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Deterministic cleaning-robot

=1 =5
£ RN
# u:_']-—_O__,u:-l
x=0 1 2 3 4 5
: x+u 1fl<x<4
flxu)= _ )
X ifx =0 or x = 5 (regardless of u)

5 ifyx=4andu=1
plxuy=<1 ifx=1landu= —1
0  otherwise

Q" (x,u) = p(x,u) + ymax Q’ (f(x,u), 1)



Stochastic cleaning-robot
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TABLE 2.1 Dynamics of the stochastic. cleaning-robot MDP.

(x,u)  flx,u,0) flx,u, 1) flx,u,2) f[.r._n._.%) f{x_._uA} jT(.tsLﬁ}

(0,—1) 1 0 0 0 0 0
(1,—1) 08 0.15 0.05 0 0 0
(2.-1) 0 0.8 0.15 0.05 0 0
(3.-1) 0 0 0.8 0.15 0.05 0
(4,—1) 0 0 0 0.8 0.15 0.05
(5.-1) 0 0 0 0 0 1
(0,1) 1 0 0 0 0 0
(1,1)  0.05 0.15 0.8 0 0 0
(2,1) 0 0.05 0.15 0.8 0 0
(3,1) 0 0 0.05 0.15 0.8 0
(4,1) 0 0 0 0.05 0.15 0.8
(5.1) 0 0 0 0 0 1




Optimality in the stochastic setting
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Q-iteration for deterministic MDPs.

ALGORITHM 2.1 Q-iteration for deterministic MDPs.

Input: dynamics f. reward function p. discount factor y
- mitialize Q-function. e.g.. Og — 0
2:- repeat at every iteration £ =0,1,2., ...
3 for every (x,u) do
4: OQpp1(x,u) «— p(x,u)+ymax,, Q;(f(x,u),u")
5 end for
6: until Oy 1 = Oy
Output: 0" = Oy
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Q-iteration for stochastic MDPs.

ALGORITHM 2.2 Q-iteration for stochastic MDPs with countable state spaces.

Input: dynamics f. reward function p. discount factor y
1: 1mifialize Q-function. e.g.. Qg — 0

2: repeat at every iteration £ =0,1,2. ...

3 for every (x,u) do

4- Op.1(x N f INTA [+ AN O.(¥ 1]
: Op1(x,u) — Yo flxu,x")[p(x,u,x") + ymax,, Op(x',1/)]
5 end for

6- until Oy 1 = Oy
Output: 0" = 0O,




Policy Iteration

ALGORITHM 2.4 Policy iteration with Q-functions.
- 1nitialize policy /g

=

2. repeat at every iteration £ =0,1,2....
3: find O™, the Q-function of /1, > policy evaluation
4 heyi(x) € argmax,, O (x,u) > policy improvement

until 1y =y
Output: 7* =y, O* = O™
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Model-free value iteration

Op1(Xks i) = O (X, Ug) + Ok[Fep1 + YMAX O (X1 ') — Ox(Xg, g

i

As the number of transitions & approaches infinity, Q-learning asymptotically
converges to O* if the state and action spaces are discrete and finite. and under the
following conditions

o The sum Y} , ﬂ.’% produces a finite value. whereas the sum Y7 , ot produces
an infinite value.

o All the state-action pairs are (asymptotically) visited mfinitely often.



Exploration vs Exploitation

The second condition can be satisfied if, among other things, the controller has a
nonzero probability of selecting any action in every encountered state: this 1s called
exploration. The controller also has to exploit its current knowledge in order to ob-
tain good performance, e.g.. by selecting greedy actions in the current Q-function.
This 1s a typical illustration of the exploration-exploitation trade-off in online RL.
A classical way to balance exploration with exploitation in Q-learning 1s £-greedy
exploration , which selects actions according to: R | E

u € argmax; QO (xp, ) with probability 1 — & (232)
Hp = . . . . . L
a uniformly random action in I/’ with probability &z

where & < (0,1) is the exploration probability at step &. Another option is to use
Boltzmann exploration (Sutton and Barto, 1998, Section 2.3). which at step & selects
an action # with probability:

ek (k1) [ T

P(u|xp) = (2.33)

_aOh (x0T
z“g,_k[ ko) [ T

where the temperature T > 0 controls the randommness of the exploration. When 1 —



Q-Learning

ALGORITHM 2.3 Q-learning with £-greedy exploration.

Input: discount factor ¥,

[

b=

exploration schedule {&; };_,. learning rate schedule {04},

- mitialize Q-function. e.g.. Op «— 0
- measure inifial state xg
- for everv time step A =0,1,2,... do

u € argmax; O (Xg, ) with probability 1 — & (exploit)
Mg : : . . - -1
a uniformly random action in /'  with probability & (explore)
apply uj., measure next state xz,; and reward 7

Ok+1 (X, ) < Ok, k) + O[Fr+1 + Ymax,s Ox(Xps1,4') — Or(Xk, tii)]

7- end for




Q-Learning vs Sarsa Learning

/s, s'— states

/la,a'— actions

[/ O — state-action value

Il e,y — learning parameters (learning rate , discount factor)

Initialize Q(s,a) arbitrarily

Repeat (for each episode)

Initialize s

Repeat (for each step of episode) until s 1s terminal
Choose a from s using policy derived from Q (e.g. € -greedy)
Take action @ observe reward r. states’
Q(s,a)—Q(s,a)+u|r+y-max,Q(s",a')—Q(s,a)]
s—s§'
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Q-Learning vs Sarsa Learning

/s, s'— states
/la,a'— actions
/[ O — state-action value
/[l e,y — learning parameters (learning rate , discount factor)
Initialize Q (s, a) arbitrarily
Repeat (for each episode)
Initialize s
Choose a from s using policy derived from Q (e.g. € -greedy)
Repeat (for each step of episode) until s 1s terminal
Take action a observe reward r. state s’
Choose a ' from s’ using policy derived from Q (e.g. € -greedy)
O(s,a)—Q(s,a)+alr+y-Q(s’',a’)—Q(s,a)]
s—s' a—a'
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