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RL Introduction

» Limitations of supervised learning: Required labelled data

* Reinforcement learning addresses the cases where data is not available
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Agent = <«—Rewards— Environment

T |

In RL: An agent performs an action on an environment and obtains a reward.
Based on the reward, agent should reinforce its behaviour for better rewards

Observations



RL Introduction

* A scalar obtained » Observe and * A space that * The moves * The second input
from the Performs actions changes when allowed by the channel to the
environment on the actions are environment and agent

 Reflects how well environment performed. The depends on the » Observations
the agent obtain rewards environment rules of the game help agent to
behaved provides « Actions can be decide actions

 The reward observations and discrete or
should reinforce rewards to the continuous
the agentin a agent
negative or
positive way



RL Methods

RL Algorithms
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RL Methods

» They must build a model of the environment to predict the rewards
* Based on the predicted rewards, agent takes an action

Model-Based:

* They do not require a model of the environment to obtain rewards
» Rather they get the reward and observation directly by interacting with the environment

Model-Free:

» Model based: Board game with rules
* Model free: Cart pole system, robot manipulator environment

Examples:




RL Methods

* Policy is a probability distribution over available actions

POI ICy_Based MethOdS: » This method approximates what action agent should take for a given state

On-P()licy: * Requires fresh samples from the environment to train for the best policy prediction

Off—POlicy: + Can train on historical data from a previous version of the agent

Va|ue_Based MethOdS . * Find the value of the state for all the actions possible

* Perform the best action that maximises the value




Markov Process

o Markov process (MP) is the simplest case of MDP

0.3
o Defined by states and the transition between them
o States: A complete observation of the environment
o All possible states are called state space 0.7

o Sequence of states is a Markov chain:

_ . . . 4
o e.g: [sunny, rainy, rainy, sunny, sunny....] a history

A Markov Process with states and
State transition probabilities

o Extend the MP with rewards, then it becomes a Markov Reward Process

0
(MRP) 0.6

o MRP extended with actions called the Markov Decision Process (MDP)



Markov Process

A Markov Reward Process. The probability of transition A Markov Decision Process. In this case, the transition
and the reward for each transition is necessary for a MRP happens according to a given action
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Markov Process

EXAMPLE
o The state transition in matrix form
Home |Coffee| Chat | Computer
Home (60% 40% | O 0
Coffee 0 10% (70 %| 20 %
Chat 0 [20% |50% | 30 %
Computer| 20 % (20 % (10 % | 50 %

o Sequence of system states makes an episode:
o Home -> Coffee -> Computer -> Computer -> Chat -> Coffee -> Computer -> Home

o Home -> Coffee -> Computer -> Chat -> Coffee -> Computer



Markov Reward Process

EXAMPLE
Home Coffee Chat Computer
Home 60 /1 40 /1 0 0
| Coffee 0 10/1 70/2 20/3
Chat 0 20/1 50/ -1 30/2
Computer| 20/2 20/1 10/-3 50/5

o We can get the value of each state as follows:
o V(coffee)=0.2*3+0.7*2+0.1*"1=2.1
o V(computer) =05*5+01*-3+02"1+02"2=28




Markov Decision Process

EXAMPLE

o Adding the actions to a MRP makes it a cube where now the actions determine the transitions
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o E.g: Arobotin a grid world can execute discrete actions; go left, right, or up

o Each action has a transition probability of 90% and 10% stay in the same place

o Goal is to find the best action for a given state
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Terminology



RL Terminology

State &

Observations:

State: A complete
description of the
world

\

Observation: A
partial description of
the state of the world
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Discrete actions: Go

left, right, move up,
down

\. J

( )

Continuous actions:

J

Steering angle of 5°




RL Terminology

RL Policy:

* A policy is a set of rules that governs the behavior of an agent

* An agent can perform different policies and end up in different states (from the current state)
« With different policies agent will gather different rewards

« Goal of the agent is to find the best policy that maximizes the reward

Deterministic Policy Definition:
a = u(s,)
Stochastic Policy Definition:
where the A,, S; action and state at step t

a~n(.|s)=PA =al§ =ys)

For discrete actions: Categorical Policies (sample from a categorical distribution)



RL Terminology

Trajectory:

« A trajectory is a sequence of state action pairs

« T=(8y, dg,51,q15....)

« Deterministic transition: 841 :_ﬁSI! -‘51,)

- Stochastic transition: Sp1~ P(.|s,a)

Rewards & Returns:

» Reward function: = R{SI, i, Sf-l-l) T
» Finite horizon undiscounted return: R(7) = Z Ti
=(
o
« Infinite horizon discounted return: R(7) = Z y'r'; yount faction [0, 1.0]
=0
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Mathematical Formulas

State value function for a given policy 1

VAs) = E [R(D)]s]

T

Action value function for a given policy T

Q%(s,a) = E [R(7)]s,al

Optimal value function for a given state

V¥*(s) = max, E [R(7)]|s]

T

Optimal action value function for a given state action

Optimal action a* for an optimal value function Q*(s,a)

Q*(s,a) = max, E [R(7)]s,a]

T

a* = argmax,Q*(s,a)



Mathematical Formulas

Bellman equation:

The initial reward you get for being in the state + the discounted future rewards

State and action value function for a given policy Tr:

Viis)= E [r(s,a) +yV™(s)]

[ ]
a5 ~P

OptimaQ7(s,a) = E [r(s.a)+7 E [0(s'a)]]

£1' T

V¥(s) =max, E [r(s,a)+ yV*(s')]

§'~P

Q*(s,a) = E [r(s,a) +ymax,[Q*(s’,a)]]
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