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Abstract

This article develop®robabilistic Hybrid Action Models (PHAMS), a realistic causal model
for predicting the behavior generated by modern percepedirobot plans. PHAMS represent
aspects of robot behavior that cannot be represented byatiist models used in Al planning: the
temporal structure of continuous control processes, timirdeterministic effects, several modes
of their interferences, and the achievement of triggermggitions in closed-loop robot plans.

The main contributions of this article are: (@HAMS, a model of concurrent percept-driven
behavior, its formalization, and proofs that the model gates probably, qualitatively accurate
predictions; and (2) a resource-ef cientinference metfaweHAMS based on sampling projections
from probabilistic action models and state descriptionse 8hlow howPHAMS can be applied
to planning the course of action of an autonomous robot otoarier based on analytical and
experimental results.

1. Introduction

Most autonomous robots are equipped with restricted, iatdlel, and inaccurate sensors and effec-
tors and operate in complex and dynamic environments. Aesstal approach to deal with the
resulting uncertainty is the use of controllers that piiéscthe robots' behavior in terms abn-
current reactive plans (CRPs}- plans that specify how the robots are to react to sensomt inp
in order to accomplish their jobs reliably (e.g., McDermdt®92a; Beetz, 1999). Reactive plans
are successfully used to produce situation speci ¢ bematwodetect problems and recover from
them automatically, and to recognize and exploit oppotiemi(Beetz et al., 2001). These kinds
of behaviors are particularly important for autonomousoislihat have only uncertain information
about the world, act in dynamically changing environmeats] are to accomplish complex tasks
ef ciently.

Besides reliability and exibility, foresight is anothemportant capability of competent au-
tonomous robots (McDermott, 1992a). Temporal projectiba,computational process of predict-
ing what will happen when a robot executes its plan, is egddat the robots to plan their intended
courses of action successfully. To be able to project thaing robots must have causal models
that represent the effects of their actions. Most robotactilanners use representations that in-
clude discrete action models and plans that de ne partid¢ia on actions. Therefore, they cannot
automatically generate, reason about, and revise modantive plans. This has two important
drawbacks. First, the planners cannot accurately predidtdiagnose the behavior generated by
their plans because they abstract away from important &spéceactive plans. Second, the plan-
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ners cannot exploit the control structures provided bytreaplan languages to make plans more
exible and reliable.

In this article we developpHAM S (Probabilistic Hybrid Action Models), action models that
have the expressiveness for the accurate prediction ofvlmehgenerated by concurrent reactive
plans. To the best of our knowledgeHAmMs are the only action representation used in action
planning that provides programmers with means for desuiltihe interference of simultaneous,
concurrent effects, probabilistic state and action moassvell as exogenous evenesiAMS have
been successfully applied by an autonomous robot of ceieoand a museum tour-guide robot to
make predictions of full-size robot plans during the exerubf these plans (Beetz, 2001).

This article makes several important contributions to tteaaf decision-theoretic robot action
planning. First, we describeHAMS, formal action models that allow for the prediction of the
gualitative behavior generated by concurrent reactivagpl&econd, we show homHAMS can be
implemented in a resource ef cient way such that predidibased orPHAMS can be performed
by robots while executing their plans. Third, we apply thanpprojection method to probabilistic
prediction-based schedule debugging and analyze it indhtext of a robot of ce courier (Beetz,
2001).

Before starting with the technical part of the article we Vddike to make several remarks. In
this article we restrict ourselves to navigation actiond arodel them exactly as they are imple-
mented in one of the most successful autonomous robot nengsystems (Burgard et al., 2000).
The reason is that we want to close the gap between actionlsnaskx in Al planning systems and
the control programs that are used by autonomous robot$arwmthavior they produce. The control
programs that we model have proven themselves to achigableslhigh performance navigation
behavior. In the Minerva experiment, they controlled thegetion in a crowded museum for more
than 93 hours. During their execution, the navigation plzange been revised by a planning module
about 3200 times without causing any deadlocks betweeragiteg, concurrent control processes
(Beetz, 2002a; Beetz et al., 2001). In robot of ce courigpeniments, we have applied plan revision
methods that enabled the robot to plan ahead for about 15#28es. We consider this to be a time
scale suf cient for improving the robot's performance thgh planning. However, the performance
gains that can in principle be achieved through navigatiamrpng are often small compared to
those that can be achieved by planning manipulation tasks.

Although we use navigation as our only example, the same lmgdechniques apply to other
mechanisms of autonomous robots, such as vision (Beetz, €t98i8), communication (Beetz &
Peters, 1998), and manipulation (Beetz, 2000) equally.wEHe reasons that we do not cover
these kinds of actions in this article are that they requilditional reasoning capabilities and at the
moment these models can only be validated with respect w simulations. The additional robot
capabilities that would have to be modeled include symbougding/object recognition (Beetz,
2000), changing states of objects, and more thorough moéléie belief states of robots (Schmitt
et al., 2002). Addressing these issues is well beyond theesobthis article.

In the remainder of the article we introduce the basic cotuadigation underlyingPHAMS and
describe two realizations of them: one for studying themnfal properties and another one tar-
geted at their ef cient implementation. We also show hemams are employed in the context of
transformational robot planning.

The article is organized as follows. Section 2 describesyelay activity as our primary class
of application problems. We introduce concurrent reagtilas (CRPs) as means for producing
characteristic patterns of everyday activity and ident@&ghnical problems in the prediction of the
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physical robot behavior that CRPs generate. Section 3 iespleow the execution of CRPs and
the physical and computational effects of plan executiam lwa modeled usingHAMS. PHAMS
describe the behavior of the robot as a sequence of contadsnehere in each mode the continuous
behavior is speci ed by a control law. Mode transitions aiggered by the controlled system
satisfying speci ed mode transition conditions. We thetraduce a set of predicates that we use
to represent our conceptualization formally. Section 4 amscribe two different approaches to
predicting the behavior produced by concurrent reactiem®lin the context oPHAMS. In the
rst one the behavior is approximated by discretizing tim&ia sequence of clock ticks that can
be made arbitrarily dense. This model is used to derive fbpraperties for the projection of
concurrent reactive plans. The second approach, desdnb®8dction 5, describes a much more
ef cient approach to the projection of CRPs. In this apptoaaly those time ticks are explicitly
considered and represented where discrete events may é¢@lirother time instances the system
state can be inferred through interpolation using the obtdmvs of the respective modes. This is
the projection mechanism that is used at execution time amdbthe robots. We show how this
implementation ofPHAMS is employed for prediction-based tour scheduling for armamous
robot of ce courier. We conclude with an evaluation and acdssion of related work.

2. Structured Reactive Controllers and the Projection of Dévery Tour Plans

Plan-based robot control has been successfully applieasks such as the control of space probes
(Muscettola et al., 1998b), disaster management and #aneg (Doherty et al., 2000), and the
control of mobile robots for of ce delivery (Simmons et &1997; Beetz et al., 2001) and tourguide
scenarios (Alami et al., 2000; Thrun et al., 2000). A classsks that has received little attention is
the plan-based robot control for everyday activity in hurtieing and working environments, tasks
that people are usually very good at.

To get a better intuition of the activity patterns to be proehliin everyday activity, let us con-
sider the chores of a hypothetical household robot. Holdattwres entail complex routine jobs
such as cooking dinner, cleaning the kitchen, loading tlse @iasher, etc. The routine jobs are
typically performed in parallel. A household robot mightddo clean up the living room while the
soup is cooking on the stove. While cleaning up, the phonéntmigg and the robot has to inter-
rupt cleaning in order to go and answer the phone. After lgpeompleted the telephone call the
robot has to continue cleaning right where it stopped. Tthgsrobot's activity must be concurrent,
percept-driven, interruptible, exible, and robust, ahdequires foresight.

The fact that people manage and execute their daily taskstieffly suggests, in our view,
that the nature of everyday activity should permit agentsike assumptions that simplify the
computational tasks required for competent activity. Asddall (1996) puts it, everyday life must
provide us with some loopholes, structures and constrthiatsnake activity tractable.

We believe that in many applications of robotic agents that@perform everyday activities, the
following assumptions are valid and allow us to simplify twenputational problems of controlling
a robot competently:

1. Robotic agents are familiar with the activities for dgtisy individual tasks and the situations
that typically occur while performing them. They carry ouegyday activities over and over
again and are confronted with the same kinds of situationsyrtimmes. As a consequence,
conducting individual everyday activities can be learmedf experience and is simple in the
sense that it does not require a lot of plan generation frashprinciples.
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2. Appropriate plans for satisfying multiple, possiblydrfering, tasks can be determined in a
greedy manner. The robot can rst determine a default plafopming the individual tasks
concurrently with some additional ordering constraintetigh simple and fast heuristic plan
combination methods. The robot can then avoid the remainiegferences between its sub-
activities by predicting and forestalling them.

3. Robotic agents can monitor the execution of their adgtiwinnd thereby detect situations in
which their intended course of action might fail to produlce tlesired effects. If such situa-
tions are detected, the robots can adapt their intendedeodiaction to the speci c situations
they encounter, if necessary based on foresight.

In our previous research we have proposed Structured Red@tintrollers $¢RCs) as a compu-
tational model for the plan-based control of everyday #gtivsrRcs are collections of concurrent
reactive control routines that adapt themselves to chgmgmeumstances during their execution by
means of planningsrcs are based upon the following computational principles:

1. srRcCs are equipped with a library of plan schemata for routinkstés common situations.
These plan schemata are — for now — provided by programmelrsiesigned to have high
expected utility at the cost of not having to deal with all cewable problems. We know
from our Al courses that plans that check the tailpipes etiemg before starting a car have
typically lower expected utility than the ones that do natahthem, even though having no
bananas stuck in the tailpipe is a necessary preconditiostdating a car successfully.

The robustness, exibility, and reactivity of plan schemé achieved by implementing them
asconcurrent percept-driveplans — even at the highest level of abstraction. The plans em
ploy control structures including conditionals, loopspgmam variables, processes, and sub-
routines. They also make use of high-level constructs rfimpés, monitors) to synchronize
parallel actions and make plans reactive and robust by fiocating sensing and monitor-
ing actions and reactions triggered by observed eventsls@baub-plans are represented
explicitly as annotations such that planning algorithms cder the purpose of sub-plans
automatically.

2. SRCs have fast heuristic methods for putting plans togethen froutine activities. They are
able to predict problems that are likely to occur and revisgrtcourse of action to avoid
them. Predictive plan debugging requires #rec to reason through, and predict the effects
of, highly conditional and exible plans — the subject ofsharticle.

3. SRCs perform execution time plan management. They run prosekagé monitor the beliefs
of the robot and are triggered by certain belief changessélpeocesses revise plans while
they are executed.

Structured reactive controllers work as follows. When gieset of requests, structured re-
active controllers retrieve routine plans for individuafjuests and execute the plans concurrently.
These routine plans are general and exible — they work fandard situations and when exe-
cuted concurrently with other routine plans. Routine plears cope well with partly unknown and
changing environments, run concurrently, handle intés;ugnd control robots without assistance
over extended periods. For standard situations, the eracoitthese routine plans causes the robot
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to exhibit an appropriate behavior in achieving their pgwgoWhile they execute routine plans,
the robot controllers also try to determine whether theutires might interfere with each other
and watch out for exceptional situations. If they encoumetareptional situations they will try to
anticipate and forestall behavior aws by predicting howittroutine plans might work in this kind
of situation. If necessary, they revise their routines tkentlnem robust for the respective kinds
of situations. Finally, they integrate the proposed revisismoothly into their ongoing course of
actions.

2.1 Plan-based Control for a Robot Of ce Courier

Before we describe our approach to predicting concurrertepe-driven robot behavior we rst
give a comprehensive example of a plan-based robot of ceiepperforming a delivery tour and
exhibiting aspects of everyday activity. The descriptibthe example includes the presentation of
key plan schemata used by the robot, a sketch of the heupisticcombination method, the pre-
diction of behavior aws, and the revision of delivery plarhis example run has been performed
with the mobile roboRHINO acting as a robot of ce courier (Beetz, 2001; Beetz, Bentev&
Grosskreutz, 1999).

2.1.1 RANS AND PLAN SCHEMATA OF THE ROBOT COURIER

The robot courier is equipped with a library of plan schenfatats standard tasks including de-
livering items, picking up items, and navigating from oneqd to another. The presentation of the
plans and plan schemata proceeds bottom up. We start witbwhievel plans for navigation and
end with the comprehensive object delivery plans.

A low-level navigation plan speci es how the robot is to nga&ie from one location in its en-
vironment, typically its current position, to another oiits, destination. Figure 1 depicts such a
low-level navigation plan for going from a location in room1A7 to the location 5 in room A-111.
The plan consists of two components: a sequence of inteateetiirget points (the locations in-
dexed by the numbers 1 to 5 in Figure 1) to be sequentiallyeddiy the robot and a speci cation
of when and how the robot is to adapt its travel modes as ivallthe navigation path. In many
environments it is advantageous to adapt the travel modetsurroundings: to drive carefully (and
therefore slowly) within of ces because of ces are clutdr to switch off the sonars when driving
through doorways (to avoid sonar crosstalk), and to drivekdpiin the hallways. The second part
of the plan is depicted through regions with different tegtufor the different travel modes “of ce”,
“hallway,” and “doorway.” Whenever the robot crosses thartaries between regions it adapts the
parameterization of the navigation system. Thus, lowlleaeigation plans start and terminate nav-
igation processes and change the parameterization of thgatian system through control mode
switches §ET-NAVIGATION -MODE) and adding and deleting intermediate target pomtsE-TO).

We specify reactive plans iRpPL (McDermott, 1991; Beetz & McDermott, 1992), a plan lan-
guage that provides high-level control structures for gpeg concurrent, event-driven robot be-
havior. The pseudo code in Figure 2 sketches the initial gfafte plan depicted in Figure 1. The
plan for leaving an of ce consists of two concurrent subAslaone for following the (initial part of
the) prescribed path and one for adapting the travel mode.s&€bond sub-plan adapts the naviga-
tion mode of the robot dynamically. Initially, the navigaiimode is set to “of ce”. Upon entering
and leaving the doorway the navigation mode is adapted. Tdre ysesfluents, conditions that
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Legend
doorway travelmodse

of ce travelmode

hallway travelmode

Navigation Plan
waypoint | waypoint coordinates
1 [230Q 800
2 [230Q 900
3 [1P0Q 11001
4 [1R0Q 120071
5 [1r5Q 14001

Graphical representation of a navigation plamolagical navigation plan for navigating
from room A-117 to A-111 with regions indicating differemavel modes and small black
circles indicating additional navigation path constraint

are updated asynchronously based on new sensor readingsntd-tan triggerwhenever ) and
terminate ait for ) plan steps.

execute concu rrently

execute-in-order
MOVE-TO (1); wait for (go-to-completed?);
MOVE-TO (2); wait for (go-to-completed?);
with local uents distance-to-doorway

Figure 2:

« fluent-network (| &y (3 Xgw; Yaw L)
entering-dw?-fl — distance-to-doorway < 1m
entering-hw?-fl — distance-to-doorway > 1m

execute-in-order
SET-NAVIGATION -MODE(of ce); wait for (entering-dw?-fl);
SET-NAVIGATION -MODE(doorway);wait for (entering-hw?-fl);
SET-NAVIGATION -MODE(hallway)

The plan sketches the speci cation of a navigagimtess for leaving an of ce. The two
components following the prescribed path and adaptingréweltmode are implemented
as concurrent sub-plans. The second component uses a aienéasure the distance
to the center of the doorway and two dependent uents thatadithe robot's entering
and leaving the doorway. Initially, the travel mode is setdbce”. Upon entering and
leaving the doorway the travel mode is adapted.

The low-level navigation plan instances are used by hitghert navigation plans that make the
navigation processes exible, robust, and embeddable gotecurrent task contexts. The higher-
level plans generate the low-level plans based on the whwdp of its environmeniGENERATE
NAV-PLAN). A slightly simpli ed version of this high-level plan isdted below.
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highlevel-plan ACHIEVE (loc(rhino; Xty [))
1 with cleanup routine ABORT-NAVIGATION -PROCESS
do with valve wheels
do loop

2
3
4 try in parallel

5 wait for navigation-interrupted?

6 with local vars NAV-PLAN — GENERATENAV-PLAN(c,d)
7 do swap-plan (NAV-PLAN,NAV-STEP)

8 named subplan NAV-STEP

9 do DUMMY

10 until 1IS-CLOSE?([X} y [

We explain the plan going from the inner parts, which geretia¢ robot behavior, to the outer
ones, which modify the behavior. Lines 6 to 8 make the naiMigatlan independent of its starting
position and thereby more general: given a destinatipthe plan piece computes a low-level
navigation plan from the robot's current locatianto d using the map of the environment and
executes it (Beetz & McDermott, 1996).

In order to run navigation plans in less constrained taskeot® we must prevent other —
concurrent — routines from directing the robot to differémtations while the navigation plan
is executed. We accomplish this by using semaphores orésglwhich can be requested and
released. Any plan asking the robot to move or stand stiltmeggiest the valverheels perform its
actions only after it has receivatgheels and releasevheelsafter it is done. This is accomplished
by the statementith valve in line 2.

In many cases processes with higher priorities must movedbet urgently. In this case,
blocked valves are simply pre-empted. To make our piéerruptible, robust against such inter-
rupts, the plan has to do two things. First, it has to deteamih gets interrupted and second,
it has to handle such interrupts appropriately. This is dopa loop that generates and executes
navigation plans for the navigation task until the robottist@destination. We make the routine
cognizant of interrupts by using the uentvigation-interrupted?. Interrupts are handled by ter-
minating the current iteration of the loop and starting th&tnteration, in which a new navigation
plan starting from the robot's new position is generated exetuted. Thus, the lines 3-5 make the
plan interruptible.

To make the navigation plamansparentwe name the routine plascHIEVE (loc(rhino,xlyD)
and thereby enable the planning system to infer the purpiabe sub-plan syntactically. Interrupt-
ible and embeddable plans can be used in task contexts witlehpriority concurrent sub-plans.
For instance, a monitoring plan used by our controller est@® the opening angles of doors when-
ever the robot passes one. Another monitoring plan locatize robot actively whenever it has lost
track of its position.

To facilitate online rescheduling we have modularized ttang with respect to the locations
where sub-plans are to be executed usingathecation plan schema. That location [XIy[p plan
schema speci es that plamis to be performed at locatiolxly[L1Here is a simpli ed version of the
plan schema foat location .
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named subplan N;
do at location  [xty [phy
with valve wheels
do with local vars DONE? — FALSE
do loop
try in parallel
wait for Task-Interrupted?(N;)
sequentially
do NAVIGATE-ToOXty []
p
DONE? — TRUE
until DONE? = TRUE

The plan schema accomplishes the performance ofp&rocationxjy[ by navigating to the
location Xy [, berforming sub-plap, and signalling thap has been completed (the inner sequence).
Thewith valve statement obtains the semaphatgeelshat must be owned by any process changing
the location of the robot. The loop makes the executiop aff (X]y[Hobust against interrupts from
higher priority processes. Finally, themed sub-plan statement gives the sub-plan a symbolic name
that can be used for addressing the sub-plan for schedulimpges and in plan revisions. Using
the atlocation plan schema, a plan for delivering an objedrom locationp to locationd can be
roughly speci ed as a plan that carries @itkup(o)at locationp andput-down(o)at locationd with
the additional constraint tha@ickup(o)is to be carried out beforputdown(o) If every sub-plarmp
that is to be performed at a particular locatiohas the format location XlyCp, then a scheduler
can traverse the plan recursively and collectdhecation sub-plans and install additional ordering
constraints on these sub-plans to maximize the plan's ¢éxgedility.

To allow for smooth integration of revisions into ongoindneduled activities, we designed the
plans such that each sub-plan keeps a record of its exeattatgand, if started anew, skips those
parts of the plan that no longer have to be executed (Beetz Révimott, 1996). We made the plans
for single deliveries restartable by equipping the ptamith a variable storing the execution state
of pthat is used as a guard to determine whether or not a substarbe executed. The variable
has three possible valueto-be-acquireddenoting that the object must still be acquirdoded
denoting that the object is loaded; atelivereddenoting that the delivery is completed. The plan
schema for the delivery of a single object consists of twdyfamdependent plan steps: the pick-up
and the put-down step.

if EXECUTION-STATE(p;to-be-acquiredl
then AT-LOCATION L  PICK-UP(0)
if EXECUTION-STATE(p; loaded

then AT-LOCATION D  PUT-DOWN(0)

2.1.2 (ENERATING DEFAULT DELIVERY PLANS

The heuristic plan generator for delivery tours is simptansgerts the pick-up and put-down sub-
plans of all delivery requests into the overall plan and metees an appropriate order on the
at location sub-plans. The ordering is determined by a heuristic thdbpas a simple topological

806



PrROBABILISTIC HYBRID ACTION MODELS

sort on the sub-plans based on the locations where the ank-pre to be executed. The heuris-
tic considers additional constraints such as executing-gicsteps always before the respective
put-down plan-steps.

2.1.3 MREDICTION-BASED PLAN DEBUGGING BY THE ROBOT OFFICE COURIER

Let us now contemplate a speci ¢ scenario in which the rolhaeccourier RHINO performs an of-
ce delivery that requires the prediction and forestallinfgplan failures at execution time. Consider
the following situation in the environment pictured in FiguB. A robot of ce courier is to deliver
a letter in a yellow envelope from room A-111 to A-11&h(d-) and another letter for which the
envelope’s color is unknown from A-113 to A-126n(d-2. The robot has already tried to accom-
plish cmd-2but because it has recognized room A-113 as closed (usingnigee sensors) it revises
its intended course of action into achieviagnd-2opportunistically. That is, if it later detects that
A-113 is open it will interrupt its current activity and retgider its intended course of action under
the premise that the steps for accomplishingd-2are executable.

To perform its tasks quickly the robot schedules the picland delivery actions to minimize
execution time and assure that letters are picked up bdfesedre delivered. To ensure that the
schedules will work, the robot has to take into account hew\tn state and the world changes as it
carries out the scheduled activities. Aspects of stataghibaobot has to consider when scheduling
its activities are the locations of the letters. Constesori the state variables that schedules have to
satisfy are that they only ask the robot to pick up letters &in@a currently at the robot's location and
that the robot does not carry two letters in envelopes wigstime color.

(58) (DONE GOTO (1000.0 1600.0))
(58) (DO LOAD-LETTER Yy-letter)
(62) (ACTIVATE GOTO (2300.0 600.0))

! _ m
- <> (2) (ACTIVATE GOTO (1000.0 1600.0))
A-1 =

oL

. m e .
(136) (DONE GOTO (2300.0 600.0))
(136) (DO UNLOAD-LETTER y-letter)

Figure 3: A possible projected execution scenario for tliglrplan. The opportunity of loading
the letter of the unknown color is ignored.

Suppose our robot is standing in front of room A-117. Thedfdliate of the robot contains
probabilities for the colors of letters on the desk in A-1T3e robot also has received some evi-
dence that A-113 has been opened in the meantime. Ther&ddyelief state assigns probabiliy
for the valuetrue of random variabl®pen-A113.
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This update of the belief state requires the robot to reatalits options for accomplishing
its jobs with respect to its changed belief state. Executmgurrent plan without modi cations
might yield mix ups because the robot might carry two letiarenvelopes with the same color.
The different options are: (1) to skip the opportunity, (@)ask immediately for the letter from
A-113 to be put into an envelope that is not yellow (to excloide ups when taking the opportunity
later); (3) to constrain later parts of the schedule suchrtbdwo yellow letters will be carried even
when the letter in A-113 turns out to be yellow; and (4) to kpi&gking up the letter in A-113 as an
opportunistic sub-plan. Which option the robot should td&pends on its belief state with respect
to the states of doors and locations of letters. To nd outalibéchedules will probably work, in
particular, which ones might result in mixing up letterse tobot must apply a model of the world
dynamics to the state variables.

With respect to this belief state, different scenarios argsile. The rst one, in which A-113
is closed, is pictured in Figure 3. Points on the trajectorepresent predicted events. The events
without labels are actions in which the robot changes itslimga(on an approximated trajectory) or
events representing sensor updates generated by pagsvwegsprocesses. For example, a passive
sensor update event is generated when the robot passes drdtdos scenario no intervention by
prediction-based debugging is necessary and no aw is piege

A-111 A-113 A-111 A-113

(95) (DONE GOTO (1000.0 1600.0)) (102) GOTO (1000.0 1600.0)) o (1 1
(95) (DO LOAD-LETTER Y-LETTER) (102) LOAD-LETTER Y-LETTER) gg; ngg L(SSTDE'% gsg.)o»
(95) (FAILURE SAME-COLOR LETTER) (103) GOTO (1100.0 400.0)) (31) GOTO (1000.0 1600.0))
(33) (DONE GOTO (1850.0 1350.0)) = 1 - —T
(33) (DO LOAD-LETTER OPP) 2) (ACTIVATE GOTO (1000.0 1600.0
— (34) (ACTIVATE GOTO (1000.0 1600.0)) l (I)_l( . ¢ ' U I|]
- d—'_l d]_l J—'_'

(174) (DONE GOTO (1100.0 400.0))
(174) UNLOAD-LETTER OPP)

(12) (RECOGNIZE LOAD-LETTER/OPP)

(13) (ACTIVATE GOTD (1850.0 1450.0))

(175) GOTO (2300.0 600.0))
T = cA

ﬂ (ACTIVATE GOTO (1/00.0 1600.0))
[

— i 1
(11) (RECOGNIZE LOAD-LETTER OPP)
(12) (ACTIVATE GOTO (1850.0 1350.0))

= i /e e I =1

(248) (DONE GOTO (23004 600.0))
(248) (DO UNLOAD-LETYER Y-LETTER)

A-120 A-117™

(b)

Figure 4: Two possible predicted scenarios for the oppdstineing taken. In scenario (a) the letter
turns out to have the same color as the one that is to be lodidedards. Therefore, the
second loading fails. In scenario (b) the letter turns outaee a different color than the
one that is to be loaded afterwards. Therefore, the secauting succeeds.

In the scenarios in which of ce A-113 is open the controleprojected to recognize the oppor-
tunity and to reschedule its enabled plan steps as desatfima! The resulting schedule asks the
robot to enter A-113 rst, and pickup the letter fomd-2 then enter A-111 and pick up the letter
for cmd-1, then deliver the letter foomd-2in A-120, and the last one in A-117. This category of
scenarios can be further divided into two categories. Inrstesub-category shown in Figure 4(a)
the letter to be picked up is yellow. Performing the pickupstiivould result in the robot carrying

1. Another category of scenarios is characterized by A-EL®iming open after the robot has left A-111. This may also
result in an execution failure if the letter loaded in A-1%3/ellow, but is not discussed here any further.
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A-111 A-113

D[ (39) (DONE GOTO (1850.0 1450.0))
(39) (DO LOAD-LETTER NIL)
(70) (ACTIVATE GOTO (1100.0 400.0))

(200) (DONE GOTO (1000.0 1600.0)) ’L T 9 T[]
(

(202) (DO LOAD-LETTER Y-LETTER) 2) (ACTIVATE GOTO
(211) (ACTIVATE GOTO (2300.0 600.0)) ) ( (1850.0 1450.0))

| mmpa %ﬁ

sl nll. nl.yll .y

F— (19) (USE OPPORTUNITY] {0
I E‘I 1 —/ / I —m
[m] [ (263) (DONE GOTO (2300.0 600.0))

(147) (DONE GOTO (1100.0 400| (263) (DO UNLOAD-LETTER Y)

(162) (DO UNLOAD-LETTER OP/= .
(178) (ACTIVATE GOTO (1000.0 1600.0)) ! E
A-117

A-120

Figure 5: Projected scenario for a plan suggested by thedelamgger. The letter with the unknown
color is picked up and also delivered rst. This plan is dditess ef cient but avoids the
risk of not being able to load the second letter.

two yellow letters and therefore an execution failure isiaited. In the second sub-category shown
in Figure 4(b) the letter has a different color and theretbeerobot is projected to succeed by tak-
ing the same course of action for all these scenarios. Natetlle possible aw is introduced by
the reactive rescheduling because the rescheduler doesmsitler how the state of the robot will
change in the course of action, in particular that a state meagaused in which the robot is to carry
two letters with the same color.

In this case, the plan-based controller will probably dietiee aw if it is likely with respect to
the robot's belief state. This enables the debugger to titdhe aw, for instance, by introducing
an additional ordering constraint, or by sending an ematliticreases the probability that the letter
will be put into a particular envelope. These are the remisides introduced in the last section.
Figure 5 shows a projection of a plan that has been reviseditiyna the ordering constraint that
the letter for A-120 is delivered before entering A-111.

Figure 6(a) shows the event trace generated by the inittal phdexecutedwith the RHINO
control system (Thrun et al., 1998) for the critical scemavithout prediction based schedule de-
bugging; Figure 6(b) shows the one with the debugger addiegatiditional ordering constraint.
This scenario shows that reasoning about the future execatiplans enables the robot to improve
its behavior.

In this article, we describe the probabilistic models ofcte® robot behavior that are neces-
sary to predict scenarios such as the one described abotleefpurpose of prediction-based plan
debugging.

2.2 The Projection of Low-level Navigation Plans

Now that we know what the robot plans look like we can turn ®dlestion of how to predict the
effects of executing a delivery plan. The input data for amjection are the probabilistic beliefs
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A-111 A-113

21:12:31 ARRIVED AT (1000.0 16001 0) 21:10:13 ARRIVED AT (1850.0 1450.0)
21:13:06 LOADING BLUE LETTER 21:10:37 LOADING BLUE LETTER
’ 21:13:06 GOING TO (2300.0 600.0) 21:10:37 GOING TO (1100.0 400.0)
. ﬁ M H 21:09:38 GOIQG TO (1850.0 1450. O)
) — — [l

21:09:50 INSTALL NEW SCHERULE
L TO AVOID
ARRYIN AME LOR
I'I /:I ¢ GS oLo|

21:11:24 ARRIVED AT (1100.0 400.0)
21:11:59 UNLOADING BLUE LETTER
21:11:59 GOING TO (1000.0 1600.0)

A-120 A-117

21:14:26 ARRIVED AT (2300.0 600.0)
21:14:58 UNLOADING BLUE LETTER

Figure 6: The trajectory without prediction-based planigien (Sub- gure (a)) fails because the
courier did not foresee the possible complications wittding the second letter. Sub-
gure (b) shows a trajectory where the possible aw is foedlgtd by the planning mech-
anism.

of the robot with respect to the current state of the worldppbilistic models of exogenous events
that are assumed to be Poisson distributed, probabilisitefs of low-level plans, and probabilistic
rules for guessing missing pieces of information. The oubbthe projection process is a sequence
of dated events along with the estimated state at the timaaif event.

Plan projection is identical to plan execution with two exdens. First, whenever the plan
projector interprets aait for or whenever it records the corresponding uents as active triggering
conditions. This way, the plan projection mechanism caaraatically generate percepts when con-
tinuous control processes or exogenous events make tigering conditions true. For example,
when the navigation plan is waiting for the robot to entertihway the plan projector probabilisti-
cally guesses when the robot motion causes the respedétigering condition to become true. For
this time instant, the plan projector generates a sensait ieyent with the corresponding sensor
reading.

Plan projection also differs from plan interpretation imttivhenever the robot interacts with
the real world, the projected robot must interact with thenkglic representations of the world.
The places where this happens are the low-level plans. Hstisad of executing a low-level plan
the projector guesses the results of executing these ptahasserts their effects in the form of
propositions to the timeline. There are three kinds of ¢ffétat are generated by the interpretation
of low-level plans: (1) physical changes, such as the robahging its position, (2) the low-level
plan changing the dynamical state of the robot, such as tleetdin the robot is heading to, and
(3) computational effects, such as changing the valuesogfrpm variables or signalling the success
and failure of control routines. Thus the model of a low-lepian used for plan projection is a
probability distribution over the sequence of events thaenerates and the delays between the
subsequent events.

Thinking procedurally, the plan projector works as follovsiteratively infers the occurrence
of the next event until the given plan is completely intetpde The next event can either be the next
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event that the low-level plan generates if the computatistze of the controller does not change,
or a sensor input event if an active triggering conditionredicted to become true, or an exogenous
event if one is predicted to occur. The next predicted ewetita earliest of these events.

We will now consider a particular instance of low-level @arnhe low-level navigation plans
used in the example of the previous section. Navigation igyadction of autonomous mobile
robots. While predicting the path that a robot will take iniscessary to predietherethe robot
will be, which is a prerequisite for predictinghatthe robot will be able to perceive. For example,
whether the robot will perceive that a door is open dependhemobot taking a path that passes
by the door, executing the door angle estimation routindenpassing the door and the door being
within sensor range. Passing the door is perceived baseldeomlbot's position estimate and the
environment map. Consequently, if the robot executes agtgmonly if a door is open, then in the
end the execution of this plan step depends on the actuatipatiobot will take. This implies that
an action planning process must be capable of predictingdlextory accurately enough to predict
the global course of action correctly.

Navigation actions are representative for a large subggtydical robot actions: they are move-
ments controlled by motors. Physical movements have a nuofligpical characteristics. First,
they are often inaccurate and unreliable. Second, theyecearstinuous (and sometimes discon-
tinuous) change of the respective part of the robot's stdteird, the interference of concurrent
movements can often be described as the superposition ofdivelual movements.

To discuss the issues raised by the projection of concureawtive plans, we sketch a delivery
tour plan that speci es how a robot is to deliver mail to thems A-113, A-111, and A-120 in
Figure 1 (Beetz, 2001). The mail for room A-120 has to be éeéd by 10:30 (a strict deadline).
Initially, the planner asks the robot to perform the deiiesrin the order A-113, A-111, and A-
120. As the room A-113 is closed the corresponding delivannot be completed. Therefore, the
planning system revises the overall plan such that the ristiotaccomplish the delivery for A-113
as an opportunity. In other words, the robot will interrugstdurrent delivery to deliver the mail to
A-113 (see Figure 7) if the delivery can be completed.

with policy as long as in-hallway?
whenever passing-a-door?
ESTIMATE-DOOR-ANGLE()
with policy seq wait for open?(A-113)
o DELIVER-MAIL -TO(DIETER)
1. Go-To(A-111)
2. GO-TO(A-120) before 10:30

Figure 7. Delivery tour plan with a concurrent monitoringpgess triggered by the continuous ef-
fects of a navigation plan (passing a door) and an oppottargtep. This concurrent
reactive plans serve as an example for discussing the ezgeirts that the causal models
must satisfy.

The plan contains constraining sub-plans such as “whetiegepbot passes a door it estimates
the opening angle of the door using its laser range ndersf apportunities such as “complete
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the delivery to room A-113 as soon as you learn the of ce isndp&hese sub-plans are triggered
or completed by the continuous effects of the navigatiomgla=or example, the event passing a
door occurs when the robot traverses a rectangular regifsoribof the door. We call these events
endogenous events

A-111 -113
end(low-level-nav-plan(...))

L leaving D

L { doorway e I | DD

: A leaving H
. hallway |

entering e leaving

doorway o =
..... Q.Q........
entering

[

_ entering

=l | doorway
begin(low-level-nav-plan(...JJ ]

Figure 8: Visualization of a projected execution scenaiitie following types of events are de-
picted by speci c symbols: change travel mode event by rhaseb, start/stop passing
doorway by small circles, start/stop low-level navigatian by double circles, and en-
tering doorway/hallway by boxes.

Figure 8 shows a projected execution scenario for a lowtlea@gation plan embedded in the
plan depicted in Figure 7. The behavior generated by lowteavigation plans is modeled as
a sequence of events that either cause qualitative behavamges (e.g. adaptations of the travel
mode) or trigger conditions that the plan is reacting to.(ergering the hallway or passing a door).
The events depicted by rhomboids denote events where theel&iges the direction and the target
velocity of the robot. The squares denote the events egtand leaving of ces. The small circles
denote the eventstarting and nishing passing a dogrwhich are predicted because a concurrent
monitoring process estimates the opening angles of debits the robot is passing them.

Such projected execution scenarios have been used focpoedbased debugging of delivery
tours of an autonomous robot of ce courier. Beetz et al. @9%ave shown that a controller em-
ploying predictive plan scheduling using the causal modelscribed in this article can perform
better than it possibly could without predictive capatatt(see also Section 6.1).
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2.3 Peculiarities of Projecting Concurrent Reactive Plans

There are several peculiarities in the projection of coranirreactive plans that we want to point
out here.

Continuous Change. Concurrent reactive plans activate and deactivate cophatesses and
thereby cause continuous change of states such as thesrposition. Continuous change must
be represented explicitly because CRPs employ sensinggses that continually measure relevant
states (for example, the robot's position) and promptlhgtéaconditions caused by the continuous
effects (for example, entering an of ce).

Reactive Control ProcessesBecause of the reactive nature of robot plans, the everth#va to
be predicted for a continuous navigation process dependmpton the process itself but also on
the monitoring processes that are simultaneously actigleaait for conditions that the continuous
effects of the navigation process might cause. Supposelizd controller is running a monitoring
process that stops the robot as soon as it passes an opendibis.case the planner must predict
“robot passes door” events for each door the robot passésgdarcontinuous navigation action.
These events then trigger a sensing action that estimatedothr angle, and if the predicted per-
cept is an “open door detected” then the navigation proceseactivated. Other discrete events
that might have to be predicted based on the continuoustgiéaavigation include entering and
leaving a room, having come within one meter of the destimatgtc.

Interference between continuous effects-or the control processes that set voltages for the robot's
motors, the possible modes of interference between conmtoockesses are limited. If they generate
signals for the same motors the combined effects are detedhily the so-callethsk arbitration
scheméArkin, 1998). The most common task arbitration schemeg¢lgreehavior blending (where
the motor signal is a weighted sum of the current input sign@fonolige, Myers, Ruspini, &
Saf otti, 1997); (2) prioritized control signals (wheredamotor signal is the signal of the process
with the highest priority) (Brooks, 1986); and (3) exclusiof concurrent control signals through
the use of semaphores. In our plans, we exclude multiple@osignals to the same motors but
they can be easily incorporated in the prediction mechani3inus the only remaining type of
interference is the superposition of movements such asmtuthe camera while moving.
Uncertainty. There are various kinds of uncertainty and non-determimfstine robot's actions that
a causal model should represent. It is often necessary tifgeprobability distribution over the
average speed and the displacements of points on the pahalite models to predict the range of
spatio-temporal behavior that a navigation plan can gémernother important issue is to model
probability distributions over the occurrence of exogeneuents. In most dynamic environments
exogenous events such as opening and closing doors migint atcany time.

3. Modeling Reactive Control Processes and Continuous Chge

Let us now conceptualize the behavior generated by modbot ptans and the interaction between
behavior and the interpretation of reactive plans. We baseanceptualization on the vocabulary
of hybrid systemsHybrid systems have been developed to design, implemeaahtyerify embedded
systems, collections of computer programs that interattt @ach other and an analog environment
(Alur, Henzinger, & Wong-Toi, 1997; Alur, Henzinger, & H0926).

The advantage of a hybrid system based conceptualizatienstate-based ones is that hybrid
systems are designed to represent concurrent processemsifering continuous effects. They
also allow for discrete changes in process parametengatibich we need to model the activation,
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deactivation, and reparameterization of control proce#is®ugh reactive plans. In addition, hy-
brid system based conceptualizations can model the progetieaning ofvait for andwhenever
statements.

As pictured in Figure 9, we consider the robot and its opegaginvironment as two interact-
ing processes: the environment including the robot haredwanhich is also called the controlled
process, and the concurrent reactive plan, which is theabng process. The state of the envi-
ronment is represented by state variables including thiahlasx andy, the robot's real position
anddoor-anglg representing the opening angle of doofhe robot controller uses uents to store
the robot's measurements of these state varialtdmt-x robot-y, door-al2Q etc.). The uents
are continually updated by the self-localization processamodel-based estimator for estimating
the opening angles of doors. The control inputs of the plathe environment process is a vector
that includes théravel modethe parameterization of the navigation processes andithent target
point to be reached by the robot.

Environment

| State Variables:
DOOR-
| X Y  ANGLE
Control Inputs Exogenous Events Sensing Process
- Travel Mode going-for-lunch(person) - self localization
- Target Point - door angle estimation

A

Concurrent Reactive Plan

robot-x
Delivery Plan
from Figure 1 robot-y
door-i

Figure 9: The gure shows our conceptualization of the exiecuof navigation plans. The relevant
state variables are the x and y coordinates of the robotiiposind opening angles of the
doors. The uents that estimate these state variablesolia-x robot-y, anddoor-a120

3.1 A Hybrid System Model for Reactive Robot Behavior

We will now model the controlled process as a hybrid systethur(at al., 1997, 1996). Hybrid
systems are continuous variable, continuous time systeithsanphased operation. Within each
phase, calledontrol mode the system evolves continuously according to the dyndnfega of

that mode, callecontinuous ow Thus the state of the hybrid system can be thought of as a
pair — the control mode and the continuous state. The contaale identi es a ow, and the
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continuous ow identi es a position in it. Also associatedtiveach control mode are so-called
jump conditions specifying the conditions that the discrete state and dméirtuous state together
must satisfy to enable a transition to another control mdtie.transitions can cause abrupt changes
of the discrete as well as the continuous state. jlihg relationspeci es the valid settings of the
system variables that might occur during a jump. Then, timinext transition, the continuous state
evolves according to the ow identi ed by the new control nmead

When considering the interpretation of concurrent reagblans as a hybrid system the control
mode is determined by the set of active control processethairgharameterization. The continuous
state is characterized by the system variableg, and o that represent the robot's position and
orientation. The continuous ow describes how these stat@tles change as a result of the active
control processes. This change is represented by the campuwelocitiesx, y, ando. Thus for
each control mode the robot's velocity is constant. Lineew conditions are suf cient because
the robot's paths can be approximated accurately enougty ymilylines (Beetz & Grosskreutz,
1998). They are also computationally much easier and fasteandle. The jump conditions are the
conditions that are monitored by constraining control peses which activate and deactivate other
control processes.

Thus the interpretation of a navigation plan according ® hkbrid systems model works as
follows. The hybrid system starts at some initial stafien; Xo[1The state trajectory evolves with
the control mode remaining constant and the continuoug sta&volving according to the ow
condition ofcm. When the (estimated) continuous state satis es the ttiansiondition of an edge
from modecm to a modecm®™a jump must be made to mode; where the mode might be chosen
probabilistically. During the jump the continuous stateyrgat initialized to a new valug® The
new state is the paitm"x¥J1The continuous state“evolves according to the ow condition of
cm®

The construction of the hybrid system for a given concurpgan is straightforward. We start
at the current plan execution state. For every concurrdivieastatement of the forwait for cond
andwhenever condwe addcondas a jump condition to the current control mode. In additian w
have one additional jump condition for the completion of pifen step.

Figure 10 depicts the interpretation of the rst part of thevigation plan shown in Figure 2.
The interpretation is represented as a tree where the negessent the control modes of the cor-
responding hybrid system and the node labels the continaeusThe edges are the control mode
transitions labeled with the jump conditions. The robottstaxecuting the plan in room A-117.
The initial control mode of the hybrid system is the root af giate tree depicted in Figure 10. The
initial state represents the state of computation wherergheontrol processes of the two parallel
branches are active, that is the processes for going to tieriadiate target poirit and maintain-
ing the “of ce mode” as the robot's travel mode. The ow sped that while the robot is in the
initial control mode the absolute value of the derivativeha robot's position is a function of the
robot's navigation mode (of ce, doorway, or hallway) andthext intermediate target point. The
hybrid system makes a transition into one of the subseqtegeissvhen either the rst target pointis
reached or when the distance to the doorway becomes leserikaneter. The transition condition
for the upper edge is that the robot has come suf ciently eltissthe doorway, for the lower edge
that it has reached the rst target point. For the lower edbe,hybrid system goes into the state
where the robot goes to the target pdwvhile still keeping the of ce mode as its current travel
mode. In the other transition the robot changes its travalero doorway and keeps approaching
the rst target point. The only variables that are changedugh the control mode transitions are
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y = fy(hallway; 2300 80001

63 dis([Xy Ddur¥awD)> 100

[control mode: cm

control mode: cm
x = f1(hallway; [Z30Q 80001

x = fy(doorway [230Q 800011
y = fo(doorway [230Q 8000

en: X:WOO

control mode: cm
x = f1(doorway, [230Q 9000

eq .
! y = f»(doorway, [230Q 90001

control mode: cm
X0=2400, y%=600
x = f(of ce; [230Q 8000
y = f,(of ce; [(230Q 8000

control mode: cm
ez X =2308yk 800 x = f1(of ce; 1I20Q 110001
= f,(of ce; [1R0Q 11001

es: x = M
control mode: cm
x = f(of ce; [230Q 90001
y = fo(of ce; [230Q 90001
eg . dist(xty |I|< 100

control mode: crg
x = fi(doorway, [230Q 900011

y = fy(doorway, [230Q 90001

Figure 10: The gure shows the hybrid automaton for the iptetation of the navigation plan in
Figure 2. The possible control modes with the continuous eguations are depicted
as nodes and the mode transitions as edges. The edges &d laide jump conditions:
entering doorwayd;, e;), leaving doorway €3), reaching rst waypoint €, e;), and
reaching second waypoirds().

the velocity of the robot and its orientation. Both settiage implied by the ow condition of the
respective successor states.

There is one issue that we have not yet addressed in our doatiggtion: uncertainty. We
model uncertainty with respect to the continuous effects the achievement of jump conditions
using multiple alternative successor modes with varyinggscand jump conditions. We associate
a probability of occurrence with each mode transition. Mg we can, for example, represent
rotational inaccuracies of navigation actions that arécgidor mobile robots.
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3.2 Representation of the Hybrid System Model

Let us now formalize our hybrid system conceptualizatiomgis logical notation. To do so, we
are going to use the following predicates to describe thdudwa of the system stategump-
Condition(cm,e,g) jumpSuccessor(e,cm’,probRang@)mpRelation(cm’,vals,flows ), and prob-
Range(e,max)jumpCondition(cm,e,adepresents modem being left along edge when condition

¢ becomes true jumpSuccessor(e,cm’,probRang#s nes the non-deterministic successor states
cm' and the probabilityProbRangewith which they are entered if the system makes a transition
alonge. jumpRelation(cm'yvals,flows ) de nes the initial values of the state variables and the ow
conditions upon entering staten’. A jump e causes the automaton to transit probabilistically into
a successor mode.

For each possible successor we de ne a probability rggigbRange For reasons that are ex-
plained below we represent the probability ranges suchttiegtare non-overlapping, their relative
sizes are proportional to the probability they represdm §um of the ranges is 1) and that their
boundaries have the forg!,k wherei andn are integers. The predlcawobRange((Q,“) de nes the
sum of the ranges. A possible transition with a probabibiyge %, 2n] is represented gampSuc-
cessor(e,cm',[i,j]) The predicatgumpRelation(cmyals; flows ) means that upon entering control
modecm' the system variables and ows are initialized as speci edvals andflows .

Using the predicates introduced above, we can state a plisbalhybrid automaton (Figure 10)
for the interpretation of our navigation plan using thedwling facts.

jumpRelation(cry, [2400,600, 11} (of ce; (2300 800D] f » (of ce; [230Q 8000 1)

jumpCondition(cry, e, dist( X} y G1Xkw ; Yaw DI< 100
jumpCondition(cm,e,x = 2300 [y 800)

jumpSuccessor{ecmy,[1,1])
probRange(g 1)

jumpRelation(cm, CILIE} (doorway; [(230Q 8000 f » (doorway; [(230Q 8000 1)1
jumpRelation(cm, LILIE} (of ce; [230Q 90003 f » (of ce; [230Q 9000 1)1

The robot starts at positiof240Q 600Cin control modecmy in which the robot leaves the
lower of ce on the right. In this control mode the robot moweith [} (of ce; [230Q 8000
f»(of ce; (2B30Q 800011 The navigation system leaves control mame, when coming close to
the door (distxty [IXlw; Yaw DI< 100 by performing the transitioe;. If the system performs
the transitione; then the control ow changes because the low-level navigagilan switches into
the navigation moddoorway In our example, this transition is deterministic.

To account for uncertainty in control we make these tramsitiprobabilistically. Thus we can
substitute the control modemy, by multiple control modes, sagm’ and cm{Pwhere the control
ows of the modes are sampled from a probability distribaotiéVe can then state for example that
with a probability of 75% %) the system transits into control mode'and with 25% %) into the
modecm by de ning the effects of the transitiogy as follows:

jumpCondition(crg, ey, dist( Xt y GIXlw ; Yaw Dd< 100
jumpSuccessor{ecm;’[1,12])
jumpSuccessor{ecm’),[13,16])

probRange(g 16)
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To represent the state of a hybrid automaton we use the ptedicode(cmpandstartTime(cm,t)
to represent that the current control modensand thatcm started at timé. We useow( ow) and
valuesAt(j,val;j) to assert the ows and values of system variables for giveretpoints. Further,
the values of system variables can be inferred for arbitiiarg points through interpolation on the
basis of the current ow and the last instancesaluesAt(j,val;). This is done using the predicate
stateVarsVals

stateVarVals¢als) = valuesAt(p,valsg) [now(t)
[(flaw ( ow) [vals = valsy + (t —tg) ow

wherenow(t)speci es that is the current time. Note, in this conceptualization we egpnt the dis-
crete state changes explicitly and the states within a meuig the mode's initial state and its ow.
A particular state within a mode can be derived on demandyubiea predicatstateVarVals Inter-
ferences between different movements of the robot issuédferent control threads are modeled
through the mode's ow.

Figure 11 depicts an execution scenario, a possible evalati the hybrid system representing
how the execution of a robot controller might go. An exeausoenario is a consistent set of jumps
and values from the hybrid model over time. From this we caraekevent histories that can be
used to simulate plan execution and look for aws.

An execution scenario consists dfimeling a linear sequence of events and their results. Time-
lines represent the effects of plan execution in termsnoé instantsoccasions andco-occurring
events This implies that several events can occur at the same tistarit but only one of them,
the primary one, changes the state of the woFithe instantsare points in time at which the world
changes due to an action of the robot or an exogenous eveoh tize instant has datewhich
holds the time on the global clock at which the time instartuoed. Anoccasionis a stretch of
time over which a world state holds and is speci ed by a proposition, which descriPegand the
time interval for which the proposition is true.

We deal with other kinds of uncertainty by representing owdel using McDermott's rule
language for probabilistic, totally-ordered temporaljpetion (McDermott, 1994). Using this lan-
guage we can represent Poisson distributed exogenousseyeabability distributions over the
current world state, and probabilistic sensor and actiodetsoin a way that is consistent with our
model presented so far.

3.3 Discussion of the Model

Let us now discuss how our hybrid system model addressesdhes raised in Section 2.3. There
are two inference tasks concerning the issue of continubaage caused by concurrent reactive
plans that are supported by our model. The rst one is infigrthe state at a particular time instant.
For example, if the projection mechanism predicts the oetiwe of an exogenous event, such as an
object falling out of the robot's gripper, then the projectimechanism has to infer where the robot
is at this time instant to assert the position of the objerdélling down. This can be done using
the initial state and the ow condition of the active controbde. The second important inference
task is the prediction of control mode jumps caused by théimaous effects of low-level plans,
such as the robot entering the hallway. This can be infers@thuthe jump conditions of the active
control mode in addition to the initial state and the ow cdrah.
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( modle(cm ) ( moge(cm
( initialValugs@#00,600>) ) (initiaIVaIues(cr
( startTing@cm ) ( startTing(cm
[ floy(OficeoHREO-EDE),900>)>) ) [ floy(Off...

( valuesAt(t3,<2360,859>)

S I N I Y

clocks}yick(t clocljtick(t clocks}yick(t clockytick(t cloclkytick(t clockytick(t

jumpfe

Figure 11: Part of a timeline that represents a projectedugian scenario for a low-level naviga-
tion plan. Time instants are depicted as circles, evente@angles, and occasions as
rectangles with round corners.

The second issue that we have raised in Section 2.3 is theepoadof the robot's reactions to
instantaneous events, such as dropping an object. Typieateactive plan for carrying an object
contains sub-plans that ask the robot to stop and pick updjeetoagain as soon as the sensed force
in the gripper drops. These kinds of reactions are handlechbgking all active jump conditions
immediately after an instantaneous event has occurred.

The third issue in projecting concurrent reactive plansésihterference between simultaneous
continuous effects. In our model, interference is moddigdescribing the effects of control mode
jumps on the ow condition of the subsequent control modee Prhogrammer must specify rules
describing the physics of the domain for specifying the cendition of the next mode. Thus, when
a sub-plan for moving the robot's arm is started while theotab moving, then the rule describing
the effects of the corresponding control mode jump asskesdw condition specifying that the
world coordinates of the gripper are determined by the grisition at the mode jump and the
transposition of the two motions in the successor mode.

Our last issue is that of uncertainty. One aspect of uncaytdahat our model supports are
inaccuracies in the physical behavior of the robot. Thisdslatled by specifying probability distri-
butions over the successor modes when a control mode jumpsod®ther aspects of uncertainty
including probabilistic sensor models, uncertainty oftansaneous physical effects, uncertainty
about the state of the world, and Poisson distributed exagervents are handled by the rule lan-
guage that we describe in the next section. In particulawviNgive examples of exogenous events
and passive sensors in Section 5.3 and a detailed prolighitiedel of a complex sensing action in
Section 5.4.
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Our approach does not explicitly reason about the beliéé stle assume that the belief state is
computed by probabilistic state estimators (Thrun et @002. Such state estimators not only return
the most likely state but also infer additional propertiéthe belief state such as its ambiguity and
the expected accuracy of its global maximum. The plan-besetioller interrupts delivery tours as
soon as the position estimate is ambiguous or too inaccutsmils of this mechanism as well as
motivations for it can be found in the work of Beetz, Burgdfdx, and Cremers (1998).

4. Probabilistic, Totally-Ordered Temporal Projection

In the last section we have seen how hybrid systems and éxe@gdenarios are represented. In
this section, we will see how we can predict execution séesdrom the speci cation of a hy-
brid system. For this purpose we use McDermott's rule lagguar probabilistic, totally-ordered
temporal projection (McDermott, 1994). This rule languages the expressiveness needed for our
purpose: we can specify the probabilities of event effeefgedding on the respective situation,
Poisson distributed events, and probability distribugiaver the delays between subsequent plan
generated events. Uncertainty about the current statecafitinld can be speci ed in the form of
probabilistic effect rules of the distinct start event.

This rule language is an excellent basis for formalizingraodel introduced in the last section.
A set of rules that satis es certain conditions implies aqum distribution of dated event sequences
that satis es the probabilistic conditions of the indivaduules (see De nition 2 in Section 4.1).
Thus if we give probabilistic formalizations of the behawathin control modes and mode jumps
in McDermott's rule language then we de ne a unique prohigbilistribution over the state tra-
jectories of the hybrid automaton that satis es our prolistié constraints. Moreover, McDermott
has developed a provably correct projection algorithm $hatples dated event sequences from this
unique distribution.

In the remainder of this section we will proceed as follows $tart by presenting McDermott's
rule language for probabilistic, totally-ordered tempgmajection and summarize the main prop-
erties of this language. We will then represent our hybristesyn model using this rule language.
Based on this representation we can, loosely speaking, stadawhen applying McDermott's pro-
jection algorithm to the representation of the hybrid systéhe algorithm returns dated event se-
guences drawn from the unique distribution implied by oleswvith arbitrarily high probability.

Note, to obtain these results we will use a discretized mofitine with clock tick events that
can be spaced arbitrarily close together resulting in higleeuracy of the projection algorithm.
This makes the use of this representation infeasible intipeacTherefore, we eliminate the need
for clock tick events in Section 5 by making use of McDermmttirsist effects.

4.1 McDermott's Rule Language for Probabilistic, Totally-ordered Temporal Projection

The different kinds of rules provided by this language amgmtion rules, effect rules, and exoge-
nous event rules. Projection rules specify the sequencateficevents caused by low-level plans,
effect rules specify causal models of sensing processeadimhs, and exogenous event rules are
used to specify the occurrence of events not under the dmfttbe robot. We will describe these
kinds of rules below.

= Projection rules can be used to specify the sequence of events caused bydh@étation of
a low-level plan. Projection rules have the form
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project rule name(args)
if cond
with a delay of 1 occurs ew

with a delay of R, occurs e,

and specify that if low-level planame(args)s executed and conditiocond holds then the
low-level plan generates the evemts, ..., ev, with relative delays 1, ..., n, respectively.
Thus, projection rules generate a sequence of dated events.

Uncertain models can be represented by samplingitfem a probability distribution over
durations and by specifying conditions that are satis ety ovith a certain probability.

« Effect rules are used to specify conditional probabilistic effects afreg. They have the form
e—prule name

if cond
then with probability event evcauses effs

and specify that whenever eventoccurs anadondholds, then with probability create and
clip states as speci ed iaffs The effects of the — p rule rules have the form, causing the
occasiorA to hoId,% A, causingA to cease to hold, angkrsist t A, causingA to hold fort
time units.

< Exogenous event rules are used to specify the conditional occurrence of exogepuests.
The rule

p - e rule name
while condwith an avg spacing of  occurs ev

speci es that over any interval in whicbond is true, exogenous even&v are generated
Poisson-distributed with an average spacing time units.

Before proving properties of our model we must rst introdudcDermott's semantics of pos-
sible worlds. To do so, we de ne the key notions of the undagyconceptualization in De nition 1.
The evolution of the world is described as a sequence of dagtantaneous events where an oc-
currencee@tspeci es that eveng occurs at time instartt In addition, we have a function mapping
time instants into world states. More precisely these mstare de ned as follows (see McDermott,
1994).

De nition 1 A world state is a function from propositions t§T,F, [} dnd is extended to boolean
formulas in the usual way. Aoccurrence e@t is a pairc = ( e;t), wheree is an event and a
time ¢ 1) Anoccurrence sequence is a nite sequence of occurrences, ordered by date. Its
duration is the date of the last occurrence.wérld of duration L, whereL [l lis a complete
history of durationL , that is, it is a pair(C; H), whereC is an occurrence sequence with duration
=< L, andH is a function fron0; L] to world states. IH (0) all propositions are mapped to F, and

if tl<t2andH (t1) & H (t2) then there must be an occurrence e@t wittit2.
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We use the following abbreviationgA | t)(W), “A after t in execution scenario W”, to mean
that there is some> OsuchthatdT: t<t U<t + [CHRY(A) = T. (A 1 t)(W), “A before t
in W” is similarly de ned, but the upper bound faHncludes t.

After we have described how we represent the change in thielwwe state the conditions
under which worlds of duration are consistent with a givdrofevent effects and exogenous event
rules. To do so, we have to state the constraints that the, thie local probabilistic models, impose
on state evolution. For this de nition we take the plan gated events that are typically speci ed
through project rules, as given.

De nition 2 If T is a set of rules as de ned abovExog is an occurrence sequen’ceP is the set
of propositions, and L is a real number duration (Exog), then anL-Model of T and Exog is a
pair (U; M), whereU is a set of worlds of duratioh such that[{C;H) [ : Exog [Cl and
M is a probability measure obJ that obeys the following restrictiongA it), (A1t) ande@t are
considered as random variableA.is the “annihilation” of a conjunctionA, that is the conjunction
of the negations of the conjunctsAf

1. Initial blank state: [AI[CPI: M (A 1 0)=0.

2. Event-effect rules: If T contains a rule instance
e - prule nameif Athen with probability r event ecauses B,

then for every daté, require that, for all nonempty conjunctions C of literalerh B:
M (Citle@ [CAht CBItt) = r:

3. Event-effect rules when the events don’t occur: Suppose B is an atomic formula, and let
R = {Ri} be the set of all instances ef- p rules whose consequents cont&nor -B. If
e-prule R;j = if Ajthen with probability p; event E; causes Cj, then letD; = A; LG,
ThenM (B it|B 1t [NI) =1 andM (B (t|-B 1t [Nl) = 0 whereN = (-E.@ [=D;) [1

(mE;@ [=Dy) [

4. Event-occurrence rules: For every time point such that no occurrence with dateis in
Exog and every everi, such that there is exactly one instance

p - e rule namewhile A with an avg spacing of d occurs E

with M (att) > Orequire

. M (occ. of class E between t and tAltrt)
limgi_o gt =1=d

. M (occ. of class E between t and t4diA 11)
limgi_o at =0

2. Exogis an occurrence sequence, which represents the eventsitgghby the interpretation of the robot's plan and
modeled using projection rules.
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if there exists no so such rule, require

M (occ. of class E between t and t}dt 0
dt -

5. Conditional independence: If one of the previous clauses de nes a conditional prokigbil
M ( | ), which mentions timefs then is conditionally independent, given of all other
random variables mentioning times on or beforélhat is, for arbitrary mentioning times
onorbeforet, M( | )= M( | [

lim gt o

McDermott (1994) shows that this de nition yields a uniquelpability distributionM . He also
gives a proof that his projection algorithm draws randomcaiien scenarios sampled from this
unique probability distribution implied by the given prddigstic models.

4.2 Probabilistic Temporal Rules for PHAMs

In order to predict the evolution of a hybrid system, we siyeatiles in McDermott's rule language
that, given the state of the system and a titnpredict the successor statetatTo predict the
successor state, we must distinguish three cases: rstmtaatonode transition occurs; second, an
exogenous event occurs; and third, the system changedlaugto the ow of the current mode.

We will start with the rules for predicting control mode jusplo ensure that mode transitions
are generated as speci ed by the probability distributiomsr the successor modes, we will use
the predicateandomlySampledSuccessorMode(e,anmy realize a random number generator using
McDermott's rule language.

randomlySampledSuccessorMode(e,&m)
probRangde; max) LrandomNumber (n; max)
[juimpSuccessor(e;cm;range) [nl[rdange

In order to sample values from probability distributions lveee to axiomatize a random number
generator that asserts instances of the predieatdomNumber(n,max)sed above (see Beetz &
Grosskreutz, 2000). We do this by formalizingemdomizesvent. McDermott (1994) discusses the
usefulness of, and the dif culties in, realizing nondeteristic exclusive outcomes. Therefore in
his implementation he escapes to Lisp and uses a functiomethens a random element.

Lemma 1 Atany time point randomNumber has exactly one extensiatormNumber(r,max) where
ris an unbiased random betwe8rand max.

Proof: Let max—be the largesprobRangeextension andandomBit(i,value)the i-th random bit.
The start event that causes the initial state timeline caselomBit(i,0) [0l< i < logmax ™’
Thereafter, aandomize event is used to sample their value:

e - prule RANDOMIZE
if randomBit(i,val) Cnégation(val,neg)
then with probability 0.5
event randomize
causes randomBit(i,neg)Ccllp randomBit(i,val)

823



BEETZ & GROSSKREUTZ

Rule MoDE-JUMP causes a control mode transition as soon as the jump camdditdbecomes
true. The rule says that in any interval in whicimis the current control mode and in which the
jump conditioncond for leaving cm following edgeedgea jump alongedgewill occur with an
average delay of time units.

p—erule MODE-JUMP

while mode(cm)JumpCondition(cm,cond,edge)
[sfateVarsValals) [satis es(vals,cond)

with an average spacing of  time units

occurs jump(edge)

Rule LumpP-EFFECTS speci es the effects of an jump event on the control modetesgsvari-
ables, and the ow. lfcmis a control mode randomly sampled from the probability ribstion
over successor nodes for jumps al@ugethen the jump alongdgehas the following effects. The
values of the state variables and the ow condition of thevjones control modem,q are retracted
and the ones for the new control motimare asserted.

e - prule JUMP-EFFECTS
if randomlySampledSuccessorMode(edge,cm)
CiniitialValues(cmyal) [—adwCond(cm,ow) [Cnow(t)
[Cmode(crgg) Caw( ow ¢q) [vhluesAt(q,valiq)
then with probability 1.0
event jump(edge)
causes mode(cm)—adw( ow) [valuesAt(transTimeal)
[cllp mode(crpg) Lcllp ow(ow o1q) Lcllp valuesAt(iq,valbiqg)

Time is advanced usingock-tickevents. With everfCLock-Tick(?t) event thenow predicate
is updated by clipping the previous time and asserting theor®. Note, the time differs at most
dtciocktime units from the actual time.

e prule CLOCK-RULE
if now(b)
then with probability 1.0
event clock-tick(t)
causes now(t) Ccllp now(b)

Exogenous events are modeled using rules of the followingctsire. When the navigation
process is in the control moaenand the valuesals of the state variables satisfy the condition for
the occurrence of the exogenous evewtthen the evengévoccurs with average spacing oftime
units.

p—erule CAUSE-EXO-EVENT

while mode(cm)exoEventCond(cm,cond,ev)
[sfateVarsValals) [satis es(vals,cond)

with an average spacing of  time units

occurs exoEvent(ev)
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The effects of exogenous event rules are speci ed by ruldhefollowing form. The exoge-
nous evenexoEvent(evivith effect speci cationexoEffect(eval)) causes the values of the state
variables to change frowal, to val.

e prule EXO-EVENT-EFFECT
if exoEffect(eval)) [CvaAluesAt(,val,) Cnbw(t)
then with probability 1.0

event exoEvent(ev)

causes VvaluesAt(tval) Lcllp valuesAt(,val,)

4.3 Properties of PHAMs

We have seen in the last section thattaam consists of the rules above and a set of facts that
constitute the hybrid automata representation of a gd/em In this section we investigate whether
PHAMS make the “right” predictions.

There are essentially three properties of predicted eierstenarios that we want to ensure.
First, predicted control mode sequences are consistehttigt speci ed hybrid system. Second,
mode jumps are predicted according to the speci ed prolaliistribution over successor modes.
Third, between two successive events, the behavior isgeztlaccording to the ow of the respec-
tive control mode.

As McDermott's formalism does not allow for modeling indimmeous state transitions we can
only show that control mode sequences in execution scenar@probably approximately accurate.
In our view, this is a low price for the expressiveness we glainugh the availability of Poisson
distributed exogenous events.

The subsequent lemma 2 states that control mode jumps caadietpd with arbitrary accuracy
and arbitrarily high probability by decreasing the timevioen successive clock ticks.

Lemma 2 For each probability and delay , there exists a (average delay of the occurrence of
an event after the triggering condition has become true) adt} ok (time between two subsequent
clock ticks) such that whenever a jump condition becomés eat then with probability=1— a
jump event will occur within time units.

Proof: Lett be the time where the jump condition is ful lled. If < =(2log(1=)) anddtgjock=
=2 then at most=2 time units aftet the antecedent of rulél ODE-JUMP is ful lled. The probabil-
ity that no event of clagsmp (cmY occurs betweer =2 andt+ is< e %/(D = g=log(/Dl=
so with probability= 1 — such an event will occur at mosttime units aftet.

This implies that there is always a non-zero chance tharalomode sequences are predicted
incorrectly. It happens only when two jump conditions beednue and the jump triggered by the
later condition occurred before the other one. Howeverptbbability of such incorrect predictions
can be made arbitrarily small by the choice odinddt¢ock.

The basic framework of hybrid systems does not take the Ipibgsiof exogenous events into
account and thereby allows for proving strong system ptmsesuch as the reachability of goal
states from arbitrary initial conditions or safety commtis for the system behavior (Alur et al.,
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1997, 1996). For the prediction of robot behavior in dynaernwironments these assumptions,
however, are unrealistic. Therefore, we only have a weak@rguty, namely the correspondence
between the predicted behavior and the ows speci ed by thierid system between immediate
subsequent events.

Lemma 3 LetW be an execution scenarie; @t ande, @, be two immediate subsequent events
of typejump or exoEvent and cmbe the control mode aftar in W. Then, for every occurrence
e@t witht; <t = t, W(t)(stateVarVals(als)) is unique. Furthervals = vals; + (t - ty) *
ow(cm), wherevals, are the values of the state variablestat

Proof: There are only two classes of rules that affect the valugabfesAtand ow : rule Jump-
EFFECTS and ruleExo-EVENT-EFFECT. These rules always clip and set exactly one extension of
the predicates, thus together with the fact that the ingiant asserts exactly one such predicate,
the determined value is unique.

During the interval between andt, the extension datateVarValsevolves according to the ow
condition of modem due to the fact thabw is not changed by rul&xo-EVENT-EFFECT. Thus
it remains as initially set by ruleumpP-EFFECTS which asserts exactly thew corresponding to
cm The proposition then follows from the assumption of a atirexiomatization of addition and
scalar-vector multiplication.

Another important property of our representation is thatps are predicted according to the
probability distributions speci ed for the hybrid autoroat

Lemma 4 Whenever a jump along an edgeccurs, the successor state is chosen according to the
probability distribution implied byorobRangeand jumpSuccessor

Proof: This follows from the properties of thrandomizeevent and Ruldump-Effects

Using the lemmata we can state and show the central prap@treHams: (1) the predicted
control mode transitions correspond to those speci ed leyhybrid automaton; and (2) the same
holds for the continuous predicted behavior between examge®rvents; (3) Exogenous events are
generated according to their probabilities over a contisudomain (this is shown in McDermaott,
1994).

Theorem 1 Every sequence ohode(cm) occasions follows a brancfcm;); :::; (cm;) of the hy-
brid automaton.

Proof: Each occasiomode(cm)must be asserted by rulympP-EFFECTS Therefore there must

have been jump(e)event. Consequently, there must have begmgConditionfrom the previous
control mode t@m
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Because jump events are modeled as Poisson distributetsdtaere is always the chance of
predicting control mode sequences that are not valid wipeet to the original hybrid system. So
next we will bound the probability of predicting such modesences by choosing the parameteri-
zation of the jump event and clock tick event rules appraelya

Theorem 2 For every probability there exists an average delay of a mode jump evemd a
delay dt¢ocx With which the satisfaction of jump conditions is realizegtts that with probability
= 1— thevals of stateVarVals occasions between two immediate subsegxegenous events
follow a state trajectory of the hybrid automaton.

Proof: The proof is based on the property that jumps occur in theiecb order with an arbitrarily
high probability. In particular, we can chooses a function of the minimal delay between jump
conditions becoming true. Then, the jumps to successor snocteur with arbitrarily high proba-
bility (Lemma 2). Finally, according to Lemma 3 the trajagtof stateVarValdhetween transitions
is accurate.

5. The Implementation of PHAMs

We have now shown tha@HAMS de ne probability distributions over possible executgmenarios
with respect to a given belief state. The problem of ustAgMs is obvious. Nontrivial CRPs for
controlling robots reliably require hundreds of lines ofleo There are typically several control
processes active, many more are dormant, waiting for dondithat trigger their execution. The
hybrid automata for such CRPs are huge, the branching fafiiomode transitions are immense.
Let alone the distribution of execution scenarios that theyht generate. The accurate computation
of this probability distribution is prohibitively expens in terms of computational resources.

There is a second source of inef ciency in the realizatiorrehMs. In PHAMS we have used
clock tick rules, Poisson distributed events, that geeectick ticks with an average spacing of

time units. We have done so, in order to formalize the opamatif CRPs in a single concise
framework. The problem with this approach is that in ordgardict control mode jumps accurately
we must choose to be very small. This, however, increases the number ofkclimk events
drastically and makes the approach infeasible for all baeihtiost simple scenarios.

In order to draw sample execution scenarios from the digtdh implied by the causal model
and the initial state description we use an extension oktmev projector (McDermott, 1992b) that
employs therpL interpreter (McDermott, 1991) together with McDermottlgaithm for proba-
bilistic temporal projection (McDermott, 1994). The prdijer takes as its input @arp, rules for
generating exogenous events, a set of probabilistic rdseribing the effects of events and actions,
and a (probabilistic) initial state description. To pradiwe effects of low-level plans the projec-
tor samples effects from the probabilistic causal modekheflow-level plans and asserts them as
propositions to the timeline. Similarly, when the plan ea&ties a sensor, the projector makes use of
a model of the sensor and the state of the world as describ#teliymeline to predict the sensor
reading.

In this section we investigate how we can make effective afutmative predictions on the basis
of PHAMS that can be performed at a speed suf cient for predictiaseld online plan revision.
To achieve effectiveness we use two means. First, we reaksker inference mechanisms that
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are based on sampling execution scenarios from the distibimplied by the causal models and
the initial state description. Second, we replace the ctatkevent mechanism with a different
mechanism that infers the occurrence of control mode jumgsaiaes theersist effect to generate
the respective delay. We will detail these two mechanisnteénmemainder of this section.

5.1 Projection with Adaptive Causal Models

Let us rst turn to the issue of eliminating the inef cienaeaused by the clock tick mechanism.
We will do so by replacing clock tick rules with a mechanismtfgloring causal models on the y
and using theersist effects of the probabilistic rule language.

For ef ciency reasons the process of projecting a contisuptocess is divided into two
phases. The rst phase estimates a schedule for endogements &aused bp while consider-
ing possible effects op on other processes but not the effects of the other processps This
schedule is transformed into a context-speci ¢ causal rhtalered for the plan which is to be
projected. The second phase projects the plasing the model of endogenous events constructed
in the rst phase. This phase takes into account the interfegs with concurrent events and re-
vises the causal model if situations arise in which the apsioms of the precomputed schedule are
violated.

The projection module uses a model of the dynamic systenstieti es for each continuous
control process the state variables it changes and for ¢aiehvariable the uents that measure that
state variable. For example, consider the low-level ndiogaplans that steadily change the robot's
position (that is the variablesandy). The estimated position of the robot is stored in the uents
robot-x androbot-y.

changes(low-level-navigation-plan, x)
changes(low-level-navigation-plan, y)
measures(robot-x, x)
measures(robot-y, y)

Extracting relevant conditions. When the projector starts projecting a low-level navigatoan

it computes the set of pending conditions that depentbbat-x androbot-y, which are the uents
that measure the state variables of the dynamic system arahanged by the low-level navigation
plan. These conditions are implemented as uent networks.

Fluent networks are digital circuits where the componehth® circuit are uents. Figure 12
shows a uent network where the output uentis true, if andyaifithe robot is in room A-120. The
inputs of the circuit are the uent®bot-x androbot-y and the circuit is updated whenevebot-x
androbot-ychange.

Our reactive plans are set up such that the uent networkisdbmpute conditions for which
the plan is waiting can be determined automatically usirg(FoG-like) relational queries:

setof ?-net ( uent(?) [Cslatus(? ,pending)
[changes(low-level-nav-plan, ?state-var)
[Cmeasures(?state-var- , ?state-var)
[Cdépends-on(? , ?state-var-)
[dent-network(? , ? -net) )
?pending- -nets
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Figure 12: Fluent network for being in room A-120. The robetiéves it is in room A-120 if its
estimated x-coordinate is between 860 and 1265 and the rglioate is smaller than
817, where the hallway begins.

This query determine8pending- -nets the set of uent network® -net such that? -net is a net-

work with output uent? . ? causes a plan thread to pend and depends on a uent measuring
a state variabl@state-varchanged by the low-level navigation plan. The extractiotheke con-
ditions is done automatically. The automatic extractioguiees the conditions be in a particular
form and the effects of low-level plans on state variables the sensing of state variables to be
represented explicitly.

To predict when the uent IN-A-1207? will become true or falsee have to compute the region
in the state space that corresponds to the uent and compatentersections of the robot's state
trajectories with this region.

Endogenous event scheduled-or each class of continuous processes we have to provide-an
dogenous event schedulimat takes the initial conditions and the parameterizatibthe process,
and the uent networks that might be triggered and computessndogenous event schedule. The
endogenous event scheduler for the low-level navigatiangis described in the next section. Given
the kind of process (e.g., low-level navigation plan), thecess parameters (e.g., the destination of
the robot), and the pending uent networks, the schedulerns a sequence of composite endoge-
nous events. Composite events are represented as tripliee fdfrm( t, [Sk, ..., sy L[Kew, ...,
evn}). tisthe delay between théh and the+1st event in the schedul&, ..., sy, [the values

of the state variables, adew, ..., ey, } the atomic events that are to take place.

If a state for which the plan is waiting, becomes true at a tins¢éancet, then att a passive-
sensor-updatevent is triggeredpassive-sensor-updaie an event model that takes a set of uents
as its parameters, retrieves the values of the state vasiabéasured by these uents, applies the
sensor model to these values, and then sets the uents aaglyrd

A causal model of low-level navigation plans. Projecting the initiation of the execution of a
navigation plan causes two events: the start event and ahstmal completion event after an
in nite number of time units. This is shown in the followingggection rule.
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project rule LOW-LEVEL-NAVIGATION -PLAN

if true

with a delay of O

occurs begin(low-level-nav-plan(?dest-descr, ?id, ? uent)
with a delay of oo

occurs end(low-level-nav-plan(?dest-descr, ?id, ? uent)

The effect rule of the start event of the low-level navigagdan computes the endogenous event
schedule and asserts the next endogenous navigation pie@tie timeline.

e—prule ENDOGENOUSEVENTS
if endogenous-event-schedule(low-level-nav-plan(7diesty, ?schedule))
then with probability 1.0
event begin(low-level-nav-plan(?dest-descr, ?id, ? uent))
causes predicted-events(?id, ?schedule)
[rnning(robot-goto(?descr, ?id))
[Cnéxt-nav-event(?id))

The occasiomext-nav-event(?idiriggers the next endogenous evéegin(follow-path(?here
2k, ?y)1?dt ?id)). The remaining two conditions determine the parameterisedbtiow-pathevent:
the next scheduled event and the robot's position.

p—erule CAUSE-EXO-EVENT

while next-nav-event(?id)
[Cptedicted-events(?id, ((?d®x,?yPevs) !?remaining-evs)
[rdbot-loc(?here)

with an average spacing of 0.0001

occurs begin(follow-path(?here[ 2, 2y, 2dt, ?id))

The effect rule of théegin(follow-path (...))event speci es among other things that the next
endogenous event will occur aftedt time units(persist ?dt sleeping(?id))

e—-prule FOLLOW-PATH
if robot-loc(?coords)
then with probability 1.0
event begin(follow-path(?from, ?to, ?dt, ?id))
causes running(follow-path(?from, ?to, ?dt, ?id))
[cllp robot-loc(?coords)
Ccllp next-nav-event(?id)
[pérsist ?dt sleeping(?id)

If a runningfollow pathevent has nished sleeping ttend (follow-path (...)event occurs.

p—erule TERMINATE-FOLLOW-PATH

while not sleeping(?id)
Crdnning(follow-path(?from, ?to, ?time, ?id))

with an average spacing of 0.0001

occurs end(follow-path(?from, ?to, ?time, ?id))
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Our model of low-level navigation plan presented so far sa$ as long as nothing important
happens while carrying out the plan. However, suppose thaxagenous event that causes an
object to slip out of the robot's hand is projected at timednst while the robot is in motion. To
predict the new location of the object the projector predibe location of the robot at the time
using the control ow and asserts it in the timeline.

Qualitative changes in the behavior of the robot caused laptations of the travel mode
are described througb- p -rules. The followinge - p -rule describes the effects of the event
nav-event(set-travel-mode(?njyhich represents the low-level navigation plan resettirgtravel
mode:

e—prule SEFDOORWAY-MODE
if travel-mode(?m)
then with probability 1.0
event nav-event(set-travel-mode(doorway))
causes clip travel-mode(?m)
Lcllp obstacle-avoidance-with(sonar)
Cfravel-mode(doorway)

The rule speci es that if at a time instant at which an eveat-event(set-travel-mode(?n))
occurs the stateavel-mode(?molds for some?m, then the stateavel-mode(?mandobstacle-
avoidance-with(sonanill (with a probability of 1.0) not persist after the event has occurred, i.e.,
they are clipped by the event. The event causes the tstatel-mode(doorwayjo hold until it is
adapted next time.

The rules listed above are hand-coded and plan-speci c.n#estigation of whether the plans
can be coded such that the rule speci cation can be autontadour agenda for future research.

5.2 Endogenous Event Scheduler

We have just shown how events are projected from a given emag event schedule, but we
have not shown how the schedule is constructed. Thus, thii®selescribes the endogenous event
scheduler for low-level navigation plans. The scheduledjats the effects of the low-level nav-
igation plan on the state variabl&@sandy. The endogenous event scheduler assumes the robot is
following a straight path between locatiohdo 5. As we have pointed out earlier, there are two
kinds of events that need to be predicted: the ones cagsialgative physical changand the ones
causing therigger conditionsthat the plan is waiting for.

The qualitative events caused by the low-level navigatilam pictured in Figure 13 are the
ones that occur when the robot arrives at the locatihry 3, 4, and5 in which the robot either
changes its travel mode or arrives at its destination. Fdn e&these time instants the occurrence
of aset-travel-modevent is predicted.

The scheduler for triggering events works in two phasesittansforms the uent network
into a condition that it is able to predict and (2) it appligsadgorithm for computing when these
events occur. The conditions that are caused by the low-texggation plan can be represented
as regions in the environment such that the condition isifraad only if the robot is within this
region. The elementary conditions are numeric constrainthie robot's position or the distance of
the robot to a given target point. The scheduler assumesoibait-x androbot-yare the only uents
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in these networks that change their value during the exatuwati the plan. More complex networks
can be constructed as conjunctions and disjunctions ofiémesmtary conditions.

Figure 13: Initially predicted endogenous events.

In the next step the endogenous event scheduler overlaysrtight line path through the in-
termediate goal points of the topological navigation pate(Figure 7) with the regions computed
in the previous step. It then computes a schedule for thegamimus events by following the nav-
igation path and collecting the intersections with the aagi(see Figure 13). The result of the
scheduling step is a sequence of triples of the formy, [, yiLXew, ..., ew}).

Rescheduling endogenous event&ne problem that our temporal projector has to deal withas th
await for step might be executed while a low-level navigation plarrgggqeted. For example, when
the robot enters the hallway, the policy that looks for therapg angles of doors when passing them
is triggered. Therefore, the causal model that was computetie endogenous event scheduler is
no longer suf cient. It fails to predict the “passing a do@vents.

These problems are handled by modifying the endogenoud sekedule: whenever the robot
starts waiting for a condition that is a function of the rabgisition, it interrupts the projection of
the low-level navigation plan, adapts the causal model etdtv-level navigation plan, and contin-
ues with the projection. In the case of entering the halvaayew endogenous event schedule that
contains endogenous events for passing doorways is cothpiiteés updated schedule of endoge-
nous events is pictured in Figure 14.

5.3 Projecting Exogenous Events, Passive Sensors and Olzé¢sAvoidance

One type of exogenous event is an event for which we haveiadalitinformation about its time
of occurrence, such as the event that Dieter will be back fromoh aroundl2:25 These kinds of
events are represented by a e rule together with ae - p rule. Thee - p rule speci es that the
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Figure 14: Modi ed endogenous event schedule.

start event causes the stdiefore-dieters-door-opensi hold and persist fgPtimetime units. The
eventdieters-door-opens( triggered as soon defore-the-door-opens(jo longer holds.

e—prule BACK-FROM-LUNCH
if about(?time, 12:25) difference(?time, *now*, ?wait-for))
then with probability 1.0

event start

causes persist ?wait-for before-the-door-opens

p—erule DOOR-OPENS

while thnot before-the-door-opens
with an average spacing of 0.0001
occurs dieters-door-is-opened

In order to predict the occurrence of exogenous events, ldregrojector does the following.
It rst computes the time when the robot will cause the nexree.cx¢. Let us assume that this
event occurg time units after the last evemjast and thatc is the strongest condition that holds
from epast until enext.> The following algorithm predicts the occurrence of the nexbgenous
event accurately. First, for evepy e ruler; whose enabling condition is satis ed l;yrandomly
decide whether; will occur betweene,s; and enext based on the average temporal spacing of
€ events in situations where holds. If g is predicted to occur, select its occurrence time by
randomly selecting a time instant in the time interval be&tm@,s; andenext (the exogenous events

3. The cases where enabling conditions of exogenous eventsaased by the continuous effects betwegpg: and
enext are handled analogously to the achievement of triggerimglitions.
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are Poisson distributed). Select the exogenous eventstipaédicted to occur the earliest, assert it
to the timeline, and continue the projection after the omnre of this event.

The last two components we need to describe are passiversemsich are steadily updated
and do not change the con guration of the robot and the behafithe collision avoidance routines.

Readings of passive sensors only need to be projected if dasuned state variables change
signi cantly or if the state variables traverse values thatisfy conditions for which the robot is
waiting. For each of these situations there isipdate-passive-sensoesent.

Collision avoidance is not modeled except in situations lirclv the robot is told about objects
that are moved around. In this case the endogenous evemlusehadds a region corresponding to
the object. If the region blocks the way to the destinationhat is the robot cannot move around
the region — then @ossible-bump-evens generated. The effect rule for a possible bump event
speci es that, if the robot has activated sensors that céectiéhe object, the low-level navigation
plan fails with a failure description “path blocked.” Othése a bump event is generated. For
example, since sonar sensors are the only sensors placadleheight, the collision avoidance
module can avoid a collision with a table only if the sonarsses are active. Thus, to predict a
bump, the projector has to determine how long the sonar sehsee been switched off before the
possible bump event occurs.

5.4 Models of Complex Sensing Actions

To understand how other types of uncertainty can be modelddaw the causal models interact
with the plan interpretation let us look at a more complexssenaction realized through a low-level
planlook-for. The sub-plan is called with a visual descripti@plj of objects it is supposed to look
for.

Typically, in order to model a low-level plan we need a set igction rules that probabilis-
tically describe the possible event sequences and outcatmes activating a behavior module. In
each situation exactly one projection rule is applied @lth the decision about which one might
be probabilistic).

One of these projection rules ftwok-for is listed below. The model consists of three parts.
The rst part (line 1 to 7) speci es the condition under whitthis rule predicts the behavior of the
look-for correctly. The second part (lines 8 to 11) lists the everds|tdok-for will cause if this
rule is applicable. Finally, the last line speci es how tlogvtlevel plan signals the completion of
its interpretation. In our case, the low-level plan sucsemadd returns a list of object descriptions
(?desig} as its value.

The condition of the projection rule determines where thmtds (1), probabilistically decides
whether thdook-for is “normal” based on the camera used and the speci cs of tetilan(2), and
infers what objects are located th€B. This inference is performed based on the robot's proba-
bilistic belief about the state of the world and the prediot®ogenous events. The condition then
uses the sensor model for the camera in order to decide plisbiehlly how the robot perceives
each object. For each object that is perceived as matchengdhceptual descriptiodpl a local
designator?desigis created and collected in the varialdesigs The last condition(7) estimates
the time?dt after which thdook-for behavior completes. Upon completion of thek-for behavior
the projected interpretation process sends a success sigiméhe return value’desigsas its argu-
ment. The projected behavior consists of three events: atachange the worldegin(look-for(?pl,
?cam))andend(look-for(?pl, ?cam)which occurs?dt later. The third event changes the compu-
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project rule look-for(?pl, ?cam)
(1) if (loc(robot, [2x,?y)]

2 [Cnbrmal-look-for-behavior(?cam, ?loc)
3 [sétof ?0b loc(?0b,[2X,?y)1?0bs-here
()] [sénsor-model(?cam, ?sensor-model)
(5) [fdatures(?pl, ?features)

(6) [sétof ?desig

( member(?0b,?0bs-here)
[abj-seen(?ob, ?sensor-model)
[Cpérceived-properties(?ob, ?features, ?sensor-modél, ?p
[Idcal-desig(?desig,?0b,?pl,?x,?y))
?desigs
@) [Idok-time (2, 2y, 1?features, ?dt))
(8)  with a delay of 0 occurs mode transition begin(look-for(?pl, ?cam))
(9)  with a delay of ?dtoccurs mode transition end(look-for(?pl, ?cam))
(10)  with a delay of O occurs trigger uent visual-inputs- uent(?cam)
(11) with a delay of O occurs set uent 0bs-pos- uent— ?seen)
(12) with a delay of O occurs succeed ?desigs

Figure 15: A projection rule describing the behavior modatk-for.

tational state of the structured reactive controller gitessing?dttime units. This event pulses the
uent visual-inputs- uent(?camand sets the uenbbs-pos- uent(?cam)

Besides asserting the events that take place during theitexe®f a plan we have to specify
how these events change the world. This is done by usifegt rules One of them is shown in
Figure! 16. The rule speci es that if at a time instant at whan evenend(look-for(?pl, ?cam))
occurs the stat&isual-track(?desig, ?obfiolds for some?desigand ?ob, then the statesisual-
track(?desig, ?obvill not (with a probability of1.0) persist after the event has occurred, i.e., they
are clipped by the event.

e—prule VISUAL-TRACKING

if visual-track(?desig, ?0b)

then with probability 0.9
event end(look-for(?pl, ?cam))
causes clip visual-track(?desig, ?ob))

Figure 16: Ane - p rule describing the effects of the eveartd(look-for(?pl, 2cam))

5.5 Probabilistic Sampling-based Projection

So far we have looked at the issue of ef ciently predictingiagividual execution scenario. We
will now investigate the issue of drawing inferences thataseful for planning based on sampled
execution scenarios.
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Recently, probabilistic sampling-based inference methwVe been proposed to infer informa-
tion from complex distributions quickly and with boundedkri(Fox, Burgard, Dellaert, & Thrun,
1999; Thrun, 2000). We will now discuss how we can use samiiased projection for anticipat-
ing likely aws with high probability.

Advantages of applying probabilistic sampling-basedeqartipn to the prediction of the effects
of crps are that it works independently of the branching factohefrhodes of the hybrid automaton
and that it only constructs a small part of the complatem.

But what kinds of prediction-based inferences can be draem fsamples of projected exe-
cution scenarios? The inference that we found most valuabplenline revisions of robot plans
is: do projected execution scenarios drawn from this dhstion satisfy a given property with a
probability greater than? A robot action planner can use this type of inference toddesihether
or not it should revise a plan to eliminate a particular kiridaov: it should revise the plan if it
believes that the aw's likelihood exceeds some threshaild @nore it otherwise. Of course, such
inferences can be drawn based on samples only with a ceigkioflbeing wrong. Suppose we want
the planner to classify any aw with probability greater thaas to be eliminated and to ignore any
aw less likely than . We assume that aws with probability betweemnd have no large impact
on the robot's performance. How many execution scenariosgldhihe plan revision module project
in order to classify aws correctly with a probability greatthan 95%7?

A main factor that determines the performance of sampledbasedictive aw detection is the
aw detector. A aw detector classi es a aw as to be eliminated if the prattility of the aw with
respect to the robot's belief state is greater than a givesstold probability . A aw detector
classi es a aw as hallucinated if the probability of the awith respect to the robot's belief state
is smaller than a given threshold So far we do not consider the severity of aws, which is an
obvious extension. Typically, we choosetarting at 50% and smaller than 5%.

Specic aw detectors can be realized that differ with resp& (1) the time resources they
require; (2) the reliability with which they detect aws thshould be eliminated; and (3) the prob-
ability that they hallucinate aws. That is, they signal avahat is so unlikely that eliminating the
aw would decrease the expected utility.

To be more precise consider a afwthat occurs in the distribution of execution scenarios of
a given scheduled plan with respect to the agent's beli¢é¢ stégh probability p. Further, leX;(f)
represent the event that behavior d@vweccurs in thath execution scenarioki(f ) =1, if f occurs
in theith projection and otherwi

The random variabl¥ (f,n) = ;_; X;(f) represents the number of occurrences of the faw
n execution scenarios. De ne a probable schedule aw detebtr such that ET(f,n,K) = true
iff Y(f,n) = k, which means that the detector classi es a &vas to be eliminated if and only ff
occurs in at least of n randomly sampled execution scenarios. The@n,k) works as follows.

It rst projects n execution scenarios. Then it counts the number of occuegeatthe awf in the
n execution scenarios. Ifitis greater or equaktihen the ET(f,n,k) returns true, false otherwise.

Now that we have de ned the schedule aw detector, we canadttarize it. Since the occur-
rence of schedule aws in randomly sampled execution séesare independent from each other,
the value ofY(f) can be described by the binomial distributiogm,p) Usingb(n,p)we can compute
the likelihood of overlooking a probable schedule &with probabilitypin n execution scenarios:

j L1
P(Y(f)<j)= ( ma-pn

k=0
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Prob. of Flano
50% | 60% | 70% | 80% | 90%
DEeT(f,3,2) | 50.0 | 64.8 | 78.4 | 89.6 | 97.2
DEeT(f,4,2) | 68.8 | 81.2 | 91.6 | 97.3 | 99.6
DET(f,5,2) | 81.2 | 91.3 | 96.9 | 99.3 | 99.9

Figure 17: The table shows the probability of the aw detestbeT(f,i,2) detecting aws that have
the probabilityd = 50%, 60%, 70%, 80%, and 90%.

Figure 17 shows the probability that the aw detectoeif,n,2) for n = 3,...,5 will detect a
schedule aw with probabilityd. The probability that the detectors classify aws less ljkian
as to be eliminated is smaller than 2.3% (forradi5).

When using the prediction-based scheduling as a compoméme controller of the robot of ce
courier we typically use BT(f,3,2), DET(f,4,2), and D=T1(f,5,2) for the different experiments, which
means a detected aw is classi ed as probable if it occurseast twice in three, four, or ve
detection readings.

Figure 18 shows the number of necessary projections toachie= 95% accuracy. For a
detailed discussion see the work of Beetz et al. (1999).

0
1% | 10% | 20% | 40% | 60% | 80%
T=:1% | 1331| 100 | 44 17 8 3
T=1% ] 121 | 49 17 8 3
T =5% []392| 78 22 9 3

Figure 18: The table lists the number of randomly samplegeptions needed to differentiate fail-
ures with an occurrence probability lower thanfrom those that have a probability
higher tharB with an accuracy of 95%.

The probabilistic sampling-based projection mechanisooimes extremely useful for improv-
ing robot plans during their execution once the executi@mados can be sampled fast enough. At
the moment a projection takes a couple of seconds. The maikemainly caused by recording
the interpretation oRPL plans in a manner that is far too detailed for our purposesioudh a
simpli cation of the models we expect an immediate speed fugpato one order of magnitude. It
seems that with a projection frequency of about 100 Hz onklciart tackling a number of realistic
problems that occur at execution time continually.

6. Evaluation

We have validated our causal model of low-level navigatitang and their role in of ce deliv-
ery plans with respect to computational resources andtgtiedi prediction results in a series of
experiments.
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6.1 Generality

PHAMS are capable of predicting the behavior generated by exibhns written in plan execution
languages such as RAP (Firby, 1987) and PRS (Myers, 1996)doTso, we code the control
structures provided by these languagees macros. To the best of our knowledgeiams are
the rst realistic symbolic models of the sequencing layeB® architectures, the most commonly
used software architectures for controlling intelligeatamomous robots (Bonasso et al., 1997).
These architectures run planning and execution at diffe@fitware layers and different time scales
where a sequencing layer synchronizes between both lajgsh layer uses a different form of
plan or behavior speci cation language. The planning laygically uses a problem space plan,
the execution layer employs feedback control routines ¢hatbe activated and deactivated. The
intermediate layer typically uses a reactive plan languddee use oPHAMS enables 3T planning
systems to make more realistic predictions of the robot\iehthat is generated from their abstract
plans.PHAMS are also capable of modeling different arbitration scteeamel superpositions of the
effects of concurrent control processes.

The causal models proposed here complement those intrbdhycBeetz (2000). He describes
sophisticated models of object recognition and manipatathat allow for the prediction of plan
failures including those that are caused by the robot oukitgy or confusing objects, objects chang-
ing their location and appearance, and faulty operatiorffet®rs. These models, however, were
given for a simulated robot acting in a grid world. In thised, we have restricted ourselves to the
prediction of behavior generated by modern autonomoust rotnratrollers. Unfortunately, object
recognition and manipulation skills of current autonomeesvice robots are not advanced enough
for action planning. On the other hand, it is clear that acfitanning capabilities pay off much
better if robots manipulate their environments and theeerisk of manipulating the wrong objects.

6.2 Assumptions and Restrictions

The control problem for autonomous robots is to generaectfe and goal-directed control sig-
nals for the robot's perceptual and effector apparatusiwithfeedback loop. Plan-based robot
control is a specialization of this control problem, in white robot generates the control signals
by maintaining and executing a plan that is effective andahlaigih expected utility with respect to
the robot's dynamically changing belief state. This prablis so general that we cannot hope to
solve it in this form.

In Computer Science it is common to characterize the conipotd problems a program can
solve through the language in which the input for the progmuspeci ed. For example, we dis-
tinguish compilers for regular and context-free programgrianguages. The same is true for plan-
based control of agents. Typically, planning problems ascdbed in terms of an initial state
description, a description of the actions available foragents, their applicability conditions and
effects, and a description of the goal state.

The three components of planning problems are typicallyesqed in some formal language.
The problem solving power of the planning systems is charaeid by the expressiveness of the
languages for the three inputs. Some classes of plannifdgons are entirely formulated in propo-
sitional logic while others are formulated in rst order log We further classify the planning
problems with respect to the expressiveness of the actipresentations that they use; whether
they allow for disjunctive preconditions, conditionalesfts, quanti ed effects, and model resource
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consumption. Some planning systems even solve planniridgms that involve different kinds of
uncertainty.

In contrastSRCs use methods that make strong assumptions about plansglfgitme compu-
tational problems. As a consequensecs can apply reliable and fast algorithms for the construc-
tion and installment of sub-plans, the diagnosis of plalufaes, and for editing sub-plans during
their execution. Making assumptions about plans is atadiecause planning algorithms con-
struct and revise the plans and can thereby enforce thastuengtions hold.

In a nutshell, the set of plans that arC generates is the re exive, transitive closure of the
routine plans with respect to the application of plan re@risiules. Thus, to enforce that all plans
have a propert@ it is suf cient that the routine plans satisy and that the revision rules prese@e
These properties make it particularly easy to reason abeytltins while the plans can still specify
the same range of concurrent percept-driven behaviorthiatan. The properties of plans that play
an important role in this article are their generality, bitity, and reliability. These properties are
achieved through careful design and hand-coding. As a goesee plan generation and revision
can be performed by programmed heuristic rules. We belieegever, that such plans and rules
can be learned from experience.

We make two other important assumptions. First, we assuatdhtb tasks and the environment
is benign and therefore behavior aws do not result in disast This is important, because robots
must make errors in order to learn the competent performahtasks from experience. And only
if the planner is allowed occasionally to propose worse plae can apply fast planning methods
based on Monte Carlo methods to improve the average penfmenaf the robot.

Another design decision is that we do not explicitly repregbe belief state of the robot, that is
the probability distributions over the values of the staddables. This, however, does not need to
imply that we cannot reason about inaccuracies and unatembf the robot's estimate of the world
state. Beetz et al. (1998) describe how to couple plan-bhaggdlevel control with probabilistic
state estimation. In this article the state estimator aatmally computes and signals properties of
the belief state such as the ambiguity and inaccuracy & sttmates to the plan-based controller.
The plan-based controller, on the other hand, uses thasalsig order to decide when to interrupt
its missions to re-localize the robot.

6.3 Scaling Up

The causal models that we have described in Section 5 haveulsed for execution time planning
for a robot of ce courier. The plans that have been projeetede the original plans for this applica-
tion and typically several hundreds of code lines long. Tiogegeted execution scenarios contained
hundreds of events. Because the projection of single execstenarios can cost up to a second,
robots must revise plans based on very few samples. Thumltbecan only detect probable aws
with high reliability.

The computational resources are mainly consumed by bopkigeenechanisms that record
the computational state of the robot at any time instantesgmted in the execution scenario and
not by the mechanisms proposed in this article. The recocdetputational state is used by the
planning mechanisms in order to diagnose behavior awsdhataused by discrepancies between
the computational state of the robot and the state of the@nvient. The ability to reconstruct
regularly updated uent values is computationally verytbosWe intend to provide programming
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constructs that let programmers declare the parts of thguotational state that are irrelevant for
planning and do not need to be recorded.

Even with this severe limitation we were able to show thahwitis preliminary implemen-
tation the robot can outperform controllers that lack prtdde capabilities. The main source of
inef ciency is the bookkeeping needed to reconstruct thiérercomputational state of the plan
for any predicted time instant, an issue that we have notesddd in this article. Using a more
parsimonious representation of the computational statexpect drastic performance gains.

6.4 Qualitatively Accurate Predictions

Projecting the plan listed in Figure 7 generates a timelva is about 300 events long. Many of

these events are generated through rescheduling the eralsgevents (21 times). Figure 19 shows
the predicted endogenous events (denoted by the numbectsbriand the behavior generated by
the navigation plan in 50 runs using the robot simulator (asee that the execution is interrupted
in room A-111 because the robot realizes that the deadlinenoabe achieved). The qualitative

predictions of behavior relevant for plan debugging aréguer The projector predicts correctly that

the robot will exploit the opportunity to go to location 5 wdoing from location 1 to 9.

Figure 19: The gure shows the trajectories of multiple extemns of the navigation plan and the
events that are predicted by the symbolic plan projector.

6.5 Prediction-based Plan Debugging

Beetz (2002a and 2000) describes experiments showing fibdicpion-based plan debugging can
improve the performance of robot controllers substantiall
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7. Related Work

PHAMS represent external events, probabilistic action modelspn models with rich temporal
structure, concurrent interacting actions, and sensitigrecin the domain of autonomous mobile
robot control. There are many research efforts that fomaadind analyze extended action repre-
sentations and develop prediction and planning technifprethem. We know, however, only of
approaches that address subsets of the aspects addressgddyyresentation. Related work com-
prises research on reasoning about action and change pjistimplanning, numerical simulation,
and gualitative reasoning.

Reasoning about action and change. Allen and Ferguson (1994) give an excellent and detailed
discussion of important issues in the representation opteally complex and concurrent actions
and events. One important point that they make is that ibasthave interfering effects then, in the
worst case, causal models for all possible combinationgtidrss must be provided. In this paper,
we have restricted ourselves to one kind of interferencerdxn actions: the transposition of move-
ments which is the dominant kind of interference in physioalot behavior. In their article they do
not address the issues of reasoning under uncertainty anenely with respect to computational
resources.

A substantial amount of work has been done to extend thetisitusalculus (McCarthy, 1963)
to deal with time and continuous change (Pinto, 1994; Gresgk & Lakemeyer, 2000a), exoge-
nous (natural) actions (Reiter, 1996), complex robot astifplans) (Levesque et al., 1997; Gia-
como et al., 1997) using sensing to determine which acti@xézute next (Levesque, 1996; Lake-
meyer, 1999) as well as probabilistic state descriptiomkprobabilistic action outcomes (Bacchus,
Halpern, & Levesque, 1999; Grosskreutz & Lakemeyer, 2000b¢ main difference to our work is
that their representation is more limited with respect tokimds of events and interactions between
concurrent actions they allow. In particular, we know of iffor to integrate all of these aspects.

Some of the most advanced approaches in this area are fpati@tis of various variants of
the high-level robot control languagec®og, in particular @NGoOLOG (Giacomo et al., 1997).
Boutilier, Reiter, Soutchanski, and Thrun (2000) have i@pptlecision theoretic means for opti-
mally completing a partially speci ed GLOG program. A key difference is that in thedgoG
approach the formalization includes the operation of tlaa phnguage whereas in our approach a
procedural semantics realized through the high-levelggtoy is used.

Hanks, Madigan, and Gavrin (1995) present a very intergstind expressive framework for rep-
resenting probabilistic information, and exogenous ardbganous events for medical prediction
problems. Because of their application domain they do ne¢ b address issues of sophisticated
percept-driven behavior as is done in this article.

Extensions to Classical Action Planning Systems. Planning algorithms, such asiLp (McAllester

& Rosenblitt, 1991), have been extended in various ways talleamore expressive action mod-
els and different kinds of uncertainty (about the initisdtetand the occurrence and outcome of
events) (Kushmerick, Hanks, & Weld, 1995; Draper, Hanks, &dy1994; Hanks, 1990). These
planning algorithms compute bounds for the probabilitieplan outcomes and are computation-
ally very expensive. In addition, decision-theoretic @ctplanning systems (see Blythe, 1999, for
a comprehensive overview) have been proposed in order &ndieie plans with the highest, or
at least, suf ciently high expected utility (Haddawy & Rezllj 1990; Haddawy & Hanks, 1992;
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Williamson & Hanks, 1994). These approaches abstract aveewy the rich temporal structure of
events by assuming discrete atomic actions and ignoreugkimds of uncertainty.

Planning with action models that have rich temporal stmgchas also been investigated inten-
sively (Allen, Kautz, Pelavin, & Tenenberg, 1990; Deanbkjr& Miller, 1988). IxTeT (Ghallab
& Laruelle, 1994) is a planning system that has been apptiewhot control and reasons about
the temporal structure of plans to identify interferencetMeen plan steps and resource con icts.
The planner/scheduler of the Remote Agent (Muscettola. e1898b) plans space maneuvers and
experiments based on rich temporal causal models (Muszettal., 1998a; Pell et al., 1997). A
good overview of the integration of action planning and sikeltieg technology can be found in an
overview article by Smith, Frank, and Jonsson (2000). Sthisy have considered uncertainty only
with respect to the durations of actions.

Kabanza, Barbeau, and St-Denis (1997) model actions aralizes as state transition systems
and synthesize control rules for reactive robots from tlideseriptions. Their approach can be used
to generate plans that satisfy complex time, safety, amméigs constraints. These approaches too
are limited with respect to the temporal structure of thénffive) actions being modeled and the
kinds of interferences between concurrent actions thabearonsidered.

MDP-based planning approaches. In recent yearsbp (Markov decision process) planning has
become a very active research eld (Boutilier, Dean, & Hank898; Kaelbling, Cassandra, &
Kurien, 1996). In thevDP approach robot behavior is modeled as a nite state autamatavhich
discrete actions cause stochastic state transitions. dibhat is rewarded for reaching its goals
quickly and reliably. A solution for such problems igalicy, a mapping from discretized robot
states into, often ne-grained, actions.

MDPs form an attractive framework for action planning becabgsy tse a uniform mechanism
for action selection and a parsimonious problem encodirig daction policies computed bybpPs
aim at robustness and optimizing the average performancein#ber of researchers have success-
fully considered navigation as an instance of Markov deacigiroblems ¥iDPs) (Burgard et al.,
2000; Kaelbling et al., 1996).

One of the main problems in the applicationmdpP planning techniques is to keep the problem
encoding small enough so that theps are still solvable. A number of techniques for complexity
reduction can be found in the article written by Boutilieragt(1998). Yet, it is still very dif cult
to solve big planning problems in thebp framework unless the state and action spaces are well
structured.

Besides reducing the complexity of specifying models fad aolvingmDpP problems, extend-
ing the expressiveness ®DP formalisms is a very active research area. Semi Markov idecis
problems (Bradtke & Duff, 1995; Sutton, Precup, & Singh, 998dd a notion of continuous time
to the discrete model of change usedvinps: transitions from one state to another one no longer
occur immediately, but according to a probability disttibn. Others investigate mechanisms for
hierarchically structuringnbps (Parr & Russell, 1998), decomposingps into loosely coupled
sub-problems (Parr, 1998), and making them programmabhelr@d& Russell, 2001). Rohani-
manesh and Mahadevan (2001) propose an approach for exgemdP-based planning to con-
current temporally extended actions. All these effortssdeps towards the kind of functionality
provided in theeHAM framework. Another relationship between the researchrtegdere and the
MDP research is that the navigation routines that are modelddrmiams are implemented on top
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of MDP navigation planning. Belker, Beetz, and Cremers (2002)this&DP framework to learn
action models for the improved execution of navigation plan

The application ofvDP based planning to reasoning about concurrent reactives idaoom-
plicated by the fact that, in general, any activation anchieation of a concurrent sub-plan might
require a respective modi cation of the state and actiorcepd themDP.

Weaver (Blythe, 1995, 1996) is another probabilistic plabuger capable of reasoning about
exogenous events. Weaver uses Markov decision processssuaslerlying model of planning.
Weaver provides much of the expressivenesstoiMs. Unlike WeaverpHAMS are designed for
reasoning about the physical behavior of autonomous mobiets. ThereforepHAMS add to
Weaver's expressiveness in that they extensively suppadaning about concurrent reactive plans.
For examplepHAMS can predict when the continuous effects of actions wiligier a concurrent
monitoring processPHAMS have built-in capabilities to infer the combined effedtéwm continu-
ous motions of the robot.

Qualitative reasoning about physical processes. Work in qualitative reasoning has researched
issues in the quantization of continuous processes andgeduamong other things on quantizations
that are relevant to the kind of reasoning performed. Hendr®73) points out the limitations
of discrete event representations and introduces a veitetinmotion of continuous process as a
representation of change. He does not consider the in uehgriltiple processes on state variables.
Hayes (1985) represents eventshasories spatially bounded, but temporally extended, pieces in
time space, and proposes that histories which do not irtiedgenot interact. In Forbus' Qualitative
Process Theory (Forbus, 1984) a technique called limityaisais applied to predict qualitative state
transitions caused by continuous events. Also, work onlsitiom often addresses the adequacy of
causal models for a given range of prediction queries, areigisat is neglected in most models
used for Al planning. Planners that predict qualitativeesteansitions caused by continuous events
includeeExcALIBUR (Drabble, 1993).

Planning as model checking. Planning as model checking (Bertoli, Cimatti, & Roveri, 200
Cimatti & Roveri, 2000) represents domains as nite-statgtams. Planning problems are solved
by searching through the state space, checking for theeexistof a plan that satis es the goals.
Goals are formalized as logical requirements about theatebiehavior for plans. Unlike planning
as model checking we consider continuous control procesdas interpretation as well as the
physical effects of actions, and concurrency. This extdn@presentational power comes at the
cost of probably nding behavior aws rather than provingethabsence.

Design and veri cation of embedded systems based on hybriduiomata. The formalization

of embedded software systems (Alur et al., 1997, 1996) usytgid automata aims at proving

critical aspects of the software rather than the physidaices of running this software. In our

approach we have used the ideas of this research eld as is bhour conceptualization but

added additional mechanisms to model the effects of actiadssensing mechanisms. Again, the
additional complexity of our model is compensated by s@vimore restrictive inference problems:

the detection of probable behavior aws with high probdiliather than safety of the system and
the reachability of goals.
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8. Conclusion

The successful application of Al planning to autonomous iteaiobot control requires the plan-
ning systems to have more realistic models of the operafionaolern robot control systems and
the physical effects caused by their execution. In thiglartve have presentgmobabilistic hybrid
action models EHAMS), which are capable of representing the temporal structbi@iatinuous
feedback control processes, their non-deterministicceffeseveral modes of their interferences,
and exogenous events. We have shown ptetms allow for predictions that are, with high proba-
bility, qualitatively correct. We have also shown that pdwkprediction-based inferences such as
deciding whether a plan is likely to cause a aw with a prolliabexceeding a given threshold can
be drawn fast and with bounded risk.

We believe that equipping autonomous robot controllerd witncurrent reactive plans and
prediction-based online plan revision basedrerams is a promising way to improve the perfor-
mance of autonomous service robots through Al planning bigiii cantly and substantially.

The rules that we have used for projecting navigation benavere hand-coded and plan and
possibly even environment speci c. On our research agemntteeidevelopment of transformational
mechanisms for learning high performance and task spedang After having learned the plans
the robot should then learn the projection rules by apphdata mining techniques to the plan
execution traces. To enable this approach we must inverdl mepresentational mechanisms for
the plans that allow for the automatic extraction of the sulaitial steps into this direction can be
found in the work of Belker et al. (2002), Beetz and BelkerQ@0) Beetz (2002b).
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