Delft University of Technology

Delft Center for Systems and Control

Technical report 04-020

Experience-based model predictive
control using reinforcement learnin&

R.R. Negenborn, B. De Schutter, M.A. Wiering, and
J. Hellendoorn

If you want to cite this report, please use the following reference instead:
R.R. Negenborn, B. De Schutter, M.A. Wiering, and J. Hellendoorn,
“Experience-based model predictive control using reinforcement learning,”
Proceedings of the 8th TRAIL Congress 2004 — A World of Transport, In-
frastructure and Logistics — CD-ROM, Rotterdam, The Netherlands, 18 pp.,
Nov. 2004.

Delft Center for Systems and Control
Delft University of Technology
Mekelweg 2, 2628 CD Delft

The Netherlands

phone: +31-15-278.51.19 (secretary)
fax: +31-15-278.66.79

URL: http://www.dcsc.tudelft.nl

*This report can also be downloaded via http://pub.deschutter.info/abs/04_020.html


http://www.dcsc.tudelft.nl
http://pub.deschutter.info/abs/04_020.html

Experience-based model predictive control
using reinforcement learning

TRAIL Research School, Delft, November 2004

Authors

Drs. R.R. Negenborn*, Dr. ir. B. De Schutter*,

Dr. M.A. Wiering™, Prof. dr. ir. J. Hellendoorn*

* Delft Center for Systems and Control, Delft University of Teology
* Institute of Information and Computing Sciences, Utrechiversity






Contents

Abstract

1 INEFOAUCLION .ot eeeen 1
2 Model Predictive Control .........cc.vvvieiiiiiiiii e 2
3 Markov DeCiSION PrOCESSES ......uuiviieeeeeeiiiieee e aiiiaeaaeaanns 5
4 MPC for Markov DeciSion ProCesses ..., 7
4.1 BasSIiC APProach . . ... e 7
4.2 Value-Function Approach.............iiiii it 8
5 MPC with Reinforcement Learning ..........cccoevvveiiiiiiinnnnennnns 11
5.1 Reinforcement Learning ..........oouviiiiiin i e eee e ieeeieeennnn 11
5.2 MPC with TDQ) Algorithm.........ooo e 12
5.3 13 o 8 E7] o 14
6 (@] Tk 1 o o 15
ACKNOW BAgMIENES .. 16

RO ONCES. ... 17






Abstract

Model predictive control (MPC) is becoming an increasingbpplar method to select
actions for controlling dynamic systems. Traditionally @®Bses a model of the system
to be controlled and a performance function to charactéhealesired behavior of the
system. The MPC agent finds actions over a finite horizon #ed the system into
a desired direction. A significant problem with conventioh#C is the amount of
computations required and suboptimality of chosen actions

In this paper we propose the use of MPC to control systemscHrabe described
as Markov decision processes. We discuss how a straiglafdrdPC algorithm for
Markov decision processes can be implemented, and how ibeamproved in terms
of speed and decision quality by considering value funstiowe propose the use of
reinforcement learning techniques to let the agent ina@ateoexperience from the in-
teraction with the system in its decision making. This eigrere speeds up the decision
making of the agent significantly. Also, it allows the agembase its decisions on an
infinite instead of finite horizon.

The proposed approach can be beneficial for any system thabeanodeled as
Markov decision process, including systems found in aligaddgistics, traffic control,
and vehicle automation.
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Markov decision process, model predictive control, reioéonent learning
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1 Introduction

Controlling Dynamic Systems In this paper we consider an agent that interacts with
a controllable dynamic system at some discrete, low-lexed scale. At each decision
step the agent observes the state of the system, and baded obdervation it chooses
an action to perform on the system. The agent decides whiabnas selected based
on a policy. The policy indicates what action the agent wélka in each state.

The goal of the control agent is to find a policy that maps staiections in such a
way that the system behaves in the best way possible. In td#ére agent to evaluate
how well the system is behaving, there typically is some kihgerformance function.
This function indicates how well it is to make a certain statéion-state transition. The
agent has to find a policy that chooses actions in states maweay that the overall
performance is maximized.

Model Predictive Control Over the last decades Model Predictive Control (MPC)
has become an important technology for finding policies éonplex, dynamic systems.
MPC is popular mainly due to its easy way of integrating crists on actions and
states in the control of a system.

MPC has found wide application in the process industry. R¢eviPC has also
started to be used in traffic control. Van den Berg et al. (2@@fhsider using MPC
for controlling mixed urban and freeway traffic, where thgeckive is to make traffic
in urban areas and on freeways smoothly interact with edodr ab such a way that
total time spent in the network is minimized. Bellemans e{2002) consider MPC
for control of ramp meter installations. Dunbar & Murray () use MPC in a dis-
tributed setting to control multiple vehicles that have twvel in a specific formation.
Hegyi (2004) considers using MPC to control different tafileasures at the same
time: ramp metering and variable speed limits, route guidaand ramp metering, and
ramp metering and main-stream metering.

As the name suggests, MPC is based on models that descriliehliagior of a
system. These models can be systems of difference or diffetequations, hybrid
models, or discrete-event models. In this paper we extemdpiplication of MPC to
systems that can be modeled as Markov decision processés;lass of discrete-event
models. We consider how MPC can be used for this kind of systend propose
an experience-based extension for improving on-line caatfmnal costs of the MPC
algorithm. This extension uses reinforcement learningddate the action selection
policy on-line. The approach allows for system models tangesgradually over time,
results in fewer computations than conventional MPC, andawgs decision quality
by making decisions over an longer horizon.

Outline This paper is organized as follows. We start with an intraidncto MPC in
Section 2. We then discuss modeling systems as Markov dagisocesses in Section
3. We propose how MPC can be applied to these kind of modeleatich 4. To
improve computational and decision making performance mpgse an extension to
the MPC method for Markov decision processes that is baseeiniorcement learning
in Section 5.
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2 Modd Predictive Control

MPC (Camacho & Bordons (1995); Gaaicet al. (1989); Maciejowski (2002)) uses a
model of the system and a model of the desired behavior tordete what actions to
take. The system model is used to make predictions of theviweta the system under
various actions. The agent tries to find a sequence of adti@®oth bring the system
in a desired state, and minimize negative effects of th@astilt considers a sequence
of actions that avoids that any constraints on system statastions are violated. By
looking further ahead, the agent can anticipate possibistcaint violations. In order
to find the appropriate sequence of actions, MPC technigaes access to a model
of desired behavior, in the form of a performance functiohe performance function
evaluates the preferability of being in a certain state @mgkérforming a certain action.
Using these ingredients, the agent’s task is to:

Determine a sequence of actions based on predictions usengystem
model, that maximize the performance of the system in terhteeode-
sired behavior model, while preventing violation of systma action con-
straints.

Thus, let us denote hy, the performance or reward that the agent obtains atkstey
ap, - - -, & the actions that the agent has to determine, and the expectancy operator
taking the stochastic nature of the system into accountn,Tlwe may write the task of
the agent as solving the optimization problem:

(o]

max E{ 3 . @

k=0

subject to the system model, the performance model, andreonts.

Basing actions on the predictions made by the system modetlintes the issues of
robustness and computational costs. MPC uses two prisdiplgéeal with these issues:
the rolling horizon, and the finite horizon.

Rolling Horizon The problem of robustness is due to the fact that models aez-in
ently inaccurate. A model is always an approximation of {y&tesm under considera-
tion. Predictions about the behavior of the system become mwed more inaccurate
when considered further in the future. MPC techniques usaliag horizon to in-
crease robustness. The rolling horizon principle consiEynchronizing the state of
the model with the state of the true system at every decisegm #\t every decision step
the MPC agent observes the state of the true system, uptiatesdel of the system and
tries to find the best sequence of actions given the updateimdypically the agent
only executes the first action of this sequence. It then @ksdhe system’s state again
and finds a new sequence of actions. Thus, the rolling hopzokiple implements (1)
as a sequence of optimization problems for each decisiprkgte

0

e B3 i) @

FiniteHorizon The increase of robustness comes at the price of increasegduta-
tional costs Due to the rolling horizon, the MPC agent has to find a seqeiehactions
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Figure 1: Example of Model Predictive Control.

at each decision step. This can be an intractable proceche® thie horizon over which
the agent has to find actions is infinite. Ideally the agensdmasider an infinite hori-
zon, since then the agent knows for sure that no constraiatgi@lated. However, in
practice considering an infinite horizon problem at eacp sgantractable for many
applications. Therefore, conventional MPC techniquesenthk horizon finite by us-
ing acontrol horizon aprediction horizonand aperformance-to-gpart. The control
horizon is the horizon over which the agent finds actions. piegliction horizon is
the horizon over which the agent predicts the autonomouavbehof the system. The
performance-to-go specifies the performance that the agkwibtain from the state at
the end of the prediction horizon. Typically both horizoms enuch shorter than infin-
ity, while the prediction horizon is larger than the controlizon. This is the case since
in particular when considering systems that have autonsrbehavior, actions are used
to steer the system in a certain direction after which it agn@omously evolve further.
By considering a prediction horizon that is larger than thetic horizon, the agent
can analyze where the system ends up after the agent hagezké@siactions over the
control horizon. The finite horizon principle rewrites (2} a

ko+Nc ko+Np
E +E v , 3
%mg%(mc [ { kZ@ I’k} {kkoZchLlrk} (Xko+Np+1)] ()

whereV is the performance-to-go function that indicates what tkgeeted sum of

future performance will be when in a certain state. In gdrtersifunction is not known

in advance. It may be assumed zero, approximated with a In@punction (Jadbabaie
et al. (1999)), or be learned from experience. We get badkisart Section 5.

Algorithm MPC is not one algorithm, but a class of algorithms that asetian the
earlier described principles. The details of the impleragons differ from each other
depending on the structure of the system and performancelsidd general, an agent
employing MPC to determine its actions performs the follogvsteps at each decision
stepk:

1. It rolls the horizon forward to the current decision st&pat is, it measures the
state of the true system and synchronizes its system modelting measure-
ment. It formulates the optimization problem of finding tleti@ns that give the
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best performance over the control horizon considering tlodugon of the sys-
tem model over the prediction horizon, subject to constsain system state and
actions. In Figure 1, the desired behavior is indicated bys#t points, the con-
trol horizon byNc, and the prediction horizon Qy,. The optimization problem
consists of finding the actions from stkgo k+ N, such that at the end of the
prediction horizon the system behawviois close to the desired behavior

2. It solves the formulated optimization problem, oftemgsgeneral solution tech-
niques (e.g., quadratic programming, sequential quadvedtgramming, ...), while
taking into account constraints on actions and states. dar€il, the computed
control inputsu are the actions found over the control horizon. After thetican
horizon the actions are assumed to be constant. Under tiiesee of actions,
the predicted outputgapproach the desired set points

3. Itimplements the actions found in the optimization pohae until the beginning
of the next decision step. Typically this means that only aogon is imple-
mented before the horizon is rolled forward to skep1l.

Discusson MPC has found wide success in many different applicatioraniy in
the process industry. Advantages lie in the fact that theadésgork handles input and
state constraints explicitly in a systematic way. This i® do the control problem
formulation being based on the system model which includescbnstraints. Also,
MPC agents can operate without intervention for long pexiddhis is due to the rolling
horizon principle, which makes that the agent looks ahegut@¢eent the system from
going in the wrong direction. Finally, MPC agents adaptlgdsinew contexts due to
the rolling horizon and require only few parameters to tune.

However, the use of MPC also has some disadvantages. Thmeizgtion problem
of finding the sequence of actions can be of large size. Inqodat, when the control
horizon over which actions are computed becomes largemuhger of variables of
which the agent has to find the optimal value increases quicklso, the resources
needed for computation and memory may be high, increasimg mioen the prediction
horizon increases. The amount of resources required atsgsgrith increasing system
complexity. Finally, the feasibility of the solution to tlewerall control problem of the
system is not guaranteed. Solutions to the problems carsidwer finite horizons do
not guarantee solutions to the problem over the infiniteZoori

Research in the past has addressed these issues, resultiogditions for feasibil-

ity and stability, using e.g. contracting constraints alasical stabilizing controllers
at the end of the horizon. Most of the research has focusedmpuatations carried out
by one agent. In Negenborn et al. (2004) we survey how abligad, multi-agent MPC
setting can reduce the computations of a single MPC agernthidrpaper we propose
the use of experience to decrease the computational casishprove decision making.
However, first we propose the use of MPC to the class of systieat€an be modeled
as Markov decision processes.
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3 Markov Decision Processes

As mentioned before, the MPC controller or agent has acoessrodel that describes
the behavior of the system under actions and a model thatides¢he performance of
the system and actions. Typically these models are systediffevence or differential
equations, hybrid models, or discrete-event models. Biseevent models are models
in which transitions from one state to another occur withetkecution or appearance of
a specific action. Here we look at one type of discrete-everttais: Markov decision
processeg¢Puterman (1994)).

Assumptions Markov decision processes satisfy thiarkov property which states
that the state evolution of the system only depends on thetai® and the last action
chosen. In other words, the transitions of the system areittonally independent
from actions and states encountered before the last deatp. To determine the next
action, an agent uses its policy, which maps states to actidp autonomous system
behavior is assumed. Thus, the system only reacts in resgortie action that the
agent performed. After the action is performed the systayssh the new state until
the next action occurs. The execution of each action inescah event that transitions
the system from one state to another.

We assume that the system evolves at discrete eventlstefis1,2,3,... At each
step the system is in one out of a finite set of possible skt = {x1,x%,...,xN1).

In each state € X there is a finite set of action’; that the agent can performy(=
{al,&?,...,aM}).

Typically Markov decision processes model stochasticesyst We assume that
the system evolves according to a system madedP(x'|x,a), whereP(X |x,a) denotes
the probability of the system transitioning from statéo statex’ after the agent has
performed actiora. The performance model is given by a functigrwherer (x,a,X’)
indicates the performance obtained by transitioning fréates to statex' under action

a.

Figure 2: Example of a Markov decision process.
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Graphical Representation Markov decision processes are intuitively represented as
directed graphs. Figure 2 shows an example of the grapleipedsentation of a Markov
decision process. The representation consists of nodearaad The nodes represent
the possible states; the arcs represent transitions betstates. Each arc corresponds
to an action and is labeled with the probability that underdglven action performed in
the state represented by the node at the beginning of théhareystem transitions to
the node represented by the node at the end of the arc. Thararatso labeled with
the performance, indicating the performance obtained whetransition is made.

Constraints Constraints on system states and actions can be incorpanatéatkov
decision processes by restricting the set of possiblesssaie by restricting the actions
that are possible from individual states. Constraints cao bé imposed by adjusting
the performance function with highly negative performafaceertain state-action-state
transitions. In that case the agent will try to avoid thosasitions as much as possible,
since it is not interested in highly negative performance.

Example Systems Systems that can be modeled as Markov decision processes can
be found in many fields. Markov decision processes have bged in ecology, eco-
nomics, communications engineering, and also in the aretaaffic control, logistics,
and transportation. The fields where Markov decision preeeare applicable are char-
acterized by uncertain state transitions and a necessigefyuential decision making.
Let us look at examples from logistics and traffic control.

In logistics, Markov decision processes have been usedjretge field of logistics
for airline meal planning (Goto et al. (2004)). At severatiden steps up to 3 hours
before an airplane departs, the meal planner observes how pemple will be flying
and what they will be eating in the plane. Depending on thatdjests the quantity of
allocated meal. In the last couple of hours before departbeeadjustments of meal
guantities are much higher and limited by the capacity olvdrethat has to deliver the
meals directly to the plane. In this example the states oMbagkov decision process
consist of number of meals already allocated and the nunfdevaked and stand-by
passengers. The actions in each state consist of choicastai many extra meals to
prepare or deliver. The direct performance for performingaation in a certain state
depends on the meal costs, the return meal penalty, the Vaerglecharge, and the
being late penalty. The transition probabilities of thetegsmodel give the likelihood
of changes in the number of people scheduled to fly with theepla

In traffic control Markov decision processes can be fourgl, & the traffic signal
control at a crossroad (Wiering (2000)). The state of theesgscan be the number
of cars standing in front of the traffic signals. Actions thi@ agent can perform (in
each state) consist of choosing traffic signal configuratiémlocal control context, the
direct performance that the agent obtains may dependpa.the average waiting time
for each car. The lower this waiting time is, the better thégrenance. The transition
probabilities of the system model depend on the number &f tteat during a green
signal period manage to leave the crossroad.

Further examples of the use of Markov decision processdsadtaqueuing net-
works, highway pavement repair, inventory control, knaggaroblems, network con-
trol, and robotic motion.



Experience-based model predictive control using reirgorent learning 7

4 MPC for Markov Decision Processes

In this section we propose the use of MPC for controlling nietleat can be modeled
as Markov decision processes. Thus, we assume that we areagsystem model and
a performance model as described in the previous sectiorcawaow implement the
principles of MPC to come up with an MPC strategy for contngjlsystems described
with such models. Recall that for finding a sequence of actiea®IPC approach relies
on control and prediction horizons that are rolling. Letasd at these elements.

4.1 Basic Approach

Rolling Horizon Similar to alternative approaches, the rolling horizomgiple is
easily included in the MPC for Markov decision processesliseoving at each decision
step the state of the true system and synchronizing the astitimat the agent has of the
state of the system with this.

FiniteHorizon Typically it is assumed that at the steps between the enckafdhtrol
horizon and the prediction horizon the action stays the safoevever, in our case the
set of possible actions might change per state and thisssibiLa reasonable approach.
Also, since we do not consider systems that have autononehavtor an action has to
be chosen in each state of the system, otherwise there istemsgvolution. Therefore
we conclude that the control horizon should equal the ptiedidorizon in MPC for
Markov decision processes.

Algorithm We now need to define the way in which the agent can find an optima
action sequences. The agent somehow has to use the systgmrorchance model to
find a sequence adfi; actions that gives the best performance over the contrdgdmor
From the graphical viewpoint of Markov decision procesbtésdomes down to finding
the path of\; steps that has the highest expected accumulated perfoemarstraight-
forward approach that achieves this simply considers akide paths consisting of
N¢ actions. It sums all the accumulated performance and gyessallt the sequence
with highest accumulated performance. The performana® is for now assumed

to be zero, as commonly done in MPC. These considerationsuke#al the following
straightforward algorithm for MPC for Markov decision pesses:

1. Roll the horizon to the current decision step by observirggdtate of the sys-
tem and define the optimization problem of finding the actiover the control
horizon that maximize the performance starting from thesoleed state.

2. Find all paths of lengtiN. and accumulate the expected performance. Deter-
mine the sequence of actions that leads to the path with gieeki accumulated
expected performance.

3. Implement the first action of this sequence and move orgtoéixt decision step.

Discusson The proposed MPC algorithm might suffer from the disadvgesadis-
cussed earlier for general MPC techniques. The amount opatational resources
required to consider all paths over a length of the contrakioa depends oN; and the
number of actions possible from each encountered statearticplar when there is a
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very large number of actions from each state, it may be imblasto consider all paths.
Also whether or not the system model or the performance madetieterministic or
stochastic has influence on the speed at which the paths ;amlated. Furthermore,
because of the limited horizon over which actions are camedl the resulting policy
may be suboptimal.

As a solution the control horizon might be chosen small, bigt tomes at the ex-
pense of larger sub-optimality. Alternatively we can mage af the performance-to-go
function, which we will from now on refer to aslue functionthat for each state gives
the accumulated future expected performance. Using tbemation from this function
the computations required at each decision step may decsegsgficantly.

4.2 Value-Function Approach

Value Functions Value functions give the expected accumulated future pedoce

for each stat&. Obviously the future performance depends on the actid@ntan the
future, and since the actions taken in the future are chogenpolicy, value functions
depend on policies. Theptimalvalue function gives for each state the highest possible
future performance from that state. This highest possilile€ performance is obtained
by following the actions that an optimal policy prescrib&se optimal value function

is obtained by solving:

o]

V* () = maxe{ k;Ork}, (@)

wherery is the performance received for the transition at decistep k. The opti-
mal value functiorV* has the most accurate estimates of the future performanze to
expected when in a certain state.

Assume that the optimal value function is known. From thepgieal viewpoint
of Markov decision processes, this means that we can lalbblmsade with the future
expected performance. In that case, when the system istastall the agent has
to do is consider the actiorssc A¢ possible in statex and find the action that gives
the best combination of directly obtainable performanaes mxpected accumulated
performance from the state where the system will end up er aftecution of actioa.
This quantity is called th€ value for the(x,a) pair. The agent uses the performance
model to determine the direct performance gain for chooaimgction and the system
model to determine the successor state. The agent has td@rattion that gives the
highestQ value, i.e.,

a = arg max| 5 P(X|x,a) (r(4,a,x) +V*(X))|. (5)

Thus, when the optimal value function is known, instead ofstderingN. steps, the
procedure that the agent has to perform at each decisioneslepes to a single one-
step optimization procedure, i.e. the control horizon IneesN. = 1. Moreover, since
we assumed an optimal value function, the chosen actionspdiraal over the infinite
horizon.

The problem is that in general neither optimal policies naiiroal value functions
for the control of dynamic systems are known in advance. Tthesquestion is how
the value function can be computed. Since we are considgraigfinite-horizon case,
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the agent cannot simply compute the value function, sincanhot explicitly sum the
performance over an infinite horizon. So instead it has to@pmate the value function
in some way. One way of approximating the value function isubg of adiscount
factor. This discount factor makes that the infinite sum of perforoes converges. We
can employ dynamic-programming methods to find the valuetion in this case.

Dynamic Programming Dynamic-programming (Bellman (1957)) methods approx-
imate the value function when discount factors are used.erG& policy, dynamic-
programming methods compute the value function as:

V() = E{kivk—‘%rk} ©

wherey € (0,1) is the discount factor. The closgris chosen to 1, the more long-
term performance expectations are taken into account. iBeeuht factor makes that
performance received earlier is more important than perémice obtained further in
the future. We can rewrite the value function as:

V(%) = E{kiovkk"rk}

= E{r+ Vior1+ Vligra+---}
= E{ro+ W (Xg+1)}

r(xko,a,x’)+yZP(x’]xko,a)V(x’) , (7)

X

- Ph (%, @)

ac xko

wherePq(x,a) is the probability that the policy assigns to choosing actdn state
X. Equation (7) is called th8ellmanequation form of the value function. Bellman
equations relate value functions recursively to themselve

Methods that find the optimal value function treat the vahfdke optimal values of
the states as unknowns. In that case a system of Bellman exqsi&bir all states forms
a system of equations whose unique solution is the optimakvanction (Sutton &
Barto (1998)).

Algorithm  With the value function we can define an MPC algorithm for Meark
decision processes as follows:

1. Apply the rolling horizon principle by updating the stastimate with a mea-
surement of the state.

2. Compute the value function given the latest system model.

3. Formulate the optimization problem over a control hamiod N. = 1 of finding
the action that brings the state of the system into the stéte ighest value.
Solve the optimization problem.

4. Implement the found action and move on to the next decsien.
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Discusson Computing the optimal value function at each decision stépascom-
putationally expensive. Computing the optimal value funttffline before the agent
starts controlling the system (e.g., as in Bemporad et a0dp0deduces on-line com-
putations, but has as disadvantage that the system camyabwer time. The system
should be time invariant. As mentioned before, models dnerently inaccurate. In
MPC, typically deterministic models are assumed. In thaecasodeled transition
probabilities and true transition probabilities will nadrapletely match. Also, these
probabilities might change over time; some transitionshirgt even have been mod-
eled at all. Although the rolling horizon provides some rstipess, structural changes
in parameters of the system model, e.g., transition prdibabj or changes in the per-
formance model are not anticipated. Instead, we may upldateaiue function on-line
using experience from the interaction between the agentladrue system. In the
following section we propose the use of reinforcement legrtio update the value
function on-line.
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5 MPC with Reinforcement Learning

5.1 Reinforcement Learning

Since there is uncertainty in the system and performancehnwd do not want to com-
pute the value function once at the beginning. On the othed h&e also do not want to
compute it at every decision step because this takes too coenmgutations. We propose
to combine the MPC for Markov decision processes introdeeetier with learning the
value function on-line using reinforcement learning (8nt& Barto (1998); Kaelbling
et al. (1996); Wiering (1999)). In reinforcement learning have a stochastic system
of which we do not know the transition probabilities and tieefprmance of taking ac-
tions in individual states. Since an agent wants to find ecpdahat gives the maximal
cumulative expected future performance, it has to intendttt the system, which im-
plicitly contains the system model of which the agent reggiinformation to determine
the optimal value function.

In reinforcement learning experience is built up over timstead of assumed avail-
able ina priori knowledge. The experience is based on the performanceatiahs that
give information about how well a certain action was in a @erstate of the system.
The experience is also based on the state transitions of¢ens under actions taken.
In reinforcement learning the value function is approxiasaby keeping track of the
performance obtained at each decision step considerirgytem state, performed ac-
tion, and resulting system state. At each decision step @hee\function of the last
decision step is updated with the experience built up overlest decision step. This
experience, that is, the obtained performance indicatiohstate observation, are sam-
ples of the value function that the agent wants to acquirehparformance obtained
by executing a certain action in a certain state leading tbhean state gives some infor-
mation about the true value function. By obtaining suffidgmany of these samples
the agent may accurately estimate the true value function.

Temporal-DifferenceLearning One of the methods that computes the value function
without knowledge about the system or reward model usingosesrof interaction is
Temporal-Difference (TD) learning (Sutton (1988)). TDreiag uses current value
estimates of successive states to update the value of thentgtate. Implicitly the
assumption of time continuity is made: states visited insda@e interval predict about
the same outcome.

TD methods try to minimize the difference between valuenestes of successive
decision steps, explicitly using value estimates of sugigesstates. For this, the TD
method TD(0) uses only the current performance indicatiot the estimate of the
value of the next state. TD(0) updates the value of a state as:

V(%) =V (%) + 0x (Fe+ W (Xt1) =V (X)), (8)

whereay, is a learning rate, and the tem=ry+ W (%1) —V (X) is defined as the
TD(0)-error, which gives the error in the current valuerastie of statey. The learning
rate is used to be able to make the estimated value functiorecge by letting it decay
over time when more experience has been built up.

The variance in the TD-errors gives an indication of the uiadety in the value
estimates. We may use this to determine when experiencedfisiestly trustworthy.
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The variances of the value estimate assigned with statés computed as:

o (%) = (rk+ W (Xes1) =V (%)), (9)

TD(A) with Eligibility Traces TD(A) learning generalizes TD(0) learning in that the
A parameter allows performance and value estimates furtha@y & the future to be
taken into account as well. The factor is a real number in the intervil, 1], which
weighs performance and value estimates further in thedutMponentially less. With
probability 1 value estimates converge to the true valuesifoA, when each state is
visited by infinitely many times and the learning rate dirairés to zero. To compute
the TD@ )-errors we need to know the TD(0)-errors of all future stefpsr an infinite
horizon it is impossible to know these. Instead, we incre@aignupdate the value
estimates as new TD(0)-errors become available usingodiigitraces (Barto et al.
(1983)). Eligibility traces indicate how much a state igydlie to learn from a new
TD(0)-error. How much this is depends anthe recency of the state appearance, and
the frequency of the state appearance. It can be shown thapthate of the value of a
state using a performance indication received a numbeepgsh the future is

AV (x) = a(x)edk(x), (10)

wherely(x) represents the accumulating eligibility trace ¥pwhich can recursively be
implemented as:

lk+-1(X) = Aylk(X) if X # X (11)
i1 (¥) = AV()+1 ifxe=x. (12)

Instead of using accumulating eligibility traces, we magoalisereplacing tracesin
which case the eligibility for a state is simply reset to 1 witds encountered, instead
of incremented by 1.

52 MPC with TD(A) Algorithm

We now combine the MPC for Markov decision processes witiniag the value func-
tion. In the beginning the agent has no experience to relsort should not rely on
its value function. Instead the agent should fully rely anMPC decisions. Later on
it gains more experience and the decisions that it can madedban the value function
it learned will become more trustworthy. In the extreme c#se agent has gained so
much experience with the system that it should fully rely ko éxperience.

Competitive Approach As a first approach to combine MPC with learning we could
consider a competitive situation between the MPC and thaileg part of the agent.
These two parts could compete over which of them gets to makel¢cision about
which action the agent takes. In the beginning, the learparg will have a difficult
time competing with the MPC part, since it has no experietned aith controlling the
system. Over time though the learning part does get moreiexped and at some point
the learning part might propose actions to take that aretithn those suggested by the
MPC part. At that point the agent can either switch to conghyatising the experience-
based decisions and not using the MPC part anymore, or ittceach decision step
decide on which of the two to rely on. It may decide on whichhaf two it should rely
by keeping track of the quality of earlier actions proposgdhe two.
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Collaborative Approach Alternatively, instead of seeing the decision making as a
competition between the two parts we can see it as a collaboraetween the parts.
The MPC part provides basic robustness and decision makigtioe relatively short
term, while the learning part provides experience and detisiaking over the long
term.

The agent may gradually incorporate the experience builbupe value function
in its decision making. In the beginning it should still netyrtoo much on the learned
value function since it has not gathered much experiende thé system yet. The un-
certainty in the value estimates, that is, in the estimatébeoexpected accumulated
future performance is high. Over time the agents builds uperegperience, resulting
in value estimates with higher accuracy. In that case thatagfeould use its experi-
ence in its decision making. In the algorithm we propose tiexiagent uses accurate
value estimates to decrease the control horizon over whiell domputes paths, thus
speeding up decision making, while increasing decisiotityua

In our first algorithm for Markov decision processes (on pAgiae agent computed
the accumulated performance for each path over the cordradn of lengthN.. We
then ignored the value (or, performance-to-go) of the tewgyfinal path state. Now
however we can incorporate the value function that is begagned in this process.
When the agent is considering a certain path of leigtth can at each step in that path
consider the value of the state associated with the ste@irptth. If the uncertainty in
the value of that state is low, then the agent can stop comsidne rest of the path and
instead take the given value as estimate of the obtainahleefaccumulated perfor-
mance. We can do this since the value of that state indida¢esxpected accumulated
future performance starting from that state.

The outline of the algorithm we propose is as follows:

1. The agent rolls the horizon of the last step forward to threant stefk, measuring
the current state of the system.

2. The MPC part of the agent considers each path of leNgtktarting from the
measured state. It finds the path of state-action-rewatésgk, a, r,x') that gives
the maximal accumulated performance over the control bori¥Vhile consider-
ing the paths, the agent may encounter a state that has aesilomate associated
with it with uncertainty below some threshold. This estienatdicates the ex-
pected accumulated future performance from that state msyand thus the
MPC part can use that value as indication for the expectednagiated future
performance. It need not consider any further steps on ttat p

3. The learning part of the agent incorporates (th@, r,x') samples generated by
the MPC part of the agent. The samples generated by the MR@neapredic-
tions about the behavior of the system and predictions abbat is optimal to
do considering the control horizon. The learning part usesa samples as ideal-
ized experience. It incorporates all generated perforemardications in its value
function, thereby decreasing the uncertainty in the vallibe learning part will
incorporate the predicted samples from the starting stetteet state of which the
value is used of the path that has maximal total performamdate that since
the agent uses a value estimate only when the uncertaintyisrbelow some
threshold, it does not matter how the values are initialized
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4. The agent implements the first action in the sequencerdeted and moves on
to the next decision step.

5.3 Discussion

The described algorithm has some attractive featurest dfiedl, once the value func-
tion is computed with high enough accuracy, the computatipintensive MPC opti-
mizations over the full control horizon using the system padormance model can be
reduced to an optimization over one step using the systenehawdl value function.
Besides that, in the second phase of operation, the decitieragent makes are based
on an infinite horizon, since the values of the states reptése expected accumulated
performance over the full future. This makes the actionsehaloser to optimal.

Also, the approach allows for the system and desired petonoa to change over
time. In particular when we consider systems that have alietgne this is an advan-
tage. The performance model can be updated at each dedispwih some identi-
fication method. The MPC agent will then generate samplegyubese new rewards,
and the learning part will incorporate these samples anvdiadjust to the new perfor-
mance. The system model may also change over time and besdpatatach decision
step. The transition probabilities can change over tinge, due to aging. By monitor-
ing the actual transition from a state to another under aice#ction, a system model
can be learned. This model will adapt to changing systemvbehd he MPC part can
use this model learned to compute its paths. The problenatdlitle value function is
implicitly based on the system model. However since TD mestan not need a system
model they will adjust to the new situation.

Finally, the proposed approach still acknowledges the tcaimés in the original
model. Moreover, if constraints are violated, the reindonent learning part might
obtain a highly negative feedback. This will learn the agbat in the future it should
avoid the same situation.



Experience-based model predictive control using reirgorent learning 15

6 Conclusion

In this paper we have considered model predictive controMarkov decision pro-
cesses. We have proposed a straightforward algorithm ésetkind of models. How-
ever, this algorithm might suffer from too high computaabrequirements and subop-
timality. As a first solution to this we have considered the akvalue functions. Once
value functions are known well, the computational requeata reduce to an MPC
problem with a control horizon of only length one. At the sam®e, the decisions are
based on infinite-horizon information. The problem is timegéneral the value function
is not known well enougla priori. In this paper we have considered the use of ex-
perience to incrementally learn the value function oveetirdsing the reinforcement
learning method called TQ ) learning the agent can incorporate experience built up
through interaction with the system it has to control. Irsthvay it will over time get a
sufficiently good estimate of the values of states. Oncesitiuit up enough experience
the agent can fully rely on it, thus reducing the computaticequired to do the MPC
for Markov decision processes without learning. Additilcadvantages of the proposed
approach lie in the fact that the agent will adapt to changysjem characteristics or
performance characteristics. The parameters of the pesioce function or system un-
der control may slowly change over time. Since the agent oatirwiously incorporate
newly gained experience, it will adapt to these changes.

We close with some remarks and future research directionthid paper we have
considered TIDA ) learning for finite Markov decision processes. To deal witihtdi-
mensional continuous action and state spaces we can uselassubf reinforcement
learning methods called actor-critic methods (Sutton & 84t998)). We also remark
that in this paper we have silently assumed that we can siereaiue function in a ta-
ble. In this way we have an explicit representation of theediinction. Sometimes we
may not be able to make an explicit representation and mag/tkavse function approx-
imators to make an implicit representation of the value fiomc Note that MPC may
still be combined fruitfully with reinforcement learninging function approximators
(Sutton & Barto (1998)). Future research directions corisionsidering alternative
ways to decide when the agent has gained enough experiesegéttt from relying
on the MPC decisions to the decisions learned. Furthernesgeeriments need to be
implemented to further investigate and show the potenti#hi® proposed experience-
based MPC for Markov decision processes.
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