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Abstract. We consider a discrete variation of the princess and monster game
and use Q-learning to safely guide the princess to the exit. The princess keeps
an optimal policy for each possible state the monster can be in, and her policy is
to use the optimal policy corresponding to the state the monster is in currently.
We look at how the learning parameter λ and the number of monsters present
a�ect the princess' rate of success from simulations.
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1. Introduction

Reinforcement naturally appears when an organism learns from interacting with
an environment: a rat in a Skinner box presses down a lever to acquire food or
to avoid being shocked, a child says politely �hello� for social acceptance or �thank
you� in return for a candy for future, possibly greater gifts, a person drinks to spend
a good time with his mates or to put aside his troubles for awhile, etc.

Reinforcement learning (RL) concerns �how to map situations to actions [...] to
maximize a numerical reward signal� [3]. The learner is not explicitly told what
actions to take and what not to take, but instead discovers through trial-and-error
interactions with the environment the action that will maximize his reward.

RL is di�erent from supervised learning, in which a supervisor gives the learner
sets of input and output. The learner attempts to de�ne a relation between them
so that he can respond on his own to future input. We already see limitations to
this approach. The supervisor must provide �examples of desired behavior that are
both correct and representative of all the situations in which the agent has to act�
for a successful learning to occur [3]. Would it not be better if we let the agent roam
around an environment and learn from his own accomplishments and mistakes?

Among many methods to implement RL, such as policy or value iteration, TD(λ),
and residual algorithms, we consider Q-learning, which is known for easiness of
implementation [3, 2]:

Q(st, at)← Q(st, at) + α [rt+1 + γ ·maxa{Q(st+1, a)} −Q(st, at)] .

In a sense, the value of Q tells the agent how good his action at is given the state
st. So when the Q values are �nearly converged to their optimal values,� he is �to
act greedily, taking, in each situation, the action with the highest Q value� [2]. In
the simulations, if there were multiple actions all leading to the highest Q value, we
let the princess randomly choose one, thereby allowing some degree of exploration.

RL has been applied extensively in arti�cial intelligence. For example, Tesauro's
TD-Gammon uses a neural network to approximate the value function and plays
backgammon (which has �approximately 1020 states�) at a near-expert level [5, 2].

1



Schaal and Atkeson taught a robot to juggle a devil-stick, which is �a complex non-
linear control task involving a six-dimensional state space and less than 200 msecs
per control decision,� whereas Crites and Barto simulated an �elevator dispatching
task [...] to minimize the average squared wait time for passengers� [2].

Now, the princess and monster game originates from Rufus Isaacs' book Di�er-

ential Games. The princess and the monster move in a bounded region, and each
player cannot see the other until the distance between them is less than a �xed
constant, at which the capture occurs [1]. We consider a discrete variation of the
game, described in detail below.

2. The Problem

There is a �nite set of rooms R = {0, 1, · · · , N − 1}. The game starts with
the princess and the monster in di�erent rooms, with the princess in a room other
than the exit (room 0). At discrete times t = 0, 1, · · ·, they remain inside a room.
Between t and t + 1, the monster moves to an adjacent room in a �erce search of
the princess, whereas the princess can move to an adjacent room to look for room 0
or choose to stay where she was at time t. No light has dared to enter this fortress
in which she is held captive. So even should they pass by a nick while they move to
another room, they do not recognize each other. At the discrete times, the monster
does not know where she is (unless they happen to be in the same room), but the
princess is sage and knows where the monster is. If the princess reaches room 0
(regardless of whether the monster is there also), she will have successfully escaped
the monster's gripes and will live happily ever after with a typical, charming prince.
If the princess and the monster are in the same room any time before, well, things
will be very grim.

The princess uses Q-learning to learn what action to take when she is in room 0
(stay in room 0, clearly) and when the monster is in room 1, · · · , N − 1 at time t.
For each of these N cases, she considers the transition rule [4]

Q(st, at) = R(st, at) + γ ·maxat+1
{Q(st+1, at+1)},

Q, the value of the princess' experience from (st, at)

R, the reward she gets from (st, at)

st, the state (room) she is in at time t

at, the action she takes (to which possible room?) at time t

γ, a learning parameter (0 ≤ γ < 1)

st+1, the state she will be in at time t+ 1 after at is taken

at+1, the action she can take at time t+ 1 once st+1 is reached.

Q is initially set to 0, i.e. the princess has no experience with the environment.
The parameter γ is such that if γ is close to 0, she tends to consider immediate
reward, and if γ is close to 1, she will consider future reward with greater weight
[4]. (For γ ≥ 1, Q diverges.) We assign a value of reward > 0 to R if an action
takes us to room 0, and of penalty < 0 if it takes us to a room with the monster.

We note that the rooms and their adjacency can be represented as a graph. So Q
and R can be represented as a matrix in which the rows and columns indicate the
rooms the princess is in before and after the transition, respectively. In particular,
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the graph will often be sparse (a room is unlikely connected to many other rooms),
so we consider Q and R as sparse matrices, i.e. store each as three vectors (two
index vectors, one value vector).

After a series of trainings, the princess embarks on escaping from the fortress.
She uses her knowledge of the whereabouts of the monster to choose the Q function
that was designed for that particular case and then follow the optimal policy. We
look at all (N −1)2 possible starting positions of the princess and the monster, and
count how many times she has escaped.

3. Examples

We consider two distinct maps and look at subcases. All our simulations involved
reward = 400, penalty = −2000.

Example 1. Consider the map in Figure 1.

Figure 1. |R| = 6

To demonstrate how Q-learning works, we take γ = 0.8 and consider what to do
when the monster is in room 2. Initially,

Q =

0 1 2 3 4 5

0

1

2

3

4

5



0 0 0

0 0

0 0 0

0 0 0 0

0 0 0 0

0 0


, R =



400 −2000 0

0 0

−2000 −2000 −2000

400 0 0 0

−2000 0 0 0

0 0


An empty cell in the matrices Q = [qij ] and R = [rij ] indicates that rooms i

and j are not adjacent. Recall, we store Q and R above in sparse format to save
resources. Let us begin the training. Suppose the princess is in room 3 and takes
the action to move to room 0. Then,

Q(3, 0) = R(3, 0) + 0.8 ·maxat+1
{Q(0, at+1)}

= 400 + 0.8 ·max{Q(0, 0), Q(0, 2), Q(0, 3)}
= 400 + 0.8 · 0
= 400.
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So Q is now,

Q =



0 0 0

0 0

0 0 0

400 0 0 0

0 0 0 0

0 0


.

Now, suppose in our second training, the princess is in room 4 and takes the
action to move to room 3. Then,

Q(4, 3) = R(4, 3) + 0.8 ·maxat+1{Q(3, at+1)}
= 0 + 0.8 ·max{Q(3, 0), Q(3, 1), Q(3, 3), Q(3, 4)}
= 0 + 0.8 · 400
= 320.

and

Q =



0 0 0

0 0

0 0 0

400 0 0 0

0 320 0 0

0 0


.

Note that in the training scenario above, we just happen to have chosen the best
action for the princess when she is in rooms 3 and 4 to illustrate how the values
of Q are updated. In practice, out of the possible actions at, she would randomly
select one and gain experience (i.e. update Q accordingly), leading her to perform
that action or not during the real run. Given enough training (1000 iterations is
su�cient for this example), we will get

Q =



2000 −2320 1600

1280 1600

−400 −2320 −720

2000 1280 1600 1280

−2320 1600 1280 1024

1280 1024


.

So when the monster is in room 2, the princess' optimal policy is as follows: If
she is in room 0, then stay in room 0 (obvious). If she is in room 1 (3, 4, 5), then
move to room 3 (0, 3, 4). Note, we easily see from the transition rule that once Q
converges, sup{qij} = reward/(1− γ). We similarly �nd an optimal policy for the
case that the princess is in room 0 and the case that the monster is in room 1, 3,
4, or 5.

Table 1 records the number of times the princess has escaped the monster for
γ = 0.2, 0.4, 0.6, 0.8 (trainingSize = 20000, trialSize = 10000). The rows and
columns denote in which room the princess and the monster began, respectively.
γ = 0.2: γ = 0.4:

−−−−− −−−−− −−−−− −−−−− −−−−− −−−−− −−−−− −−−−− −−−−− −−−−− −−−−− −−−−−
05051 −−−−− 10000 03741 06510 10000 04864 −−−−− 10000 03813 06670 10000

10000 10000 −−−−− 10000 10000 10000 10000 10000 −−−−− 10000 10000 10000

10000 10000 10000 −−−−− 10000 10000 10000 10000 10000 −−−−− 10000 10000

04269 04836 10000 10000 −−−−− 10000 04532 04755 10000 10000 −−−−− 10000

10000 10000 02051 02966 01791 −−−−− 10000 10000 01997 03064 01719 −−−−−
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γ = 0.6: γ = 0.8:

−−−−− −−−−− −−−−− −−−−− −−−−− −−−−− −−−−− −−−−− −−−−− −−−−− −−−−− −−−−−
04791 −−−−− 10000 03801 06676 10000 04877 −−−−− 10000 03854 06731 10000

10000 10000 −−−−− 10000 10000 10000 10000 10000 −−−−− 10000 10000 10000

10000 10000 10000 −−−−− 10000 10000 10000 10000 10000 −−−−− 10000 10000

04711 04709 10000 10000 −−−−− 10000 04575 04640 10000 10000 −−−−− 10000

10000 10000 02064 03079 01736 −−−−− 10000 10000 02067 03055 01720 −−−−−

Table 1. |R| = 6, γ = 0.2, 0.4, 0.6, 0.8

We want to compare how well the princess has fared for di�erent values of γ.
So for each γ, we create 11 bins (0%, 10%, · · · , 100%) and �nd what proportion
falls into each bin. We use the �oor function for categorization; for example, 05051
and 03741 under γ = 0.2 would fall into the 50% and the 30% bin, respectively.
We then make a �reverse� ogive (i.e. 1 - cdf) to easily see the probability that the
princess' success rate is a given percentage or higher. We get the following:

Figure 2. |R| = 6, 1 monster

Note that the distributions for γ = 0.6 and γ = 0.8 come out to be the same,
so the graph for γ = 0.6 (green) is overlaid by that for γ = 0.8 (blue). We see
little variation among the graphs, but because we have a small sample size of
(N − 1)2 = 25, with most samples in the 100% bin, it is di�cult to tell whether γ
truly has no e�ect on the princess' success rate.

Example 2. Consider a more elaborate map in Figure 3.
After training, the princess comes up with 30 optimal policies (trainingSize =

20000): one to be used when she is in room 0 and the other 29 corresponding to
which room the monster is in. As before, we perform trialSize = 10000 trials for
γ = 0.2, 0.4, 0.6, 0.8 (Tables 2-1, 2-2). For each γ, we create 21 bins (0%, 5%, · · · ,
100%) and �nd the reverse ogive (Figure 4).

Let us up the ante and place the princess against two monsters. (Here, we only
consider the case where she begins in room 29.) The setting is similar. Neither
monster begins in the same room as the princess, and their movements are inde-
pendent of one another's. At each discrete time, she uses one of (N − 1)2 = 841
optimal policies that corresponds to the locations of the monsters. She must get to
room 0 without being caught by either. We get Table 2-3, 2-4 and Figure 5.
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Figure 3. |R| = 30
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Figure 4. |R| = 30, 1 monster

Figure 5. |R| = 30, 2 monsters

In both Figures 4 and 5, we see that the princess markedly underperforms with
γ = 0.2, i.e. when she heavily focuses on the immediate reward. (With two monsters
roaming around, the probability that she escapes at least half the time is 0! She
does a better job for γ = 0.4, 0.6, 0.8, but the probability that she escapes two
monsters at least half the time is only mid-30%.)

This makes sense. Before, in Example 1, the rooms were close to one another,
so the likelihood of her ending up in the same room with the monster would be
consistent across γ. Now, there are more rooms and they are more spread apart
from one another. In particular, the princess must go through rooms 10 and 22 on
her way to room 0, and these two rooms have a high degree of 10 and 5, respectively.
The monster, who always moves during transition, would likely end up in either of
these two rooms, so she would have to give more weight to the future reward.
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The distributions for γ = 0.4, 0.6, 0.8 are much the same, suggesting there may
be a threshold γ∗ under her policy such that we do not see any drastic improvement
in her success rate for γ > γ∗. From Tables 2-3 (γ = 0.4) and 2-4 (γ = 0.6, 0.8),
we see that the princess never succeeded in escaping when either monster was in
room 28, for then they would both be in room 22 after transition. In addition to
the monster's current state, if she can deliberate the actions that the monster can
make and avoid actions that are risky, she may have a better chance of escape.

4. Conclusion

We considered a discrete variation of the princess and monster game. The
princess, who used Q-learning to learn the environment, kept a record of the opti-
mal move for all possible positions that the monster(s) could be in and followed it
at discrete times to get to room 0.

We observed from the simulations that for a map with a small number of rooms
with approximately equal number of degree, the value of γ did not seem to provide
her any more or less advantage. However, for a map with a large number of rooms
with some having higher degree than do others, a γ close to 0 lowered her chance
of escape. From this second map, we concluded that there may be a threshold γ∗

such that there is no drastic improvement in her success rate for γ > γ∗.
We note that Figures 2, 4, and 5 do not tell us the entire story, for we treated

the samples as if they came from a homogeneous pool. In actuality, some samples
were obtained when the game began with the princess and the monster close to
each other (e.g. in room 29 and room 28, respectively), whereas others when they
were far away from each other. Furthermore, the number of rooms to which a room
is adjacent (i.e. the degree) may play a factor as well.

We leave two main questions in the hands of the brave knights. First, we would
like to �nd out if such γ∗ exists and what its value is, analytically or empirically.
Whether γ∗ depends on the number of monsters present, and if so, how we can
e�ciently store and compute the data whose size grows exponentially, are related
to this problem. Secondly, because the monster randomly moves to one of the
adjacent rooms, the princess may want to consider not only the optimal policy for
the room the monster is in at time t, but also the room the monster can be in at
time t + 1. We seek to know whether this policy or some other can improve her
success rate so that she may live happily ever after.
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Appendix A. Tables

Table 2-1. |R| = 30, 1 monster, γ = 0.2 (top), 0.4 (bottom)
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Table 2-2. |R| = 30, 1 monster, γ = 0.6 (top), 0.8 (bottom)
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Table 2-3. |R| = 30, princess begins in 29, 2 monsters, γ = 0.2 (top), 0.4 (bottom)
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Table 2-4. |R| = 30, princess begins in 29, 2 monsters, γ = 0.6 (top), 0.8 (bottom)

12



Appendix B. Code (Princess.java)

1 import java . i o . ∗ ;
2 import java . u t i l . ∗ ;
3
4 class Strategy {
5 // Store Q matrix in sparse format
6 private Vector rooms = new Vector ( ) ; // Rooms
7 private Vector I = new Vector ( ) ; // Row indices
8 private Vector J = new Vector ( ) ; // Column indices
9 private Vector Q = new Vector ( ) ; // Q matrix
10 private Vector R = new Vector ( ) ; // R matrix
11 private double gamma;
12 private int penalty = −2000;
13
14 public Strategy ( Vector rooms , Vector I , Vector J , Vector Q, Vector R, double

gamma) {
15 this . rooms = rooms ;
16 // Must do deep copy for Q and R
17 for ( int k = 0 ; k < I . s i z e ( ) ; k++) {
18 this . I . addElement ( I . elementAt (k ) ) ;
19 this . J . addElement ( J . elementAt (k ) ) ;
20 this .Q. addElement (Q. elementAt (k ) ) ;
21 this .R. addElement (R. elementAt (k ) ) ;
22 }
23 this . gamma = gamma;
24 }
25 public void addMonster ( int monsterPos i t ion ) {
26 for ( int k = 0 ; k < R. s i z e ( ) ; k++) {
27 i f ( In t eg e r . pa r s e In t ( I . elementAt (k ) . t oS t r ing ( ) ) == monsterPos i t ion | |

I n t eg e r . pa r s e In t ( J . elementAt (k ) . t oS t r ing ( ) ) == monsterPos i t ion )
28 setR ( penalty , k ) ;
29 }
30 }
31 public void t r a i n ( ) {
32 Random rand = new Random() ;
33 // This i s the room we s tar t from
34 int s t a t e = rand . next Int ( rooms . s i z e ( ) ) ;
35 // Find a l l poss i b l e rooms we can move to
36 Vector po s s i b l e J = new Vector ( ) ;
37 Vector p o s s i b l e I n d i c e s = new Vector ( ) ;
38 for ( int i = 0 ; i < I . s i z e ( ) ; i++) {
39 i f ( In t eg e r . pa r s e In t ( I . elementAt ( i ) . t oS t r ing ( ) ) == s ta t e ) {
40 po s s i b l e J . add ( J . elementAt ( i ) ) ;
41 p o s s i b l e I n d i c e s . add ( i ) ;
42 }
43 }
44 // This i s the room we move to
45 int ac t i on = In t ege r . pa r s e In t ( po s s i b l e J . elementAt ( rand . next Int ( po s s i b l e J .

s i z e ( ) ) ) . t oS t r ing ( ) ) ;
46 int indexOfAction = In t ege r . pa r s e In t ( p o s s i b l e I n d i c e s . elementAt ( po s s i b l e J .

indexOf ( ac t i on ) ) . t oS t r ing ( ) ) ;
47 po s s i b l e J . removeAllElements ( ) ;
48 p o s s i b l e I n d i c e s . removeAllElements ( ) ;
49
50 // Find a l l poss i b l e rooms we can move to once we made the action
51 Vector poss ib leQ = new Vector ( ) ;
52 for ( int i = 0 ; i < J . s i z e ( ) ; i++) {
53 i f ( In t eg e r . pa r s e In t ( I . elementAt ( i ) . t oS t r ing ( ) ) == act i on ) {
54 po s s i b l e J . add ( J . elementAt ( i ) ) ;
55 poss ib leQ . add (Q. elementAt ( i ) ) ;
56 p o s s i b l e I n d i c e s . add ( i ) ;
57 }
58 }
59
60 // Update Q
61 int newQValue = ( int )Math . c e i l ( I n t eg e r . pa r s e In t (R. elementAt ( indexOfAction ) .

t oS t r i ng ( ) ) + gamma ∗ I n t eg e r . pa r s e In t ( Co l l e c t i o n s .max( poss ib leQ ) .
t oS t r i ng ( ) ) ) ;

62 Q. setElementAt (newQValue , indexOfAction ) ;
63 }
64 public int getPrincessMove ( int p r i n c e s sPo s i t i o n ) {
65 Vector poss ib leQ = new Vector ( ) ;
66 Vector p o s s i b l e I n d i c e s = new Vector ( ) ;
67 for ( int i = 0 ; i < I . s i z e ( ) ; i++) {
68 i f ( In t eg e r . pa r s e In t ( I . elementAt ( i ) . t oS t r ing ( ) ) == pr i n c e s sPo s i t i o n ) {
69 poss ib leQ . add ( In t ege r . pa r s e In t (Q. elementAt ( i ) . t oS t r ing ( ) ) ) ;
70 p o s s i b l e I n d i c e s . add ( i ) ;
71 }
72 }
73
74 // I f there are mult ip le optimal moves possib le , pick one randomly
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75 int maxQ = Int ege r . pa r s e In t ( Co l l e c t i o n s .max( poss ib leQ ) . t oS t r ing ( ) ) ;
76 Vector possibleOptimalMoves = new Vector ( ) ;
77 for ( int i = 0 ; i < poss ib leQ . s i z e ( ) ; i++) {
78 i f ( In t eg e r . pa r s e In t ( poss ib leQ . elementAt ( i ) . t oS t r ing ( ) ) == maxQ) {
79 possibleOptimalMoves . add ( In t ege r . pa r s e In t ( p o s s i b l e I n d i c e s . elementAt ( i

) . t oS t r ing ( ) ) ) ;
80 }
81 }
82 Random rand = new Random() ;
83 return I n t eg e r . pa r s e In t ( J . elementAt ( In t ege r . pa r s e In t ( possibleOptimalMoves .

elementAt ( rand . next Int ( possibleOptimalMoves . s i z e ( ) ) ) . t oS t r i ng ( ) ) ) .
t oS t r i ng ( ) ) ;

84 }
85 public int getMonsterMove ( int monsterPos i t ion ) {
86 Vector p o s s i b l e I n d i c e s = new Vector ( ) ;
87 for ( int i = 0 ; i < I . s i z e ( ) ; i++) {
88 // The monster moves to another room to capture the princess
89 i f ( In t eg e r . pa r s e In t ( I . elementAt ( i ) . t oS t r ing ( ) ) == monsterPos i t ion &&

Int ege r . pa r s e In t ( J . elementAt ( i ) . t oS t r ing ( ) ) != monsterPos i t ion ) {
90 p o s s i b l e I n d i c e s . add ( i ) ;
91 }
92 }
93
94 Random rand = new Random() ;
95 return I n t eg e r . pa r s e In t ( J . elementAt ( In t ege r . pa r s e In t ( p o s s i b l e I n d i c e s .

elementAt ( rand . next Int ( p o s s i b l e I n d i c e s . s i z e ( ) ) ) . t oS t r ing ( ) ) ) . t oS t r ing ( )
) ;

96 }
97 // Represent the vectors as a f u l l matrix
98 public void f u l l (boolean displayQ , boolean displayR ) {
99 int [ ] [ ] QFull = new int [ rooms . s i z e ( ) ] [ rooms . s i z e ( ) ] , RFull = new int [ rooms .

s i z e ( ) ] [ rooms . s i z e ( ) ] ;
100
101 for ( int k = 0 ; k < I . s i z e ( ) ; k++) {
102 int i = In t ege r . pa r s e In t ( I . elementAt (k ) . t oS t r ing ( ) ) ,
103 j = In t ege r . pa r s e In t ( J . elementAt (k ) . t oS t r ing ( ) ) ,
104 q = Int ege r . pa r s e In t (Q. elementAt (k ) . t oS t r ing ( ) ) ,
105 r = In t ege r . pa r s e In t (R. elementAt (k ) . t oS t r ing ( ) ) ;
106 QFull [ i ] [ j ] = q ;
107 RFull [ i ] [ j ] = r ;
108 }
109
110 i f ( displayQ ) {
111 System . out . p r i n t l n ( "Q: " ) ;
112 for ( int i = 0 ; i < rooms . s i z e ( ) ; i++) {
113 for ( int j = 0 ; j < rooms . s i z e ( ) ; j++)
114 System . out . p r i n t ( QFull [ i ] [ j ] + "\ t " ) ;
115 System . out . p r in t ( "\n" ) ;
116 }
117 System . out . p r i n t l n ( ) ;
118 }
119 i f ( displayR ) {
120 System . out . p r i n t l n ( "R: " ) ;
121 for ( int i = 0 ; i < rooms . s i z e ( ) ; i++) {
122 for ( int j = 0 ; j < rooms . s i z e ( ) ; j++)
123 System . out . p r i n t ( RFull [ i ] [ j ] + "\ t " ) ;
124 System . out . p r in t ( "\n" ) ;
125 }
126 System . out . p r i n t l n ( ) ;
127 }
128 }
129 private void setQ ( int value , int index ) { Q. setElementAt ( value , index ) ; }
130 private void setR ( int value , int index ) { R. setElementAt ( value , index ) ; }
131 }
132
133 public class Pr ince s s {
134 private stat ic Vector<Strategy> s t r a t e g i e s = new Vector<Strategy >() ;
135 private stat ic Vector rooms = new Vector ( ) , I = new Vector ( ) , J = new Vector ( )

, Q = new Vector ( ) , R = new Vector ( ) ;
136 private stat ic int reward = 400 ;
137 private stat ic double gamma = . 8 ;
138 private stat ic int t r a i n i n gS i z e = 20000 , t r i a l S i z e = 10000;
139
140 private stat ic void add ( St r ing l i n e ) {
141 int from = Int ege r . pa r s e In t ( l i n e . sub s t r i ng (0 , l i n e . indexOf ( " " ) ) ) ,
142 to = In t ege r . pa r s e In t ( l i n e . sub s t r i ng ( l i n e . indexOf ( " " ) + 1 , l i n e . l ength

( ) ) ) ;
143 // Create edge (from , to )
144 I . add ( from ) ;
145 J . add ( to ) ;
146 Q. add (0) ;
147 R. add ( ( to == 0) ? reward : 0) ;
148 // Create edge ( to , from)
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149 I . add ( to ) ;
150 J . add ( from ) ;
151 Q. add (0) ;
152 R. add ( ( from == 0) ? reward : 0) ;
153 // Create a loop (from , from)
154 i f ( rooms . indexOf ( from ) == −1) {
155 rooms . add ( from ) ;
156 I . add ( from ) ;
157 J . add ( from ) ;
158 Q. add (0) ;
159 R. add ( ( from == 0) ? reward : 0) ;
160 }
161 // Create a loop ( to , to )
162 i f ( rooms . indexOf ( to ) == −1) {
163 rooms . add ( to ) ;
164 I . add ( to ) ;
165 J . add ( to ) ;
166 Q. add (0) ;
167 R. add ( ( to == 0) ? reward : 0) ;
168 }
169 }
170
171 public stat ic void main ( St r ing [ ] args ) {
172 // Read data f i l e
173 try {
174 BufferedReader reader = new BufferedReader (new Fi leReader ( "Data2 . txt " ) ) ;
175 add ( reader . readLine ( ) ) ;
176 St r ing l i n e ;
177 while ( ( l i n e = reader . readLine ( ) ) != null )
178 add ( l i n e ) ;
179 System . out . p r i n t l n ( I . t oS t r ing ( ) ) ;
180 System . out . p r i n t l n ( J . t oS t r ing ( ) ) ;
181 System . out . p r i n t l n (Q. toS t r ing ( ) ) ;
182 System . out . p r i n t l n (R. toS t r ing ( ) ) ;
183 reader . c l o s e ( ) ;
184 } catch ( FileNotFoundException e ) {
185 e . pr intStackTrace ( ) ;
186 } catch ( IOException e ) {
187 e . pr intStackTrace ( ) ;
188 }
189
190 // Instant ia te
191 for ( int k = 0 ; k < rooms . s i z e ( ) ; k++) {
192 s t r a t e g i e s . add (new Strategy ( rooms , I , J , Q, R, gamma) ) ;
193 // Add a monster to every room except the ex i t room
194 i f ( k > 0)
195 s t r a t e g i e s . elementAt (k ) . addMonster (k ) ;
196 }
197
198 // Train
199 for ( int k = 0 ; k < rooms . s i z e ( ) ; k++) {
200 System . out . p r i n t l n ( "Monster at : " + k) ;
201 for ( int t r a i n i n g = 1 ; t r a i n i n g <= t r a i n i n gS i z e ; t r a i n i n g++) {
202 s t r a t e g i e s . elementAt (k ) . t r a i n ( ) ;
203 }
204 // Display strategy
205 s t r a t e g i e s . elementAt (k ) . f u l l ( true , fa l se ) ;
206 }
207
208 // Simulate − I/O
209 /∗ int princessPosit ion = 0 , monsterPosition = 0;
210 System . out . print ("Enter the princess ' s tar t ing posi t ion : ") ;
211 try {
212 princessPosit ion = Integer . parseInt (new BufferedReader (new

InputStreamReader(System . in ) ) . readLine () ) ;
213 } catch ( IOException e) {
214 e . printStackTrace () ;
215 }
216 System . out . print ("Enter the monster ' s s tar t ing posi t ion : ") ;
217 try {
218 monsterPosition = Integer . parseInt (new BufferedReader (new

InputStreamReader(System . in ) ) . readLine () ) ;
219 } catch ( IOException e) {
220 e . printStackTrace () ;
221 }
222 System . out . pr int ln ("The princess i s in room " + princessPosit ion + ". The

monster i s in room " + monsterPosition + ".") ;
223 while ( true ) {
224 // I f the princess escapes (room 0) or i s captured , the round ends
225 i f ( princessPosit ion == 0) {
226 System . out . pr int ln ("The princess has escaped from the for t r e s s .") ;
227 break ;
228 } e l se i f ( princessPosit ion == monsterPosition ) {
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229 System . out . pr int ln ("The princess has been captured by the monster .") ;
230 break ;
231 }
232 princessPosit ion = s t ra t eg i e s . elementAt (monsterPosition ) . getOptimalMove(

princessPosit ion ) ;
233 monsterPosition = s t ra t eg i e s . elementAt (monsterPosition ) . getMonsterMove(

monsterPosition ) ;
234 System . out . pr int ln ("The princess i s in room " + princessPosit ion + ".

The monster i s in room " + monsterPosition + ".") ;
235 }∗/
236
237 // Simulate − Auto
238 int pr i n c e s sPo s i t i on , monsterPos i t ion ;
239 int [ ] [ ] numEscapes = new int [ rooms . s i z e ( ) ] [ rooms . s i z e ( ) ] ;
240 for ( int i = 1 ; i < rooms . s i z e ( ) ; i++) {
241 for ( int j = 0 ; j < rooms . s i z e ( ) ; j++) {
242 // The princess and the monster s tar t o f f in d i f f e r en t rooms
243 i f ( i != j ) {
244 System . out . p r i n t l n ( "The p r i n c e s s i s in room " + i + " . The monster

i s in room " + j + " . " ) ;
245 for ( int t r i a l = 1 ; t r i a l <= t r i a l S i z e ; t r i a l++) {
246 p r i n c e s sPo s i t i o n = i ; monsterPos i t ion = j ;
247 while ( true ) {
248 // I f the princess escapes (room 0) or i s captured , the

round ends
249 i f ( p r i n c e s sPo s i t i o n == 0) {
250 numEscapes [ i ] [ j ]++;
251 break ;
252 } else i f ( p r i n c e s sPo s i t i o n == monsterPos i t ion ) {
253 break ;
254 }
255 p r i n c e s sPo s i t i o n = s t r a t e g i e s . elementAt ( monsterPos i t ion ) .

getPrincessMove ( p r i n c e s sPo s i t i o n ) ;
256 monsterPos i t ion = s t r a t e g i e s . elementAt ( monsterPos i t ion ) .

getMonsterMove ( monsterPos i t ion ) ;
257 }
258 }
259 }
260 }
261 }
262
263 // Display number of escapes made
264 for ( int i = 0 ; i < rooms . s i z e ( ) ; i++) {
265 for ( int j = 0 ; j < rooms . s i z e ( ) ; j++) {
266 i f ( i != 0 && i != j )
267 System . out . format ( "%05d " , numEscapes [ i ] [ j ] ) ;
268 else

269 System . out . p r i n t ( "−−−−− " ) ;
270 }
271 System . out . p r i n t l n ( ) ;
272 }
273 }
274 }

// INSTRUCTIONS: To run the game with two monsters , copy−paste the fo l lowing four
b locks into Princess . java and replace the or ig ina l ones .
// Instant ia te
for ( int k = 0 ; k < rooms . s i z e ( ) ; k++) {

for ( int l = 0 ; l < rooms . s i z e ( ) ; l++) {
s t r a t e g i e s . add (new Strategy ( rooms , I , J , Q, R, gamma) ) ;
// Add a monster to every room except the ex i t room
i f ( k > 0 && l > 0) {

s t r a t e g i e s . elementAt (k ∗ rooms . s i z e ( ) + l ) . addMonster (k ) ;
s t r a t e g i e s . elementAt (k ∗ rooms . s i z e ( ) + l ) . addMonster ( l ) ;
System . out . p r i n t l n (k ∗ rooms . s i z e ( ) + l ) ;

} else continue ;
}

}

// Train
for ( int k = 0 ; k < rooms . s i z e ( ) ; k++) {

for ( int l = 0 ; l < rooms . s i z e ( ) ; l++) {
System . out . p r i n t l n ( "Monsters at : " + k + " , " + l ) ;
for ( int t r a i n i n g = 1 ; t r a i n i n g <= t r a i n i n gS i z e ; t r a i n i n g++) {

s t r a t e g i e s . elementAt (k ∗ rooms . s i z e ( ) + l ) . t r a i n ( ) ;
}
// Display strategy
s t r a t e g i e s . elementAt (k ∗ rooms . s i z e ( ) + l ) . f u l l ( true , fa l se ) ;

}
}
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// Simulate − Auto
int p r i n c e s sPo s i t i o n = 29 , monsterPosit ion , monster2Pos i t ion ;
int [ ] [ ] numEscapes = new int [ rooms . s i z e ( ) ] [ rooms . s i z e ( ) ] ;
for ( int i = 0 ; i < rooms . s i z e ( ) ; i++) {

for ( int j = 0 ; j < rooms . s i z e ( ) ; j++) {
p r i n c e s sPo s i t i o n = 29 ;
// The princess and the monster s tar t o f f in d i f f e r en t rooms
i f ( i != p r i n c e s sPo s i t i o n && j != p r i n c e s sPo s i t i o n ) {

System . out . p r i n t l n ( "The p r i n c e s s i s in room " + pr i n c e s sPo s i t i o n +
" . The monsters are in rooms " + i + " , " + j + " . " ) ;

for ( int t r i a l = 1 ; t r i a l <= t r i a l S i z e ; t r i a l++) {
p r i n c e s sPo s i t i o n = 29 ; monsterPos i t ion = i ; monster2Pos i t ion =

j ;
while ( true ) {

// I f the princess escapes (room 0) or i s captured , the
round ends

i f ( p r i n c e s sPo s i t i o n == 0) {
numEscapes [ j ] [ k]++;
break ;

} else i f ( p r i n c e s sPo s i t i o n == monsterPos i t ion | |
p r i n c e s sPo s i t i o n == monster2Pos i t ion ) {

break ;
}
p r i n c e s sPo s i t i o n = s t r a t e g i e s . elementAt ( monsterPos i t ion ) .

getPrincessMove ( p r i n c e s sPo s i t i o n ) ;
monsterPos i t ion = s t r a t e g i e s . elementAt ( monsterPos i t ion ) .

getMonsterMove ( monsterPos i t ion ) ;
monster2Pos i t ion = s t r a t e g i e s . elementAt ( monsterPos i t ion ) .

getMonsterMove ( monster2Pos i t ion ) ;
}

}
}

}
}

// Display number of escapes made
for ( int i = 0 ; i < rooms . s i z e ( ) ; i++) {

for ( int j = 0 ; j < rooms . s i z e ( ) ; j++) {
i f ( i != 29 && j != 29)

System . out . format ( "%05d " , numEscapes [ i ] [ j ] ) ;
else

System . out . p r i n t ( "−−−−− " ) ;
}
System . out . p r i n t l n ( ) ;

}
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