65.75 | 2.73

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory



Skolitel'sky posudok
Oponentsky posudok
Odovede na otazky oponenta
Vol'na diskusia

Dodatok

Oponentska otazka ¢. 3

Rozdiely medzi jednotlivymi modelmi AD (tab. 4.3, 4.4)
vyzeraju byt minimalne. Otazka je, i su Statisticky
signifikantné. Pomohli by tu Statistické testy?

Odpoved

Je pravdou, ze testovanie jedincov kvéli ohodnoteniu poCas
simulacii bolo iba 50 testami z rychlostostnych dévodov.

V tabuflke su vSak uvedené vysledky vypocitané z 10 000
testov a chyby su na urovni stotin.

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory



Skolitersky posudok
Oponentsky posudok
Odovede na otazky oponenta
Vol'na diskusia

Dodatok

Oponentskéa otazka €. 4

Obr. 4.3: krivka pre avg kopiruje tu pre best. OCakaval by som,
Ze ako priemer bude avg hladka.

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory



Skolitersky posudok
Oponentsky posudok
Odovede na otazky oponenta
Vol'na diskusia

Dodatok

Oponentskéa otazka €. 4

Obr. 4.3: krivka pre avg kopiruje tu pre best. OCakaval by som,
Ze ako priemer bude avg hladka.

Odpoved
Pozrime si dotyCny graf. ..

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory
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Oponentsky posudok
Odovede na otazky oponenta

Dodatok

Vol'na diskusia

Evolution curves: 7si 10 vs.20ms, ¢, = 1

100

fitnesses and ratios

0 | | |
0 50 100 150 200

generation

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory



Skolitel'sky posudok
Oponentsky posudok
Odovede na otazky oponenta
Vol'na diskusia

Dodatok

Oponentskéa otazka €. 4

Otazka

Obr. 4.3: krivka pre avg kopiruje tu pre best. OCakaval by som,
Ze ako priemer bude avg hladka.

<

Odpoved

@ skoky v grafe suvisia z generovanim uplne novej
trénovacej sady pre kazdu generaciu

@ na nehladkost mé vplyv aj elitizmus
@ Ciarkovany priebeh v tlacenej verzii DP

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory
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Oponentsky posudok
Odovede na otazky oponenta
Vol'na diskusia

Dodatok

Oponentskéa otazka €.5

Z textu som nedokazal vydedukovat, ¢o znamenaju tie impulzy
(preco 4 linie), napr. obr.4.4.

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory



Skolitel'sky posudok
Oponentsky posudok
Odovede na otazky oponenta
Vol'na diskusia

Dodatok

Oponentskéa otazka €.5

Z textu som nedokazal vydedukovat, ¢o znamenaju tie impulzy
(preco 4 linie), napr. obr.4.4.

Odpoved

Linie nad neurénmi znamenajd vstupy zo synaps. Styri st preto
lebo zobrazované Struktury maju Styri vstupy. Ak je neurdn
zaroven vstupnym, prva linia znazornuje vonkajsi vstup.

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory



Skolitersky posudok
Oponentsky posudok
Odovede na otazky oponenta
Vol'na diskusia

Dodatok

Oponentskéa otazka €.5
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Obrazok: gap detection — a yes decision

Michal Valko, advi: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory



Skolitel'sky posudok
Oponentsky posudok
Odovede na otazky oponenta
Vol'na diskusia

Dodatok

Oponentskéa otazka €. 6

Autor rieSi biologicky relevantny problém biologicky
relevantnymi prostriedkami, avSak pouzil “fylogeneticky” pristup
(GA) na rieSenie “ontologického” problému (ucenie). Je to
odévodnitelné problémom navrhu vhodného tradi¢ného
algoritmu ucenia (napr. na baze Hebbovho ucenia), hoci tento
pristup by bol zrejme viac biologicky prijatefny ako GA.

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory
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Oponentskéa otazka €. 6

Otazka

Autor rieSi biologicky relevantny problém biologicky
relevantnymi prostriedkami, avSak pouzil “fylogeneticky” pristup
(GA) na rieSenie “ontologického” problému (ucenie). Je to
odévodnitelné problémom navrhu vhodného tradi¢ného
algoritmu ucenia (napr. na baze Hebbovho ucenia), hoci tento
pristup by bol zrejme viac biologicky prijatefny ako GA.

Odpoved

Je to presne tak, ale cielom bolo skér najst’ Struktary schopné
rozhodovania nez zistit ako takéto Struktdry vznikli.

Michal Valko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory
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Volna diskusia

Michal Varlko, advisor: Mgr. Radoslav Harman, PhD. Evolving Neural Networks for Statistical Decision Theory
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