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N2MN2 DPRIPR MWD HW 72 IR0 mvan T 7Y LMD Yw M mawy
JWNIA TIRD TR, 700

TIR? DUOPWAT MUVPY PIOTY MW RIT TP QNN M0IDAW A0 IV W
S NITY YRR NID DY, ORIPR 770 11%02

(gamma) Discount Factor .1.6.2.3

TR PR 12 937,700 ¥ R1aN TN 228107 DWW D10 pRwn RIT PRwnT IR
.gamma = 1 117121 ,discount factor-2
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DZNYN W 1Y nTnY% .1.6.4

TAD HYW MIRXINTY AT XY 1MVOAT ,MATIRT AP W R AMWR T ATIRI awa
A0 NI NPA02 VIPI? WA 72 AWINTA MW MIYOWIA 1R MYLnn 1R

MN5N BOY PNANT JPIWI YW 1IN2 2WITHAT MDD B °O7 AW MNANT N
1197 P3N IDIND DMAXMT AT DR MOOY Nan DY vOYR jpnws S 11na awnna
TN 272 0°2ARAT NAPATY T DT 702 P00 00V YW 1IN 02 002N NdATw 2%
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(Eligibility Traces) n"n2on naax .1.6.5

Eligibility -2 wanwia> meown na»p TD(A) v oonnn Q-Learning onsioxa
P KDY 02V 1 28RY VATY 12mw MINonT 992 opwn DR 25w 902 197y Traces
2V 2199 PINART VA2 P 198 DR

NPEOIX Nw 197 e (Reinforcement Learning, MIT Press, 1998) 7217 1502
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0% 0% Lambda=0.15 200 3
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™i7n [pnwn .1.6.6
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TN nikxin 1.7

9100 D'7ppwnn o L1.7.1

1R27 DOPWHT NPT 7201 (QTIPN PY0A ORI PYIDW) 29IV AT TN 0102

can_get_another_move 0.1904
is_passing_store 0.0104
opposite_empty 0.3652
Captures 0.5651
board can_fill_all_empties -0.0318
max_capture_amount 0.7498
play_options 0.0629
(board(6)==0) 0.0236
(player == 0) can_win_in_1_turn 0.2253
can_get_another_move -0.1395
is_passing_store 0.0193
opposite_empty 0.0271
Captures -0.0141
ReverseBoard | can_fill_all_empties -0.0922
max_capture_amount -0.3414
play_options -0.1935
(board(6)==0) -0.0722
can_win_in_1_turn -0.0759
can_get_another_move 0.1478
is_passing_store 0.0193
opposite_empty -0.0241
Captures 0.0146
board can_fill_all_empties -0.0372
max_capture_amount 0.1954
play_options 0.1331
(board(6)==0) 0.1576
(player == 1) can_win_in_1_turn 0.1656
can_get_another_move -0.1738
is_passing_store -0.101
opposite_empty -0.367
Captures -0.6467
ReverseBoard | can_fill_all_empties -0.0005
max_capture_amount -0.7202
play_options -0.1272
(board(6)==0) -0.1097
can_win_in_1_turn -0.125
(player == 0) delta_store 4.7509
(player == 1) delta_store 4.6565
Player -0.1255
Const 1 -0.0792
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SPIIWAM 237 19V TPRORIDIRY NINRNN 7727 720N DIONT TR MIRXINT L0990 19IR2
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RrisiviNaRlialatymBriyiizalnktealakoh iyaRatairlsivet

(M7 Sw X% RN MDA WRD) DTN 100 N DRCRIVID MIRNAT MNON
TN AWRI) NITNY 7100 W IRORIVID MAIRNDT IRA N1 DOTA 2937 M3
(M7 5w 785 DOXNM IR

SN2 AARA T AN 1PWw L capture’-a mMwpn mnonk 820 mawn v
J10%2 Mot

NNANT PRwa YW mPn mMNon opwn P2 (DRMon 7102) 00 NN N
(27731 1997 oodonn) TN YA TPnwa Bw mPn mnan hpwm 1Mna
.Mancala prwna 7719% 17 7°U1R°0 ,NWRIVIR

NT'N70 X7 nipwnn o1 niodNN L1.7.2

500,000-2 o°%pwian MRt 2w (2012777 2120 W) 7RI MOIdNT IR IRNA 77 773
STIRR PN

Norm of weights in the learning process

T T T T

norm2

0 ! ! ! ! ! ! ! ! !
0 0.5 1 15 2 25 3 3.5 4 4.5 5

episode number 5
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790 spriwn 500,000-2 2°7pwnin TR 95 MOIINT DR IRNA 7T 90A

All weights in the learning process

weight
N

T T T T T
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/"/ f

Yo o5 1 15 2 25 3 35 4 a5 5
episode number x 10°
1D°I0PN Q227 VA 9PN Y DOTRAND WRD
All weights in the learning process
1F ! ! ! ! T ! ! ! T
0.8 -

L [ [ | L

1 15 2

(67 il

25 3
episode number

3.5 4 4.5

x 10
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DY @95N0N WRD 7271 MATA L0710 Q2D 2hpWwHn MOIINT AN CNNPY 19N
TRANT QY0 YW DOPWR 190N DIW° NRT OV T .ONYY DO9PWAn 9732 191 anMan
W9 25w amaena I K "avTaann”

['D010nn oK 1AV DOPWANY NPT MNONT DR N9 17770 NINGNT D
0.1-n 72173 70 Manra MTrora 50,000-2 235w MTINT DVIWRY 209pwnan 198
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can_get_another_move
is_passing_store

board can_fill_all_empties
(player == 0) e o
(board(6)==0)
ReverseBoard play_options

(board(6)==0)

is_passing_store

board play_options

(player == 1) can_win_in_1_turn
can_get_another_move
(board(6)==0)

ReverseBoard

Const 1
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nTM70 NIXY? [pnwn 9w (1.7.3

W ROY) PR MDY DR NN AR TIRY pPnwn Mow DR NnaY N oy
XN 902 .77nba Tomma mTpl oona (1 ppwa X oa) 11ana jpnwn a0 (MinMax
2°prwn 1000-2 12°07 MIRXIN MNTR0IT TR DX 178107 27 77202

W IPNwd MWK JpPIwd
60% / 4% 85% / 3% aprwn 10,000-5 Mayd
84% / 2% 91% / 2% aprwn 100,000-5 Mav>
82% / 3% 87% / 4% aprwn 200,000-> Mav>
89% / 3% 90% / 2% oprwn 400,000-5 Mav>
89% / 2% 91% / 2% oprwn 500,000-5 Mav>

I8 901 2720 2prwn 1000 B mua 7709 TR ORIPR 21PN 102

TPAWD I7PON2 POV RLANAW I2T 77020 TIR? 0NWHAY TN JPIwT 02 NIRIY N
mM73% 1YNOYT .DNWRD DPIwn WRI 1 ppiva 1707 JPnwn DR 017 mpn Ywa
20 XY v apnn (MD15NTT 2von TIRD PI1) 7272 ovpawn 10,000 TnKY ax oo

70 PRwan

:TIRAT 72202 MO MRIN XY 1997 DIPRAwS P2 03 upmw o Ao

~10,000 ~100,000 ~200,000 ~400,000 ~500,000 average
~10,000 44% | 5% 93% / 0% 0% / 0% 24% [ 0% 40% / 1%
~100,000 | 87% /0% 100% /0% | 60% /40% | 77%/12% | 81% /13%
~200,000 | 93% /0% 98% / 0% 0% / 0% 0% / 0% 48% / 0%
~400,000 | 84% /1% 75% /0% | 100% / 0% 0% / 0% 65% / 0%
~500,000 | 100% /0% | 100% /0% | 100% /0% | 100% / 0% 100% / 0%
average | 91% /0% 79% [ 1% 98% /0% | 40%/10% | 25% /3%

oopnwn 1000 mRxInD ok (PN MIRXIN STIARY ,MIINY TIAR) N7 77202 XD 922)
TRIRNNT TTNAYT DOM2AY PR PWRIT RIT ARRNAT TWE DIM02Y PR WK
(Cawn prwn X

-2 DONRT DR MY KITOPWL,DOPRWE N PWRI JPATI 0 NIRRT JPwT 0D 127
DAPNAY TPAWT 03 AR, PRMY DYRNAY 9180 79V 2T 1K DXT av 770 .100%
Mavs oapnnw apnwan 2w (Imvionaa aro Cv?) opnwn 100,000 2w
.01 o°priwn 300,000-1 100,000

W A9D 77 QP02 PNWAY W 2T ANNANT DOYXINT DMWY DR 222 WK
UPR DWW N 222137 (IR DR OW MINNNIT) D709 MK IR W1 17) DMK
2w (!modnan oro 219%) opnwn 100,000 Mays Lapnnw [prwm a9 A7 2
.0°001 2°priwn 100,000 Mavs o°%apnnw 2Ipnwnn

2opnwn 100,000 X% 797 1Pnwn D TTY NnMona MwSRT DX 7202 Nan Dy
I P17 0V, DOINRA 37090 25w WIND IMPIINM W w1 WK 10w 170
D LYAY MAW W NEIPR PP MTIPIR RS T2 DMLDIRY MATPNIT Tana
NAIORN ,PNTA NRT 022 WWWPNT 221907 PRI 2D Twan RIT IR 921930 NRR

T ORIVIR 12072 PON0IT?
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NTN7h nIxxIn? oxnna nirTn - ThetaGreedy j7znwn  .1.8
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WXI'Y [7NYn 2'0 Non

1.9

n"o0'oan Dpnwn Ta1.1.9.1
73131 00027 QIPAW TAID QW QPRI JPRw NIRYIN DX NI 19K MK

Qnxy
Heuristic Greedy
1 2 3 4 5
1 100% / 0.0% 91% / 3.0% 69% / 3.5% 36% / 6.0% 45% / 5.0% 37% / 0.0%
2 100% / 0.0% 100% / 0.0% 100% / 0.0% 100% / 0.0% 100% / 0.0% 100% / 0.0%
ThetaGreedy | 3 100% / 0.0% 100% / 0.5% 100% / 0.0% 100% / 0.5% 99% / 0.0% 94% / 1.5%
4 | 100% /0.0% 100% / 0.0% 100% / 0.0% 94% / 2.5% 89% / 0.5% 86% / 6.0%
5| 100% /0.0% 100% / 0.0% 100% / 0.0% 100% / 0.0% 100% / 0.0% 100% / 0.0%
ThetaGreedy
1 2 3 4 5
Heuristic 100% / 0.0% 100% / 0.0% 0% / 0.0% 100% / 0.0% 100% / 0.0%
1 9% / 1.5% 7% / 0.5% 5% / 0.0% 3% /1.0% 2% / 0.0%
2 76% / 0.0% 57% / 3.5% 61% / 2.5% 39% / 2.5% 37% / 8.5%
Greedy 3 92% / 2.5% 65% / 4.0% 46% / 0.5% 35% /1.0% 71%/7.0%
4 | 100% /0.5% 40% / 1.5% 72% 1 2.0% 5% / 0.5% 3% /3.0%
5 99% / 0.0% 84% / 3.5% 90% / 3.0% 76% / 2.5% 72% 1 2.0%
1| 42%/58.0% 100% / 0.0% 0% / 0.0% 0% / 0.0% 0% / 0.0%
2 100% / 0.0% 100% / 0.0% 100% / 0.0% 100% / 0.0% 100% / 0.0%
ThetaGreedy | 3 100% / 0.0% 100% / 0.0% 100% / 0.0% 100% / 0.0% 82% / 0.0%
4 | 100% /0.0% 100% / 0.0% 0% / 0.0% 100% / 0.0% 0% / 0.0%
5| 100% /0.0% 100% / 0.0% 100% / 0.0% 100% / 0.0% 100% / 0.0%

PIws KD opaws 1000 mRING @RNAT (PPN MIRKIN CTIARY ,MINNEI CTIAK) A7 72202 X0 903)
(Cawn PR RIT TRORMAT ATIMYT DMWY 1PRWM WK X TORIAT TR DOm0y

DOIPAW Y MR R (2 prwa X)) 5 pmwa ThetaGreedy 1w 1pnws °3 mRa? 10
.00°027

S0 PIwa M DR Yn? mhsa 3 ppwa ThetaGreedy pa v jpnwd
Dopnwnnn 72%-2 5 pmva 17ann jpnw? 7oon 5 priva ThetaGreedy
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2INR2 N2 3T
217 wInta PR P N2 neea 5 pnwa ThetaGreedy
S1°2 WSR2 I piw N2 709 5 priva ThetaGreedy
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A.G. Barto and R.S., Reinforcement Learning, MIT Press, 1998.
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Are2Pol i ci esEqual - Hel pful function to decide whether 2
policies are identical
Cal cul at eFeat ur es - Calculates all features values for a
given state
Conpar eBasi cPol i ci es - Play the basic policies against
t henmsel ves.
Conpar eSonePol i ci es - Tenplate: Play sone policies against
t hensel ves.
Cr eat eBoard - Creates a board for a new gane
Di spl ayBoar d - Displays the board to the matl ab shell
GaneOver - Checks whether the gane is over.
Get Del t aScor e - The val ue function of the "G eedy
Pl ayer."
Get Scor e - Checks for the reward of the state.
Get TG eedyScor e - The value function of the "Theta G eedy
Pl ayer."
Cet TLear ni ngScor e - The value function of the "Theta
Learni ng Pl ayer."
Heuri sti cMove - Policy function of the "Heuristic
Pl ayer."
Mancal aGU - Activates the QU
m ni max - Inplenentation of the MnMax tree.
M nMaxMove - Policy function of the "G eedy Pl ayer."
Move - Moves snails on the board.
Opt i onal Moves - Checks for all possible noves.
Pl ay - Plays a full turn for a given policy.
Pl aylTurn - Plays 1 turn for a given policy.
Pl ay2Pol i ci es - Plays two policies agai nst each ot her
Pl ayMancal aGUl - Activates the GU
RandonBoar d - Creates a random board for testing only.
Randomivbve - Policy function of the "Random Pl ayer."
Rever seBoar d - Reverses a board
RunEpi sode - The heart of the I earning process.
RunEpi sodes - Runs the whol e | earning process.
TG eedyMove - Policy function of the "Theta G eedy
Pl ayer."
TLear ni nghbve - Policy function of the "Theta Learning
Pl ayer."

Conpar eLear ni ngPol i ci es Play the |earning policies against

t hensel ves and M nMax1.
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Are2PoliciesEqual

Helpful function to decide whether 2 policies areidentical.
Recel ves the number of tests, two policies and 2 argument each
and checks their results on random boards,
Prints the differences between the two policies.

CalculateFeatures

Calculates all features values for agiven state.
Receives the board and the player.
Returnsthe vector of the calculated features.

CalculateFeatur es>CalculatelSideFeatur es

CALCULATEFEATURES Calculates the features of the lower side of the board.
Receives the board.
Returns the vector of the calculated 9 features
of the lower side of the board.

CompareBasicPalicies

Play the basic policies against themselves.
Play 100 games between every two basic policies.
Returnsthe palicies, their arguments, and
the results (wins and ties)

Comparel ear ningPoalicies
Play the learning policies against themselves and MinMax1.
Play 1000 games between different policies during the learning process.
Play also against MinMax1 player.
Receives the matrix of all learnt policies.
Returnsthe palicies, their arguments, and
the results (wins and ties)

Compar eSomePolicies
Template: Play some policies againg themsel ves.
Thisisatemplate to be edited before any use,
used to create amatrix of results comparing between some policies.
Receives the matrix of all learnt policies.
Returnsthe palicies, their arguments, and
the results (wins and ties)

CreateBoard
Creates aboard for anew game
Returns a board of a new game.
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DisplayBoard

Displays the board to the matlab shell.
Receives a board vector and display it to the shell.
The "lower player” isin thelow line...

GameOver

Checks whether the gameis over.
Receives the board and the current player.
Returnstrueiff the gameis over.

GetDeltaScore

The value function of the "Greedy Player".
Receives the board.
Also receives player and one more argument, but doesn't useiit.
(There are needed for the uniformity of the GetxxxxScore functions).
Returns the difference between the stores.
If the gameis over returns +- 99999.

GetScore

Checks for thereward of the state.
Receives the board.
Should be called in the learning process iff the gameis over.
Returns 1 if the lower player won, -1 if the upper player won,
and 0 in the case of atie.

GetTGreedyScore

The value function of the "Theta Greedy Player".
Receives the board, the player and the theta vector.
Returnsthe calculated value of the state.
If the gmaeis over returns +- 99999.

GetTL ear ningScore
The value function of the "Theta Learning Player”.
Recei ves the board, the player and the theta vector.
Returns the cal culated value of the state.
Used only in the learning process.
Similar to GetTGReedyScore except the game-over case.

HeuristicM ove
Policy function of the "Heuristic Player”.
Receives a board and the player.
Also receives 2 spare arguments.
(@l policy functions have 2 arguments)
Returns the position of the hole recommended to play.
Shouldn't be called if the gameis over and there are no possible moves.
Thelogic is described in the document.

HeuristicM ove>M axDeltaSnails

Finds the move which will give the highest delta snails.
Receives a board.
Returns the maximum delta snails possible for player O
and the move which will giveit.
Recursive function, in the case of extraturn.
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HeuristicM ove>M axExtraTurns
Finds the move which will give the highest extra turns options
Receives a board.
Returns the maximum extra turns possible for player O
and the move which will giveit.
Recursive function, in the case of extraturn.

HeuristicM ove>GivesExtraTurn
Checks whether an hole can give an extraturn
Receives a board and a position from 1 to 6.
Returnstrue iff moving from that holeis possible and
it gives an extraturn.
Noticethat in case of 000 00 1, there will be no another turn,
In this case this function iswrong, in order to be smple.

MancalaGUI
Activates the GUI
Receives a gui action: 'start’, 'initialize', 'move’, 'move T,
and acts accordingly.
Recursive function, object handlers call itself with different action.

MancalaGUI>SetSquar es
Updates squares styles
Updates the square styles according to the turn and the board.
A squarewill be a push-button iff it is of the player
who is going to play and not empty.
Also updates the strings shown on the sguares according to the board,
and checks for game-over.

MinM axM ove
Policy function of the "Greedy Player
Receives a board, the player, the required MinMax depth.
Also receives an argument which is passed asisto the score function.
(@l policy functions have 2 arguments)
Returns the position of the hole recommended to play.
Shouldn't be called if the gameis over and there are no possible moves.

Move

Moves snails on the board.
Receives a board and a position.
Returns the board after the move from the position, and extra_turn flag.
position should be alegal hole; 1-6 or 8-14 and not empty!

Move>M ove player0Q

Moves snails of the lower player on the board.
Receives a board and a position.
Returns the board after the move from the position, and extra_turn flag.
position should be alegal hole on the lower side; 1-6 and not empty!

OptionalM oves
Checksfor &l possible moves.
Receives the board and the current player.
Returns a vector of all possible moves from this position.
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Play
Plays afull turn for a given policy.
Receives a board, the player, a pointer to apolicy function and its 2 arguments.
Returnsthe board and the player after the full turn that was chosen
by the policy function.
(afull turn is a series of moves, each giving an extraturn).
Thisfunction stopsin the case of game over.

PlaylTurn

Plays 1 turn for agiven policy.
Receives a board, the player, a pointer to apolicy function and its 2 arguments.
Returns the board and the player after move that was chosen by the policy function.
Also returns the value of the board after the move, that was calcul ated
by the policy function. Thisisin order to save sometime in the learning.
Shouldn't be called if the gameis over and there are no possible moves.

Play2Policies
Plays two palicies against each other.
Receives the required number of games,
2 policies (functions pointers) and 2 arguments for each policy,
and aso a flag to indicate who will play first.
Returns the winning and tiesrate of first player.
Also puts a message to the screen of the current results.

PlayM ancalaGUI

Activates the GUI
Receives a theta vector and a MinMax depth,
and activates the GUI possibly againg "Theta Greedy Player'.
Callsthe main GUI function: MancalaGUI

RandomBoard

Crestes arandom board for testing only.
Returns a random board.
For testing only.

RandomM ove
Policy function of the "Random Player".
Receives a board and the player.
Also receives 2 spare arguments.
(@l policy functions have 2 arguments)
Returns the position of the hole recommended to play, which isarandom position.
Also returnsatemp var which isO.
(needed in order to make PlaylTurn generic).
Shouldn't be called if the gameis over and there are no possible moves.

Rever seBoard
Reverses a board
Receives a board.
Returns the same board reversed.
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RunEpisode
The heart of the learning process.
Runs an episode of the learning process, i.e asingle game.
Receives. the current theta vector (to beimproved) T,
the depth of the MinMax tree used to choose the learning player
actions, the learning rate alpha, the Eligibility Traces
Factor lambda, the discount factor gamma, the random rate epsilon, the
opponent policy during the learning and its two arguments.
Returns the improved theta vector.

RunEpisodes

Runs the whole learning process.
Runs the whole learning process according to our final decided parameters.
Returnsthe learnt theta vector, and a matrix which contains all
of the theta vectors during the learning.

TGreedyMove
Policy function of the "Theta Greedy Player".
Receives a board, the player, the theta vector and the required MinMax depth.
Returns the position of the hole recommended to play.
Also returnsthe value that was cd cul ated by GetT GreedyScore of the
next state (after playing from that position).
Shouldn't be called if the gameis over and there are no possible moves.

TLearningM ove
Policy function of the "Theta Learning Player".
Receives a board, the player, the theta vector and the required MinMax depth.
Returns the position of the hole recommended to play.
Also returns the value that was calculated by GetTL earningScore of the
next state (after playing from that position).
Shouldn't be called if the gameis over and there are no possible moves.

minimax
Implementation of the MinMax tree.
Receives the board. a player, the required depth, a pointer to the score function and its argument.
Should be called iff the gameisn't over.
Depth should be >= 1.
Returns the recommended move and its value according to the input score function.

minimax>alphabeta

Inner implementation of the MinMax tree with al pha beta pruning.
Receives the board. a player, the required depth, a pointer to the score function and its argument,
and the current apha and beta.
Returns the recommended move and its value according to the input score function.

minimax>alpha_or_beta

Helpful function for the inner implementation of the MinMax tree with apha beta pruning.
Receives alpha, beta and player.
Returns alphaif player == 0 and betaif player == 1.
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Dependency Report

[Run Report an Curnont Dectory I

|+ Show child functions L Shew parent functions (current dir. only)
[+ Show subfunctions

Built-in functions and files in toolbox/matlab are not shawn

Report for Directory C:\Program Files\MATLAB\R2006b  work\Copy_of Mancala

Children
M-files {zalled functions)
irefPoliciesEgual current dir : RandorSocard

ent dir
urrent dir

current dir ra=Foard
subfunction : Calculatel3ideFeatures

CalculateFmatures

CalculateFmaturess>Calculatel Jideleatures

CompareBasicPolicies

urrent dir : BRandomMowe
dir : Eeuristickove
dir : fooe
dir : PlayfPolicies
dir : TGreedyMowe
dir : MinMaxMooe
dir : F_.'ull-_'z__-c]:'_c:i.ss

ComparelearningPolicies

current dir
current dir
current dir
current dir

ComparedomeFolicies

Contents

teFoard

DisplayBoard
GameChrer current dir : OptionalMoves

Getleltaicors current dir : Gamelwer

current dir : GetScocsz
Gatfcore
GetIGreedyicore current dir : Gamelier

GetTle=arningicors current dir
HeuristicMove current dir
subfunction
=subfunction
HeuristicMove:Mawleltadnails current dir
subfunction
HeuristicMovesMawExtraTurns current dir
subfunction : GiwesExtraTurn
subfunction : HaxExtraluzms
HeuristicMove>GivesExtralurn
MancalaGUI CreateBoard
: Mowre
- Mo eedyowre
recursion : ManczalaGOI

subfunction : SetSgquares

MarcalaGUl-Jetiguares
MinMayxMairs

1 Gamelser
: mimiman
: GetDeltaScore

2.5
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Heonve currenkt dir : RewerseBoard
subfunction : Mowve playerd
HevarMove playecl
SotionalMoves
Flaw current dir : Gamedver
current dir : FlaylTurn
FlaylTurn current Jdir @ Mowve
FlaviFolicies current J4ir ! CreateBoard
currenkt dir : Gamelvar
currenkt Jdir : MHowe
FlayHancalaGUT current dir : MancalaGUul
RandomBoard
FandomHonng current dir : OptlonalMowes
FaverseEoard
FunEpi sode current dir ! CreateBoard
current dir : FlaylTurn
current 4ir @ TLearningHove
currant dir : GetTLearningScors
current Jdir @ CalculateFeatures
currenkt dir : Gamelvaer
current dir : Flay
current dir ! GetScore
current dir : RandomMove
——
BunEpd scdasn curraenkt dir @ TEresdyvHows
current Jdir @ CalculateFeatures
current dir : CreateBoard
current dir : RunBpisode
ThraedyMove current dir : minimax
current dir @ GeiTGresdyScore
TLaarningHove current dir ! minimax
current dir : GetThaarninglcora
minimax subfunction : alphabata
minimax>alphabata current Jdir ! Gamedver
current dir : CptlonalHoves
current dir : Move
subfunction : alphabeta
subfunction : alpha or beta

mimima e IEhi o Eata



