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CHAPTER 16:

Reinforcement
Learning




Game-playing: Sequence of moves to win a game
Robot in a maze: Sequence of actions to find a goal

has a in an , takes an
and sometimes receives and the state
changes
Credit-assignment ENVIRONMENT
Learn a
Reward

State @ Action
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Among K levers, choose Gop | @ Leverl
the one that pays best machine

' L 2
((a): value of action a \. ever

Reward is r,
Set Q(a) =r, ¢ —@) Leverk
Choose a’ if

Q(a’)=max, Q(a)

reward

Rewards stochastic (keep an expected reward):
Qrs1(a) = Qi(a) +nlrs1(a) — Qcla)]
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s, : State of agent at time t
a,; Action taken at time t

In s, action a, is taken, clock ticks and reward r,,, is
received and state changes to s,,,

Next state prob: P (s, | s;, a,)

Reward prob: p (r., | s;, a;)

Initial state(s), goal state(s)

Episode (trial) of actions from initial state to goal
(Sutton and Barto, 1998; Kaelbling et al., 1996)
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Policy, m:S — A ar = Tr(S¢)
Value of a policy, VT (s;)
Finite-horizon:

-
VI'(s;) =E[lis1 +iso+ - +ter] = E Z Vevi
i=1

Infinite horizon:

VI(st) = E[1re1 + Yrreo + 3’2?’{+3 +---]=E

0 <y < 1 is the discount rate
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V*(s;) = max VT(s;), Vs

58]
i—1
= maxE Zy Vi
[ .

= II}IEIXE FHlJr}/Z}/ Fe+i+1
[

= H}I?XE [VHI + B/Y"W(SIH)]
V*(st) = max|E[ral+y > P(sls,a)V* (se)
f St+1
V*E(se) = H}I?X Q*(st,ar)  Value of a, in s,

Q" (St,ar) = E[rr41] +3’ZP(Sr+1|Sr,ﬂr)mHXQ (St1,dre1)

Ar+1
St+1
7
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Environment, P (s, | s;, a;), p (rq | S;, a;), is known
There is no need for exploration
Can be solved using dynamic programming

Solve for
V*(s) = max E(risq] +3/ZP(Sr+1ISr,ﬂr 7 (St41)
g St+1
Optimal policy

% (s;) = argmax | E[rs1ls, acl +y D P(sea1lse, a)) V¥ (sp)

Uy
St+1E€S
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Initialize V' (s) to arbitrary values
Repeat
For all s &
For all a € A
Q(s,a) — Elr|s,a] +~ Z P(s]s, a)V (s)

!
& Eg‘"}

V(s) + maxq Q(s, a)
Until V (s) converge
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Initialize a policy = arbitrarily
Repeat
T — 7'
Compute the values using =« by
solving the linear equations
V7T (s) = E[r|ls,m(s)] 4+~ nges P(s'|s,m(s))V7T(s")
Improve the policy at each state
7' (s) «— arg maxq (FE|r|s,a] +~ Zsfes P(s"|s,a)V7(s"))
until = = #’
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Environment, P (s, | s;, a;), p (ryq | S, a;), iS not
known; model-free learning

There is need for exploration to sample from
P(St+1 | Stl at) and p (rt+1 | St! at)

Use the reward received in the next time step to
update the value of current state (action)

The between the value of the
current action and the value discounted from the
next state
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e-greedy: With pr ¢,choose one action at random
uniformly; and choose the best action with pr 1-¢
Probabilistic:

P(als) = — P Q(s,a)

2.h-16eXpQ(s,b)

Move smoothly from exploration/exploitation.
Decrease ¢

Annealing

P(als) =

exp[Q(s,a)/T]
St explQ(s,b)/T]
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Q*(st,ar) = E[r+1]+Yy E P(SHlISuar)l}la}Q*(Sm,am)
E‘
St+1

Deterministic: single possible reward and next state

Q(St,ar) = re+1 + ;Vmaf\Q(SrH,ﬁrH)
i!"

used as an update rule (backup)

Q(Sr,ﬁr — Va1 + Ylgla?&Q(SrH,ﬂrH)
i!"

Starting at zero, Q values increase, never decrease
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oo |

I v=0.9

1481 ||

a 7
A

Consider the value of action marked by “*’:
If path A is seen first, Q(*)=0.9*max(0,81)=73
Then B is seen, Q(*)=0.9*max(100,81)=90

Or,
If path B is seen first, Q(*)=0.9*max(100,0)=90
Then A is seen, Q(*)=0.9*max(100,81)=90

Q values increase but never decrease
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When next states and rewards are nondeterministic
(there is an opponent or randomness in the
environment), we keep averages (expected values)

instead as assignments
Q-learning (Watkins and Dayan, 1992):

e

Q(st,ar) — Q (S, ar) + n(reer + ymaxQ (Se+1, ds1)

e

backu
Off-policy vs on-policy (Sarsa) '

Learning V (TD-learning: Sutton, 1988)

VIist) = VI(s)) + nlireer + yV(See1)|= V(se)]
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Initialize all Q(s,a) arbitrarily
For all episodes

Initalize s

Repeat

Update Q(s,a):

Choose a using policy derived from @, e.d., e-greedy
Take action a, observe r and s’
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Q(s,a) «— Q(s,a) +n(r + vmax, Q(s",a")|— Q(s,a))
s «— g
Until s is terminal state
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Initialize all Q(s,a) arbitrarily
For all episodes
Initalize s

Repeat
Take action a, observe r an

d s’

Choose a using policy derived from @, e.d., e-greedy

Choose a’ using policy derived from Q, e.9., e-greedy

Update Q(s,a):

Q(s,a) — Q(s,a) +n(r+~

Qs a')

s— s, a—a

Until s is terminal state

~Q(s,a))
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Keep a record of previously visited states (actions)

1 if s =5 and a = ag,
er(s,a) = .
yAe;_i(s,a) otherwise

Ot = Fr+1 + YO (St+1,dr+1) — Q (S, ar)

Q(s,a) — Q(s,a) + norer(s,a), Vs,a

1
4 L i) " E &
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Initialize all (s, a) arbitrarily, e(s,a) — 0,%s, a
For all episodes
Initalize s
Choose a using policy derived from @, e.d., e-greedy
Repeat
Take action a, observe r and &
Choose a’ using policy derived from @, e.g., e-greedy
b —r+vQ(s",a") —Q(s.a)
e(s,a) — 1
For all s.a:
Q(s.a) — Q(s,a)+ nde(s,a)
e(s,a) «— yAe(s, a)
!

Q<—C:__

e a

Until s is terminal state

a+— a'
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Tabular: Q (s, a) or V(s) stored in a table
Regressor: Use a learner to estimate Q (s, a) or V (s)

EY(0) = [rrs1 + yQ(Sa1,dr+1) — Q (s, ar) 1

AO =nlree1 + yQ(St+1,dr+1) — Q(Sr,ﬂr)]vgrQ(Sr,ﬂr)
Eligibility

AO = noce;

Or = try1 + YQ(Sti1,drs1) — Q(Se, ar)

e = yAer_1 + VQFQ(SI, dr) with eq all zeros

20
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The agent does not know its state but receives an
observation p(o¢+1|St, a;) which can be used to infer

a belief about states
Partially observable
MDP

ENVIRONMENT

State

Reward
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