I Introduction to
Reinforcement Learning

Artificial Intelligence for Games

Denis Zavadski



I Overview

* |Introduction

* Mode

* Mode

Based Learning

free Learning

- Monte Carlo

- Temporal Difference

* Function Approximation



I Motivation

* Training without a supervisor, only with reward

* Feedback not always instantly received

* Acting in environments, where actions have an
Impact on subsequent data

— Non i.i.d. data
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* Action ag € A
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I Definitions

- Reward R, (G) * scalar feedback
* Action a; € A « return G,
* State st €95 s

Gy =Ry +vRyqp1- - = ZVthJrk
* Model k=1
 MDP

 discount 7 € [0,1]
* Policym

 Value Function v

* Action Value Function q
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I Definitions

Reward R.,(G)

Action ag € A
State st €5
Model

MDP

Policy

Value Function v

Action Value Function g

* environment state
* agent state

* Markov State

P[St—l—l ’ St] — P[St—I—l ‘ Sty



I Definitions

Reward R.,(G)

Action ag € A
State st €5
Model

MDP

Policy

Value Function v

Action Value Function g

predicts environment by

- predicting next state
Pl =Plsy1 =5 | 8¢ = s,a; = a
- predicting next Reward

R =E[R, | sy = s,a; = d

S

* optional



I Definitions

- Reward R.,(G) * Markov Decision Process is a formal
environment representation
* Action a; € A
¢ tUple <87“477D7R7 7>
¢ State s €8 |
 discount € [0,1]
* Model
* MDP
* Policym

* Value Function V

* Action Value Function q



I Definitions

« Reward R., (G) * defines agents behaviour

e Action a; € A * maps from states to actions

. State s, €8 - Deterministically 7(s) =a

. Model - Stochastically m(a|s) = Plals]
* MDP

* Policy

* Value Function V

* Action Value Function q



I Definitions

- Reward R., (G) * the state-value-function is the

| expected return starting from state s
* Action a; € A and following policy 1t
* State s €5

Ur(s) = Ex |Gy | 8]

* Model
« MDP
* Policym

* Value Function v

* Action Value Function q



I Definitions

- Reward R., (G) * the action-value-function is the

| expected return starting from state s
* Action a; € A taking action a and following policy Tt
* State st €5

gr(s,a) = E; |G | s,q]

* Model
* MDP
* Policym

 Value Function v

* Action Value Function q



I Interaction with Environment
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Interaction with Environment

Tasks
Sof i 1.} =.:-

state _.l"h Y, 5 actlon ..
— Y * Prediction
8y et T Ay

e - Evaluating given policy

Control

- Finding best policy
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I Characteristics

* Value based

* Policy based

* Model based

* Model free

Start

* States:

* Rewards: -1/step

location

Goal



I Value Based vs. Policy Based
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I Bellman Equation

v(8)x =Ex |Gy | 8]



I Bellman Equation

v(8)r =Ex[Gt | s
=E,|[R; +vRi11 + 'YQRH—Q + ... | s]
=E[Ri +v(Riy1 + 7Rz + ... ) | 8]
=Er Rt + yvr(se+1) | 8]




I Bellman Equation

V(8)r =Ex [Rt + YUr (St41) | 3]



I Bellman Equation

V(8)r =Ex [Rt + YUr (St41) | 3]

* matrix notation
v =R +~vyPv



I Bellman Equation

v(8)r =Ex|Ri +y0r(st41) | 8] * solving the equation
* matrix notation v="R+yPv
(I—~P)v=TR
v=TR+vyPv

v=>10-~P) 'R



I Bellman Equation

v(8)r =Ex|Ri +y0r(st41) | 8] * solving the equation
* matrix notation v="R+yPv
(I—~P)v=TR
v=TR+vyPv

v=>10-~P) 'R

* analogous for g



I Optimal Functions

* Optimal value function

Vie(S) = max V()

* Optimal value action
function

g« (s,a) = max q;(s,a)
* Optimal policy

Ty > T VT



I Optimal Functions

* Optimal value function Theorem

Vi (s) = tax vr (5) * There exists an optimal

» Optimal value action policy
function * The opt. Policy always
¢+ (S,a) = max ¢, (s, a) archieves the optimal

state-(action-)functions
* Optimal policy

Te > T VT



I Policy Iteration

* evaluate value
functions iteratively

" = RT 4 4P

* Improve the policy by
acting greedily w.r.t. v

" = greedy(vy)



Policy Iteration

starting
| ¢

B

* evaluate value
functions iteratively

'Uk_l_l =R"™ + ’}/7D7T’UlC evaluation
N
o V
n—=greedy(V
* Improve the policy by improvement

acting greedily w.r.t. v

" = greedy(vy)




I Value Iteration

* like one-step policy
iteration without policy

Pl = max R® 4+ ~Po”
a

* pseudo policy is to act
greedily



I Monte Carlo Policy Evaluation

* js model free

* Learning from experience
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I Monte Carlo Policy Evaluation

* js model free
* Learning from experience

* Every time-step t state s is
visited in an episode, increment
counter N(s) < N(s) +1

* |ncrement total return
S5(s) < 3(s) + G,

* Update V(s) = S(s) / N(s)



I Monte Carlo Policy Evaluation
”’“:%i%‘:% (CUHI:%)

* js model free

1
* Learning from experience = E(xk + (k= 1)pg—1)
. . ) . 1
Every time-step t state s is = lp_1 + E(x’“ — 1)

visited in an episode, increment
counter N(s) < N(s) +1

* |ncrement total return
S5(s) < 3(s) + G,

* Update V(s) = S(s) / N(s)



I Monte Carlo Policy Evaluation
”’“:%i%‘:% (CUHI:%)

* js model free

1
* Learning from experience = E(xk + (k= 1)pg—1)
. . ) . 1
Every time-step t state s is = lp_1 + E(x’“ — 1)

visited in an episode, increment
counter N(s) « N(s) +1 * Update after each episode:

* |ncrement total return N(st) «— N(st) +1

S(s) — S(s) + G, o(s1) — v(sy) + —

N (sy) (Gt —v(st))
- Update V(s) = S(s) / N(s) — v(sy) + a(Gy — v(sy))

for each state stwith return G,



I Temporal Difference TD(0)

° |s model free

* Learns from incomplete episodes



I Temporal Difference TD(0)

* |s model free
* Learns from incomplete episodes

« Update values v(s) towards estimated return  R; + YU(St41)

v(sy) — v(s¢) + a(Ry +yv(sia1) — v(st))



I Temporal Difference TD(0)

* |s model free
* Learns from incomplete episodes

« Update values v(s) towards estimated return  R; + YU(St41)

v(sy) — v(s¢) + a(Ry +yv(sia1) — v(st))

* With TD target Ry +yv(se+1)
e And TD error 0r = Ry +yv(se41) — v(st)



I MCvs. TD

* TD can learn immediately before knowing the
data — can learn on incomplete sequences
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I MCvs. TD

* TD can learn immediately before knowing the
data — can learn on incomplete sequences

* MC must wait until sequence is terminated
* Both converges to v', but differently

* TD is usually more efficient than MC



I Random Walk example
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I Random Walk example
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I AB Example

* Two states A,B; no discounting
8 episodes of experience
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* Whatis v(A), v(B) ?



I AB Example

* Two states A,B; no discounting
8 episodes of experience
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* Whatis v(A), v(B) ?



I Updates MC, TD(0)

v(st) <— v(se) + a(Gy — v(sy))
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I Updates MC, TD(0)

v(st) <— v(se) + a(Gy — v(sy)) v(sy) — v(sy) + a(Ry +yv(sia1) — v(st))
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I n-Step Temporal Difference

* No restriction to one-step
look ahead



I n Step Temporal Difference

* No restriction to one-step
look ahead it Eeb i
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I n Step Temporal Difference

* No restriction to one-step
look ahead it Eeb i
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I n Step Temporal Difference

* No restriction to one-step
look ahead i el it

.

n—1 ? ? .
ng) = (Z /Vth—I—Z> —I_/ynan, IE £ (1 & = = [: .+

1=0

i.
* Arbitrary averaging % .
: C

possible

* TD(A) takes geometric
average over all steps

Gy =(1-N) aig
n=1



I Model-free Policy Iteration

* Problem:

policy iteration over v(s) requires a model

7 (s) = argmax R® + yP, v(s')



I Model-free Policy Iteration

* Problem:
policy iteration over v(s) requires a model
T (s) = arg max RE + P2 v(s)
* Solution:

use the action-value function g(s, a) instead

7 (s) = argmax ¢(s, a)



I Exploitation vs Exploration

Exploitation Exploration

exploits what is already finds more information about
known to maximize reward the environment
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* agent needs to find the
optimal policy

* agent has to maximize his
return



I Exploration vs Exploitation

Exploitation

exploits what is already

known to maximize reward

* agent needs to find the
optimal policy

* agent has to maximize his
return

Exploration

finds more information about
the environment

— has to explore his
possibilities

— should not give up on to
much known rewards



e-Greedy Exploration

* Chose a random action with probability ¢

* with m actions available

e/m+1—c¢ if a* = argmax, q(s,a)
m(als) = .
e/m otherwise



I MC and TD control

* same as before, but with action-value function g
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I MC and TD control

* same as before, but with action-value function g
* Monte Carlo:  v(sy) «— v(sy) + a(Gy — v(st))
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I MC and TD control

* same as before, but with action-value function g
* Monte Carlo:  v(sy) «— v(sy) + a(Gy — v(st))

— Q(Sta a’t) — Q(Sta a’t) + a(Gt — Q(Sta a’t))

* TD(0) — SARSA(Q): v(st) +— v(st) + a(R + yu(str1) — v(st))

e<— 1/k T +— € — greedy(q)



I MC and TD control

* same as before, but with action-value function g
* Monte Carlo:  v(sy) «— v(sy) + a(Gy — v(st))

— Q(Sta a’t) — Q(St7 a’t) + a(Gt — Q(Sta a’t))

* TD(0) — SARSA(Q): v(st) +— v(st) + a(R + yu(str1) — v(st))

— q(s¢,ar) <— q(st,ae) + (R +vq(S¢+1, aer1) — q(S¢, ar))

e<— 1/k T <— € — greedy(q)



I Typical Improvement (SARSA)

* seemingly no improvement at beginning

170 -
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S0 4

e

0 1000 2000 3000 4000 5000 6000 7000 8000
Time steps
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I Problem with bigger Tasks

* Until now: small tasks with table lookup methods
* What is about bigger tasks with more states?

- @Go:; 10'/0 states

- Flying a helicopter:  continuous state space

* Solution:

— approximate the value functions instead of
storing them
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* Represent state by feature vector

z(s) = (z1(s),..., z(n(s))
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I Value Function Approximation

* Represent state by feature vector

z(s) = (1(5),...,2(n(s)

* Represent value function by

linear combination of features
T

(s, w) = x(s)" w
* Minimize mean squared error
between true value and
prediction by gradient descent



I Value Function Approximation

* Represent state by feature vector
z(s) = (21(8), - z(a(s)" * MSE

_ oA 2
* Represent value function by £lw) = Exl(vn(s) = On(s,w))’]

linear combination of features
T

(s, w) = x(s)" w
* Minimize mean squared error
between true value and
prediction by gradient descent



I Value Function Approximation

* Represent state by feature vector
z(s) = (21(8), - z(a(s)" * MSE

— Eﬂ' T — A7T y ’
* Represent value function by £w) (r() = Onls )
linear combination of features e Gradient of MSE w.r.t. w
T

0(s,w) = x(s)" w Vo l(w) = —2F.[vx(8) — b (8, w)| Ve (s, w)
* Minimize mean squared error
between true value and
prediction by gradient descent



I Value Function Approximation

* Represent state by feature vector
z(s) = (21(8), - z(a(s)" * MSE

_ oA 2
* Represent value function by £lw) = Exl(vn(s) = On(s,w))’]

linear combination of features . Gradient of MSE W.rt. w
. T
0(s,w) = x(s)" w Vo l(w) = —2F.[vx(8) — b (8, w)| Ve (s, w)
* Minimize mean squared error .

Gradient update Aw
between true value and

1
prediction by gradient descent Aw = —5aVyL(w)



I Value Function Approximation

* Represent state by feature vector
z(s) = (21(8), - z(a(s)" * MSE

_ oA 2
* Represent value function by £lw) = Exl(vn(s) = On(s,w))’]

linear combination of features .« Gradient of MSE w.rt. w
(s, w) = z(s)"w VuL(w) = —2B [0n(s) — 0 (5, )] Vard (s, w)
* Minimize mean squared error . Gradient update Aw
between true value and 1
prediction by gradient descent Aw = —5aVyL(w)

Aw = aE, v (s) — U (s, w)]x(s)



I Value Function Approximation

Represent state by feature vector

z(s) = (1(5),...,2(n(s)

Represent value function by

linear combination of features

o(s,w) = z(s)Tw

Minimize mean squared error
between true value and
prediction by gradient descent

Aw = aE, v (s) — U (s, w)]x(s)

Update weights with stochastic
gradient descent

Aw = a(vg(s) — U (s,w))x(s)

* MSE
L(w) = Ex[(vx(s) — 0x(s,w))’]

 Gradient of MSE w.r.t. w
Vwl(w)

— —QEW [UW(S) — ?}71-(8, w)]vw@(& w)

Gradient update Aw

Aw = — %avwﬁ(w)
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I Updates for MC, TD(0), TD(A)

Aw = a(v,(s) — 0r(s,w))x(s)
Substitute the target with the corresponding returns
c MC  v(s) — Gy
Aw = a(Gy — 0y (s,w))x(s)
* TD(0) w(sy) — Ry +v0(S¢41,w)

Aw = a(R; + y0(S¢11,w) — Ox(s¢,w))x(st)



I Updates for MC, TD(0), TD(A)

Aw = a(v,(s) — Ox(s,w))xz(s)
Substitute the target with the corresponding returns
e MC v(s) — Gy
Aw = a(Gy — 0y (s,w))x(s)
* TD(0) w(st) — Ry + y0(S¢r1,w)
Aw = a( Ry + y0(s41, w) — Ox (S, w))z(5¢)
* TD(A) v(s) — G

Aw = (G} — 0x(s,w))z(s)



I Action-Value Function Approx.

* Represent state by feature vector

x(s,a) = (x1(s,a),...,2(n(s,a))’



I Action-Value Function Approx.

* Represent state by feature vector

z(s,a) = (x1(s,a),. .., z(n(s,a))t

* Represent value function by linear combination of features

i(s,a,w) = z(s,a) w



I Action-Value Function Approx.

* Represent state by feature vector

x(s,a) = (x1(s,a),...,2(n(s,a))’
* Represent value function by linear combination of features
)T

G(s,a,w) =x(s,a)” w

* Minimize mean squared error between true value and prediction
by gradient descent

Aw = aE;[q(s,a) — ¢ (s,a,w)]z(s,a)



I Action-Value Function Approx.

* Represent state by feature vector

x(s,a) = (x1(s,a),...,2(n(s,a))’
* Represent value function by linear combination of features
)T

G(s,a,w) =x(s,a)” w

* Minimize mean squared error between true value and prediction
by gradient descent

Aw = aE;[q(s,a) — ¢ (s,a,w)]z(s,a)

* Update weights with stochastic gradient descent

Aw = a(qr(s,a) — ¢(s,a,w))x(s,a)



I Updates for MC, TD(0), TD(A)

Aw = a(q.(s,a) — §r(s,a,w))x(s, a)

Substitute the target with the corresponding returns



I Updates for MC, TD(0), TD(A)

Aw = a(q.(s,a) — §r(s,a,w))x(s, a)
Substitute the target with the corresponding returns

* MC  q(s,a) — Gy
Aw = oGt — §r(s,a,w))x(s,a)



I Updates for MC, TD(0), TD(A)

Aw = a(q.(s,a) — §r(s,a,w))x(s, a)
Substitute the target with the corresponding returns

* MC  q(s,a) — Gy
Aw = oGt — §r(s,a,w))x(s,a)

* TD(0) Q(Staat) — Ry + 7@(5t+1,at+1,’w)

Aw = o(Ry +vG(S141, Qa1 W) — Gr (S, at, w)) (8¢, at)



I Updates for MC, TD(0), TD(A)

Aw = a(q.(s,a) — §r(s,a,w))x(s, a)
Substitute the target with the corresponding returns

* MC  q(s,a) — Gy
Aw = oGt — §r(s,a,w))x(s,a)

* TD(0) Q(Staat) — Ry + 7@(5t+1,at+1,’w)

Aw = o(Ry +vG(S141, Qa1 W) — Gr (S, at, w)) (8¢, at)
* D) g(s,a) — G}

Aw = a(G) = §x(s,a,w))z(s,a)



Thank you for your attention



I Sources

* David Silver, UCL Course on RL

nttp://wwwoO.cs.ucl.ac.uk/staff/d.silver/web/Teach
ing.htm]

Lectures 1 to 6
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