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Bandit problems: How to gamble if you must? Part I

Bandit problem
@ MDP with single state
@ Unknown distribution of rewards
@ Which action to choose so as to minimize the regret,

LTmeaxr ZR,

v

@ Lai and Robbins (1985): optimism in the face of uncertainty (OFU)
principle:
Choose the action with the best potential where the
uncertainty of the available information is taken into
account

@ They “solved” the parametric case: log regret, matching upper and
lower bounds
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Bandit problems: Nonparametrics

@ Auer et al. (2002): When the distributions can be arbitrary
(R, € 10, 1]), play the action maximizing

2logt

ny(a)

Uia) = r(a) + R

@ Upper Confidence Bound: UCB = UCB1 algorithm

@ Main result: Ly = O(log(T))

@ The minimax regret is O(v/T).

@ By estimating the variance the expected regret can be improved,
but there is a bias-variance tradeoff
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Beware the risk!

r T T 1 T T T 1
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Regret Regret

Distribution of the regret for UCB-V at times T, = 16,384 (l.h.s. figure)
and 7, = 524,288 (r.h.s. figure) on a two-armed bandit, where the
payoff of the optimal arm is Ber(0.5), and the payoff of the suboptimal
arm is 0.495.
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Online learning: Epilogue

@ Bayesian bandits
» The issue is not conceptual, but computational
» Gittins (1989): “Gittins index” (cheap computation)
» The Bayesian setting applies e.g. in poker (we know the distribution
of cards)
@ Active learning in bandits
» “Action elimination”
» These algorithms are unimprovable (Even-Dar et al., 2002;
Tsitsiklis and Mannor, 2004; Mnih et al., 2008).
@ Online learning in MDPs
» UCRL2 by Auer et al. (2010) implements the OFU principle
» Individual rate: O(log T), minimax: O(v/T)
@ PAC-MDP algorithms
» “Mistake bounds”
» R-MAX, MBIE, Ol, MORMAX, Delayed-Q, ..
» (Kearns and Singh, 1998; Brafman and Tennenholtz, 2002;
Kakade, 2003; Strehl and Littman, 2005; Strehl et al., 2006; Szita
and Lérincz, 2008; Szita and Szepesvari, 2010)
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Goal

Idea/Goal

Learn O* directly.
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Q-learning in finite MDPs

@ Bellman equation for the action-value function of a policy :

Q"(x,a) = r(x,a) +7 Y Px,a,y) Y 7(d[»)Q"(y,d).

yex aeA
@ TD-learning for the action-value function of r:
O(X,A) < Q(X,A) + o {R+7 > w(dVQ(Y,d) - Q(X7A)}
aecA
@ Bellman optimality equation for Q*:

O*(x,a) = r(x,a) + v E P(x,a,y) mai(‘Q*(y,a'), x€ X,ac A
ae
yeX

(or, in short, O* = T*Q*).
@ Watkins (1989) Q-learning algorithm:

0.A) - 0. A) o [R5 max0v.a) - 0(x.)
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Q-learning in finite MDPs

function QLEARNING(X,A,R,Y, Q)

Input: X is the last state, A is the last action, R is the immediate
reward received, Y is the next state, Q is the array storing the
current action-value function estimate

1: § < R+ - max ey Q[Y,a’] — Q[X,A]

2: O[X,Al + QO[X,Al+«a - ¢

3: return Q

Theorem (Watkins and Dayan 1992; Tsitsiklis 1994; Jaakkola
et al. 1994)

Consider a finite MDP. If all state-action pairs are visited infinitely often
and “appropriate” local learning rates are used then the sequence of
iterates (Q,;t > 0) computed with Q-learning converges to Q* w.p.1.
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Q-learning with linear function approximation

function QLEARNINGLINFAPP(X,A,R, Y, 0)

Input: X is the last state, Y is the next state, R is the immediate reward
associated with this transition, § € R? parameter vector

1: 0« R+~ - maxgeq 0 o[V, d] — 0T p[X,A]

20+ 0+a-0- XA

3: return 6
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Application: colon endoscope robot (Ukawa et al.,
2010)

Thrust

=

Front body: Rear body:
clockwise rotation anticlockwise rotation

@ State-discretization: torque (9),
movement (5)

@ Actions: voltage discretized to 5
levels

@ Reward: 1 upon reaching
waypoints (almost)

@ Using e-greedy with adaptive ¢
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Fitted Q-iteration

function FITTEDQ(D, 6)
Input: D = ((X;,A;,Ri+1,Yi+1);i=1,...,n) is a list of transitions, ¢ are
the regressor parameters

1: S« > Create empty list
2. fori=1—ndo

3 T < Ri+1 + maxyc 4 PREDICT((Yiy1,d'),0) > Target at (X;,A;)
4: S < APPEND(S, ((X;,A:), T))
5. end for
6: 6 < REGRESS(S)
7: return ¢

Caveat

The algorithm might diverge/become unstable To prevent this

@ one might use a special regressor (“averager”)
@ one could use a powerful regressor such that
supge 7 [|IIIFT*Q — T*Q|| is small
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Application: Controlling the speed of a DC motor
(Hafner and Riedmiller, 2007)

@ Goal is to track a reference signal w, = w,(r)
@ Inputs:
» [ —armature current
» w — current motor speed
» U — actual voltage
» E=w, —w — tracking error
@ Action: AU € {-0.3,-0.1,-0.01,0.0,0.01,0.1,0.3}
@ Reward: —1 if E is big
@ Less than 5 minutes of data is needed, Ar = 33ms
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The actor-critic architecture

Reward
" System o
State
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The actor-critic architecture

Implementation choices
@ Critic:

» Action-value functions or value functions?

» What method?
@ Actor:

» With function approximation

* What method?

» Without function approximation

@ How to explore?

Action  /
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SARSA()) with linear function approximation

function SARSALAMBDALINFAPP(X,A,R,Y,A’,0,z)

Input: X is the last state, A is the last action chosen, R is the
immediate reward received when transitioning to Y, where action
A’ is chosen. 6 € R? is the parameter vector of the linear function
approximation, z € R¢ is the vector of eligibility traces

S+ R+ - 0Tp[Y,A'] —0Tp[X, A

2 XAl +v - Xz

0+—0+a-0-z

return (0, z)

Rowbd=

SARSA =
current State, current Action, next Reward, next State, and next Action
(Rummery and Niranjan, 1994; Rummery, 1995)
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Application: DRAM command scheduling

Problem (Ipek et al., 2008)

@ Goal: Optimize DRAM
command scheduling policy to
optimize performance

@ Tool: SARSA(0) with CMAC

Stale

(tile coding)

@ Observations: Transaction e Q”e”e
queue o \\\
o Actions: Candidate scheduling  [wsfam ][ ex [o i

commands

@ Reward: 1 for read/write, 0 for
others (e.g. precharge,
activate,..)

Actiol

\/"-

Reward

=
<
e
o

v
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Application: DRAM command scheduling
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Policy gradient

@ FixII = (m,;w € R%)
@ Goal:
argmax p,, =7
w

@ Choices for p,,:
> po = E[V™(Xo)], Xo ~ p
» When p is the stationary distribution of 7 (1 = i), the two
performance measures become the same, apart from a constant
factor
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Policy gradient theorem

Assumption

The Markov chain resulting from following any policy =, is ergodic,
regardless of the choice of w.

@ How to estimate the gradient of p,,?
@ Lety, : X x A — R be the score function underlying .,

Yo(x,a) = 861 log 7, (alx), (x,a) € X x A.

@ Define
G(w) = (0™ (X, A) — h(X)) 1u(X,A),
where (X,A) ~ pir, -

@ Let O™ be the action-value function of 7, and % is an arbitrary
bounded function.
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Policy gradient theorem I

Theorem (Policy gradient theorem)
Vepw = E[GW)].

Corollary

Let (X:,A;) ~ fir,,, @and assume

E | 0i(Xi, At (X )| = EIQ™ (X, A (X, 4] (Q-PG)
Then

W1 = wr + B (Qt(XtaAt) - h(Xt)) Yo (X, Ar) (1)

implements stochastic gradient ascent.
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Compatible function approximation

Compatible function approximation

Choose the feature-extraction function to be the score function
underlying the policy class:

Qy(x,a) = GTww(x, a), (x,a) € X x A.

Note
The basis functions change when w changes!

Theorem

Let 0, (w) = argminy E [(Qg(X,A) — 0™ (X,A))?]. Then Qy, ., satisfies

(Q-PG) and

Wil = Wy + B (QQ*(MI)(XHAZ) - h(Xz)) Yo (Xr, Ar)

implements stochastic gradient ascent.

V.
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Actor-critic with SARSA(1)

function SARSAACTORCRITIC(X)

Input: X is the current state

10 w,0,z¢0

2: A+ a > Pick any action

3: repeat

4: (R,Y) <~ EXECUTEINWORLD(A)

A’ + DRAW(7, (Y, "))

(0,z) + SARSALAMBDALINFAPP(X,A,R,Y,A’,0,2)
>Used=1landa> S

P+ a%}long(X,A)

90 v SUM(m,(Y,-)-0Tp[X,-])
10: ww+ B (0T e[X, Al —v) -
11: XY

12 A« A

13: until True
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Natural actor-critic

function NAC(X)

Input: X is the current state

1 w, 0,2+ 0,A < a; > Pick any action
2: repeat

3 (R,Y) <~ EXECUTEINWORLD(A)

4: A"+ DRAW(7, (Y, "))

5: (0,z) + SARSALAMBDALINFAPP(X,A,R, Y,A’,0,7)

6: >pUsed=1landa>
7 P %logﬁw(X,A)

8: v SUM(7,(Y,-)-0T9X,-])

9: w—w+p-0

10: X+Y

11: A A

12: until True
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Natural actor-critic

@ We have 6, (w) = F,'V,p,, for a suitable F,,.
= this is a stochastic pseudo-gradient algorithm

@ Better: This algorithm follows a (more) natural gradient

» Gradient in the space of policies: Avoiding plateaus
» Covariant trajectories (insensensitive to reparameterizing =)
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Learning motor primitives with NAC — Toy problems

101 -10'
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—— Finite Difference Gradient
Vanilla Policy Gradient with constant baseline
Vanilla Policy Gradient with time-variant baseline
Episodic Natural Actor-Critic with single offset basis functions
—— Episodic Natural Actor-Critic with time-variant offset basis functions

Performance on problems (a) minimum motor command learning and
(b) passing through a point.

Source: (Peters and Schaal, 2008)
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Learning motor primitives with NAC
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(a) Performance. (b) Imitation learning. (c) Initial reproduction. (d) After reinforcement

learning.

Source: (Peters and Schaal, 2008)
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DONE!
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%% NOTES %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
\setbeameroption{hide notes} 

\usepackage{embedfile}
\IfFileExists{\jobname.nav}{\embedfile{\jobname.nav}}{}
% again, optional:
% just to keep things together
\embedfile{\jobname.tex}
%\embedfile{beamerthemeLausanne.sty}
%\embedfile{SplitShowIcon.png}
\newcommand{\emptynote}{\note{\mbox{}}}
\input{tutorial03}

% Doc: http://sourceforge.net/apps/mediawiki/skim-app/index.php?title=Tips_and_Tricks

% SKIM!! You need to open up the PDF of your presentation, as well as a second PDF of accompanying notes as the 'Synchronized Notes Document', containing exactly the same number of pages as the presentation. Then, in the presentation PDF, go to 'View' > 'Presentation Options', and in the dropdown for 'Synchronized Notes Document' you will see as an option the filename of the other PDF containing the notes for the presentation. Select that, then make sure you have the window of the presentation PDF on the 'public' monitor (eg a projector, as you would usually do) and the window of the notes document on your private monitor, such as your own laptop. Then simply put the PDF in presentation mode, and the notes PDF will scroll along as you change pages on the presentations PDF. 

