4. prednaska

Ucenie neurénovych sieti pomocou ucenia
s odmenou a trestom (reinforcement learning)
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Historické poznamky o uceni s odmenou a trestom

e Metafora neuronovych sieti umoziuje pouzit’ u¢enie s odmenou a trestom
pocitacovej inteligencii.

e Agent nie je hodnoteny po kazdom elementarnom kroku, ale az na zaver
rieSenia. Ak sa mu podarilo najst’ vychod z bludiska, potom je odmeneny
(vyska odmeny je nepriamo Umernd poctu krokov, ktoré boli na to
potrebné), v opacnom pripade, ak v bludisku zabludil je potrestany.

e Zaklady tohto wucenia naformuloval pociatkom minulého storocia
americky psycholog Edward Thorndike prostrednictvom dvoch zakonov:
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Ziakony ucenia s odmenou a trestom podl’a E. Thorndikea

Edward Thorndike (1874-1949)

1. Zakon Gcinku: Ak odozva na opakujuci sa stimul je kladnd (odmena), potom
vdzba medzi stimulom a odozvou sa postupne zosiliiuje. V opacnom pripade, ak
odozva je zaporna (trest), potom vdzba medzi stimulom a odozvou postupne
zanika.

2. Zakon opakovaného pouzivania: PoZadované spravanie je vysledkom castého
pouzivania dvojica stimul a odozva
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Schématické znazornnenie u¢enia s odmenou a trestom
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Vyznam ucenia s odmenou a trestom pre neuronové siete

e Ucenie s odmenou a trestom poskytuje neurénovym sietam nové moznosti
aplikacie, menovite ich pouzitie ako kognitivneho organu agentov, ktory su
hodnoteny az na zaver svojich aktivit, podl'a toho, ¢i dosiahli alebo nedosiahli
stanoveny ciel’.

e Pri tomto uceni nie je potrebné pouzivat’ externého uéitel’a, ktory klasifikuje kazdy
elementarny pohyb agenta (t. j. vytvdra tréningovii mnoZzinu), externy ucitel
hodnoti len zaver ¢innosti agenta, ¢i dosiahol alebo nedosiahol svoj ciel’, a ak ho
dosiahol, potom hodnoti aj kvalitu ziskaného ciel'ového rieSenia (napr. mozu byt
preferované také ciele, ktoré vyzadujii mensi pocet krokov).

e Aktudlny kognitivny orgdn sa v priebehu predpisaného poctu krokov necha
kons$tantny a na zaver sa hodnotia pohybové schopnosti agenta. V pripade, ze sa
dobre pohyboval, potom je odmeneny ajeho nastavenie parametrov w jeho
kognitivneho organu sa zmeni tak, aby sa zosilnilo spravanie agenta, ktoré¢ viedlo
kjeho odmene. V opatnom pripade, ak sa agent nepohybuje, vykonava
nekoordinované pohyby, potom je potrestany a parametre w sa zmenia tak, aby sa
zoslabilo spravanie agenta, ktoré viedlo ku nekoordinovanym pohybom.
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Introductory notes
Let us consider an agent determined by the following two sets:

(1) A discrete set of agent states
S = {sl,sz,s3,...}

(2) adiscrete set of agent actions
A= {al,az,a3,...}

Agent actions are interpreted as mappings of agents states onto itself
s'=a(s)
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The agent is endowed with a cognitive device (or predictor) that evaluates each
agent states by a real number called the prediction

P(w):S—>R
or explicitly

z,=P(s;;w)

The mapping — predictor is parametric, i.e. it manifests a plasticity (with respect
to the parameters w)
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Assumption: A selection of a respective action a € 4 applied to astate s S is
controlled by the cognitive device.

Each abstract state s S is numerically represented by an n-dimensional real
(often binary) vector x

seS < x=(x.x,..x,)eR"
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Subject of the learning

Let us have a sequence of agent states and its evaluation
81,8 seees S s Z

where z is an evaluation corresponding to a fact whether the sequence has a
required property
{1 (sequence has the required property)

0 (otherwise)

Assumption. The sequence of states s,,s,,...,s,, 1S constructed quasirandomly,
i.e. if we have a subsequence s,,s,,...,s,(for 1<i<m), then its enlargement about a

next state s;:1 is performed according to a prediction z, = P(s,; w).
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Goal: To modify the agent cognitive device P(w) such that a sequence of
predictions

P = P(s;;w),P, = P(s,;w),..., B, = P(s,; W)

is an estimation of z= P

m+1
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An outline of construction
of updating formula

Let us consider a sequence of states that are evaluated by the same required
property z

(81,2),(85,2),..,(8,,,2)
A quality of prediction is determined by the objective function

1< 2
E(w)= (2 Pls )
t=1
A steepest-descent recurrent formula for minimization of this objective function
looks as follows
w.=w—agrad E(w)=w+ Aw (1a)
Aw:Za(z—P,)gradwR (1b)

t=1
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Above updating formula (1a-b) can be rewritten in another alternative form

z-P =P~ F
-P,+P,—PF

m+1

If we use algebraic identity

ZM:Z Ay =ii Ay

m
t=1 k=t t=1 k=1
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then the updating formula is

Aw=>a(z- P)grad,P,

= ia[i(PkH - Pk))gradwF;

t
=) a(P,, _Pt)zgmdwpk
t=1 k=1
Summarizing,

t
Aw, = a(P., - )Y grad, P,
k=1

2

(3a)

(3b)
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This formula is “generalized” into a form called the TD(A) family of learning
procedures

t
Aw, =a(P,, - P)Y. N *grad P, ©)

where the weighting parameter 0<A<1. For A=1 formula (4) gives original result
(3), while A=0 it gives

Aw, = a(P,

t+1

F)grad,F,

i.e. the weight increment is determined only by the most recent observation.
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Summary of RL-DT(A) method

w=w+ Aw

Aw= iAWt

t=1

Aw, = a(P,

t+1

- Pt)et(x‘)
e (A)=he,, (%)+grad,P,

e,(1)= grad, P

(s1)
(s2)

(s3)
(s4a)

(s4b)
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These formulae make possible simple recursive implementation of the gradient
updating

Aw:=0;
for t:=1 to m do

begin if t=1 then e (A) :=gradP
else e(A):=Ae(A)+gradP,;
Aw:=Aw+a (P_ -P )e (L) ;

i

4l Tt

end;
wW:=w+Aw;
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Neural-network architecture
of cognitive device

The predictor evaluation of states is performed by a parametric mapping
P(s)=P(xs;w)

This mapping is realized by a feed-forward neural network composed of one layer
of hidden neurons

P(s)
output neuron (1)
g
g Y[ e »a»|  hidden neurons (p)
£
QS
® e input neurons (n)
xS
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Activities of neurons

(1) Hidden neurons

—t[ wyxj +SJ i=12,.., p)

(2) Output neuron

t(€) is an activation ,,squashing® function specified by the logistic sigmoid
function

()

1

:R—(0,1) = 0<1(&)<l
1+e

(&)=

,g’
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Gradient of P(X) with respect to weight and threshold coefficients

(1) Gradient with respect to output weight and threshold coefficients

OP(x)
o9

oP(x) 0OP(x)

= P(x)[1-P(x)]. o 28

(2) Gradient with respect to hidden weight and threshold coefficients

OP(x OP(x) OP(x)
=.y[(1_yi) 6(9 )W[’ ( )= ( )xs')

These partial derivatives are calculated recurrently by the backpropagation
method.
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Goal of learning

To adapt the weight and threshold coefficients of the predictor - neural
network P(s)=P(x;;w) such that the produced walks will have the
required property.

The learning of predictor — neural network will be performed by the RL-
TD(A) method.
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Algorithm of learning
Step 1. Generate randomly weight and threshold coefficients of the cognitive
device predictor - neural network.

Step 2. Generate quasirandomly a walk — sequence of states. If the of sequence
will has the required property, then set z=z,,, otherwise set z=zy,.

Step 3. Update weight and threshold coefficients by the RL-TD(A) formula, where
parameter 0<A<I is kept fixed through whole learning process.

Step 4. Check whether convergence criteria are satisfied, if so, then continue in
step 5, otherwise continue in step 2.

Step 5. Stop.

First illustrative example

Let us consider a simple example that corresponds to a generator of bounded
random walks composed of six states 4,8, ...,F,G

entry

&)
G @ Examples of walks:

") (1) Wi=ABCBAGFED, | W|-9
Q W,r=ABCD, | W,|=4 (the only shortest walk)

exit

priesvitka 21 priesvitka 22
Our goal is to construct walks WV that
Each oriented edge (X,Y) is evaluated by a prediction P(X,Y) numerically realized
(1) start in the initial state 4 and end in the terminal state D, and by the feed-forward neural network with input-neuron activities specified by
(2) are of shortest length, i.e. V=4 vectors xx and xy assigned to X and Y, respectively
PXY)
States are represented by five out 1
6-dimensional binary “unit” vectors = output neuron (1)
<
# | state binary vector x .5 irccreass > hidden neurons (p)
1| 4 (@000000) IS i >~ m«\‘
Sl R = \
2 | B (0J00000) S| S AN
3| C (00f0000) Tl [ Fo"eeee | input neurons (14)
4| D (000flo00) Xx Xy
5| E (0000[00)
6 | F (00000f0)
7|1 G (000000}
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The prediction P(X)Y) is a probability that an actual walk W=A...UVX will

be extended to a walk W'=A...UVXY

A..UVXV (Pr=P(X,V))
A..UVX <
A..UVXY (Pr=P(X,Y))

Pr, , Pr,

Py=—="—, Prl=——"2—
Pr+ Pr, Pr+ Pr,
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Set of parameters of learning process

0=0.1 (learning rate parameter).
A=0.9 (temporal-difference parameter).
p=5 (number of hidden neurons).

Eall S

Initial values of weight and threshold coefficients are randomly generated from
the open interval (-2,2).

e

The learning process is stopped after 30000 epochs.
6. Quasirandomly generated walks are evaluated as follows

L {1 (if W|=4)

0 (otherwise)
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Learning process
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Second illustrative example

Let us consider a slightly complex example than the previous one, it corresponds
to a generator of bounded random walks composed of sixteen states 4, B, ...,O, P.

0!9!9!5
5!9!9!5

Entry
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Our goal is to construct walks w that
(1) start in the initial state 4 and end in the terminal state P,
(2) are of shortest length, i.e. |w|=6.

States are represented by fifteen
15-dimensional binary “unit” vectors

# state binary vector

1 A (f000000000000000)
2 B (0[l00000000000000)
3 C (00fl0000000000000)
4 D (000fl000000000000)
13 M (000000000000000)
14 N (000000000000000)
15 [¢] (00000000000000[0)
16 P (000000000000000)
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Each oriented edge (X,Y) is evaluated by a predictor P(X,Y) with the following
meaning:

Let us have a walk w=(4... UX) terminated in the state X, and let the last state X
has one to three forthcoming neighbor states denoted Y, Z, and V, respectively.

The walk is extended by one of them with probability proportional predictors
PX)Y), P(X,Z), and P(X, V).
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W'= A..UXY(p, =~ P(X,Y))
W=A.UX > W' =A.UXZ(p, ~P(X,Z))
W'= A UXV(p, ~P(X,V))

This type of quasirandom selection is numerically realized by the “roulette
wheel” (see Goldberg’s implementation of GA)

pr = Py pry = Py D, = Py
Py+tp;tDpy Py+p;tpy Py*tP;+Dy
pr(1) | pr(2) 1 pr3) |
1 1 i
random([0,1)

2nd walk extension is
quasirandomly selected
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The predictor P(X,Y) is numerically realized by the feed-forward neural network
with input-neuron activities specified by the vector representation of states X.

PX.Y)

output neuron (1)

N
2 »| hidden neurons (p)

information flow

input neurons (2x16)
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Treti ilustra¢ny priklad
Hra piSkvorky (tic-tac-toe)

The American Heritage Disctionary: A game played by two people, each trying
to make a line of three X's or three O's in a boxlike figure with nine spaces.

x| olx;
O, %
x| o,
X-hrag (prvy) X-hra¢ zvit'azil
O-hra¢ (druhy)

Hra je zahajena prvym hracom (X), na jeho tah odpoveda druhy hrac (O), toto
striedanie hracov sa opakuje az do konca hry. Koniec hry nastdva vitaztvom
hraca, ktory dosiahol ,,riadkovu‘ poziciu troch svojich znakov, alebo remizou, ak
po deviatich tahoch ani jeden z hra¢ov nedosiahool vit'azni poziciu.
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Algoritmus hry
1. krok. Hra je zahdjena prvym hracom, G<—Gj, a pociato¢nou poziciou, P<—Pj;.
2. krok. Hra¢ G vytvori z pozicie P ulozenim svojho znaku na prazdne miesta
mnozinu vSetkych moznych nasledujucich pozicii
Open(P)={R, B0 B}

3.krok. Ak mnozina je prazdna, potom oba hra¢i G; a G, remizuju a hra
pokracuje krokom 4.

4. krok. Kazda pozicia P; je ohodnotend koeficientom 0<A;<1. Hra¢ vyberie za
nasledujucu poziciu takl P’ € Ogen(P), ktora je ohodnotena maximalnym
koeficientom A, P<—P’. Ak pozicia P je vitazna, potom hra¢ G vitazi a
hra pokracuje krokom 4.

5. krok. Krok 3. Hra prechadza na in¢ho hraca, G < G =G,, poziciu P si
vytvori inverziou aktudlnej pozicie, P «<— P , hra pokracuje krokom 2.

6. krok. Koniec hry.
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Reprezentacia algoritmu pomocou stromu rieseni

—G=G,
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Vrchna ¢ast’ stromu rieSeni

Dimenzia  stavového  priestoru je urCend pomocou jednoduchych
kombinatorickych tivach takto

N=;(ZJK?):TJ+(1_I)H—2X6XI3=5889

Pomocou metddy spéatného prehladavanie je mozné zostrojit’ cely strom rieSeni,
kde pocty koncovych pozicii st uvedené v tabul'ke

No. | Pocet Typ
1 131184 | vitazstvo hraca X
2 77904 | vitazstvo hraca O
3 46080 | remiza hraGov X a O
255168 celkovy pocet

Z tejto tabul’ky vyplyva, ze prvy hra¢ X ma vacsiu Sancu hru vyhrat. Podrobnou analyzou sa da ukazat, ze aj hra¢ O moéze hru
forsirovat’ tak, ze remizuje. Celkovy pocet koncovych vetvi v strome rieSeni mozno jednoducho odhadnut’ ako 9!=362880.
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S+ _tah X-hraca =
Model hry 5 L. pravidlo =
Model obsahuje 6 pravidiel s klesajucou prioritou:
= _tah X-hraca o
5 2. pravidlo X é
1. pravidlo. Hrac vykona tah, ktory vedie k jeho vitazstvu.
2. pravidlo. Hrdc vy.lfond tjah, ktory zabrani vitazstvu oponenta v x|© ¢ah X-hréca o
nasledujiicom tahu. Xi=- " 3.pravidlo -
3. pravidlo. Hrdc vykona tah, ktorym si pripravi moznost pouzitia 1.
pravidla v nasledujicom tahu (tzv. vidlicka). X , . o
S tah X-hraca T
4. pravidlo. Hrac obsadi stredove pole. - 4. pravidlo =
5. pravidlo. Hrdac obsadi rohove pole.
6. pravidlo. Hrac obsadi volné pole. = tah X-hréca
5. pravidlo X
0
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X ElX|X E X X|E|X
E|X|X X X|E X

E E X E
A B C D

Diagramy A-D znazornuju zakladné typy vidlickovych pozicii, ktoré su
aplikovatel'né pouzitim pravidla 3.

>

O] X
O

[¢] olX O] X X
X — X — X
o o ofX

X|X]| X
o o

x

E

Diagram E ukazuje poziciu, ktora je prehrana pre hraca O uz po prvom tahu.
Pravidla nasho modelu hry nepostihuju tito moznost’, jedna sa o predpoved’ o tri
tahy dopredu.
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Pozicia je reprezentovana 9-rozmernym vektorom

kde jednotlivé zlozky urcuju jednotlivé policka v pozicii P

0 (i — té pole je neobsadené)
x, =9 1(i—té pole je obsadené X)

i

-1(i—té pole jeobsaden O)

X O X O
X — X
O X e}

P=(1,0,-1,1,0,0,0,0,-1) — P'=(1,0,-1,1,0,0,1,0,-1)
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Agent hra proti modelu hry piSkvorky
Algoritmus modelu

1. krok. Vahové koeficienty neuronovej siete su nahodne vygenerované z
intervalu [-1,1].
2. krok. Poloz t:=1.

3. krok. S 50% pravdepodobnostou deklaruj agenta ako prvého X-hraca a model
ako druhého O-hraca (v opacnom pripade je agent deklarovany ako
druhy O-hrac¢ a model ako prvy X-hrac). Na zaver hry pomocou metody
TD(4) opravi vahové koeficienty kognitivneho organu agenta.

4. krok. Poloz t:=t+1.

5. krok. Ak t<tn.x, potom pokracuj krokom 3, v opacnom pripade prejdi na krok
6.

6. krok. Koniec algoritmu.

priesvitka 43

Parametre adaptacného procesu
1.0=0.1 (rychlost’ u¢enia).
7.2=0.3 (temporal-difference parameter).
8. p=30 (pocet skrytych neurénov).

9. Pociato¢né hodnoty vahovych a prahovych koeficientov st ndhodne vyberané
z otvoreného intervalu (-2,2).

10. Ucenia je zastavené po 500000 epochach.
11. Pozicie st ohodnocované podl'a formule
1 (prvy hrag vyhral)
z=40.5 (hrééi remizovali)

0  (prvy hréag prehral )
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100+ agent remizoval
S
3
= 501
Q
=
s
(=]
agent prehral
0 ~ agent zvit'azil
0 100000 300000 500000
epocha

Priebeh frakcii hier (zo 100), ktoré hral agent proti modelu hry, pricom polovicu
hier (50) hral ako prvy adruhi polovicu hier hral ako druhy. Z priebehu
jednotlivych pripadov jasne vyplyva, Ze neurénova siet’ je schopna tak kvalitnej
spontannej adaptacie, Ze dokaze neprehravat’ s modelom.
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Zavery

e Pouzitie ucenia s odmenou a trestom v multiagentovych systémoch, kde
agenti maju kognitivny organ implementovany pomocou neuroénovej
siete, umoziuje Stadium emergencie stratégie v MAS. V pouzitom
pristupe, agenti hrali proti ,,presnym® pravidlam hry, takze vyemergovali
agenti, ktory proti modelu neprehrali.

e Existenciu ,,presnych® pravidiel moézeme potlacit pomocou
koevolucného modelu, kde madme populaciu agentov (neurénovych sieti),
ktora je rozdelena na dve podpopulacie, bielych a iernych agentov.
Striedavo hrahu proti sebe tak, Ze jedna podpopuldcia ma zafixovant
neurénovu siet’, zatial' ¢o druhd podpopulacia si ju adaptuje pomocou
ucenia s odmenou a trestom. Aj vtomto pripade spontanne emerguji
agenti, ktory dokonale hraja TTT.
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