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Starters

Onion Bhaji £2.45

Thindy siced onlon In grom fowr and herd. deep fried

$amMOsa et o vegetable) £2.45
Tonguior shaped savoury fed with spicy meat or vegetable

Prawn on Puree

Prawn cooked in herts & spices. served on o thin ied brecd

Kin: awn on Puree
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King Prawn Butterfly

Buttered king prawrs with herbs ond spices ond deep fded

Tandoori Chicken (ar)

Spring chicken marinated in herbs & spices. cooked over chorcool fandoor

Chicken or Lamb Tikka

Diced chicken o lamb marnated in yoghurt and spices and
hen barbecued in the ciay oven

Minced lomb in herbs and spices then ided in ghee

Chicken Chat or Aloo Chat (soun

Smoll picy peeces of Chicken or POIOTOeS IDICEd Wwith hot and Jour SoUCe

Prawn Cocktail
Succutent

PrOwWns IN O Own MOYyoNNoRe
Dall Soup or Mulligatwany Soup (Lentis)
Stuffed Tomatoes

Tomatoes shufled with vegetobles or minced meat

Chicken or Vegetable Pakora
Crickon

Mo o vegetable deep fried in grom four coating
Plain or Massala Papadum
Mixed Kebab
Kebab Roll
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THE ARCADE LEARNING ENVIRONMENT (BELLEMARE ET AL., 2013)



Reward:
change in score

18 actions



+ 33,600 (discrete) dimensions

» Up to 108,000 decisions/episode (30 minutes)

+ 60+ games: heterogenous dynamical systems




DEEP LEARNING:
AN Al SUCCESS STORY
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WHERE HAS MODEL-FREE CONTROL
BEEN SO SUCCESSFUL?

» Complex dynamical systems
* Black-box simulators
» High-dimensional state spaces
* Long time horizons

» Opponent / adversarial element




PRACTICAL
CONSIDERATIONS

* Are simulations reasonably cheap? modelfree

* |s the notion of “state” complex?2 modelfree

* |Is there partial observability? maybe modelfree

» Can the state space be enumerated? value iteration

* |s there an explicit model available? modelbased



OUTLINE OF
TALK

|deal Practical
—>
case case



WHAT’S REINFORCEMENT
LEARNING, ANYWAY?

“ALL GOALS AND PURPOSES ... CAN BE THOUGHT OF AS
THE MAXIMIZATION OF SOME VALUE FUNCTION”

- SUTTON & BARTO (2017, IN PRESS)




» At each step t, the
agent

» Observes a state
» Takes an action

» Receives a reward



THREE LEARNING PROBLEMS
IN ONE

Stochastic
approximation

Policy evaluation

Optimal control

Function
approximation




BACKGROUND

e Formalized as a Markov Decision Process:
M := (X, AR, P,)

* R, P reward, transition functions

. v discount factor

» A trajectory is a sequence of interactions with the

environment
L1,d1,T1,L2,A492, ...



» Policy 7: a probability distribution over actions:

ay ~ (- | x4) If deterministic: a; = 7 ()

* Transition function: ;11 ~ P(:| z¢, a;)
* Value function Q™ (z, a): total discounted reward

Q" (z,a) = K Zwtr(azt,at) | 29, a0 = x,a

P,
| t=0

* As a vector in space of value functions: Q™ € O



* “Maximize value function”: find
Q" (x,a) == max Q" (x, a)

* Bellman’s equation:

Q" (z,a) = K ZWtT(iUt,at) | g, a0 = T,a

P,
t=0

=r(x,a) + 7}])3 Q" (x',a")

» Optimality equation:
Q" (z,a) =r(z,a) + v Emax Q"(z', a')

P acA




BELLMAN
OPERATOR

T"Q(z,a) :=r(r,a) +v E Q' ad)

+ The Bellman operator is a y-contraction:
IT7°Q - Q7| <7IQ — Q7|
* Fixed point:
Q =T"Q"

Qk




BELLMAN
OPTIMALITY OPERATOR

TQ(x,a) :=r(zr,a) +~v K maxQ(m a')

x'~P a’ €

» Also a y-contraction (beware! different proof):
ITQ - Q| < 7@ - Q7
» Fixed point is optimal v.f.:

Qk

Qrit = T



MODEL-BASED
ALGORITHMS

1.Value iteration:

Qk—l—l(aja CL) — TQk(xv CL) — ’I“(.CE, CL) + /YEP ?gﬁ Qk(ajlv &,)

2 .Policy iteration:

a.7, = argmax ] "Qr(zr,a) b.Qryi(z,a) <~ Q™ (z,a)

7T

3.Optimistic policy iteration:

Qk—l—l(aja CL) A (Tﬂ-k)ka(m) CL) — \Tﬂ-k CC Tﬂ.k,@k(xa CL)

m times



POLICY ITERATION

a.m; = argmax ] " Qr(z,a)

T

Policy evaluation

Optimal control

b. Qr+1(x,a) <+ Q™ (z,a)



MODEL-FREE
REINFORCEMENT LEARNING

* Typically no access to P, R

* Two options:
* Learn a model (not in this talk)

* Modelfree: learn Q™ or Q*directly from samples



Model-based
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MODEL-FREE RL:
SYNCHRONOUS UPDATES

* Forall x, a, sample ' ~ P(-|z,a),a" ~ w(- | 2')

* The SARSA algorithm:

Qui1(z,a) — (1 — ay)Qi(x,a) + oy T Qy (2, a)
= (1 — o) Qe(w,a) + ar(r(z,a) + vQi(z',a"))
= Q¢(r,a) + oy (fr(x, a) +vQ¢(z’,a") — Qq(z, a)))

———ee
TD-error ¢

» o € |0,1) is a step-size (sequence)



MODEL-FREE RL:
Q-LEARNING

* The Q-Learning algorithm: max. at each iteration

Qir1(z,a) (1 — ap)Q¢(x, a)

+ o (r(2,0) + ymax Qu(a’, a') — Qu(, )



* Both converge under * Not trivial! Interleaved
Robbins-Monro conditions learning problems

Policy evaluation

Optimal control

Stochastic

Q-Learning approximation



ASYNCHRONOUS
UPDATES

» The asynchronous case: learn from trajectories

L1,Q1,71,L2,02, " " NW,P

 Apply update at each step:

Q(ajtv at) A Qt(xv CL)

th(Tt

* This is the setting we

usually deal with

» Convergence even
more delicate




OPEN QUESTIONS/
AREAS OF ACTIVE RESEARCH

* Rates of convergence [1]

* Variance reduction [2]
» Convergence guarantees for multi-step methods [3, 4]

» Off-policy learning: control from fixed behaviour [3, 4]

] Konda and Tsitsiklis (2004)

Azar et al., Speedy Q-Learning (2011)
Harutyunyan, Bellemare, Stepleton, Munos (2016)
Munos, Stepleton, Harutyunyan, Bellemare (2016)

D wN —




Stochastic
approximation

Policy evaluation

Optimal control

Function
approximation




Stochastic
approximation

valuation

Function
approximation



(VALUE) FUNCTION
APPROXIMATION

e Parametrize value function:

Q" (x,a) = Q(z,a,0)

* Learning now involves a projection step II:

IIT"Q(z,a,0k) : Ok11 < argemin [T Qr(x,a,0k) — Q(x,a,0)|

* This leads to additional, -
compounding error /Lé

» Can cause divergence /Q/ ,M»‘Oi/




SOME CLASSIC
RESULTS [1]

* Linear approximation:
Q" (z,a) =0 ¢(z,a)
+ SARSA converges to @ satisfying
A A A 1
Q=177 Q-7 < e - @7l

* Q-Learning may diverge!

[1] Tsitsiklis and Van Roy (1997)



OPEN QUESTIONS/
AREAS OF ACTIVE RESEARCH

 Convergent, lineartime optimal control [1]
» Exploration under function approximation [2]

» Convergence of multi-step extensions [3]

[1] Maei et al. (2009)

[2] Bellemare, Srinivasan, Ostrovski,
Schaul, Saxton, Munos (2016)

[3] Toudti et al. (2017)
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DEEP
LEARNING

Linear Object
Convolutions Pooling Convs Classifier Categories / Positions

Input data

mite ~ container ship motor scooter Ieod
mite container ship motor scooter leogpard
black widow lifeboat go-kart jaguar
cockroach amphibian moped cheetah
tick fireboat bumper car snow leopard
Torch (2015) drilling platform golfcart Egyptian cat
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cherry Madagascar cat
vertible agaric dalmatian squirrel monkey
grille mushroom grape spider monkey

pickup jelly fungus elderberry titi

beach wagon gill fungus |ffordshire bullterrier indri
fire engine || dead-man's-fingers currant howler monkey

Krizhevsky et al. (2012)

Slide adapted from Ali Eslami



DEEP
LEARNING

4x84x84

Stack of 4 previous
frames

32 4xA4 filters

Convolutional layer
of rectified linear units

256 hidden units Fully-connected linear
output layer

Fully-connected layer

Convolutional layer of rectjfied linear units
of rectified linear units

dg(x,a)

Graphic by Volodymyr Mnih
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DEEP
REINFORCEMENT LEARNING

* Value function as a Q-network Q(z, a, 6)

» Obijective function: mean squared error

L) =E [(r +ymax Q' a',60) - Q(x,a, 9))2}

N—— —.—.—_—
target

* Q-Learning gradient:

VoL(0) = K Kr — Y max Q(z',d",0) — Q(z,a, «9))V9Q(:E, a, 9)}

Based on material by David Silver



STABILITY
|SSUES

* Naive Q-Learning oscillates or diverges

1. Data is sequential

+ Successive samples are non-iid

2. Policy changes rapidly with Q-values

+ May oscillate; extreme data distributions

3. Scale of rewards and Q-values is unknown

+ Naive gradients can be large; unstable backpropagation

Based on material by David Silver



DEEP
Q-NETWORKS

1. Use experience replay

+ Break correlations, learn from past policies

2. Target network to keep target values fixed

+ Avoid oscillations

3. Clip rewards

+ Provide robust gradients

Based on material by David Silver



EXPERIENCE Equivalent to
REPLAY

planning with
empirical model

» Build dataset from agent’s experience
» Take action according to e-greedy policy
» Store (x, a, r, x’, a’) in replay memory D

» Sample transitions from D, perform
asynchronous update:

L(0) = E Kr + 7 max Q(z',d",0) — Q(z,a, 6’))2}

x,a,r,x’,a’'~D

+ Effectively avoids correlations within trajectories

Based on material by David Silver



TARGET
Q-NETWORK

* To avoid oscillations, fix parameters of target in loss
function

» Compute targets w.r.t. old parameters
/ / (9—
r+ymaxQa,a,07)
* As before, minimize squared loss:
2
£(0) = Ep | (r +ymax Q(a',a',07) — Q(x,a,0)) |
a’ €

* Periodically update target network:

_ Similar to
0~ <0 . :
policy iteration!

Based on material by David Silver




CLIPPING
REWARDS

» Clip rewards in range [-1, +1]
» Ensures gradients are well-conditioned
» Also prevents value overestimation

* No longer can tell small, large rewards apart

Based on material by David Silver



Q-learning | Q-learning | Q-learning | Q-learning

+ Replay + Replay

+ Target Q + Target Q

Breakout 3 10 241 317
Enduro 29 142 831 1006
River Raid 1453 2868 4103 7447
Seaquest 276 1003 823 2894
Space Invaders 302 373 826 1089

Based on material by David Silver






Some Recent Research



ACTIVE RESEARCH:
OFF-POLICY METHODS

» Reusing data (e.g. from experience replay) can
diverge with approximation:

Q(z,a,0) L r(z,a)+~v E maxQ(a,d,0)
a ~ ILL .CU/NPa CL’EA

C ° Io ° 7T(a/ S)
e Can use mportance sampling ratio:
P SULLS u(al s)

» But variance is high

» Also safety issues: how to guarantee performance?

Precup, Sutton, and Singh (2000)
Thomas and Brunskill (2016)



ACTIVE RESEARCH:
MULTI-STEP METHODS

* Greater accuracy [1] from multi-step returns:

o0 k
TQ.a) == Y N[ y'r(era) + /7 Qaner. aie)]

k=0 t=0

4

VO
n-step return

o0
+ E th) aft
t=0

» Retrace(A) [2] both off-policy and multi-step

t—1

RQ(x a :: 3; a _|_Z )\7 H (xt,at) Cs :— min{l7 W(as ‘333)}

T N(as ‘5’78)

» Convergence surprisingly nontrivial, even without

value approximation

[1] Tsitsiklis and Van Roy (1997)
[2] Munos, Stepleton, Harutyunyan, Bellemare (2016)



ACTIVE RESEARCH:
GAP-INCREASING OPERATORS

» Action gap: max Q*(z,a") — Q" (x,a)
a’ €

* New operators that increase action gap, e.g.

71@(3370“) = TQ(CU, CL) - 6 gflea:}i Q(CE,CL/) - Q(ZC, CL) y 5 = [07 1)

+ Not necessarily contraction operators

4+ Suboptimal Q-values may not converge
* Yet: guaranteed convergence:
lim max(7)*Q(z, a) = max Q*(x, a)

k—oco acA ac A

Bellemare, Ostrovski, Guez, Thomas, Munos (2016)



IN
CONCLUSION Stochastic

approximation

Policy evaluation

Optimal control

Function
approximation
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