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Chapter 24

Cognitive Robotics

Hector Levesque and Gerhard Lakemeyer

This chapter is dedicated to the memory of Ray Reiter. It is also an overview of cognitive
robotics, as we understand it to have been envisaged by him.1 Of course, nobody can
control the use of a term or the direction of research. We apologize in advance to those
who feel that other approaches to cognitive robotics and related problems are inadequately
represented here.

24.1 Introduction

In its most general form, we takecognitive roboticsto be the study of the knowledge rep-
resentation and reasoning problems faced by an autonomous robot (or agent) in a dynamic
and incompletely known world. To quote from a manifesto by Levesque and Reiter [42]:

“Central to this effort is to develop an understanding of the relationship between
the knowledge, the perception, and the action of such a robot. The sorts of
questions we want to be able to answer are

• to execute a program, what information does a robot need to have at
the outset vs. the information that it can acquireen routeby perceptual
means?

• what does the robot need to know about its environment vs. what need
only be known by the designer?

• when should a robot use perception to find out if something is true as
opposed to reasoning about what it knows was true in the past?

• when should the inner workings of an action be available to the robot for
reasoning and when should the action be considered primitive or atomic?

1To the best of our knowledge, the term was first used publicly by Reiter at his lecture on receiving the IJCAI
Award for Research Excellence in 1993.
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and so on. With respect to robotics, our goal (like that of many in AI) ishigh-
level robotic control: develop a system that is capable of generating actions in
the world that are appropriate as a function of some current set of beliefs and
desires. What we donotwant to do is to simply engineer robot controllers that
solve a class of problems or that work in a class of application domains. For
example, if it turns out that online reasoning is unnecessary for some task, we
would want to know what it is about the task that makes it so.”

We take this idea of knowledge representation and reasoningfor the purpose ofhigh-level
robotic control to be central to cognitive robotics [75]. This connects cognitive robotics
not only to (traditional, less cognitive) robotics but also, as discussed later, to other areas
of AI such as planning and agent-oriented programming.

To illustrate the knowledge representation and reasoning issues relevant to high-level
robotic control, we will use Reiter’s variant of the situation calculus. There are several
reasons for this: we, the authors, have worked with the situation calculus and hence feel
most comfortable with it; the situation calculus is a very expressive formalism which can be
used to model many of the features relevant to cognitive robotics; it was already introduced
at length in a chapter of this volume (which we assume as a prerequisite), so that we do
not need to present it from scratch; and last but not least, it is a tribute to Ray Reiter. For a
book length treatment of cognitive roboticsnotbased on the situation calculus, see [85].

The structure of the this chapter is as follows. In Section 24.2, we discuss some of
the knowledge representation issues that arise in the context of cognitive robotics. In Sec-
tion 24.3, we turn to problems in automated reasoning in the same setting. In Section 24.4,
we examine how knowledge representation and reasoning come to bear on the issue of
high-level agent control. Finally, in Section 24.5, we briefly draw conclusions and suggest
a direction for future research.

24.2 Knowledge representation for cognitive robots

As a special sort of knowledge-based system, cognitive robots need to represent knowledge
about relevant parts of the world they inhabit. What makes them special is the emphasis
on knowledge about thedynamicsof the world, including, the robot’s own actions. In
currently implemented systems, knowledge about objects in the world can be very simple,
as in robotic soccer [21], where little is known beyond their position on a soccer field,
to the very complex, involving knowledge about the actual shape of the objects [60, 71].
Likewise, knowledge about actions can be as simple as taking an action to be a discrete
change of position fromA to B, or fairly involved with probabilistic models of success
and failure [23, 22].

But whatever the application, the key feature of cognitive robotics is the focus on a
changing world. A suitable knowledge representation language must at the very least pro-
videfluents, that is, predicate or function symbols able to change their values as a result of
changes in the world. For our purposes, we will use the situation calculus; but there are
many other possible choices, modal vs. non-modal, state-based vs. history-based, time-
based vs. action-based, and so on.2 Each of these will need to address similar sorts of

2While planning languages like STRIPS [28] or PDDL [57] also qualify and have been used to control
robots [55, 61, 20], they are more limited in that they only specify planning problems, but do not lend themselves
to a general representation and reasoning framework for cognitive robots as advocated by Reiter.
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issues such as the frame, qualification, and ramification problems, discussed in the Situa-
tion Calculus chapter, and in [70].

24.2.1 Varieties of actions

In its simplest setting, the situation calculus is used to model actions that change the world
in a discrete fashion and instantaneously. For robotic applications, this is usually far too
limited and we need much richer varieties. Let us begin with actions which are continuous
and have a duration. A simple idea to accommodate both is due to Pinto [58], who proposed
to split, say, apickupaction into two (instantaneous)startPickupandendPickupactions
with an additional time argument and a new fluentPickingupwith the following successor
state axiom:

Pickingup(x, t, do(a, s)) ≡ ∃t′(a = startPickup(x, t′) ∧ t′ ≤ t)
∨ Pickingup(x, t, s) ∧ ¬∃t′(a = endPickup(x, t′) ∧ t′ ≤ t).

While this works fine for some applications,3 having to explicitly specify time points when
an action starts and ends is often cumbersome if not impossible. An alternative approach,
first introduced by Pinto [58] and later adapted by Grosskreutz and Lakemeyer [30] is
to define fluents as continuous functions of time. For example, a robot’s location while
moving may be approximated by a linear function taking as arguments the starting time of
the moving action and the robot’s velocity. Using the special action calledwaitFor(φ) time
advances until the conditionφ becomes true. The use ofwaitFor was actually inspired by
robot programming languages like RPL [53]. For an approach to continuous change in the
event calculus see [72].

The situation calculus also deals with actions whose effects are deterministic, that is,
where there is no doubt as to which fluents change and which do not. In practice, however,
the world is often not that clear cut. For example, the robot’s gripper may be slippery and
thepickupaction may sometimes fail, that is, sometimes it holds the object in its gripper
afterwards and sometimes it does not. There have been a number of proposals to model
nondeterministic effects such as [82, 27, 4]. On a more fine-grained level, which is of-
ten more appropriate in robotics applications, one also attaches probabilities to the various
outcomes. Reiter’s stochastic situation calculus [66], for example, achieves this by appeal-
ing to nature choosing among various deterministic actions according to some probability
distribution. For example, imagine that when the robot executes apickupaction, nature
actually chooses one of two deterministic actionspickupSandpickupF,which stand for a
successful and failed attempt and which occur, say, with probabilities .95 and .05, respec-
tively. A nice feature of this approach is that successor state axioms can be defined as usual
because they only appeal to nature’s choices, which are then deterministic.

24.2.2 Sensing

In the situation calculus, actions are typically thought of as changes to the world, in partic-
ular, those which are due to a robot’s actuators. Sensing actions, which provide the robot
with information about what the world is like but leave the world unchanged otherwise,

3Thinking of all actions as instantaneous in this way also has the advantage of reducing the need for true
action parallelism, allowing us to use the much simpler variant of interleaved concurrency [17].
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are of equal importance from a robot’s perspective. Various ways to model sensing in the
situation calculus have been proposed. One is to introduce a special fluentSF(a, s) (for
sensed fluent value) and axioms describing how the truth value ofSF becomes correlated
with those aspects of a situation which are being sensed by actiona [41]. For example, sup-
pose we have a sensing actionsenseRed(x), which registers whether the colour of object
x is red. This can be captured by the following axiom:

SF(senseRed(x), s) ≡ Colour(x, red, s).

The idea is that, when the robot executessenseRed, its sensors or perhaps more concretely,
its image processing system, returns a truth value, which then tells the robot whether the
object in question is red. We can use this predicate to define what the robot learns by doing
actionsa1, a2, . . . , an in situations and obtaining binary sensing resultsr1, r2, . . . , rn:

Sensed(〈 〉, 〈 〉, s) def= True;

Sensed(~a ·A, ~r · 1, s) def= SF(A, do(~a, s)) ∧ Sensed(~a, ~r, s);

Sensed(~a ·A, ~r · 0, s) def= ¬SF(A, do(~a, s)) ∧ Sensed(~a, ~r, s).

In general, of course, sensing results are not binary. For example, reading the temperature
could mean returning an integer or real number. See [79] on how these can be represented.
Noisy sensors can be dealt with as well, as shown in [3, 73]. For the distinction between
sensing and perception, see [59].

Sensing the colour of an object is usually deliberate, that is, the robot chooses to ac-
tively execute an appropriate sensing action. There are, however, cases where sensing
results are provided in a more passive fashion. Consider, for example, a robot’s need to
localize itself in its environment. In practice, this is often achieved using probabilistic
techniques such as [86], which continuously output estimates of a robot’s pose relative to
a map of the environment. Grosskreutz and Lakemeyer [32] show how to deal with this
issue using so-calledexogenousactions. These behave like ordinary non-sensing actions,
which change the value of fluents like the robot’s location. The only difference is that they
are not issued by the robot “at will,” but are provided by some external means. See also
[15, 68] for how passive sensors can be represented by other means. Exogenous actions are
not limited to account for passive sensing. In general, they can be used to model actions
which are not under the control of the robot, including those performed by other agents.

24.2.3 Knowledge

When a robot has a model of its environment in the form of, say, a basic action theory,
this represents what the agentknowsor believesabout the world. Yet so far there is no
explicit notion of knowledge as part of the theory, and this may not be necessary, if we
are interested only in the logical consequences of that theory. However, this changes when
we need to refer to what the robot doesnot know, which is useful, for example, when
deciding whether or not to sense. We need an explicit account of knowledge also when it
comes to knowledge about the mental life (including knowledge) of other agents. In the
situation calculus, knowledge is modeled possible-world style4 by introducing a special

4Modeling knowledge using possible worlds is due to Hintikka [35].
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fluentK(s′, s), which is read as “situations′ is (epistemically) accessible froms.” Let φ[s]
be a formula that is uniform ins. Then knowingφ at a situations, written asKnows(φ, s),
means thatφ is true in all accessible situations:

Knows(φ, s) def= ∀s′.K(s′, s) ⊃ φ[s′].

This idea of reifying possible worlds was first introduced by Moore [54]. Later, Scherl and
Levesque [79] showed that the way an agent’s knowledge changes as a result of actions
can be captured by a successor state axiom for the fluentK:

K(s′′,do(a, s)) ≡ ∃s′.s′′ = do(a, s′) ∧K(s′, s) ∧ [SF(a, s′) ≡ SF(a, s)].

In words: a situations′′ is accessible after actiona is performed ins just in case it is
the result of doinga in some other situations′ which is accessible froms and which
agrees withs on the value ofSF. The effect of this axiom is, roughly, that it eliminates
from further consideration all those situations which disagree with the result of sensing.
For example, if asenseRed(A) action returns the valuetrue, only those situations remain
accessible after performing the action whereA is red. Note that this notion of epistemic
alternatives generalizes the situation calculus discussed in the chapter of this volume in
that we now assume that there are initial situations other thanS0.5 One nice feature of
the successor state axiom forK is that general properties of the accessibility relationship
like reflexivity or transitivity only need to be stipulated for initial situations, as they are
guaranteed to hold ever after [79]. For a treatment of knowledge and sensing in the fluent
calculus, see [83]. For approach to knowledge in the situation calculus that avoids using
additional situations, see [19].

Besides knowledge, there are many other mental attitudes that a cognitive robot may
find useful to model. Proposals exist, for example, to modelgoal or ability, also using
a possible-world semantics [78, 39, 50, 36]. The issue of belief change after receiving
information that conflicts with what is currently known about the world has also been
addressed [76, 77]. Here a preference relation over situations plays an essential role.

24.3 Reasoning for cognitive robots

The research problems in cognitive robotics are not limited to problems in representation
seen in the previous section. We are fundamentally concerned with how these representa-
tions are to bereasonedwith, and furthermore, as we will see in the next section, how this
reasoning can be used to control the behaviour of the robots.

24.3.1 Projection via progression and regression

There are two related reasoning tasks that play a special role in cognitive robotics. The
main one is called the (temporal)projection task: determining whether or not some condi-
tion will hold after a sequence of actions has been performed starting in some initial state.
The second one is called thelegality task: determining whether a sequence of actionscan
be performed starting in some initial state. Assuming we have access to the preconditions
of actions, legality reduces to projection, since we can determine legality by verifying that

5Instead of a single tree rooted atS0, we now have a forest of trees each with their own initial situation.
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the preconditions of each action in the sequence are satisfied in the state just before the
action is executed. Projection is a very basic task since it is necessary for a number of
other larger tasks, including planning and high-level program execution, as we will see in
the next section.

We can summarize the definition of projection from the Situation Calculus chapter as
follows: given an action theoryD, a sequence of ground action terms,a1, . . . , an, and a
formulaφ[s] that is uniform ins, the task is to determine whether or not

D |= φ[do(~a, S0)].

As explained in that chapter, one of the main results proved by Reiter in his initial paper on
the frame problem [65] is that the projection problem can be solved byregression: when
D is a basic action theory (as defined in the earlier chapter), there is a regression operator
R, such that for anyφ uniform ins,

D |= φ[do(~a, S0)] iff Duna ∪ DS0 |= φ′[S0],

whereDS0 is the part ofD that characterizesS0, andφ′ = R(φ,~a). So to solve the
projection problem, it is sufficient, to regress the formula using the given actions, and then
to determine whether result holds in the initial situation, a much simpler entailment.

Regression has proven to be a powerful method for reasoning about a dynamic world,
reducing it to reasoning about a static initial situation. However, it does have a serious
drawback. Imagine a long-lived robot that has performed thousands or even millions of
actions in its lifetime, and which at some point, needs to determine whether some con-
dition currently holds. Regression involves transforming this condition back through the
thousands or millions of actions, and then determining whether the transformed condition
held initially. This is not an ideal way of staying up to date.

The alternative to regression isprogression. In this case, we look for a progression
operatorP that can transform an initial databaseDS0 into the database that results after
performing an action. More precisely, we want to have that

D |= φ[do(~a, S0)] iff Duna ∪ D′
0 |= φ[S0],

whereDS0 is the part ofD that characterizesS0, andD′
0 = P(DS0 ,~a). The idea is that

as actions are performed, a robot would change its database about the initial situation, so
that to determine ifφ held after doing actions~a, it would be sufficient to determine ifφ
held in the progressed situation (with no further actions), again a much simpler entailment.
Moreover, unlike the case with regression, a robot can use itsmental idle time(for example,
while it is performing physical actions) to keep its database up to date. If it is unable to
keep up, it is easy to imagine using regression until the database is fully progressed.

There are, however, drawbacks with progression as well. For one thing, it is geared to
answering questions about thecurrentsituation only. In progressing a database forward, we
effectively lose the historical information about what held in the past. It is, in other words,
a form of forgetting [48, 38]. While questions about a current situation can reasonably
expected to be the most common, they are not the only meaningful ones.

A more serious concern with progression is that it is not always possible. As Lin and
Reiter show [49], there are simple cases of basic action theories where there is no operator
P with the properties we want. (More precisely, the desiredD′

0 would not be first-order
definable.) To have a well-defined projection operator, it is necessary to impose further
restrictions on the sorts of action theories we will use.
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24.3.2 Reasoning in closed and open worlds

So far, we have assumed like Reiter, thatDS0 is any collection of formulas uniform in
S0. Regression reduces the projection problem to that of calculating logical consequences
of DS0 . In practice, however, we would like to reduce it to a much more tractable prob-
lem than ordinary first-order logical entailment. It it is quite common for applications to
assume thatDS0 satisfies additional constraints: domain closure, unique names, and the
closed-word assumption [64]. With these, for all practical purposes,DS0 does behave like
a database, and the entailment problem becomes one of database query evaluation. Fur-
thermore, progression is well defined, and behaves like an ordinary database transaction.

Even without using (relational) database technology, the advantage of having aDS0

constrained in this way is significant. For example, it allows us to use Prolog technology
directly to perform projection. For example, to find out if(φ ∨ ψ) holds, it is sufficient to
determine ifφ holds or ifψ holds; to find out if¬φ holds, it is sufficient to determine if
φ does not hold (using negation as failure), and so on. None of these are possible with an
unconstrainedDS0 .

This comes at a price, however. The unique name, domain closure and closed-world
assumptions amount to assuming that we havecomplete knowledgeaboutS0: anytime we
cannot infer thatφ holds, it will be because we are inferring that¬φ holds. We will never
have the status ofφ undecided.

This is obviously a very strong assumption in a cognitive robotic setting, where it
is quite natural to assume that a robot will not know everything there is to know about
its world. Indeed we would expect that a cognitive robot might start with incomplete
knowledge, and only acquire the information it needs by activelysensingits environment
as necessary.

A proposal for modifying Reiter’s proposal for the projection problem along these lines
was made by de Giacomoet al [15]. They show that a modified version of regression can
be made to work with sensing information. They also consider how closed-world reasoning
can be used in an open world using what they calljust-in-time queries. In a nutshell, they
require that queries be evaluated only in situations where enough sensing has taken place
to give complete information about the query. Overall, the knowledge can be incomplete,
but it will be locally complete, and allow us to use closed-world techniques.

Another independent proposal for dealing effectively with open-world reasoning is that
of Liu and Levesque [51]. (A related proposal is made by Son and Baral [80] and by
Amir and Russell [1].) They show that what they callproper knowledge basesrepresent
open-world knowledge. They define a form of progression for these knowledge bases that
provides an efficient solution to the projection problem that is always logically sound, and
under certain circumstances, also logically complete. The restrictions involve the type of
successor-state axioms that appear in the action theoryD: they require action theories that
are local-effect(actions only change the properties of the objects that are parameters of
the action) andcontext-complete(either the actions are context-free or there is complete
knowledge about the context of the context-dependent ones).

24.4 High-level control for cognitive robots

As noted earlier, one distinguishing characteristic of the area of cognitive robotics is that
the knowledge representation and reasoning are for a particular purpose: the control of
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robots or agents. We reason about a world that is changing as the result of actions taken by
agentsbecausewe are attempting to decide what to do, what actions to take towards some
goal. This is in contrast, for example, to reasoning for the purposes of answering questions
or generating explanations.

24.4.1 Classical planning

Perhaps the clearest case of this application of knowledge representation and reasoning is
in classical planning[29]. As discussed in the Situation Calculus chapter, we are given
an action theoryD of the sort discussed above and a goal formula,φ[s] that is uniform in
some situation variables. The task is to find a sequence of ground actions terms~a such
that

D |= φ[do(~a, S0)] ∧ Executable(do(~a, S0)).

Thus, we are looking for a sequence of actions which, according to what we know inD,
can be legally executed starting inS0 and result in a state whereφ holds.

Think of having a robot, and wanting it to achieve some goalφ. Instead of simply
programming it directly, we get the robot to use what is known about the initial state of
the world and the actions available to figure out what to do to achieve the goal. This has
the very desirable effect that if information about the world changes, that is, if we learn
something new, or discover that something old was incorrect, it will not be necessary to
reprogram the robot. All we need do is revise its beliefs. Using the terminology of Zenon
Pylyshyn [62], we have an architecture that iscognitively penetrablein that the behaviour
of the robot can be altered by simply changing its beliefs about the world.

In practice, very little of the actual research in classical planning is formulated using
the situation calculus in this way. Rather, it is expressed in the more restrictive notation
of STRIPS[28]. Instead of an action theory, we have an the initial database formulated as
a set of atomic formulas (with an implicit closed-world assumption), and a collection of
actions formulated as operators on databases, with preconditions and effects characterized
by the additions and deletions they would make to a current database. AlthoughSTRIPS

has a very operational flavour, it is possible to reconstruct its logical basis in the situation
calculus [44, 49].

Despite the restrictions imposed bySTRIPS, the classical planning task remains ex-
tremely difficult. Even in the propositional case (and with complete knowledge about the
initial world state), the problem is NP-hard [10]. While many optimizations exist for many
special cases, nobody would consider planning as apractical way of generating the mil-
lions of action that might be required of a long-lived robot to achieve long-term goals
starting from some initial state.

But this is an unreasonable picture anyway. Nobody would expectpeopleto deal with
their long-term goals by first closing their eyes and computing a sequence of millions of
action, and then blindly carrying out the sequence to achieve the goal, even assuming such
a sequence were to exist. This is anofflineview of how to decide what to do. We need to
consider a much moreonlineview of high-level control, where as actions are taken, new
information that is acquired gets to contribute to the decision-making. Instead of planning
in advance for all possible long-term contingencies, we need to be able to get a robot to
achieve some part of a goal, assess its current situation, and plan for the rest with the new
information taken into account.
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24.4.2 High-level offline robot programming

In an attempt to come up with a more flexible sort of control, one of the directions that
has proven to be quite fruitful is thehigh-level programming[42] found in languages such
as those in the Golog family [43, 17, 16, 66] and variants likeFLUX [84]. Virtually all of
the high-level control currently considered in cognitive robotics is of this sort. This brings
cognitive robotics closer to the area ofagent-oriented programmingor AOP (see [33, 63],
for example).6

By a high-level program, we mean a program that contains the usual programming fea-
tures (like sequence, conditional, iteration, recursive procedures, concurrency) and some
novel ones:

• theprimitive statementsof the program are the actions that are characterized by an
action theory;

• thetestsin the program are conditions about the world formulated in the underlying
knowledge representation language;

• programs may containnondeterministicoperations, where a reasoned choice must
be made among alternatives.7

Instead of planning given a goal, we now consider program execution given a high-level
program. In the situation calculus, Levesqueet al [43] make this precise as follows: they
define an operatorDo(δ, s, s′) that maps any high-level programδ into a formula of the
situation calculus with two free variabless ands′. Intuitively Do(δ, s, s′) is intended to
say that if programδ starts in situations, one of the situations it may legally terminate
in (since the program need not be deterministic) iss′. This is defined inductively on the
structure of the program:

Primitive action: Do(A, s, s′) def= Poss(A, s) ∧ s′ = do(A, s);

Test: Do(φ?, s, s′) def= φ[s] ∧ s′ = s;

Sequence: Do(δ1; δ2, s, s′)
def= ∃s′′.Do(δ1, s, s′′) ∧ Do(δ2, s′′, s);

Nondeterministic branch: Do(δ1|δ2, s, s′)
def= Do(δ1, s, s′) ∨ Do(δ2, s, s′);

Nondeterministic value: Do(πx. δ, s, s′) def= ∃x. Do(δ, s, s′);

Nondeterministic iteration: Do(δ∗, s, s′) def=
∀P [∀s1P (s1, s1) ∧ ∀s1s2s3(P (s1, s2) ∧ Do(δ, s2, s3) ⊃ P (s1, s3))

⊃ P (s, s′)].

Other programming common constructs can be defined in terms of these:

if φ then δ1 elseδ2
def= (φ?; δ1) | (¬φ?; δ2);

while φ do δ def= (φ?; δ)∗;¬φ?.

6This is perhaps a difference of emphasis only: cognitive robotics tends to emphasize the robotic interaction
with the world, whereas AOP tends to emphasize the mental state of the agent executing the program.

7In many applications, we can preserve the effectiveness of an essentially deterministic situation calculus by
pushing the nondeterminism into the programming.
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The offline high-level program execution taskthen is the following: given a high-level
programδ find a sequence of actions~a such that

D |= Do(δ, S0, do(~a, S0)).

As with planning, we solve this task and then give the resulting action sequence to the
robot for execution.

While this is still completely offline like planning, it does allow for far more flexibility
in the specification of behaviour. Consider, for example, a high-level program like the
following

A1 ; A2 ; A3 ; . . . An ; φ?

where eachAi is a primitive action andφ is some condition. This program can only be
executed in one way, that is, by performing theAi in sequence and then confirming that
φ holds in the final state (or fail otherwise). We would naturally expect that solving the
execution task for this program would be trivial, even ifn were large, since the program
already contains the answer. At the other extreme, consider a program like the following:

while ¬φ do πa. a

This is a very nondeterministic program. It says: whileφ is false, pick an actiona and do
it. A correct execution of this program is a sequence of actions that can be legally executed
and such thatφ holds in the final state. But finding such a sequence is precisely the planning
task forφ. So the execution task for this program is no different than the general planning
task. However, it is between these two extremes that we can see advantages over planning.
Consider this variant:

while ¬φ do πa. Acceptable(a)? ; a

In this case, we have modified the previous program to include a test that the nondetermin-
istically selected actiona must satisfy. Assuming we have appropriate domain-dependent
knowledge (represented inD) about thisAcceptablepredicate, we can constrain the plan-
ning choices at each stage anyway we like, such as in the forward filtering of [2]. Similarly,
we can generalize the first example as in the following:

A1 ; A2 ; A3 ; [while¬ψ doπa.a] ; A4 ; (A5 |B5) ; φ?.

In this case, we begin the same way, but then we must solve a (presumably easier) subplan-
ning problem to achieveψ, then performA4, followed by eitherA5 orB5 as appropriate.
In nutshell, what we see here is that the high-level program can provide as much or as little
procedural guidance as deemed necessary for high-level robot control.

This strategy has proven to be very effective. Among some of the applications built
in this way, we mention an automated banking agent that involved a 40-page Golog pro-
gram [67]. This is an example of high-level specification that would have been completely
infeasible formulated as a planning problem.

When a program contains nondeterministic actions, all that matters about the actual
choices is that they lead to a successful execution of the entire program. There is no
reason to prefer one execution over another. However, real decision making often involves
determining which choices arebetter than others. One way to address this issue is to
attach numericalrewardsto situations. Consider, for example, a robot whose only job is to
collect objects, but with a preference for red ones. We might use the following successor
state axiom forreward:
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reward(do(a, s)) = r ≡
∃x(a = pickup(x) ∧ Colour(x, red, s) ∧ r = reward(s) + 10) ∨
∃x(a = pickup(x) ∧ ¬Colour(x, red, s) ∧ r = reward(s)+5) ∨
¬∃x(a = pickup(x) ∧ r = reward(s)).

The operatorDo(δ, s, s′) introduced above is then replaced byBestDo(δ, s, s′) which se-
lects sequences of actions that maximize accumulated reward. Note that, in the above
example, this does not necessarily mean that the robot will always pick up a red object
if one is available, as even higher rewards may be unattainable if a red object is picked
up now. When combining the idea of maximizing rewards with probabilistic actions, we
obtain a decision-theoretic version of Golog, which was first proposed in [8].

24.4.3 High-level online robot programming

The version of high-level programming we have considered so far has beenoffline. A
more online version is considered by de Giacomoet al [16, 69]. Instead of usingDo to
define the complete execution of a program, they consider the single-step method first-used
to define the offline execution of ConGolog [17]. This is done in terms of two predicates,
Final(δ, s), andTrans(δ, s, δ′, s′). Intuitively, Final(δ, s) holds when programδ can legally
terminate in situations, andTrans(δ, s, δ′, s′) holds when programδ can legally take one
step resulting in situations′, with δ′ remaining to be executed. It is then possible to redefine
theDo in terms of these two predicates:8

Do(δ, s, s′) def= ∃δ′(Trans∗(δ, S0, δ
′, s′) ∧ Final(δ′, s′)),

whereTrans∗ is defined as the reflexive transitive closure ofTrans.9

Now imagine that we started with some programδ0 in S0, and that at some later point
we have executed certain actionsa1, . . . ak, and that we have obtained sensing results
r1, . . . rk from them, with programδ remaining to be executed. Theonline high-level
program execution taskthen is to find out what to do next, defined by:

• stop, if D ∪ Sensed(~a, ~r, S0) |= Final(δ, do(~a, S0));

• return the remaining programδ′, if

D ∪ Sensed(~a, ~r, S0) |= Trans(δ, do(~a, S0), δ′, do(~a, S0)),

and no action is required in this step;

• return actionb andδ′, if

D ∪ Sensed(~a, ~r, S0) |= Trans(δ, do(~a, S0), δ′, do(b, do(~a, S0))).

So the online version of program execution uses the sensing information that has been
accumulated so far to decide if it should terminate, take a step of the program with no
action required, or take a step with a single action required. In the case that an action is

8Much of the work withTransandFinal requires quantifying over and therefore reifying programs. Some
care is required here to ensure consistency since programs may contain formulas in them. See [17] for details.

9To talk about reflexitivity and transitivity, we can considerTransto be a binary relation over configurations,
where a configuration is a pair consisting of a program and a situation.
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required, the robot can be instructed to perform the action, gather any sensing information
this provides, and the online execution process iterates.

The online execution of a high-level program has the advantage of not requiring a
reasoner to determine a lengthy course of action, requiring perhaps millions of actions,
before executing the first step in the world. It also gets to use the sensing information
provided by the firstn actions performed so far in deciding what the(n+ 1) action should
be. On the other hand, once an action has been executed in the world, there may be no
way of backtracking if it is later found out that a nondeterministic choice was resolved
incorrectly. In other words, an online execution of a program may fail where an offline
execution would succeed.

To deal with this issue, de Giacomoet al propose a new programming construct, a
search operator. The idea is that given any programδ the programΣ(δ) executes online
just likeδ does offline. In other words, before taking any action, it first ensures using offline
reasoning that this step can be followed successfully by the rest ofδ. More precisely, we
have that

Trans(Σ(δ), s,Σ(δ′), s′) ≡ Trans(δ, s, δ′, s′) ∧ ∃s∗.Do(δ′, s′, s∗).

If δ is the entire program under consideration,Σ(δ) emulates complete offline execution.
But consider[δ1 ; δ2]. The execution ofΣ([δ1 ; δ2]) would make any choice inδ1 depend
on the ability to successfully completeδ2. But [Σ(δ1) ; δ2] would allow the execution
of the two pieces to be done separately: it would be necessary to ensure the successful
completion ofδ1 before taking any steps, but consideration ofδ2 is deferred. If we imagine,
for example, thatδ2 is a large high-level program, with hundreds of pages of code, perhaps
containingΣ operators of its own, this can make the difference between a scheme that is
practical and one that is only of theoretical interest.

The idea of interleaving execution and search has also been applied to decision-theoretic
Golog [81, 21]. Here, instead of just searching for a successful execution of a sub-program,
an optimal sub-plan is generated which maximizes the expected accumulated reward.

Being able to search still raises the question of how much offline reasoning should be
performed in an online system. The more offline reasoning we do, the safer the execution
will be, as we get to look further into the future in deciding what choices to make now.
On the other hand, in spending time doing this reasoning, we are detached from the world
and will not be as responsive. This issue is very clearly evident in time-critical applica-
tions such as robot soccer [21] where there is very little time between action choices to
contemplate the future. Sardina has cast this problem as the choice between deliberation
and reactivity [68], and see also [6].

Another issue arises in this setting is the form of the offline reasoning. Since an online
system allows for a robot to acquire information during execution (via sensing actions, or
passive sensors, or exogenous events), how should the robot deal with this during offline
deliberation [12]. The simplest possibility is to say that it ignores any such information in
the plan for the future that it is constructing. A more sophisticated approach would have
it construct a plan that would prescribe different behaviour depending on the information
acquired during executing. This isconditional planning(see, for example, [7, 56]) and
one form of this has been incorporated in high-level execution by Lakemeyer [37]. An-
other possibility is to attempt tosimulatewhat will happen external to the robot, and use
this information during the deliberation [40]. In [31], this idea is taken even further: at
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deliberation time a robot uses, for example, a model of its navigation system by comput-
ing, say, piece-wise linear approximations of its trajectory; at execution time, this model is
then replaced by the real navigation system, which provides position updates as exogenous
actions.

Another issues arises whenever a robot performs at least some amount of lookahead
in deciding what to do. What should the robot do when the world (as determined by its
sensors) does not conform to its predictions (as determined by its action theory)? First steps
in logically formalizing this possibility were taken by de Giacomoet al [18] in what they
call execution monitoring. In [21], a simple form of execution monitoring is implemented
for soccer-playing robots. Here, the assumptions made by the decision-theoretic planner
are explicitly encoded in the generated plan. During execution, these assumptions are
re-evaluated against the current world model and, in case of a disagreement, the plan is
discarded and a new one generated. See also [26, 34, 22, 23, 24] for related approaches.

24.5 Conclusion

Cognitive robotics is a reply to the criticism that knowledge representation and reasoning
has been overly concerned with reasoning in the abstract and not concerned enough with
the dynamic world of an embodied agent. It attempts to address the sort of representation
and reasoning problems an autonomous robot would face in trying to decide what to do. In
many ways, it has only scratched the surface of the issues that need to be dealt with.

A number of cognitive robotic systems have been implemented on a variety of robotic
platforms, using the sort of ideas discussed in this chapter, based either on the situation cal-
culus or on one of the other related knowledge representation formalisms. For a sampling
of these systems, see [14, 13, 5, 74, 21, 11, 25]. Perhaps the most impressive demonstration
to date was that of the museum tour-guide robot reported in [9].

A fundamental question in the area of cognitive robotics (that Reiter had begun to
examine) is the relationship between pure logical representations of incomplete knowledge
and the more numerical measures of uncertainty. A start in this direction is the work on
the stochastic situation calculus [66] as well as that on noisy sensors and effectors and
decision-theoretic Golog, noted above.

On an even broader scale, a much tighter coupling of the high-level control program
and other parts of a robot’s software, like mapping and localization, or even vision, is called
for. For example, when localization fails and a robot gets lost, it should be possible to use
high-level control to do a reasoned failure recovery. Making progress along these lines
requires a deep understanding of both cognitive and more traditional robotics, and should
help to reduce the gap that currently exists between the two research communities.
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