Unsupervised learning

REINFORCEMENT LEARNING



Sofar....

° Supervised machine learning: given a set of
annotated instances and a set of categories, find a
model to automatically categorize unseen instances

* Unsupervided learning: no examples are available

* Three types of unsupervised learning algorithms:

~ Rule learning - find regularities in data and learn
associations (past lesson)

~ clustering- Given a set of instances described by
feature vectors, group them in clusters such as
Intra-cluster similarity is maximized and inter-
cluster dissimilarity is maximized (in other
courses)

~ Reinforcement learning (today)



Reinforcement learning

* Reinforcement learning:

~ Agent receives no examples and
starts with no model of the
environment.

~ Agent gets feedback through
rewards, or reinforcement.

* Note: it is common to talk about «agents» rather
than «learners» since the output is a sequence
of actions, rather than a classification



Examples of applications

Control physical systems: walk, drive, swim, ...

Interact with users: engage customers, personalise
channel, optimise user experience, ...

Solve logistical problems: scheduling, bandwidth
allocation,elevator control, power optimisation, ..

Play games: chess, checkers, Go, Atari games, ...

Learn sequential algorithms: attention, memory,
conditional computation, activations, ...



Learning by reinforcement

° Examples:
~ Learning to play Backgammon
“ Robot learning to move in an environment

* Characteristics:

~ No direct training examples — (possibly delayed)
rewards instead, or penalty

~ Need for exploration of environment & exploitation

~ The environment might be stochastic and/or
unknown

-~ The actions of the learner affect future rewards



Reinforcement learning

« Unlike most machine learning, focus on a
learning agent that acts in environment

* The loop
— Agent percieves state of environment
— Agent acts
— Agent receives reward/punishment,

state of environment changes

* The task: Learn to act so as to maximize rewards
Learn a policy (mapping from states to actions)



Supervised Reinforcement

Learnmg Learnlng
Training IHfOIvDCSiI'Cd (target) Output [raining Info: Evaluations (rewards/penalties)
_ [nputs w Outputs: actions
Inputs Suneryi Outputs Reinforcement
N L\ lll)cl‘\;IISCCI » e . ( *I

Error = (target output - actual outpu Objective: Get as much reward as possible

Input is some “goal”, output
IS a sequence of actions to
meet the goal

Input is an istance, output is a
classification of the istance



: Robot moving in an

Example
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Example: playing a game (e.g.
backgammon, chess)

white pieces move
1T 16 15 14 13 COUHthCIOCkW'Se
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T B 8t 1112 black pieces
move clockwise




Elements of RL

In RL, the “model” to be learned is a policy to meet “at best”
some given goal (e.g. win a game)

Agent Policy

State ; Reward @ \Action

Environment

dp . I aq . r ds . I
So 0-70 > s1 1 1 > SZ 2-72 > e
° Transition model, how actions A influence states S

* Reward R, immediate value of state-action transition

* Policy 1 S=>»A, maps states to actions



Markov Decision Process (MDP)
* MDP is a formal model of the RL problem

° At each discrete time point

~ Agent observes state s,in S and chooses action a;
in A (according to some probability distribution)

“ Receives reward r, from the environment and the
state changes to s,

~r: (S,A)2R 6: (S,A)2>S ris the reward function and
o0 the transition matrix

* Markov assumption:
r=r(s,a,) S;..1=0(s,a,) i.e.r,and s, ,depend only on the
current state and action
~ In general, the functions r and 6 may not be deterministic
(i.e. they are stochastic, described by random variables) and
are not necessarily known to the agent



Agent’ s Learning Task
Execute actions in environment, observe results and

° Learn action policy r:S— 4 that maximises
expected cumulative reward ER

from any starting state s, in S.

ER[r +yr  +yr  +..]

Here 0 <y <1 is the discount factor for future rewards, r,
Is the reward at time k.

* Note:

- Target functionis 7 :85 — A4

- There are no training examples of the form (s,a) but only of the
form ((s,a),r), i.e. for —some- state-action pair we know the reward/
penalty



Example: TD-Gammon

* Immediate reward:
efj ate re ard ® 0 B
+100 if win
-100 if lose D ° .
O for all other states
o 8 A8 %

° Trained by playing 1.5 million games

* Now approximately equal to the best human
player



Example: Mountain-Car

GOAL

* States: position and velocity

* Actions: accelerate forward, accelerate backward,
coast

* Rewards

~ Reward=-1for every step, until the car reaches the top
-~ Reward=1 at the top, 0 otherwise

The possible reward will be maximised by minimising
the number of steps to the top of the hill



Value function
We will consider a deterministic world first

In a deterministic environment, rewards are
known and the environment is known

* Given a policy 1 (adopted by the agent),
define an evaluation function over states:

co

V”(S)_r+7/,/'t+1+y t+2 )/ t+i

l_

V”(S)—r+y( vy, ) = I’+)/Vﬂ(St+l)
VT(s,) is the value of being in state s, according to policy
Remember: a policy 7:5 — 4

is a mapping from states to actions,
target is finding optimal policy



Example: robot in a grid

environment Grid world environment

Six possible states
Arrows represent possible actions

L 0 2100 30 G: goal state

1 -1 —*@ Actions: UP, DOWN, LEFT,
Sl t | RIGHT
oL AL el r( (2,3), UP)=100

2 R O o

H state, action)
immediate reward values

Known environment: grid with cells
Deterministic: possible moves in any cell are known, rewards

are known



Example: robot in a grid
The “value” of being

environment in (1,2) according to

some known 1T (e.g. 1=

move to 1,3) is 100
/

0 v
— — 90 —f> 100 —|» 0
0 | —l
| | I t |
oy O[] [0} O | | | |
— 1 — 1 100 S — 1

0 0 81 90 100

«— «— «— «—

B

Hstate, action) V'(state) values
iImmediate reward

values .
Vﬁ(S)_r+}/’/}+l+}/ t+2 y I+i
* Value function: maps states to state values,

according to some policy M. How is V
estimated?



Computing V(s) (if policy 1 is
given)

Suppose the following is an

i’; e @ Optimal policy — denoted with =" :
HH-
of ¥ . ol ¥ . 100
- ~-— — - - G
rewards f
n tells us what is the

best thing to do
when in each state.

According to & ' we can compute the values of the states
for this policy — denoted V', or V'



r(s.a) (immediate reward) values: V’(s) values, with y=0.9

- -
- @ 100 . G
N+ O D
100

[y
o
|5

A A A
' a v Q * * I
b ™ 100
a S4 *85* S6
1 Viis)=r+yV (s,)
™ TG V'(sg) = 100 + 0.9%0 = 100
s1 |s2 [s§ .
| V'(sg) = 0 + 0.9*100 = 90
— - — - * _ * _
<4 o5 <6 V’(s,) =0+ 0.9%90 = 81

Etc.
However, &t is usually unknown and the task is to

learn the optimal pollcy _ arg max V7 (s),(Vs)



How do we learn optimal policy =" ?

* Target function is &t : state — action

°* However...

~We have no training examples of the
form <state, action>

“~We only know:

<<state, action>, reward>

* Reward might not be known for all
states!



Utility-based agents

To learn V™ (abbreviated V*) perform look ahead search
to choose best action from any state s

m* (s)=argmax|r(s, a)+V *(&(s, a))|
Works well if agent knows

-~ 9 : state x action — state

-~ r: state x action — R

When agent doesn’ t know 6 and r, cannot choose

actions this way

Need a greedy method



Q-learning: an utility-based learner

In deterministic environments
° Q-values

~ Define a new function Q very similar to V*

~ If agent learns Q, it can choose optimal action

even without knowing § or r
* Using Q: Q(s, a)sr(s,a)ﬂ/v*(é(s, a))=r(s, a)+yv*(s')
m* (s)= argmax|r(s, a)+V *(&(s, a))]

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

What's new?? Apparently again depends on (unknown) d and r



Learning the Q-value

Note: Q and V* closely related
Vis)=ntrV ) V*(s)=max Q(s,a’)

Allows us to write Q recursively as (Bellman equation):
Q(s(t), a(t)) - r(s(t), a(t)) +yV *(5(s(t), a(t)))

r(s(t), a(t))+y maqu(s(t+1), a')

In other words, maximum future reward for a given state s and
action a, is the immediate reward plus maximum future reward for
the next state. This policy is also called Temporal Difference
learning

In the simplest case the Q-function is implemented as a table, with
states as rows and actions as columns. The algorithm is shown in
the next slide.



Simple Q pseudo-code

initialize Q[numstates,numactions] arbitrarily

observe initial state s

repeat

select and carry out an action a

observe reward r and new state s'

Q[s,a] = Q)/,a] + a(r + ymaxa' Q[s',a'] - o[s/(])

8 =g

until terminated

a in the algorithm is a learning rate that controls how much of the difference
between previous Q-value and newly proposed Q-value is taken into account.

In particular, when a=1, then the update is exactly the same as Bellman
equation.

It has been shown that Algorithm converges for “sufficient” number of iterations
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Algorithm to utilize the Q table

Input: Q matrix, initial state

1. Set current state = initial state , randomly select a possible
action and compute next state

2. From next state, find action that produce maximum Q value,
update Q

Set current state = next state
4. 6o to 2 until current state = goal state

w

The algorithm above will return sequence of current state
from initial state until goal state.

Comments: Parameter ) has range value of 0 to 1(0=y <1).
If Y iscloser to zero, the agent will tend to consider only

immediate reward. If Y is closer to one, the agent will
consider future reward with greater weight, willing to delay the

reward.



Q-Learning: Example (y=0.9)

Eplsode 1 actions
S, f: S, A S5 N S W E
6 | A | 4 g A
0

s=s, possible moves: North, East

Select (at random) to move to s5 0 0 0 0

Set current state = initial state ,
randomly select a possible action and 0 0 0
compute next state

From current state, find action that | s, 0 0 0
produce maximum Q value

s |0 0 0

Update

O(s,a) < ’”+VmaXQ(S a') Q-values table
But in s5: Va, Q(sS a)=0 therefore:
Q(s4 E)=r(s4, E)+ymaXQ(s5 a')=0+09%x0=0
The “max Q” function search for the “most promising action” from s5




Q-Learning: Example (y=0.9)

S,=» S randomly select s, as
next move S5 0 A |O 0 0

Q(S,a) ~—r+ ymaxQ(s',a')

a

ss [0 | o Jo o
ss (0 | o olot

From s, moving to s, again does not allow rewards (all Q(s6,a)=0)
Update Q(s5,E)€0+argmax(Q(s6,a’))=0+ +0,9xQ(s6,N))=0+0,9x0




Q-Learning: Example (y=0.9)

N S
0 0
0 0

S,2ss»s6 randomly select s; as
next move 0 0
: 0 0

In s3 r=1 so Q is updated to 1 54

S 0 0
86 1—:0.9* O

O(56:N) < 1+0,9max O(s,,a’) =1+0,9x0 =1

- GOAL STATE REACHED:
END OF FIRST EPISODE



Q-Learning: Example (y=0.9)

Episode 2
S > s, > s N S O
o4 |46 A
§4|£: §5|:: §61 S 0 0 0
0

Sy 0 0 0

O(s,,N) < 0+0,9xr113XQ(SPa.) _0



Q-Learning: Example (y=0.9)

S1 Tgi S; = S3 N g
o LTI
0

S5 0 0
S, 0 0
S4 0 0
S5 0 0
Se 1 0

Q(SI’E) < O+O,9>(maa'XQA(S2’av) -0



Q-Learning: Example (y=0.9)

S, 4—91 S, b S5 N S E
9 | 4 | 40 A
§4|<—9: §5|:: §61 Sq 0 0 0
0
S, 0 0 1
S,»s1=>»s,, choose s’=s,
s, |0 0 0
s, |0 0 0
ss |0 0 0
s; |1 0 0

QA(SzaE) < 1+099maa'XQA(S3,a') = 1

- GOAL STATE REACHED:
END OF 2nd EPISODE



Q-Learning: Example (y=0.9)

Episode
S1 4_91 S2 A S3 N S E
oA R A
§4|:Oi §5|:: S S 0 0 0
0
S, 0 0 1
Sq 0 0 0+0
Se 1 0 0

O(s4,E) < 0+0,9max O(s,.a") =0




Q-Learning: Example (y=0.9)

K
n
N
=
v
2
w
pd
@)
O
m

n
N

tol tle
| v

o

O(s5,N) <= 0+0,9max O(s2,a")=0+0,9x1=0,9



Q-Learning: Example (y=0.9)

[ v
)]
N
-
v
0p)
X
Z
0)]
@)

S4 0 0 0

Ss 0.9 0 0

Se 1 0 0

Q(Sz,E) < 1+O,9II1;1XQA(S3,CI') =1

- GOAL STATE REACHED:
END OF 3rd EPISODE



Q-Learning: Example (y=0.9) Episode

K
7))
N
[
v
2
w
pd
)
O
m

2

N

ol 1o
| v
el
1P

ss |09 |0 0 0

O(s4,E) < 0+0,9max O(ss,a)=0,9x0,9=0,81



Q-Learning: Example (y=0.9)

S, 4—91 S, A S, N S O E

ool 410 41

S, 0 &b s s, |0 0 0 0
0

ss 0,9 |0 0 0

O(s5,N) < 0+0,9max O(s,,a") =0,9x1=0,9



Q-Learning: Esempio (y=0.9)

[ v
)]
N
-
v
0p)
X
Z
0)]
@)
m

n
N
teol tle
| v
Dt

s, |0 0 0 1+0

s, |0 0 0 0.81

ss |09 |0 0 0

- GOAL REACHED: END OF
4th EPISODE



Q-Learning

: Example (y=0.9)

g4 L 40 A T
§4|£: S¢5|<__: §6 S, 0 0
0

S, 0 1
S5 0 0
s, |0+0 0.81
ss |0.9 0
Sq 1 0




Q-Learning: Example (y=0.9)

s1£: sz—l+ S, N S O E

ot 410 41

RS o o o o o
0




Q-Learning: Esempio (y=0.9)

[ v
)]
N
-
v
0p)
X
Z
0)]
@)
m

n
N
teol tle
| v
Dt

s, |0 0 0 1+0

s, |0 0 0 0.81

s [09 [0 [0 |0

- GOAL REACHED: END OF
5th EPISODE



Q-Learning: Example(y=0.9)

After several iterations, the algorithm converges to the following table:

N S O E
S4 0 0.72 |0 0.9
S, 0 0.81 |[0.81 |1
S, 0 0 0 0
S, 081 |0 0 0.81
S: 09 [0 0.72 |0.9
Sg 1 0 081 |0




Yet another example

* Environment

(] e
ﬁ c

D ~—

A to E: rooms, F: outside building (target).

The aim is that an agent learn to get out of
building from any of rooms in an optimal way.



° Modeling of the environment



State, Action, Reward and

Q-value
* Reward matrix

state\acion A B C D A F

A - - = =~ 0 -
B - - - 0 - 100

R= C - - =0 - -
D - 00 - 0 -
E - - 0 - 100
F - 0 - - 0 100



° Q-table and the update rule

A s C D EF
_ w -

o O O O O O
o O O O O O
o O O O O O
o O O O O O

= T B O T = T N
o o o o o
o o o o o

Q table update rule:

Q(staie, action) = Ristate, action)+ - Max[ Q (next state, all acﬁons)]

0=y <1 :learning
parameter



Numerical Example

Let us set the value of learning parameter 0.8
and initial state as room B.

{lBCDE_F state\action A4 B C D E F
A4 oo o000 0 A _ o~ _ _ g -
B |000 0 0 0 B - - - 0 - 100
Q=C |0 0 0 0 0 0 R-= o4 - - - 0 = -
D 000 0 0 0 D - 00 - 0 -
E |00 00O O E 0 — — 0 — 100
F 00000 0 F - 0 - - 0 100
A) )
>§/ / \ %”5\/(0\” )



Episode 1: start from B

Look at the second row (state B) of matrix R. There are
two possible actions for the current state B, that is to go

to state D, or go to state F. By random selection, we
select to go to F as our action.

Q(state, action) = Ristate, action) + v - Max [Q (next state, all aczions)]
Q(B,F)=R(B,F)+0.8 Max{Q(F,B),Q(F, E), Q(F, F)} =100+0.8-0=100

4 B CDEF n “fB’]
- _ ./ 0 o
A O 0 0 0 0 0 //,?i\ 100 o (\
0o 0 0 }J
2 looo oo /- ) ¢
Q=10 0 0000 (e % /(f\«””\ﬁ{c:)
D 0 0 0 0 0 0 ~— “‘\':m;)_,’::” N ~0..”" N/
Elooooo o
F 00000 0]




Episode 2: start from D

This time for instance we randomly have state D as
our initial state. From R; it has 3 possible actions, B,
C and E. We randomly select to go to state B as our

action.
Q(state, action) = R(state, action) + v - Max [Q (next state, all aczions)]

Q(D,B)=R(D, B)+0.8- Max{Q(B,D), Q(B,F)} = 0+0.8. Max{0,100} = 80

. 5

4 B CDEF . .
_ - (A) Of‘*fB)
A 0 0 0 0 0 0 /\V\’ 100 100\{<
2 lo 0 0o 0 0 100 ’
\k/ " )/
Q=C |0 0 0 0 0 O /Eg.)‘” D\(\C}
D |ofso]o 0 0 o ~ “;;;7'{
Elo 0 000 0
F o0 000 0]




Episode 2 (cont’d)

The next state is B, now become the current state. We
repeat the inner loop in Q learning algorithm because
state B is not the goal state. There are two possible
actions from the current state B, that is to go to state D,
or go to state F. By lucky draw, our action selected is
state F.

Qstate, action) = Ristate, action)+y - Max[ Q(next state, all acﬁons)]
Q(B,F)=R(B,F)+0.8 Max{Q(F,B),Q(F E), Q(F,F)}

= 100+0.8- Max{0,0,0} =100 (A\ )
ABCDETF ,1 Pl w N

Ao 0000 0] ‘1\&/0,_ j/"

B lo 0o 00 0 100 /E-\)g\)oo /{"D‘\«q ()
Q=C |0 0 0 0 0 0 oA

D |08 000 0 0

zZ |o 00 0 0

F oo 000 0|




After Many Episodes

If our agent learns more and more experience
through many episodes, it will finally reach
convergence values of Q matrix as

state\action A B C D E F Normalized to
4 - - = = 400 -] percentage

B - - - 320 - 500
Q= C - - - 320 - -
D —~ 400 256 - 400 -
E 320 - - 320 - 500

F |- 400 - - 400 500 state\action A B C D K F

A (- - - - 80 -

B - - - 64 - 100

Q= C - - - 64 - -

D - 8 51 - 80 -

E 64 - - &4 — 100

F - 80 - - 80 100




Once the Q matrix reaches almost the
convergence value, our agent can reach the goal
in an optimum way. To trace the sequence of
states, it can easily compute by finding action
that makes maximum Q for this state.

(A — ’/I;\,
\\, ) ) 80 /
, .

For example from initial State C,
using the Q matrix, we can have the
sequences C— D —-B - F or C-D-E-F



The non-deterministic case

What if the reward and the state transition are non-
deterministic? — e.g. in Backgammon learning and other
games moves depends on rolls of a dice!
Then V and Q needs redefined by taking expected
values: .

VT(s)= Elr,+yr, +7°r, , +..]= E[%y"rm.]

0(s,a) = E[r(s,a)+ VV* (0(s,a))]

Mean values can be estimated observing several
sequences of moves (episodes).

Similar reasoning and convergent update iteration will
apply
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Non-deterministic case

"‘ Pl Ad A'2"'
Tt + YTt + Y T2 +

- .
4 Z 71"t+i]

1=0

|

r(s,a)] +vE[V™(0(s,a))]

E
E
Q(s,a) = E|r(s,a)+~+V*(d(s,a))l
E
E

(
r(s,a)] +~ Z P(s'|s,a)

|V*(s')

Il
=
-~
I
Jo
Q
—
+
~2
ae
N
S
»
=)
S—

~

max Q(s',a")

Where P(s’|s,a) is the conditional probability of landing in s’ when

the system is in s and performs action a
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Non-deterministic case

How is the Q updating rule modified for the non-deterministic
case?

e Alter training rule to

()li(‘5~ (l) M (1 o (\'n)()n—l('& (l.) + (l'n["' T lll?}x (én—l('—q’- (I’)]

where

1 With probability (1-a,) system stays
| + visits,(s,a) In current state and gets no reward,
with probability a, it makes a move

X, =

e It can be proven that @Q converges to Q [Watkins and Dayan,
1992
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Deep Q learning (1)

° If many practical applications, e.g., games, the
dimension of a Q table is very large

* For example, consider Atari games: The state of the
environment in the Breakout game can be defined by
the location of the paddle, location and direction of
the ball and the existence of each individual brick.

° If apply a pixel-level processing— e.g., take four last
screen images, resize them to 84x84 and convert to
grayscale with 256 gray levels — we would have
25684x84x4=1067970 possible game states. This
means 1067970 rows in our imaginary Q-table — that
IS more than the number of atoms in the known
universe!



Deep Q (2)

* The intuition is that, in order to learn Q values, we can use
neural networks. We train for some state and action, and we can
then use the trained network to compute Q for any state and
action

Q-value Q-value 1 Q-value 2 Q-value n

Network Network

AN

State Action State

* In the right-hand side formulation, input is a (possibly multi-
dimensional) representation of a state s and action a, output is
the Q value (s,a)

° In the left formulation, input is a state s, output are the Q for all
possible actions at, a2...




Example: Deep Mind network for Atari
games (Mnih 2013)

Convolution
w

/

1) Input: ' m»
4 images = current //' /
frame + 3 previous |/

/]

(= M = = == = = = Ry = = = [ ]

\\
'.\ \‘
|\

-
- D
m \
\ D
\\\ -

Convolution Fully connected

=
N

.
e

..C\_.\.. ® & 0 0 0 0 o0

z't‘R(-zdfs-; (2
d B2 B2 B2 EX EE B3 ES 1 & J 2>1E
©) (@] (©) (¢)] (©] (@] (] (©) &

doooooo  ooooooo  op

Fully cgnnected

2) Output: Q(s,a,)

Q(s,a,)

Q(s,a,)
Q(s,a,)

Q(s,a,,)

Input to the network are four 84x84 grayscale game screens.
Outputs of the network are Q-values for each possible action

(18 in Atari).
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Example: Deep Mind network for Atari
games (Mnih 2013)

Layer Input Fliter size Stride Num filters Activation
conv1 84x84x4 8x8 4 32 RelU
conv2 20x20x32 4x4 2 64 RelU
conv3 9x9x64 3x3 1 64 RelU
fcd 7X7x64 512 RelLU
fcd 512 18 Linear

Notice that there are no pooling layers!

Output
20x20x32
9x9x64
7X7x64
512

18

Pooling layers allow for translation invariance — the network becomes insensitive

to the location of an object in the image.

That makes perfectly sense for an image classification task, but for games
the location of objects (e.g., the ball) is crucial in determining the potential reward

and we wouldn’t want to discard this information!
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How does it works?

Given a transition <s,a,r,s™>, the Q-table update rule in the “classic”
algorithm must be replaced with the following:

1.

Do a feedforward pass on the Deep Network for current state s
and get predictions for Q(s,a), for any possible action a;

Do another feedforward pass for the next state s’ and calculate
maximum over all network outputs max_Q(s',a’).

Set Q-value “target” (ground truth) for action a to:
[r+yxmax_Q(s',a")] (use the max calculated in step 2). For all
other actions, set the Q-value target to the same as originally
returned from step 1, making the error 0 for those outputs.

To compute the error on Q(s.a), use the standard loss (error)

function: L= %[r + ymaxy Q(s',a") — Q(s,a) 1?

v prediction
target :

Use gradient descent with back-propagation to update network
weights

59



More issues

We have shown how to estimate the future reward in each state
using Q-learning and approximate the Q-function using a
convolutional neural network.

But it turns out that approximation of Q-values using non-linear
functions (such as NNs) is not very stable and very slow, even
with conv-nets.

Several “tricks” can be used to speed convergence:

Most important is experience replay. During gameplay all the
experiences <s,a,r,s™> are stored in a “replay” memory. When

training the network, random samples from the replay memory
are used instead of the most recent transition (in other words,

we don'’t follow the sequence of moves of a player).

This breaks the similarity of subsequent training samples, which
otherwise might drive the network into a local minimum.

60



Summary

* Reinforcement learning is suitable for learning in
uncertain environments where rewards may be
delayed and subject to chance

* The goal of a reinforcement learning program is to
maximise the eventual reward

* Q-learning is a form of reinforcement learning that
doesn’ t require that the learner has prior knowledge
of how its actions affect the environment
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