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2 Feedback

% exploration

4 Partially observable
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input:

Q(s, a): stores the agent’s knowledge gained from exploring the environment. It is initialized according to

legal and illegal actions in a given environment.
reward(s, a): stores the rewards obtained from the environment when moving from a state and an action.
Itis initialized according to legal and illegal actions in a given environment.
manualReward(s, a): stores the rewards estimated by some pre-exploration analyses on the environment.

next(s, a): indicates the resulting state when going from state s and action a. it is initialized according to a

given environment.
goal: the final state in which simulation is stopped.

episodeToSelectGreedily: the episode after which the next action is one with highest Q value; It ranges from

0 to max episode number.
episodeToMergeStates: a variable indicating the episode after which the states are merged.

Modify(manualReward): A function that finds sub goals and bad states automatically, and then modifies

the manualReward matrix according to these special states.

output:
r: the final value of the reward obtained during execution of each episode of the simulation

algorithm  QLearningWithQualityAndManualReward(Q, reward, next)  begin
STEP 1: Initialize manualReward(s, a) with reward(s, a);
Modify(manualReward);
episodeToMergeStates:= a value between 1 to max episode;
for each episode e do begin

r:=0.0;
if e < episodeToMergeStates then

STEP 2: r:= RunSingleEpisodeForPrimaryEnvironment(e);
else

STEP 3: if e ==episodeToMergeStates then begin

categories:= {};

categories:= CategorizeAccordingToLegal Actions();

categories:= CategorizeAccordingToAdjacencies(categories);

clusters:= Perform cluster analysis on the states in each category of the categories using a clustering

algorithm (e.g., EM, K-Means, etc.), and extract final clusters;

maxStates:= Max cardinality of clusters;

Generate newQ, newReward, and newNext of the size (maxStates, number of actions);

newStates:= {};

for each cluster in clusters do begin
Consider the pair (newState, mergedstates), where newState is a unique number and mergedstates
are similar state grouped in that cluster;
Add the new pair to newStates;

endfor

FillNewNextForNewEnvironment(newStates, newNext);

FilINewRewardAndNewQForNewEnvironment(newReward, newQ, newNext, newStates);

SetNewGoal(newStates);

endif
STEP 4: r:= RunSingleEpisodeForNewEnvironment(e, newQ, newReward, newNext);
endif
endfor
end QLearningWithQualityAndManualReward
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function CategorizeAccordingToLegalActions()
categories := {};
allStates := all states of the given environment;
while 3 state in allStates do begin
list := {};
for each state s in allStates do begin
twoStatesHaveSameActions := TRUE;
for each action a do begin
iIf Q(s, a) '= Q(state, a) then
twoStatesHaveSameActions := FALSE;

endfor
if twoStatesHaveSameActions == TRUE then
list ;= list U {s};
endfor

allStates := allStates — list;
categories := categories U list;
endwhile
return categories;
end CategorizeAccordingTolLegal Actions

function CategorizeAccordingToAdjacencies(categories)
newCategories := {};
for each list in categories do begin
tempCategories := {};
while 3 state in list do begin
list2 := {};
list2 := list2 U {state};
list = list — {state};
newStateAdded := TRUE;
while newStateAdded == TRUE do begin
newStateAdded := FALSE;

\A4



for each state s in list do begin
tList := {};
for each state s2 in list2 do begin
if adjMatrix(s, s2) == 1 then begin
tList := tList U {s};
newStateAdded := TRUE;
endif
endfor
for each tState in tList do begin
list2 := list2 U {tState};
endfor
endfor
for each state2 in list2 do begin
list := list — {state2};
endfor
endwhile
tempCategories := tempCategories U {list2};
endwhile
for each category in tempCategories do begin
newCategories := newCategories U category;
endfor
endfor
return newCategories;
end CategorizeAccordingToAdjacencies
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function RunSingleEpisodeForPrimaryEnvironment(e)

Initialize s, e.g. randomly, 1 <'s < number of all states in environment, s.t. S is not goal
state;

r:=0.0;
repeat (for each step, action, of current episode)
if e > episodeToSelectGreedily then
Choose a from s with highest Q value;
else
Choose a from s using policy derived from Q (e.g., e-greedy);
s’ = next(s, a);
r:=r+reward(s, a);
if useShaping == TRUE then
Q(s, @) :=Q(s, @) + o™ [r + maxa Q(s’, @’) — Q(s, @) +y * maxa Q(s’, 8") — Q(s, );

else

YA




Q(s, @) := Q(s, a) + Beta * ManualReward(s,a) + o * [r + y * maxy Q(s’, a’) —
Q(s, a)l;
endif
S:=58’;
until s is goal or the number of actions exceeds a threshold
Store (e, r);
end RunSingleEpisodeForPrimaryEnvironment

8l alS b )0 095l Sy sl e sl oS Al TV -0

function RunSingleEpisodeForNewEnvironment(e, newQ, newReward, newNext)
Initialize s, e.g. randomly, 1 < s < number of all newStates in new environment, s.t. s

is not goal state;

r:=0.0;
repeat (for each step, action, of current episode)
if e > episodeToSelectGreedily then
Choose a from s with highest newQ value;
else
Choose a from s using policy derived from newQ (e.g., e-greedy);
s’ := Choose a new state from newNext(s, a) randomly;
if s is goal then
r :=r + the reward value when leading to goal,
else
r :=r + newReward(s, a);
endif
if useShaping == TRUE then
newQ(s, a) := newQ(s, a) +
a * [r + maxg newQ(s’, a’) — newQ(s, a) + y * maxy newQ(s’, a’) — newQ(s,

a)l;
else

newQ(s, a) := newQ(s, a) + Beta * ManualReward(s,a) +a * [r + y * maxy
newQ(s’, a’) — newQ(s, a)];
endif
S:=8’;
until s is goal or the number of actions exceeds a threshold
Store (e, r);
end RunSingleEpisodeForNewEnvironment
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Input ,
Initialize V(s) =0, forallse S
Repeat
A<0
Foreachse S
v « V(s)
V(s) « maxa Yg PL/ [RE + y V(s")]
A<« max(A |lv-V(s)|)
Until A< 6 (a small possible number)
Output a deterministic policy, m, such that
n(s) = arg max, Y5 P [R?s' + vy V(sH]

el S5 g, a0 bogape oyl ST Al PV -0

Initialization
V/(s) e R and m(s) € A(s) arbitrary forall se S
Policy evaluation
Repeat
A<0
For each s € Sv « V(s)

V(s) « maxa g P/ [RE + y V(s")]
A < max(A, |v- V(s)|)
Until A< 0 (a small possible number)
Policy improvement
Policy-stable « true
ForeachseS
h « n(s)
1'[(5) < arg maxa Zsr l:,sasr [st’ +y V(SI)]
If b # m(s), then policy-stable « false
If policy-stable, then stop, else go to 2
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Initialize Q(s,a) arbitrarily
Repeat (for each episode):
. Initialize s
. Choose a from s using policy derived from Q
... (e.g.,e—greedy)

Repeat (for each step of episode):

. Take action a, observer, s’
.. Choose a’ from s’ using policy derived from Q
... (e.g.,e—greedy)
.. Q@) « Q@) +alr+yQO@sia)-Q(sa)l
. . Ses’raea’

Until s is terminal

EM (G M? p..\.a)}i” QS A —/\—\—%

Select an initial set of model parameters: can be done randomly or in a,variety of ways.
(the algorithm's input are the data set (x), the total number of clusters (M),,the accepted
error to converge (e) and the maximum number of iterations)

Repeat
Estimation Step: estimates the probability of each point belongs to each cluster.
Maximization Step: re-estimate the parameter vector of the probability ,,
distribution of each class.
Until the distribution parameters converges or reach the maximum number of
iterations.
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Abstract

Reinforcement learning is an interesting area of machine learning, which aims at
improving the agent behavior based on Reinforcement signals received from the
environment. However, in many real applications, the reward is given to the agent with
much delay. As a result, the agent needs to spend much time to achieve optimal behavior.
Different methods such as reward shaping have been proposed to overcome this problem.
But none could have noticeable effect to increase the learning speed, especially in large and
real environments. Another problem is that as long as the agent doen not reach to an
acceptable level of learning, all of its movements are random. Moreover, further
complicating the environment would lead to an increase in the number of explorations and
decision parameters. These issues make exploration time consuming, costly and sometimes
very dangerous. An interesting solution for researchers to address these issues is qualitative
learning. In this thesis, a general framework for qualitative learning, along with its
properties and components is presented. This framework is designed based on the qualitative
learning and reward shaping to take the benefits from both worlds and provides as much possible
convergence rate as possible. The proposed framework is adjustable and adaptable to different
algorithms either discrete or continuous, and navigation and non-navigation environments.
Then, a prototype is instantiated from the proposed framework and further evaluated on
some benchmark environments. The results of the experiments demonstrate the
effectiveness of the proposed framework to achieve the optimal policy and accelerating the

learning process.

Keywords: reinforcement learning, Q-learning, qualitative learning, Graph Analysis,

abstraction
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