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Abstract

We propose alogical framework for robot program-
ming which alows the seamless integration of ex-
plicit agent programming with planning and with
monitoring of aplan when it is executed in the red
world. Specifically, the Golog model allows one
to partialy specify a control program in a high-
level, logica language, and provides an interpreter
that, given a logical axiomatization of a domain,
will determine aplan. We extend the Golog model
by introducing execution specific features that in-
cluderun-timesensing and recovering fromfailures
if they occur during execution of actions from the
plan.

1 Introduction

Intelligent agents operating in realistic environmentsare con-
fronted with an uncertain, dynamic world and given only par-
tia information about itsinitial state. To operate successfully
and achieve their goals, those agents must be provided with
model s that account for the complexity of rea environments.
For this reason, the task of adequate modeling of the world
is the necessary preliminary step towards designing complex
controllersfor intelligent agents. In the past few years, it was
demonstrated that predicate |ogic-based frameworks provide
all therequired expressive power and flexibility for construct-
ing adequate models. More specifically, it was shown that
appropriate models can be expressed in the situation cal cu-
lus(apopular knowledge representation framework that isen-
tirely formulated in the classical predicate logic). Recently,
the situation cal culus has been extensively studied and modi-
fied, and the current version [Reiter, 2001] isawell devel oped
approach to axiomatization of the effects of primitive actions
on the world. In addition, the Cognitive Robotics group at
the University of Toronto has devel oped the high-level logic-
based programming language Golog [Levesque et al., 1997].
Golog has all standard programming constructs and several
non-deterministic operators, it can be used to compose com-
plex controllers from primitive actions specified in the situa-
tion calculus.

These recent devel opments introduced not only a generd,
semantically clear approach to modeling dynamic systemsin
classical predicate logic, but aso techniques for designing
computationally efficient high-level controllers: by varying
the degree of non-determinismin aGolog program and by us-
ing operators that bound the scope of search, the programmer
can influencetheefficiency of search for an executable control
sequence. Golog is specifically targeted towards devel oping
complex robotics software.  Within robotics, the two major
paradigms—planning and programming—have largely been

pursued independently. Both approaches have their advan-
tages (flexibility and generaity in the planning paradigm, per-
formance of programmed controllers) and scaling limitations
(e.g., the computational complexity of planning approaches,
task-specific design and conceptual complexity for program-
mers in the programming paradigm). Golog allows for the
seamless integration of programming and planning. If the
agent programmer has enough knowledge of a given domain
tobeableto specify some (but not necessarily al) of thestruc-
ture and the detail s of agood (or possibly optimal) controller,
then this knowledge can be used to overcome computational
limitations associated with planning. Those aspects left un-
specified will befilled in by the agent itself, but must satisfy
any constraintsimposed by the program.

The main contribution of research considered in this paper
is accounting for uncertainty and unmodeled dynamicsin an
environment. Once asequence of actionshasbeen determined
from a Golog program, ishasto be executed in thered world.
Because actions may have unexpected effects, the agent must
sense the environment and compare the measured effects of
actionswiththeir effects expected according to theincompl ete
logical model of the environment. From the perspective of
thisresearch, Gologisaconvenient language because at each
step of computation, the logica statements about the current
logical model can beeasily evaluated; in other words, thelog-
ica model of theworldiseasily accessible and maintained.

There are severa approaches to designing efficient and re-
liable controllersin Golog. According to one perspective on
the environment where the control programis supposed to op-
erate, there is a probabilistic model of the environment and
interaction of the agent with the environment can be charac-
terized as a Markov Decision Process (MDP). In this case,
the planning task is formulated as a decision-theoretic plan-
ning and once the agent computes an optimal policy thispol-
icy provides al information required during the execution if
outcomes of some actions are different from expected. Ac-
cording to another perspective, thereisno probabilisticinfor-
mation about the environment where the agent is planning to
act, and the agent is not capable or has no time for acquiring
probabilities of different effects of its actions (this includes
the case when estimation of those probabilities is impracti-
ca due to the nature of application domain). This settingis
common in cases when the robot has to explore an unfamil-
iar environment only once or afew times: due to scarcity of
interaction experiences, the probabilistic mode cannot be es-
timated precisely and cannot be built in advance. Inthiscase,
the uncertainty and dynamics of the environment can be ac-
counted only by observing the real outcomes of actions exe-
cuted by the agent, by determining possiblediscrepancies be-
tween the observed outcomes and the eff ects expected accord-
ing to the logical modd of the world and then by recover-



ing, if necessary, from the relevant discrepancies. To recover
the agent computes an appropriate correction of the program
that is being executed. A logicd framework for execution
monitoring of Golog programs (composed from determinis-
tic primitive actions) provides the aforementioned function-
alitiesand generalizes those previously known approaches to
execution monitoring which have been formulated only for
cases when the agent is given alinearly or partialy ordered
sequence of actions, but not an arbitrary program. Papers
[De Giacomo et al., 1998, Soutchanski, 1999] consider two
general recovery mechanisms that can be empl oyed by theex-
ecution monitor: a planning procedure and backtracking, re-
spectively. The planning procedure computes off-line a short
corrective sequence of actions such that after doing those ac-
tions on-line, the agent can resume executing the remaining
part of theprogram. Backtrackingto previouschoice pointsin
the non-deterministic Gol og program gives an agent achance
to choose an dternative execution branch in cases when the
further execution of actionsremaining inthe current branchis
no longer possi ble (apost-condition of theprogramwill not be
satisfied) or desirable (thereare other execution branches with
higher utility). For example, this happens if the most recent
action was executed overly late and no matter how fast the
agent will execute actionsremaining inthebranch, it will miss
adeadline a the end. In the general case, when the agent has
executed actions after choosing a particular branch of anon-
deterministic Gol og program, the generalized recovery mech-
anism may use both planning and backtracking procedures if
it isnot possible or desirable to continue the execution of the
current branch. The planning procedureis responsiblein this
case for computing a plan that leads back to a program state
where an aternative branch can be chosen. This paper pro-
videsadeclarativeframework for thismore general case when
arecovery procedurecan combine planning and backtracking
into a single powerful recovery mechanism.

In Section 2 wereview briefly the situation cal culus, Golog
and a transition-based semantics that specifies a Golog inter-
preter. In Section 3 we consider a declarative framework for
monitoring of Golog programs. In Section 4 we introduce a
specific implementation of arecovery procedure that generd -
izes previously proposed recovery procedures.

2 The Situation Calculusand Golog

2.1 The Situation Calculus

The situation calculusis afirst-order language for axiomatiz-
ing dynamic worlds. Inrecent years, it has been considerably
extended beyond the “classical” language to include concur-
rency, continuoustime, etc., but in all cases, itsbasic ingredi-
ents consist of actions, situationsand fluents.

Actions

Actions are first-order terms consisting of an action function
symbol and its arguments. In the approach to representing
time in the situation calculus of [Reiter, 2001], one of the ar-
gumentsto such an action function symbol—typicaly, itslast
argument—is the time of the action’s occurrence. For exam-
ple, startGo(Z,/’, 3.1) might denotetheaction of arobot start-
ingtomovefromlocation! to!’ a time 3.1. Following Reiter
[Reiter, 2001], al actionsare instantaneous (i.e, with zero du-
ration).

!Durations can be captured using processes, as shown below. A
full exposition of time is not possible here.

Situations

A dituation is a first-order term denoting a sequence of
actions. These sequences are represented using a binary
function symbol do: do(«, s) denotes the sequence resulting
from adding the action « to the sequence s. So do(a;, s)
is like LISP's cons(a, s), or Prolog’'s [« | s]. The specid
constant S; denotes the initial situation, namely the empty
action sequence. s0 .S; islike LISP's () or Prolog's| .
Therefore, the situation term

do(endGo(l,!’, 7.3), do(startGrasp(o, 2), do(startGo(/, I', 2),

denotes the following sequence of actions: startGo(l,!’, 2),
startGrasp(o, 2), endGo(, I’,7.3).  Foundational axioms for
situations without time are given in [Reiter, 2001]. Axioms
for situationswith time are given in [Reiter, 1998].

Fluents
Relations or functions whose truth vaues vary from state to
state are called relational fluents, and are denoted by predi-
cate or function symbols whose last argument is a situation
term. For example, closeTo(z, y, s) might bearelational flu-
ent, meaning that when therobot performstheaction sequence
denoted by thesituationterm s, 2 will beclosetoy. pos(z, s)
might beafunctional fluent, denoting 2’ spositioninthat state
of the world reached by performing the action sequence s.

A domain theory is axiomatized in the situation caculus
with four classes of axioms:
Action precondition axioms: There is one for each ac-
tion function A(Z), with syntactic form Poss(A(Z),s) =
I14(Z,s). Here, 114 (%, s) 1s a formula with free variables
among Z, s. These are the preconditions of action A.
Successor state axioms: There is one for each relationd
fluent F(Z#,s), with syntactic form F(Z, do(a,s)) =
bp (%, a,s), where ®p(Z, a, s) is a formula with free vari-
ablesamong a, s, #. These characterize thetruth values of the
fluent 7' in the next situation do(a, s) in terms of the current
situation s, and they embody a solution to the frame problem
for deterministic actions ([Reiter, 1991]). There are similar
axiomsfor functional fluents.
Unique names axiomsfor actions. These state that the ac-
tions of the domain are pairwise unequal .
Initial database: Thisisaset of sentences whose only situa-
tiontermis.Sy; it specifies theinitia problem state.

Example2.1: The following are action precondition and
successor state axioms for a blocks world. To keep the ex-
ample short, we suppose that blocks may only be moved
onto other blocks. The axioms appeal to a process fluent
moving(z,y,t,t', s), meaning that block = isin the process
of moving to y, and ¢ and ¢’ are the initiation and termina-
tion times of this process. The process has its own instanta:
neous initiating and terminating actions, start M ove(z,y,t)
and end M ove(z, y, t), with the obvious meanings. '

Action Precondition Axioms

Poss(start Move(z, y,1), s) = clear(z, s) A
clear(y, s) Nz # y At = start(s),

Poss(endMove(xz, y,t), s) = (It )ymoving(z, y,t',t, s).

Successor State Axioms
clear(z,do(a, s)) =
(Jy, z,t){on(y, z,s) A a = start Move(y, z,t)} V
clear(z,s) A —(Jy,t)a = endMove(y, z,1),
on(z,y,do(a,s)) = (It)a = endMove(z,y,t) V

on(z,y,s) A=(3z,t)a = start Move(z, z, 1),



onTable(z,do(a, s)) = onTable(z,s) A
—(Jy, t)a = startMove(z, y,1).

moving(z,y,t,t,do(a,s)) = a = start Move(z,y,t) A
t' =t + moveDuration(z,y,s)V
moving(z,y,t,t',s) A a # endMove(z,y,t').

2.2 Golog

Golog [Levesque et al., 1997] is a situation cal culus-based
programming language for defining complex actionsin terms
of a set of primitive actions axiomatized in the situation cal-
culus as described above. It has the standard—and some not-
so-standard—control structuresfound in most Algol-likelan-
guages.

1. Sequence: « ; 5. Do action «, followed by action 3.

2. Test actions: p? Test the truth value of expression p in

the current situation.

3. Nondeterministic action choice: « | 3. Do « or 3.

4. Nondeterministic choice of arguments: (7 z)a(z).
Nondeterministically pick a vaue for 2, and for that
valueof z, do action ().

5. Conditionals (if-then-else) and whileloops.
6. Procedures, including recursion.

The semantics of Golog programs is defined by macro-
expansion, using aternary relation Do. Do(d, s, s') isan ab-
breviation for a situation calculus formula whose intuitive
meaning isthat s’ isone of the situations reached by eval uat-
ingtheprogramd beginningin situations. Givenaprogramd,
one proves, using the situation cal culus axiomati zation of the
background domain, theformula(3s)Do(d, Sy, s) to compute
aplan. Any binding for s obtained by a constructive proof
of this sentence is a sequence of possible actions, involving
only primitive actions, of §. A Golog interpreter for the situ-
ation caculus with time, implemented in Prolog, is described
in [Reiter, 1998].

Example2.2: The following is a nondeterministic Golog
program for theexample above. makeOneT ower(z) creates
asingletower of blocks, using as a base the tower whose top
block isinitialy =.

proc makeOneTower(z)
=(Jy).y # z Aclear(y)? |
(mx,t)[start Move(x, z,1) ;
(rmt)endMove(z, z,t') ; makeOneTower(z)]
endProc

Like any Golog program, thisis executed by proving
(3s)Do(makeOneTower(z), So, s),

in our case, using background axioms above. We sart
with Sy as the current situation. In generd, if o is the
current  situation, makeOneTower(z) terminates in
situation o if =(3y).y # z A clear(y,o) holds. Other-
wise it nondeterministicaly selects a block z and time
t, and “performs’ start Move(z, z,t), meaning it makes
doﬂftartMove(m,z,t),(r) the current situation; then it
picks a time ¢’ and “performs’ end M ove(z, z,t'), making
do(endMove(z, z,t'), do(start Move(z, z,t), o)) the cur-
rent situation; then it callsitself recursively. On termination,
the current situation is returned as a side effect of the com-
putation; this corresponds to a sequence of possible actions
specified by the program. It is important to understand
that this is an offline computation; the resulting situation

is intended to be passed to some execution module for the
online execution of the primitive actions mentioned in the
situationterm, in our example, to physically build the tower.

Thus the interpreter will makes choices (if possible) that
lead to successful computation of one of the plans specified
by the program. With nondeterministic choices and the spec-
ification of postconditionscorresponding to goals, Golog can
be viewed as integrating planning and programming in a nat-
ura way.

2.3 Transition-based semantics

This semantics is defined using axioms for Trans and Final
that are discussed in [De Giacomo et al., 2000]. The predi-
cate Trans(dy, s1, d2, s3) holdsif a Golog program d; makes
atrangition in situation s; to a structurally simpler program
d2 and resultsin situation s,. Given aprogram ¢ and asitua-
tion s, Trang(d, s, d’, s') tellsus which is a possible next step
in the computation, returning the resulting situation s’ and
the program 4’ that remains to be executed. In other words,
Trans(d, s, ¢’, s') denotesatransitionrel ation between config-
urations (4, s) and (¢’, s"). The predicate Final(d, s) holds if
term § isaprogram in a find (correctly terminated) state in
situation s, that is whether the computation is completed (no
program remainsto be executed). The set of axioms provided
in [De Giacomo et al., 2000] characterizes these two predi-
cates by induction on the structure of the program.

The possible configurations that can be reached by a pro-
gram ¢ starting in a situation s are those obtained by follow-
ing repeatedly thetransitionrel ation denoted by Transstarting
from (4, s), i.e. those in the reflexive transitive closure of the
transitionrelation. Such ardation, denoted by Trans*, is de-
fined as the (second-order) situation cdculus formula

Trans*(4,s,d’,s') =VT[... D T(4,s,d", )]
where. . . stands for the conjunction of the universal closure

T(8,s,d,s)
Trans(d, s, 8", s") NT(8",s"”,8',s') D T(d,s,48,s")

Using Trans* and Final, a definition of the Do(é, s, s’) re-
lationisthe following: '
Do(d, s, s') = 34’ .Trans* (4, s, 8, s') A Final(d’, s').
A Golog interpreter (that is correct with respect to a speci-
fication provided by Transand Final axioms) has been imple-
mented in Prolog (see [De Giacomo et al., 2000] for details).

3 Execution Monitoring: The General
Framework

In this section we elaborate on a framework developed in
[De Giacomo et al., 1998, Soutchanski, 1999], without com-
mitting to any particular details of the monitor: we introduce
the notion of trace and expand the framework accordingly.
Once a sequence of actions is computed by a Golog inter-
preter, it cannot be ssimply given to an execution modul e that
has to execute each action in the real world. Even in benign
and well-structured office-type environmentsthereisno guar-
antee that during the execution of actions truth values of re-
lationd fluents or values of functional fluents will remain in
exact correspondence to their values in the real world: other
agents performtheir actionsindependently fromthe robot and
those actions may change the actua values of fluents. The
behavior of other agents is unpredictable and often cannot



be modeled an advance?, but the feedback from the external
world can help to account for unpredictabl e effects and obtain
the desirable closed-loop behavior. Thus, imaginethat at any
stage of planning, when the interpreter selects aprimitive ac-
tion for execution or atest condition for evaluation, a high-
level control module of the robot executes a set of predefined
sense actions® to compare reality with itsinternal representa-
tion (i.e., with values of fluents according to successor state
axioms). If the robot does not notice any relevant discrep-
ancies, then it executes the action in reality (or evaluates the
test, respectively). Otherwise, the high-level control module
(called the monitor) attemptsto recover from unexpected dis-
crepancies by finding a corrected program from the remain-
ing part of the program and then proceeds with the corrected
program or fails* The processes of interpreting and execu-
tion monitoring continues until the program reaches the fina
configuration or fails. It is convenient to imaginethat al dis-
crepancies between the robot’s mental world and redlity are
the result of sensory input, but our forma model remains the
same if we assume that the high level control moduleis ex-
plicitly told also about exogenous actions.

We want to characterize the processes of interpreting and
execution monitoring in a declarative framework. In the se-
guel, we need the notion of trace which is a sequence of pro-
gram states; intuitively, the trace for a Golog program is a
history composed from states that the program goes through
when it isbeing executed. Weintroduceanew sort for traces:
we use letters h, h1, ho and similar letters with subscriptsto
denote variables of sort trace. Let constant H, denote the
empty trace, and the functional symbol ¢race(d, h) denote a
new trace composed from a program state § and the previous
trace h. We useabinary predicate symbol < takingarguments
of sort trace to express an order relation between traces. The
notation h; < hs isused as shorthand for hy < hs V hq = hs.
The set of traces satisfies the following axioms:

trace(81,hy) = trace(da, hy) D& =d2 Ahy = hy, (1)
).P(Hgo) A (Y8, h)[P(h) D P(trace(d, h))] D (Yh) P(h), (2)
—(36, h) trace(d, h) < Hy, (3)

h <trace(d,h') =h < h'. 4

Theaxiom (2) isasecond order inductionaxiom saying that
the sort trace isthe smallest set containing H that is closed
under the application of trace to a program term and trace.
The axiom (1) is a unigue names axiom for traces that to-
gether with (2) imply that if two traces are the same, then each
of them is the result of the same sequence of program states
going from H, (informally, different sequences of program
states forking from H, cannot join later resulting in the same
trace). The axiom (3) meansthat H has no predecessors, and
(4) assertsthat atrace h isapredecessor of other trace that re-
sultsfrom addingaprogramstated toatrace i’ if andonly if »

2In many realistic scenarios, when the agent is placed in an un-
familiar and unmodelled environment, the agent lacks even a proba-
bilistic model that could be used to anticipate various contingencies.

3All senseactions sense(q, v, t) have an argument » which rep-
resents data returned from sensors at the run time ¢ when the robot
measuresgq.

41f the remainder of aprogram islong enough, then it seems com-
putationally advantageous to recover from discrepancies and then
use the remaining program rather than throw it away and plan from
scratch.

isapredecessor of A’ or hisequal to h’. These axioms are do-
mai n independent (noticethat they are similar to foundational
axiomsfor situations).

The closed-loop system (interpreter and execution mon-
itor) is characterized formally by a new predicate symbol
TransEM (81,51, h1,d2, 2, ha), describi ng aonestep tran-
sition consisting of asmgIeTran s(d1, 81,0, s") step of pro-
gram interpretation, followed by a process, caIIed M onitor,
of execution monitoring. The role of the execution moni-
tor is to get new sensory input in the form of sense and ex-
ogenous actions and (if necessary) to generate a program to
counter-balance any perceived discrepancy. Asaresult of dl
this, the system passes from (41, s1, h1) to the configuration
(02, s2, ho) specified asfollows:

TransEM(él, s1, h1,02, 82, ha) =

(3, s h)Trans(01,51,§ s") /\h’—trace(ol,h JA
(399)])0(0 9g)A39nM0n210r(91,5' s' b 89, 50, ha)A

(s'=s4 /\52_5n V da.s' =do(a, 51)/\senseEffect(a Sn,52)),

(5
where the predicate senseEffect(a, s,,, s2) holds if the situ-
ation s, results from executing a sequence of prespet:lfled
sense actionsin s,,. These sense actions are domain specific
and we assumethat adomain axiomatizer providesaseguence
of sense actions that has to be executed after every primitive
action a tofind red effects of a. Notethat intheaxiom (5) ei-
ther Ja.s’ =do(a, s1) (afirst primitiveactionin d; isselected
for execution), or s’ = s, (atest isevaluated). °

The possible configurations that can be reached with exe-
cution monitoring by a program ¢ given s and atrace h are
those obtained by repeatedly following TransEM transitions,
i.e. thoseinitsreflexive transitiveclosure TransEM™:
DoEM(J, s, h Sf) = 3oy, hf.TransEM*(o", s, h,df, 57, hf) A
Final(ds,s¢), where Trans EM™ isdefined asthe following
second- order situation calculus formula

(Vo,s,h,8",s' W) TransEM*(d, s, h, ()' ' h') def

VU[ .DU(d,s,h,d, s h)]
and the eIIipsisstandsfor the conjunction of :

U(d,s,h,d,s,h)
U(d,s,h,d', s" A YyATransEM(d”, s, h', 6", s, h'") D U (d,s,h,0" s h"")

Let e be an exogenous event, which n? ht be as sim) rﬁ
aprimitive senseaction (e.g., sensing o ecurrent ti e?

as complex as an arbitrary Gol og program (e.g., that another
agent isplanning to execute). Then, Do(e, s, se) holdsif s, is
asituationresulting after doinge in s; informally, s. takesinto
account an influence of the external real world. The behavior
of ageneric monitor is specified by:

Monitor(s,d1, 51, h1,d2, s2, h2) = Je, s.,a.Do(e, s, 5¢)A
[~ Relevant(s, se,d1,51,h1) Ada =01 A hy = hl/\
(si=sAsa=se \/sl_do(a s) Asa=do(a,se))V
Relevant(s, s.,81, 81, h1) A sa=5.A
(s1=s A Recover(s,d1, hy, se, 02, ha) V
s1=do(a, s) A Recover(s, (a;81), h1, se, 02, ha))].

(6)

Here, Relevant(s, s.,d1,s1, h1) is a predicate that speci-
fies whether the discrepancy between s and s, isrelevant in
the current configuration of the program. If this discrepancy
does not matter —— Relevant(s, se, d1, s1, h1) —then the ex-

ecution monitor does not modify the program —é- = 4§, and

*Trans(¢?, s, nil, s) if ¢ holdsin s, i.e., transitions over tests do
not changethe situation argument; see {De Giacomo et al., 2000] for
details.



keepsthecurrenttrace: ho = hy. Inaddition, if thelast transi-
tionwas over thetest (s; = s), themonitor does nothing else,
butif it was over aprimitiveaction (s; = do(a, s)), themoni-
tor doestheaction a inthered world (thisexecution resultsin
anew situation ss = do(a, s.) ). Otherwisg, if this discrep-
ancy does matter — Relevant(s, s.,d1, s1, h1) —the monitor
should recover. The predicate Recover(s,d, hi, se,da, ha)
provides for this by determining (possibly, using h; and ¢ —
which iseither §; or a; §;) anew program, d5, whose execu-
tionin situation s, isintended to achieve an outcome equiva-
lent (inasense left open for the moment) to that of programd,
had the exogenous event not occurred and J was simply exe-
cutedin s asit was originally expected.

The wide range of monitors can be achieved by defining
Relevant and Recover in different ways. For example, cor-
rective plans are suggested as a domain-independent recov-
ery techniquein [De Giacomo et al., 1998]. Another example
iswhen a new program J- is determined by going back to a
previous program state (which is anondeterministic operator)
and choosing an aternative branch; d» can be found because
thetrace hy keepsall program states which theinterpreter has
visited already [Soutchanski, 1999].

It can be advantageous to combinein arecovery procedure
twotechniques: planningand backtrackingtoapreviouscom-
putation state. Indeed, one can easily imagine the following
recovery procedure. Try all length one sequences of actions
(followed by a remaining program 4), if none succeeds, go
back to a previous computation state and try from there dl
length one sequences of actions (again followed by aremain-
ing program ), if thisdoes not work, goto an earlier computa-
tion state and search for a single corrective action from there,
etc. If al these attempts fail, try al length two sequences
of actions (followed by a remaining program ), if none suc-
ceeds, go back to a previous computation state and try from
there al length two sequences of actions, etc. This modified
procedure will insert as few corrective actions as possible: it
attempts to trade off corrective actions for backtracking to a
previous program counter & from which one can resume exe-
cution to reach agoal b It is not difficult to see that this new
recovery procedure is more genera than the recovery proce-
dure based solely on re-planning.

4 A Specific Monitor

Now we develop a simple redization of the above generd
framework, by fixing on particular predicates Relevant and
Recover.

We begin by assuming that for each application domain a
programmer provides:

1. The specification of all primitiveactions(robot’sand ex-
ogenous) and their effects, together with an axiomatiza-
tion of theinitial situation, as described in Section 2.

2. A Golog program ~ that may or may not take into ac-
count exogenous actions occurring when the robot exe-
cutes the program. Before we give a suitable definition
of Recover, we make animportant assumption about the
syntactic form of themonitored program . Specificaly,

®Because certain primitive actions have been already executedin
the real world, it is not always possible simply backtrack to a previ-
ous program counter and use it as a new program when we find that
the execution of the current program failsin the situation that results
from exogenous actions. It may be necessary to do one or severa
auxiliary actions, before computation can be resumed from one of
the previous program counters.

we assume that along with her program, the programmer
provides a first order sentence describing the program’s
goad, or what programmerscall aprogram postcondition.
We assume further that this postconditionis postfixed to
theprogram. In other words, if v isthe origina program,
and goal isits postcondition, then the program we shall
be dealing with in this section will be~ ; goal?.

Next, we take Relevant(s, s.,d1, s1, h1) to be asfollows:

Relevant(s, se, 01,51, h1) =
(s1=s D —=3syDo(d1, Se, 54) )A (7

(Va).(s1=do(a,s) D =3sgDo(a;d1, se, 54) ),
so that the definition (6) of M onitor becomes:

Monitor(s, 8y, s1,h1,082, 89, ho) = Je, 5., a.Dole, s, s¢)A
[(5125 A El.‘?VDO((Sl,Se,Sg‘) Adbos=01 Nsa=8. Nho=h1 V
51 :do(a,sﬁ A3dsgDo(a;d1, s, sq)A
0o =01 A SQIdO(a,SS) A ho=hq ) vV
(s1=5 D =3s,D0(d1, 5¢,54) )A

(Va).(s1=do(a,s) D =IsyDo(a;d1,5¢,54) ) N s3=5cA\

(s1=s A Recover(s,d1, hi, se,d2, ha) V

s1=do(a, s) A Recover(s, (a;01), h1, Se, 02, ha) )].
M onitor checksfor theexistence of an exogenousprograme,
determinesthe situation s, reached by thisprogram, andif the
monitored program §; terminates off-line, themonitor returns
d1, elseit invokes arecovery mechanism to determine a new
programds. Therefore, M onitor appeasto Recover only as
alast resort; it prefersto let the monitored program keep con-
trol, solong as thisis guaranteed to terminate off-linein asit-
uation where the program’s goal holds. (Remember that this
goal has been postfixed to the original program, as described
above.)

It only remans to specify the predicate
Recover(s,d, hy, se, 02, hs) that is true whenever ¢ is
the current state of the program being monitored’, s is the
situation prior to the occurrence of the exogenous program,
s. isthesituation after the exogenous event, h; isthe current
trace, and d, is a new program to be executed on-line in
place of §, beginning in situation s.. Notice that here we
are appealing to the assumption 2 above that all monitored
programs are postfixed with their goal conditions. We need
something likethis because the recovery mechanism changes
the program § being monitored, by adding a prefix p to it.
Theresulting program (p; §) may well terminate, but in doing
so, it may behave in ways unintended by the programmer.
But so long as the goal condition has been postfixed to the
original program, al terminating executions of the dtered
program will still satisfy the programmer’sintentions.

Recover(s,d, h1, e, 02, ha) = Ip.straight Line Prog(p) A
(Fsg.Do(p;d, se,85) Nd2 = (p;8) Nha=h1 V

=3s,.Do(p; 4, se, s4) A8, ). firstAlternative(hy, 8, h')A

Recover(s, (p;8'), b, se, 82, ha) )A
[V(p', s, 85, h).straight Line Prog(p') A

(Do(p';0,s¢,s") v 3I(d', h'). firstAlternative (h1,6', h')A

Recover(s, (p';4"), h, s, 05, hh)) D

length(p) < length(p')],
8

"If the last transition was over thetest, then § isé1, but if the last
transition wasover a primitive action a, then § is (a; 1), whereé; is
the current program counter.



wherethepredicate firstAlternative(hy,d’, h') holdsif §’ is

afirst (if one looks backwards from the current trace h; to-

wards H) program state mentioned in the trace h; such that

4’ isanondeterministic choi ce between several sub-programs.
This predicate is specified by

firstAlternative(hq1,d',h') =
h' < hi A F(R")R =trace(d’, KA
(y1,72,73)- (8" = (71 [ 72) V &' =may3)A
V(h).(h < hi AT(R",8,v1,72,73).-h=trace(d, h")A
(0=(m [ 72) Vé=mz.y3) D h 2 1) -
9
Informaly, given atrace h, this predicate computes the sub-
trace h' of hy such that this sub-trace is composed by a pro-
gram state ¢’ that is a nondeterministic choice between sub-
programsand »’ isthelongest sub-trace that has thisproperty.
In other words, dl other sub-traces h that are composed from
program states which are nondeterministic choices between

sub-programs are further away in the past than the sub-trace
hl

Note that our new recovery procedure (8) will determine a
shortest (possibly empty) sequence of actions such that exe-
cution of actions (if any) from this sequence followed by cur-
rent program state or followed by one of the past program
states leads to a situation where the program postcondition
holds. Moreover, only those past program states are consid-
ered which are nondetermini stic choi ces between several sub-
programs. In [Soutchanski, 1999], we consider a special but
interesting case of this genera recovery mechanism: when
no corrective actions are inserted in front of the past program
states and a new program state is determined by the recovery
procedure exclusively from backtracking to a past program
State.

Formally, the predicate straightLineProg(p) and the
functionlength(p) in (8) are defined as follows:

straight Line Prog(q) = (VYP,a).[ P(?(true))A

(straight Line Prog(q) A primitive_action(a) D P(a;q))

D P(q)].
length(?(true))=0 A length(a)=1A
straight Line Prog(p) D length(a;p) =1+ length(p).

This recovery procedure has a built-in assumption that all
exogenous events, if not neutral with respect to achieving the
goal, are malicious.

5 Discussion

We would like to make here a few comments regarding our
choice of the recovery procedure. First, there are other alter-
native specifications, e.g., if an exogenous disturbance hap-
pens when the remainder of the program is short, it can be
more advantageous to find a sequence of actions that leads
directly to the goal, rather than recover from the disturbance
and resume execution of the remaining program. We do not
provide here aternative specifications because our intention
is to introduce a conceptual framework; more sophisticated
versions of recovery mechanism will be minor variations of
the recovery mechanism considered here. Second, the sug-
gested implementation of recovery procedure acceptable only
if the upper bound on the length of p isa small number. For
any given application domain, computational efficiency of the
implementation can be significantly improved by introducing
domain specific declarative constraints on search for an ap-
propriate straight Line Prog(p). It is well known that this

approach leads to efficient domain specific planning [Kibler
and Morris, 1981, Bacchus and Kabanza, 1996, Kvarnstrom
and Doherty, 2001]. Note that an efficient implementation
of straight Line Prog(p) based on declarative constraintson
thesearch for ashortest sequence will be applicabletothetask
of monitoring of an arbitrary program in the domain of appli-
cation. The recovery procedure will remain the same aslong
as programs use primitive actions from the same basic theory
of actions. Third, in the real world, if the initia situationis
different from what programmer has expected, it may happen
that theorigina program Prog cannot bestarted. However, in
this case we can simply run monitor once, find what kind of
disturbance occurred, obtain a new (corrected) version of the
program ProgCorr and start executing thisprogram. Forth, a
programmer might wish to provide severa intermediate post-
conditionsin different parts of a program: these postcondi-
tionsset expectations of what those parts of the program have
to achieve notwithstanding exogenous disturbances.

A more detailed discussion of previously proposed ap-
roaches to execution monitoring can be found in papers
De Giacomo et al., 1998, Soutchanski, 1999]. There are

severa systems designed to interleave monitoring with plan
execution: PLANEX [Fikes et al., 1972], IPEM [Ambrose-
Ingerson and Steel, 1988], SIPE [Wilkins, 1988], ROGUE
[Haigh and Veloso, 1996], SOAR [Rosenbloom et al., 1993]
and others. We differ from these and similar proposals, first by
using the very expressive predicate logic language for speci-
fying application domains, secondly by the fact that oursisa
story for monitoring arbitrary programs, not simply straight
line or partially ordered plans. Moreover, we do not as-
sumethat the monitored plan isgenerated automatically from
scratch, but rather that it has been computed from ahigh-level
Golog program provided by a programmer.

6 FutureWork

This paper is intended to propose a genera predicate logic
based framework to integration of high-level programming
withexecution. However, thisframework needsadetailed ex-
perimental evaluation and computational analysisof itsappli-
cability to different robotics scenarios. These remain impor-
tant topics for further research.

It would be interesting to develop alogic-based execution
monitoring framework that accounts for time required by an
interpreter to determine a plan and for time that recovery pro-
cedure takes to find a corrected program.

The robotics implementation considered in [Soutchanski,
1999] demonstrated that thelogical framework for monitoring
of high-level programs facilitates development of interesting
roboticsimplementations. Animplementation of amore gen-
eral approach considered in this paper is one of the possible
research directions.
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