Abstract

This essy describes a general approach to building perturbation-toleran t autonomous sys-
tems, based on the conviction that arti cial agerts should be able notice when something
is amiss, assessthe anomaly, and guide a solution into place. We call this basic strategy
of self-guided learning the metacognitive loop; it involvesthe system monitoring, reasoning
about, and, when necessary altering its own decision-making componerts. In this essy,
we (a) argue that equipping agerts with a metacognitive loop can help to overcome the
brittleness problem, (b) detail the metacognitive loop and its relation to our ongoing work
on time-sensitive commonsensereasoning, (¢) describe speci ¢, implemented systemswhose
perturbation tolerance was improved by adding a metacognitive loop, and (d) outline both
short-term and long-term researd agendas.
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1 Intro duction and background

Brittleness is arguably the singlemost important problemin Al, and perhapsin (com-
puter) systemsoverall: a system designedfor speci ¢ tasks fails utterly when faced
with unanticipated perturbations that take it even slightly outside its task speci ca-
tions. Yet humans perform admirably under sudh perturbations, easily adjusting to
most minor changesas well asto many major ones.

We de ne a perturbation as any change, whether in the world or in the system
itself, that impacts performance. Performanceis meart to be construed broadly to
encompasssudc things as reasoningezciency and throughput, validity of inference,
task successaveragereward over time, etc.[in  short, any measurableaspect of the
system'soperation. Perturbation tolerance, then, is the ability of a systemto quickly
recover|that is, to re-establishdesired/expected performancelevels|after a pertur-
bation. To achieve this, a perturbation-tolerant system should not only notice when
it isn't behaving how it ought or achieving what it should, but be able to use this
knowledgeto make targeted alterations to its own modules. Sudch changescan be as
simple as re-calibrating its sensors,or as complex astraining new (or retraining old)
behaviors, changing its rules of inference,learning new words and concepts,adopting
di®erent basic ontologiesin di®eren circumstances,and even adapting to new nota-
tional convenrtions and recognizingand xing typographical errors (e.g., misspellings,
missing parertheses)*

While it may often be possibleto anticipate the kinds of problems a system will
face over its lifetime, and build in speci ¢ medanisms to handle these issues,we
doubt this will prove, in the long run, to be the most e®ectie strategy. We believe, in
cortrast, that e®ortsshould be aimed at implementing mecanismsthat help systems

1These latter examples presert a dixcult y for any KR system; for whatever KR is used, incoming
data might use a di®erent system, or have typos. How then can a xed KR system meet the challenge
of usefully represerting data not \prop erly" expressedin that system? The work presented here is,
in part, an attempt to remedy this. To foreshadow what is to come: we will describe a °exible
KR intended to be able to reshape its own notations and its own interpretations of those notations,
among other capabilities.



help themselwes. The goal should be to increasetheir agencyand freedom of action
in responding to problems, instead of limiting it and hoping that circumstancesdo
not stray from the anticipations of the system designer. We should be creating self-
aware, self-guidedlearners. Indeed, we believe that sucdh metacognitive skills are the
key to achieving near-human-level (or, indeed, any useful kind of) non-brittleness.
Metacognitive learnerswould be advancedactive learners, able to decidewhat, when,
and how to learn. This will allow systemsthe neededautonomy to function in domains
where human supervision cannot be constartly supplied.

Our generalstrategy in working toward this goal hasbeento equip arti cial agerts
with the ability to notice when something is amiss, assessthe anomaly?, and guide
a solution into place. We call this basic strategy of self-guidedlearning the metacg-
nitive loop (MCL); it involvesthe system monitoring, reasoningabout, and, when
necessaryaltering its own decision-makingcomponerts. This is, after all, what peo-
ple do, and do well.® Indeed, in our view this is largely what perturbation-tolerant
commonsensegeasoningconsistsin, rather than in nding special clever solutions to
thorny problems. An MCL-based system knows what it is attempting to do, so that
it can determine when things are not going well, instead of blindly following its pro-
gramming over the proverbial cli®|as did oneofthe DARPA Grand Challengeentries
which kept trying to drive through a fenceit could not see.If that systemhad known
it was supposedto make forward progressand noticed that it was not doing so, this
would have beenthe “rst step to overcomingthe problem. Or considerthe caseof a
satellite given the commandto turn and look at someobject away from Earth, but
not told to turn back to Earth when "nished. Once the satellite turned, there was
no way to feedit further commands,and the satellite waslost. In cortrast, a system
that had generalexpectations for its operation (frequent communication from Earth),
basedon the sort of systemit was, might have been able to use this knowledge to
recover from sudh mistakes.

For performancein the face of unexpected perturbations can be enhancedeven
when one cannot “gure out exactly what is wrong, or what to do about it, solong as
oneis able to realizethat somethingis wrong, and ask for help, or usetrial-and-error,
or even give up and work on something else. In our ongoing work, we have found
that including an MCL componert canenhancethe performanceofland speedlearn-
ing in|di®eren t typesof systems,including reinforcemert learners, natural language
human-computer interfaces, commonsenseeasoners,deadline-coupledplanning sys-
tems, robot navigation, and, more generally, repairing arbitrary direct cortradictions
in a knowledgebase.

2We de'ne an anomaly as a deviation from expected values or outcomes.

3In fact, there is some empirical evidence for the imp ortance of metacognition in dealing with the
unexpected or unfamiliar. In studies of human learning strategies, it has been established students
preparing forlor takinglan exam will make judgments about the relativ e dixcult y of the material
to be covered, and use this to choose study strategies, or which questions to answer rst. Not sur-
prisingly , in these cases,accuracy of metacognitiv e judgments correlates with academic performance
[43, 42]. Moreover, neurophysiological "ndings indicate that the frontal lobe has specialized respon-
sibilit y for metacognitiv e behavior [41]. For instance, patients with frontal lobe damage have trouble
handling a \rev ersal shift", which involves(a) recognizing that a word or concept one has learned to
apply to, say, big things, is now being used by others to refer to small things, and (b) making the
appropriate adjustment [30, 31].



2 Three problems in commonsense reasoning

Over a period of years, in working toward the designand implementation of (a high
degreeof) arti cial commonsensereasoning, we have struggled to overcome three
obstaclesin particular, which we refer to by the nicknamesof slippage, KR mismatch,
and cortradiction. Slippageis, simply, the divergencebetweenwhat is believed at a
given time, and what has changedat a later time. Of course,the basic problem of
beliefrevision|of rationally revising one'sbeliefsin light of new evidencelis awidely
studied issue[26, 27]. However, in our view the problem bites deeper than is generally
supposed,for in all cases,at a later time, time itself has changed, and this can (and
often does) matter a great deal* Consider personA having an appointment to meet
personB for lunch at noon, and it is now 11:00am. It is easyenoughto represett this
as:

Example 1 Now(11: 00); Lunch(12: 00)

However, whereasthe latter formula appearsto represen a more or lessstable fact,
the former is true only for an instantlor perhapsfor a minute or so,dependingon the
time-granularity employedjand that is the point: whatever time it is now will not
be the time later, and it is that very passagethat brings lunch (or any future evert)
closer. Without this basic fact about the temporal character of the world, planning
and acting would be meaningless. Thus we needa way to allow N ow(11 : 00) to be
updated again and again, and to have that ewolution of N ow to play a certral role in
reasoning, so that, for instance, when N ow(11 : 45) holds (or is believed) the agert
will begin walking to the agreed-umn location for lunch.

The KR mismatch problem is this: there are inde nitely many ways to represert
a given circumstance, and systemsusing one set of represertational corvertions may
not be able to recognize expressionscast using a di®erert set. We consider this a
special instance of the more general problem of language meaning, for an expression
typically is presered in order to corvey a meaning, that is, to causea certain belief
state in the preseree, including beliefsabout what the presenee should do; and it is
typically this meaning, rather than the expressionitself, that needsto be usedin the
ongoing reasoning process(although, of course, sometimesit is necessaryto reason
alout the expressionin order to realize or appreciate its meaning). But this requires
being able to separately represert and reasonabout the meaning of an expression,
and its form, that is, it requirestaking a meta-linguistic perspective, and the ability
to treat words as objects. This is related to the use-metion distinction [10], as well
asto work on recognizing utterer intentions; but for us the certral questionis: how
can one recognizethe (or a useful) meaning for an expressionwhen the expressionis
not already known (e.g., when it is not already part of the KR systemin use)? This
includes casesof new expressionsthat needto be added to the system, as well as
errors (e.g., typos) that needto be recognizedas deviations from the existing KR.°

4In addition, standard approaches to belief revision, based on classical logic, do not address the
capacity of reasoning with contradictions. But any real agent will have inconsistent beliefs, and so
needs the abilit y to reason in the presence of inconsistencies. Seebelow. Note that our approach
to this issue does not require the assumption that new information is more reliable than, or will
necessarily replace, beliefs currently in the KB.

5The mismatch problem is related to \fast mapping", the ability to learn words from a single
instance of use [13]. In earlier writings we have used \rapid semartic shift" to include both fast



The contradiction problem is this: how to reasone®ectiely in the presenceof
cortradictions? Much work has beendone related to this, especially in the guise of
paraconsistent logics [49, 48]. Indeed, it is customary to de ne a paraconsisten logic
as one in which the presenceof a cortradiction neednot entail all sertencesin the
language. The standard paraconsistet approadces addresscortradictions by side-
stepping any inconsistenciesand reasoningonly with consistert portions of the KB.
Our view is a bit di®erent: cortradictions in one'sKB areinevitable [45, 46], and there
is no safehaven from which to addressthem. One must reasonwith the cortradictions
asbestonecan, replacing and repairing beliefs, like the planks of Neurath's boat, one
by one while en route. Indeed, our work strongly suggeststhat cortradictions are
generally useful (so long as they are discovered), in that they point to issuesand
problemsthat needto be addressed.

We have found that all three problems lend themselwesto a uniform treatment,
namely the metacognitive loop (in which time plays a certral role). This brings us to
an underlying formal basisfor our work, namely active logic.

3 Activ elogic: Time-situated commonsense reason-
Ing

Our formal approadh to e®ective reasoningin the presenceof slippage, KR mis-
matches, and corntradictions|activ e logic|is motivated in part by the obsenation
that all reasoningtakes place step-wise,in time.® This allows an agert to maintain
cortrol over, and track, its own reasoningprocessesAs will be seen,active logic is a
type of paraconsisten logic, albeit rather di®eren from standard ones. An accourt of
the basic conceptscan be found in [22]. We are also working on a formal sematriics,
the “rst results of which are to be reported in [5].

In active logic, aspectsof the environment are represetted as rst order formulasin
the knowledgebase. Such formulas might represen perceptionsof a user's utterance,
obsenations about the state of the domain, or rules addedby a systemadministrator.
Inferencerules provide the medanism for \using” the knowledgefor reasoning.

Each \step" in an active logic proof itself takes one active logic time-step; thus
inferencealways movesinto the future at least one step and this fact can be recorded
in the logic. In fact, to achieve much of their reasoning,active logics employ a notion
of \now" that is constartly updated by the \clo ck rule" showvn in example 2:

i:  Now(i)
Example 21 “Now(i+ 1)

The clock rule statesthat from the fact that it is stepi at the current step, the step
number of the next stepisi+ 1. This step-wisetracking model of time is very di®eren
from the \time-frozen" characterization of time that temporal logic [2, 52] has. The
notion of past, presen and future, that temporal logics have do not change while

mapping and real-time disambiguation and/or correction of meanings.

60ther approaches to commonsense reasoning incorp orating this basic insight include [12, 32].
Labelled deductiv e systems (see [23]) appear to provide a generalization of at least some aspects of
activ e logic.



theoremsare being derived. This sharply cortrasts with the special ewlving-during-
inferencemodel of time that active logics have. When an agert is reasoningabout its
own ongoingactivity, or about another agert whoseactivity is highly interdependert,
traditional \time-frozen" reasoningis at a disadvantage, and \time-trac king" active
logics can bring new power and °exibilit y to bear. For instance, theorems can be
markedwith their time (step-number) of being proven, i.e., the current value of \now".
This step-number is itself something that further inferencescan depend on, suc as
inferring that a given deadlineis now too closeto meet by meansof a particular plan
under re nemernt if its enactmert is estimated to take longerthan the (ever shrinking)
time remaining before the deadline.

What this meansmore generally is that, for active logic, beliefsare held at times,
and the KB is therefore consideredto be a temporally embeddedand ewlving set of
formulas. Thus, the meaning of an inferencerule suct asthat shown in example 3
(an active logic analogueto modus poneng, isthat if Aand A! B arein KB at time
(step number) i, then B will be addedto the KB at time i + 1.

i A Al B

Example 3 .1 A AT B B

Although in active logic the logical consequencesf the ewolving KB do not become
part of the KB until they are actually derived, inheritance rules ensurethat, once
derived (or otherwise addedto the KB), formulas are carried forward and persist over
time.” By default, all beliefs from one step that are not directly cortradicting are
inherited to the next step. This allows the represenation of persisting facts or states-
of-a®airs. However, some beliefs, like the onesrelated to the current time, are not
inherited to the next step; note, for instance, that in the clock rule (example 2) the
belief N ow(i) is not inherited at stepi + 1. One simple version of such an inheritance
rule, which alsoillustrates the useof ring conditions, is shavn in example 4:

i A
i+1: A
condition: : A 62KB at stepi and A 6 Now(i)

Example 4

Thus, to bring all this together, let us re-considerour lunch example. As noted
above in example 1, person A knows the current time, knows to meet personB at
noon, and knowsto leave for the restaurant at 11:45. We canrepresen this knowledge,
and the deductive processrequired to get personA to leave on time, in terms of the
following active logic inference (with the new beliefsat ead step indicated in bold):

11:15: Now(11:15), Meet(B,Lunch,12:00),
Now(11l:45am)! Go(Lunch)

11:16: Now(11:16) , Meet(B,Lunch,12:00),
Now(11:45am)! Go(Lunch)

Example 5

11:45: Now(11:45) , Meet(B,Lunch,12:00),
Now(11l:45am)! Go(Lunch)

11:46: Now(11:46) , Meet(B,Lunch,12:00),
Now(11:45am)! Go(Lunch), Go(Lunc h)

“Inheritance and disinheritance are directly related to belief revision [25] and to the frame problem
[36, 18]; see[44] for further discussion.




Note that all the beliefsexceptthe time are inherited, and that the rule N ow(11 :
45) ! Go(Lunch), although it “res at 11:45, does not produce its conclusion until
the next time step?

In addition to the formulas obtained from applying rules of inferenceto formulas
at the previous step, new formulas can be added at eat step. Step-wisereasoning,
coupled with this ability to add new formulas, ensuresthat the logic would not get
stuck in alengthy proof, oblivious of the other everts that occur during the reasoning.

It is the time-sensitivity of active logic inference rules that provides the chief
advantage over more traditional logics. Thus, an inferencerule canreferto the results
of all inferencesup until nowji.e. thru stepilas it computesthe subsequeh results
(for stepi + 1). This allows an active logic to reason, for example, about its own
(past) reasoning;and in particular about what it has not yet concluded. Moreover,
this canbe performed quickly, sinceit involveslittle morethan alookup of the current
knowledge base.

As mertioned already above, sincein active logic the notion of inferenceis time-
dependen, it follows that at any given time only those inferencesthat have actually
been carried out so far can a®ectthe presen state of the agert's knowledge. As a
result, even if directly contradictory w®s,P and : P, are in the agert's KB at time i,
it neednot be the casethat those w®shave beenusedby time i to derive any other
w®, Q. Indeed, it may be that i is the rst momert at which both P and : P have
simultaneously beenin KB.

By endowing an active logic with a \con°ict-recognition” inferencerule such as
that in example (6), direct corntradictions can be recognizedas soon as they occur,
and further reasoning can be initiated to repair the contradiction, or at least to
adopt a strategy with respect to it, such as simply avoiding the use of either of the
cortradictands for the time being. Unlikein truth maintenancesystems[20, 21] where
a separateprocessresolvescontradictions using justi cation information, in an active
logic the contradiction detection and handling occur in the same reasoning process
[38]. The Contra predicate is a meta-predicate: it is about the course of reasoning
itself (and yet is also part of that sameewlving history).

i: P,:P
i+1:  Contra(i, P, : P)

Example 6

The idea then is that, although an indirect corntradiction may lurk undetectedin
the knowledge base,it may be sutcient for many purposesto deal only with direct
cortradictions. Sooner or later, if an indirect contradiction causestrouble, it may
reveal itself in the form of a direct contradiction. After all, a real agert hasno choice
but to reasononly with whatever it hasbeenable to comeup with so far, rather than
with implicit but not yet performed inferences. Moreover, since consistency (i.e.,
the lack of direct or indirect contradictions) is, in general, undecidable, all agerts
with suzciently expressie languageswill be forced to make do with a hit-or-miss
approad to cortradiction detection. The best that can be hoped for, then, seemsto
be an ability to reasone®ectiwely in the presenceof cortradictions, taking action with
respect to them only when they becomerevealed in the course of inference (which
itself might be directed toward "nding contradictions, to be sure).

80f course, production activ e logic systems are much faster than one deduction per minute!



Thus, the trick to detecting and dealing with contradictions is to look badward at
what one'sreasoninghasbeen,rather than forward to what it might be (astraditional
automated commonsenser nonmonotonic reasoningformalisms do [1, 24]). Thus at
time-step i + 1 our systemslook at what was in their KB at step i and earlier,
e.g., to infer that there was a (direct) contradiction at stepi [39]; or that it is now
too late to meet a deadline given what has been accomplishedso far (by step i)
and given what remainsto be done [44]; or that a particular word is not recognized
[7]. Sudh looking backward appearsto provide a computationally feasible handle on
perturbation tolerance, allowing an automated reasonerto note and assessanomalies
and alter its ongoing coursesof reasoningand action accordingly, much as a human
appearsto do.

Interestingly, having in placethesemedanismsfor managingcontradictions makes
dealing with the problems of KR mismatch and slippage much easier. Thus, for
instance, adding and/or changing formulas in the KB needposeno special problems,
nor require any expensiwe (and ultimately undecidable)consistencychedks; this makes
addressingthe slippage problem, by having one's KB change over time, relatively
straightforward. Likewise, once one has acceptedthe notion that one is limited to
dealing only with currently derived formulas in the KBJand not also with all the
evertual consequencesf those beliefs|negativ e introspection, i.e., knowing what is
not known, amourts to a simple seard in the KB for a given formula. More generally,
the ability to make assertionsabout the corntents of the KB (such aswhat it doesnot
contain), or about particular beliefs (e.g., that they are suspect) is the “rst necessary
step to being able to reasonnot just with, but about one's own knowledge. This is
crucial to dealing with the mismatch problem, for when dealing with language and
meaning it is often necessaryto recognizeand represen the di®erencebetween the
form and the meaning of an expression[10], for instance to assertthat two words
mean the samething, or that one doesn't know the meaning of a given expression.

These temporal and metacognitive aspects make active logic systemsmore °ex-
ible than traditional Al systemsand therefore more suitable for reasoningin noisy,
dynamic and inconsistert ervironments, and thus it has proved a very good basisfor
the dewelopmert of MCL.

4 From activ e logic to MCL

Someyears ago it was a popular notion that there were two major competing Al
methodologies:the \neat" and the \scru®y", represerning|roughly and respectively|

symbol-laden software (with a relatively clear semartics) and adaptive software (that
could be tweaked until it \w orked"). For instance, oneimportant \scru®y" approad,
on which we hope to improve, is Brooks' behavior-based robotics [14, 16]. Brooks
suggeststhat sophisticated robotic intelligence can and should be built through the
incremertal addition of individual layers of situation-speci ¢ corntrol systems. The
only direct interaction betweenlayersis through the suppressionor activation of cer-
tain pathways (in rough analogy to the workings of neural systems). However, all
layers have accessto inputs from perception (although they respond only to those
elemeris to which they are speci cally attuned) and can cortrol certain aspects of
the robot's behavior, which o®ersa great deal of indirect, ervironmentally mediated
interaction betweenthe layers. Although we agreethat an architecture of this sort



can provide fast and °uid reactionsin real-world situations, we cannot acceptBrooks'
claim [17, 15] that such an approad can ever achieve the °exibilit y and robustness
of human intelligence (for someargumerts to this e®ectsee,e.g. [33, 4]). For that,
in addition to \scru®y" systems providing fast and °uid reactions, there must be
\neat" systemssupporting both deliberation and re-consideration, which we have ar-
gued calls for symbolic reasoningand (most importantly) meta-reasoning,capable of
self-monitoring and self-correction[6, 11, 19, 47]. That is to say, we think that a fast,
°uid and °exibleji.e., non-brittle|real-w orld system can be achieved by adding a
layer of symbolic (meta-)reasoningon top of adaptive control layers, and allowing it
not just to suppressthe adaptive layers, but alsoto re-train them when necessary

Of course,the basicidea of combining \neat” and\scru®y" approacdesis not new,
but while it has long been recognizedthat both methodologiesare important and
needto be combined, e®ortsalong those lines to date (e.g., Ron Sun [56, 61, 55, 54],
Ofer Melnik and Jordan Pollock [37], and Gary Marcus [34]) havelin our view|
overlooked the most exciting advantage to be gained from a proper joining. Our
contention is that a triadic architecture will be able to cut through the brittleness
barrier, which, aswe assertedabove, is perhapsthe single most pervasive problem in
Al researt. Our suggestedtriad is comprisedof (1) trainer module(s), (2) trainable
modules (many of which may perform symbolic/reasoning computations), and (3) an
oversight module that executesthe metacognitive loop (MCL). Note that symbolic
modules may be in as much needof re-tuning as may traditionally adaptive modules;
and conversely symbolic processingmay be critical in the e®ective adaptation of the
latter. Thus we postulate the special (symbolic) MCL module that overseesboth
of these. Consequetly, in our approac there is lessdistinction between symbolic
and adaptive modules; (almost) ewverything may adapt via MCL (executed by an
exceptional non-adaptive module).®

Traditional View MCL View

Trainer Inference Oversight (MCL)
Modules Engine Module

= ??7? =

Trainable Knowledge Trainer Trainable
Modules Base Modules Modules

Traditional and
Symbolic/Inferential

Figure 1: Traditional and Triadic-MCL views of the relationship between symbolic
and adaptive processing.

In traditional work, adaptive and symbolic processingwere not brought together,
or if sothen usually only peripherally; in rare exceptionsthe symbolic aspectswere put

9The possibility of letting the MCL module itself betrained for impro vemert is intriguing; however
it is beyond the scope of this paper.



into the adaptive portion, but only to show out that symbols, too, canbeimplemented
in (say) distributed ways, asthey presumably are in the brain. But in the proposed
view MCL decideswhen a trainer should initiate (or stop) adaptation in another
trainable (whether symbolic or not) module, and MCL may also, if the matter is
simple enough, carry out the adaptation directly. MCL may even decidethat a new
trainable module is to be created, if existing onesdo not seemcloseto being able to
addressthe issueat hand.

As mentioned already above, active logic hasthe necessaryfeatures|most impor-
tantly time sensitivity and corntradiction-tolerance|to implement MCL in real-world
systems. The overall idea is as follows: Errors (contradictions, typos, mismatches
betweenworld and word, misseddeadlines, etc.) and other kinds of perturbations
occur. How does one detect and reasonabout such perturbations? As we have de-
“ned the terms, a perturbation will causean anomaly, that is, a deviation from the
expected performance of the system. Thus, we have found in our work to date, e.g.,
see[50, 46, 58, 7] that a very wide range of anomaliesare readily expressedn terms
of contradictions. This is quite clear in somecases,e.g., when two normally trusted
sourcesreport con’icting data. But it also seemsto work well in others, such as
Expected(A) and Obsened(: A), aslong asthe expectation hasled A to be asserted
into the KB, so that the obsenation of : A cortradicts it. 1 Thus MCL crucially
involvesthe generation of expectations for performance, as well as for the outcomes
of speci ¢ actions, and the continual monitoring of the KB for cortradictory pairs.

For a simpleillustration, considerour lunch examplefrom the perspective of person
B, already waiting at the restaurart. Person B expectsto meet person A at 12:00;
but let us supposethat personA is late. We might get a seriesof inferenceslike the
following:1*

11:59: Now(11:59),: See(A), Expect(See(A), 12:00),
(Expect(x,t) & Now(t)) ! Assert(x)

12:00: Now(12:00) , : See(A), Expect(See(A), 12:00),
(Expect(x,t) & Now(t)) ! Assert(x)

12:01: Now(12:01) , : See(A), Expect(See(A), 12:00),

Example 7 (Expect(x,t) & Now(t)) ! Assert(x), Assert(See(A))

12:02: Now(12:02) , : See(A), Expect(See(A), 12:00),
(Expect(x,t) & Now(t)) ! Assert(x), See(A)

12:03: Now(12:03) , Expect(See(A), 12:00),
(Expect(x,t) & Now(t)) ! Assert(x),
Contra(12:02, See(A), : See(A))

When personA doesn't shav up on time, this generatesan anomaly, in the form
of a contradiction. Once such an anomaly is detected, it is comparedto a stored

10This is akin to McCarth y's use of abnormalities [35]. However, while that approach can lead to
thorny problems requiring prioritized circumscription in more traditional settings, for us the real-
time character of active logic allows the system the freedom to eventually decide to ignore such
complex casesif they are not resolved easily. Thus a key notion for us is that such rather shallow
inferences are su+cient for MCL to greatly improve overall performance.

111n this example, negSee(A) would be put into the KB from the perception system. While one
does not necessarily want the default operation of the perceptual system to be to contin ually assert
everything it doesnot see,it can be useful to speci cally assert that one doesn't seesomething one
is actively looking for.



(but dynamically changing, as learning proceeds)list of anomaly-types. A match
then provides accessto a secondlist (again changeable)of options for dealing with
(repairing) that type. A choice is made among these (e.g., basedon time and other
factors). If no match is found, a fall-back option is used(ask for help, trial-and-error,
put on hold, give up, ignore). In the current case,personB might note that the
anomaly is a missedappointment, and pick the “rst option there, namely Phone(A).

After an option is chosen,MCL attempts to guideit into place (\makeit so0"). In
somecasesthis is easyand MCL can carry out the ertire repair, e.g.,inserting a new
belief into the KB, if that is the repair. Other casesmay not be soeasy e.g.,it may
be necessaryto call an external process(as in the above caseof making a phone call),
or even to retrain a module, such as memory retrieval, or a neural net that controls
locomotion, or ask for advice about a possiblenew category and await the response
(for further examplesanomalies, and discussionof response options, seesections5
and 6, below).

MCL must be kept simple and fast; it is not aimed at clever tricks or deeprea-
soning. This is important, so that the system (and MCL in particular) does not
get boggeddown in its own e®orts. As pointed out earlier, if it takestoo long on
something, it must notice that and make a decisionasto whether to give up on it, or
try another tack. Activ e logic was designedwith this generalkind of time-sensitive
capability in mind, and hasbeensuccessfullyapplied to similar situations before(e.qg.,
deadline-coupledplanning, mertioned above).

Moreoverland crucially|activ e logic provides a medanism to note and forestall
\b ogging-dowvn”. That is, supposeMCL happensto encourter more and more anoma-
lies (perhaps generatedas recursive calls to its guiding step (iii), if that guidanceis
getting nowhere). Then the passageof suzcient time with no noted progresson a
given goal will itself trigger an anomaly that will force a resolution of work on that
goal, either to abandonit, postponeit, or seekhelp. The \suxcient" amount of time
canevenberesetby the logic, givendata on the relative importance of progresstoward
goals. This is oneimportant advantage that time-tracking meta-reasoninghas over
other approachesto meta-reasoning,such as [53], that assumethat meta-reasoning
will takelittle time, and thus have no built-in medanism for handling situations when
that assumptionis violated.

Seeral studies of ours illustrate the bene'ts of meta-reasoningand metacognitive
monitoring in improving overall systemperformance,and decreasingbrittieness, both
in the casewhere the system consistsentirely of symbolic reasonersand in the case
wherea symbolic meta-reasonemmonitors and correctsa neural net or a reinforcemert
learner.!? In the next section, we will outline the results from a few of those projects,
after which we will discusswhere future work might be directed.

5 Implemen ted MCL systems

MCL can enhanceperformance for two related reasons. First, it can monitor and
in°uence on-line performanceevenwithout making any basicchangesor improvemens
to action-producing or decision-making componerts. An example of this would be

12g5ee, for instance, [50, 51, 6, 19, 11, 46, 28, 9]; most of these have used activ e logic to provide the
reasoning and meta-reasoning component of the overall system.
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noticing that progresson a task has stopped (i.e. that the system is \stuck") and
directing speci ¢ e®ortsto getting \un-stuck", or simply moving onto a di®eren task.
Second,and more powerfully, MCL can direct the systemto actively learn something
that it (apparently) doesn't know, or hasgotten wrong. Sincethere is evidertly agreat
dealthat canbelearned, depending on the systemand the scenario,MCL in this guise
is best understood as a principled method of organizing and controlling learning|
deciding whether to learn, what to learn, with what methods, and (imp ortantly)
when to stop. An example of this latter ability would be noticing that a problem
in processinga given user command appearsto be causedby ignorance of a certain
word, and taking stepsto learn the unknown word.

Both of theseabilities are crucial to improving the perturbation toleranceof a given
system, and they generally work in concert. Thus, for instance, we have showvn that
an MCL-enhancedreinforcemert learner can|b y choosingwhento ignore anomalies,
when to make minor on-line adjustments, and whento order re-learning of its action
policylalw ays perform at least aswell as, and in many casessigni cantly out-perform,
a standard reinforcemen learner when operating in a changing world.

5.1 MCL-enhanced reinforcemen t learning

In a simple demonstration of this idea, we built a standard reinforcemert learner (we
tested Q-learning [59, 60], SARSA [57] and Prioritized Sweeping[40Q]), and placed it
in an 8x8 world with two rewards|rew ard 1 (r1) in square(1,1) and reward 2 (r2)
in square(8,8). The learner was allowed to take 10,000actions in this initial world,
which was enoughin all casesto establish a very good albeit non-optimal policy. In
turn 10,001,the valuesof the rewards were abruptly changed. See[9] for a complete
accourt of the experimental designand results.

We found that the perturbation tolerance(i.e. the post-perturbation performance)
of standard reinforcemen learners was negatively correlated to the degree of the
perturbation|the biggerthe change,the worsethey did. Howewer, evena simple (and
somewhat stupid) MCL-enhancemer, that did no more than generateand monitor
expectationsfor performance(averagereward per turn, averagetime betweenrewards,
and amount of reward in ead state) and re-learn its entire policy wheneer its ex-
pectations were violated three times, outperformed standard reinforcemen learning
in the caseof high-degreeperturbations. And, as already merntioned, a somewhat
smarter MCL-enhancemern, that chosebetweenthe available methods of doing noth-
ing, making an on-line adjustment, and re-learningits policy, in light of its assessmen
of the anomalies,performed best overall, (see gure 2, \sophisticated-MCL"), despite
someunder-performance of this version of MCL in responseto mid-range perturba-
tions.

In a manner not too di®erert from that illustrated in example 7, sophisticated-
MCL generatesand recordsexpectations, basedon ongoingexperience,for the average
reward it will get perturn, averagetime betweenrewards, and the amourt of reward
expectedin ead systemstate. When its experiencedeviatesfrom theseexpectations,
it usesthe anomaliesto determine whether, how, and to what degreethe world has
changed. Thus, for instance, in the caseof an anomaly such as an increasedtime to
reward, its initial assumptionis that alocal problem in the action policy was causing
the systemto \cycle" betweenstates (i.e. that it was stuck), and its responseis to
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Figure 2: Post-perturbation performanceof standard Q-learning, sensitive-MCL and
sophisticated-MCL, as a function of degreeof perturbation.

temporarily increasethe exploration factor soasto break out of the cycle. However,
it continuesto monitor the situation, and if this does not solve the problem, or if
this anomaly occurs along with signi cant violations of its expectations for the values
of rewards, then the system decidesthat the world had changed signi cantly, and,
rather than cortinue to make small on-line adjustmernts, it ordersits action policy to
be re-learned.

5.2 MCL-enhanced navigation

Another agert that we have beendewveloping usesa neural net for navigation; however
it also has a monitoring componert that notices when navigational failures (such as
collisions) take place, and records these and their circumstances. It is then able to
use this information to assesghe failures and make targeted changesto the neural
net, including starting with a di®eren set of weights, or re-training on a speci ¢ set
of inputs. The agen exhibits better behavior while training, and also learns more
quickly to navigate e®ectiely [28§].

Although both the above systemsare relatively simple, they do illustrate the ways
in which self-monitoring and control can help systemsmaintain performancein the
face of changes,and, more particularly, they demonstrate cooperation betweenthe
ability to initiate newactions, and the ability to initiate newlearning. Still, onehasto
expect that asthe scenarios,and the systemsthemselves,becomemore complex, more
sophisticated and expressie reasoningmedanismswill be required to usefully assess
and appropriately respond to anomalies. Thus we turn in our nal exampleto the
very represenation-rich and dixcult domain of natural-language human-computer
interaction.
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5.3 MCL-enhanced human-computer dialog

One of the mostimportant application areasfor active logic hasbeennatural language
human-computer interaction (HCI). Natural languageis complexand ambiguous, and
communication for this reasonalways contains an elemen of uncertainty. To manage
this uncertainty, human dialog partners corntinually monitor the corversation, their
own comprehension,and the apparert comprehensionof their interlocutor. Both

partners elicit and provide feedbak asthe conversation cortinues, and make corver-
sational adjustments as necessary The feedba& might be as simple as \Got it?",

eliciting a simple \y es", or ascomplex as\W ait. | don't think | understand the con-
cept of hidden variables"”, which could result in a long digression. We contend that

the ability to engagein such meta-language,and to usethe results of meta-dialogic
interactions to help understand otherwise problematic utterances, is the source of
much of the °exibilit y displayed by human corversation [47]. Although there are
other ways of managing uncertainty (and other typesof uncertainty to be managed),
we have demonstrated improved performance can be achieved by enhancingexisting
HCI systemswith the ability to engagein meta-reasoningand meta-dialog.

One earlier achievemen wasthe designand implemenrtation of a model of action-
directive exchanges(task oriented requests)basedon the active logic model of infer-
ence. Our model works via a step-wisetransformation of the literal requestmade by
auser(e.g. \Send the Boston train to New York") into a speci ¢ requestfor an action
that can be performed by the system or domain. In the caseof "the Boston train’,
the system we have implemerted is able to interpret this as ‘the train in Boston',
and then further disambiguate this into a speci ¢ train currently at Boston station,
which it will sendto New York. Information about ead step in the transformation
is maintained, to accommalate any repairs that might be required in the case of
negative feedba& (if for instance, the system picks the wrong train, and the user
says \No" in responseto the action). This implemenrtation represens an advancenot
just in its ability to reasoninitially about the user'sintention (e.g., by "the Boston
train' the usermeans. . .) but in its ability to respond in a context-sensitive way
to post-action user feedbad, and use that feedbad to aid in the interpretation of
the user'soriginal and future intentions. For instance, in one speci ¢ casetested, the
user says \Send the Boston train to New York" and then, after the system chooses
and movesa train, says \No, sendthe Boston train to New York". Suc an exchange
might occur if there is more than onetrain at Boston station, and the system chose
a train other than the one the user meart. Whereasthe original TRAINS-96 dialog
system[3] would respond to this apparertly cortradictory sequenceof commandsby
sendingthe very sametrain, our enhancedHCI system notesthe contradiction, and,
by assessinghe problem, identi es a possiblemistake in its choice of referert for “the
Boston train'. Thus, the enhancedsystem will choosea di®eren train the second
time around, or if there are no other trains in Boston, it will ask the userto specify
the train by name. The details of the implementation, aswell asa speci ¢ accourt of
the reasoningrequired for ead of these steps, can be found in [5§].

A more recert advance we have made along theselines, in a systemwe call AL-
FRED'3, was to enhancethe ability of our HCI systemto more accurately assess
the nature of dialog problems, and to engagein meta-dialog with the userto help
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resolve the problem. For instance, if the user says \Send the Metro to Boston", the
original systemwould have responded with the unhelpful fact that it was unable to
processthis request. Our system, in cortrast, noticesthat it doesn't know the word
"Metro', and will instead request speci ¢ help from the user, saying: \I don't know
the word "Metro'. What does "Metro' mean?" Once the user tells the system that
"Metro' is another word for "Metroliner', it is able to correctly implement the user's
request[8, 7, 29]. It can usethesesamemethods to learn new commands,solong as
the new command can be explained in terms of (including being compounded from)
commandsit already knows.

Two key featuresthat support thesebehaviors are a rule for detecting contradic-
tions (which is a standard feature of active logic), and the ability to set and monitor
expectations. If the agert notices that an expectation has not been achieved, this
causesthe agert assesghe problem and consider the di®erert options it hasto "x
it. This includes the detection of time-related anomalies, which are especially im-
portant to HCI. For instance, if the user does not respond to a system query with
in the expected time limit, then the system recognizesthat there is a problem. In
this case,the di®eren options that it hasto deal with the problem are (a) to repeat
the query, (b) to 'nd out from the user whether everything is OK, and (c) to stop
expecting a responsefrom the user. The current systeminitially tries repeating the
query. Howevwer, cortin uous repetition of the query without a responsefrom the user
indicates a continuing problem (for recall that part of MCL is to monitor the progress
of solutions), and causesa re-ewaluation of the possibleresponseoptions. In this case
the systemwould ask the userwhether everything is OK. If there is still no response
from the user, the systemwill drop its expectation about getting a responsefrom the
userin the near future.

Equally important to the above abilities, howewver, is an enhancemeh to AL-
FRED's represenational scheme allowing it to di®ererially represen the various
aspects of words and language, e.g. extension (reference), intension (concept), or-
thographic form (spelling), and the like. This gives ALFRED the °exibilit y and
expressie power to cometo meta-level conclusions,such asthat two di®erent words
(di®erert orthographic forms) have the samereferert, or vice-versa,or that it doesn't
know anything about a givenword but its orthographic form, and so must learn more
about it.

6 Future work

Each of the systemsdescribed above relies for its robust behavior on the relatively
simple expediernt of generating, and monitoring for violations of, expectations for
overall performance, and for the outcome of ead action taken. As we have already
shawn, immediate performanceimprovemerts can be expectedin virtue of this step
alone, if only by allowing systemsto notice when something is going very wrong
and stop (or do something else). Indeed, it has beensuggestedto us that the MCL
approadi|and, more generally, the designof systemsable to generateand monitor
expectations for their own performance|will allow more problems to be caugh at
the designstage,as careful thought must be givento what, exactly, the systemshould
expectin ead systemstate. Howewer, clearly the most powerful and promising aspect
of the researt liesin the further stepsof allowing the systemto assesghe anomalies
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and guide into place a targeted response, one that can include self-directed active
learning.

This suggeststhree major researd questions,roughly corresponding to the three
stages,note-assess-guideof the MCL paradigm.

1. What kinds of expectations, at what levels of the systemarchitecture, are most
important to track, and how shouldtheseberepreserted soasto make anomalies
readily noted? More generally: how much, and what kind of self-knavledge,
represened in what form, is required to support the abilities ervisioned? In our
work on reinforcemen learning, for instance, we found that averagereward per
turn was not a particularly useful metric, but that time betweenrewards was
an extremely important indicator of on-line performance.

2. What methods might be usedto accurately assessanomalies,aspart of the e®ort
to decideupon an appropriate response?In partial answer to this question, we
have been developing a general typology of cortradictions [46], but there are
also likely to be important situation- and architecture-speci ¢ indicators that
needto beidentied. Thus, for instance, in the reinforcemert learning work, it
was discovered that valencechangesin the rewards was a good indicator of the
needto re-learn the action policy.

3. What strategiesare most e®ectiwe for guiding responsesinto place? Here again,
there arelikely to be somegenericand/or fall-back strategiesusefulin very many
situations (e.g. get more information, askfor help, move on to a di®erert task),
and also somesituation- and architecture-speci ¢ responses,including various
kinds of learning. With respect to reinforcemen learning, we are investigating
the etcacy of such methods as self-shaping(having the systemde ne a shaping
function in light of its partial knowledge of its new environment) and directed
exploration. More generally, we are exploring such methods to improve learning
as mistake-driven boosting and dynamic alteration of bias.

6.1 A near-term project for MCL

These resear® questions are, of course, very broad, and could be pursued in any
number of ways. To make the discussionmore concrete,and also asa way of explain-
ing our particular researt agenda,let us imagine an autonomous seart-and-rescue
vehicle, that could erter an unknown structure, traverseit, nd all the peopleinside,
and, where necessaryreturn to speci ¢ individuals with items suc as food, water,
and the likela kind of Autonomous, Urban, St. Bernard (AUSB). Even putting
aside someof the ditcult physical challengespreseried by such a domain (climbing
over rubble, or up and down stairs and steepinclines), there is plenty of opportunit'y
for ervironmental and systemperturbation: passagewys can becomeblocked, people
can move, apparert survivors can perish, and apparert casualtiescan turn out to be
alive, lighting and visibilit y conditions can change (over time, and in di®ereri parts
of the structure), and the AUSB itself can becomedamaged (e.g. by falling debris,
“re or water) and needto adjust accordingly.

Naturally, of primary concernfor such a systemwould beimplementing robust and
°exible navigation and mapping abilities, and there are many standard approadces
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to this problem. How would the MCL approac be di®erert from, or improve upon
any of these? Well, one generally recognizeddrawbadk of the standard approaches
to, for instance, obstacle detection and avoidanceis that they are generally tuned to

detect and react to speci ¢ kinds of obstacles|i.e. things that look a speci ¢ way to

their sensors. Our approad, in cortrast, is to enhancethe standard methods with

MCL, consistertlly comparing expectations for performance,basedon how things look
to the system, with actual performance. Divergenceof the twolas would occur, for
instance, in the casewhere no progressis being made even though the sonarindicates
no obstacles,or when a previously developed map indicates a passagewsy wherethere
is now an obstacle|w ould trigger appropriate recovery procedures. The immediate
benet would be a building-navigating robot that would °exibly respond to changesin

its environment, and never get permanenly stuck|at leastto the extent that it would
notice if it were stuck, or going in unintended circles, and initiate a recovery-response
process.

Another necessaryfeature for such a system would be person-detectioncapabili-
ties. Hereagain, the advantage that MCL would provide to such a systemis not a new
and better technique for detecting people,but rather a method for besttaking advan-
tage of current capabilities. For considerthat it is unlikely that all person-detecting
techniques are equally useful in all situations, and also unlikely that one can know
with certainty, in advance, which oneswill work better when. So, for instance, in
an extremely dusty environment, heat sighaturesmay reveal people even though the
vision systemis confounded;likewise,in a re, heat signaturesmay be lessusefulthan
vision, and both lessusefulthan voice-detection. A systemwhich noticesthe fact that
it is getting detections on somesystemsand not others, combined with the fact that
somesystemsdon't seemto be operating accordingto expectednormsin geneal, can
decideto rely more on somesystemsthan others. The immediate advantage would
be an AUSB that °exibly adaptsto the situation, dynamically choosingthe detection
techniques that appear to be most e®ectie in its current circumstances,in light of
its assessmenbf anomaliesin sensorperformance.

Finally, what if the AUSB were equipped with self-guidedre-training mecanisms
for its learning componerts, including the pattern-recognition elemens of the vision
system, and the obstacle-detectionand avoidance elemers of the navigational sys-
tem? If the AUSB hasto consisterily operate under conditions that are not conducive
to adequate performance, or if the conditions °uctuate, its systemsmay have to be
re-trained for thesenew conditions. The systemwould notice poor performance(and,
not incidentally, notice under what conditions it performed poorly, and under what
conditions it performed well, which could be important for quick adaptation later on,
by quickly switching to a previously learnedpolicy if previously experiencedconditions
recur) and recalibrate or retrain until performanceachieved acceptablelevels. How?
In addition to the techniqueswe have implemented already for reinforcemert learning
and neural-net re-training, we intend to explore the usefulnessof boosting and dy-
namic alteration of bias|and there are, no doubt, many other possibilities to explore.
Here the main advantage would be that online autonomousreal-time decisionscould
be made about which kind of learning to guide into place, even when human inputs
are not always readily available, asin the caseof Mars rovers, underseaexploration,
and battle eld reconnaissanceThusnot only will behavioral improvemerts occur but
behavior-improving strategies can be developed autonomously.
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6.2 Long-term vision

The example of the AUSB shows how MCL can enhancerelatively standard systems,
making them more robust and °exible. But it could also be argued that something
like MCL, and the metacognitive awarenessit implemerts, is required for more so-
phisticated cognitive adjustments. Thus, imagine that the robot MarSciE# is roving
the surfaceof Mars. Sheis designedto move slowly about the Martian surface, tak-
ing and testing samplesas she goes. The most exiting possiblediscovery, of course,
would beto nd signsof life, and for this she has modules for detecting amino acids
and other likely organic compounds. However, her more mundane, primary task is
to analyze and classify the types of rocks she comesacross,to help sciertists better
understand Mars' geologichistory, and the forcesthat cortin ue to shape the surfaceof
the planet. Sheworked very well at NASA's deserttest site, classifying rock samples
of the sort expected to be found on Mars with over 90% accuracy But since getting
to Mars she has had little to report. The samplessheis nding don't seemto t

into the categorieswith which she has beenequipped, and nearly everything is being
classi ed as\unknown". It is obvious that there is somekind of problem|ob vious,
that is, to us, but not to MarSciE, who is operating exactly as designed. With no
human sciertist on site to assesshe problem and perhapsre-train MarSciE, the Mars
geologicmissionis likely to fail.

Solving MarSciE's problem is somewhatcomplicated, and will surely require the
help of sciertists back on Earth. That is to be expected; after all, even a human
sciertist, facedwith the unexpected, may well ask for advice. But considerhow much
could be accomplishedby MarSciE on her own, if only shewere equipped with MCL.
First, just noticing there is a potential problem with her mineral classi cation modules
is a big step, for this could trigger an automatic systemched: shetakesrocks of known
classi cation, and analyzesthem. The results comeback 100%correct. Whatever the
problem is, it isn't with the operation or accuracy of those routines. This opens
the possibility that the problem lies in a mis-match betweenMarSciE's classi cation
schemeand Mars' rocks. Assessingher options at this point, MarSciE knows shecan
askfor advice, but shecanalsotry to seeif there are any obvious patterns in the data
she has so far collected. Since Earth is at this point 22 light-minutes away, making
communication slow and ditcult, shedecidesto seewhat shecan learn on her own.
Analyzing the information from the \unknown" samplesshe has collected, she nds
they fall into 4 natural categories. Now sheis ready for advice. She sendsall this
data badk to Earth and waits.

It turns out that MarSciE's time was well-spert. The rocks in one of MarSciE's
categoriesdo not correspond to anything known by the sciertists. They appear to
be a kind of granite-like igneousrock of surprising composition, which they name
Gr-Mla. If the classi cation holds up it could be an important 'nd. The three
remaining categoriessheidenti ed correspndedto known typesof rock, which were
not expectedto bein the part of Mars MarSciE is exploring (th us suggestinga rather
di®erert geologichistory for the area). However, of thesethree categories,two actually
correspond to the samekind of schist. Thus, in light of these ndings, the advice she
receivesis three-fold: “rst, collapsetwo of the categoriesof rock sheidentied into
one. Second,sheis to retrain on her samplesuntil she classi esthem according to

14MARs SClentic Explorer, pronounced \Marcie"
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these three new categories(which provisionally appear to be geruine). Third, once
shegathers many more examplesof Gr-M1a, sheis to carefully analyzethat category
to seeif it can either be sub-divided, or mergedwith any of her other currently known
types. As it turns out, the newrock type survivesscrutiny, and in honor of MarSciE's
role in the discovery, the new rock is named Marcyite. MarSciE duly learnsthis new
name, and classi es her samplesaccordingly.

It seemsfairly clear that autonomous robots with MarSciE's capabilities would
be extremely useful; it is also clear that they are beyond the current state of the
art. Howewer, we would like to suggestthat they are not so far beyond the state
of the art that it would be impossibleto discussconcrete plans for building sucd
a system. For much of what MarSciE needsto be able to do can be done using
current technology, or perhaps current technology slightly improved: e.g., she needs
to be able to learn categories,and usethem in sorting objects according to sensory
input, and she needsto be able to take and use advice. Both of these capabilities
exist in current systems. What we are suggestingis the primary di®erencebetween
current systemsand a systemlike MarSciE is the way thesecomponerts are organizedl
in, and controlled by the systemitself. First there is the simple fact that MarSciE
is monitoring her own performance, and comparing it with expectations. This, of
course, is simple, and not especially novel. Secondis the fact that the system can
consider the possibility not just that a given systemis malfunctioning, but that its
represenational stchemeis somehav inappropriate to the current circumstances. This
latter ability is the key metacognitive enhancemei in MarSciE that drivesthe mental
°exibilit y that shedisplays; MarSciE knows or somehav representsthe fact that she
is using conceptsand categories,that these conceptsmay or may not be the most
appropriate for a given task, and, most importantly, that they may be changedas a
way of possibly improving performance. As mertioned above, we have taken some
stepsin this direction with ALFRED, but much more work needsto be done on the
question of what kinds of represettations, coupled with what kinds of reasoningand
self-monitoring, are required to support MarSciE's abilities.

More ambitious still is a system we call GePurSY. GePurS is usedin many do-
mains, so his knowledgebasegetsvery large and complex, with a great deal of knowl-
edgethat is at any given momert irrelevant to his current domain. Moreover, many
domains require di®erert ontologies and KR schemes, and in some casesthe mis-
matchesare quite signi cant. All this slows him down, sometimessomuch sothat he
becomesine®ective|and without MCL he cannot notice his own slowvdown, let alone
X it. A programmer hasto reorganizethe KB, with a working memory (STM) and a
long-term store (LTM), aswell asretrieval mecanisms;and make surethat the infor-
mation is complaint with the KR scheme appropriate to the intended domain|and
then reprogram it again later on when another domain change a®ectswhich stored
beliefsare relevant, and which ontology is most appropriate.

Here again, we think that the ideal situation is onein which the systemitself can
notice the domain shifts, or the performance problems that accompary them, and
make the necessaryadjustmernts to its systemsto cope with ead new environment.
This will require an even greater degreeof self-avarenessand self-cortrol than Mar-
SciE had, for whereassheneededto know shewasusing conceptsthat canbe changed,
since GePurS may needto periodically changethe way he organizesand utilizes his

15GEneral-PURp ose Scout, pronounced \Jeep ers"
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own KB (including memory, as well as how he treats his own sensordata), he will
needto represen thesefacts about himself, and have mecanismswhereby they can
be dynamically altered. This goesfar beyond changing one'sindividual concepts,for
it can entail not just the shifting of particular items to and from di®erert memory
stores, but even the dynamic adoption and adaptation of di®ereri ontologies and KR
schemesas the domain and necessiy dictate.

This would represen a fundamertal shift in how KR is currently dewveloped and
implemerted in intelligent systems:instead of requiring a developer (or, more often, a
large team of developers) to get the KR right from the beginning, and then imposing
the in°exible scheme on the system, we imagine a processmuch more similar to
teaching a child a language,or training a new employeein the operation of a complex
system. Although in these casesthe expert trainer may have a detailed and largely
stable ontology and KR scheme, the trainee has at best an approximation of this
ideal. However, through experience,self-monitoring, recognizingand "xing mistakes,
and advice from the trainer, the trainee will comesuccessiely closerto an identical,
or at least an equally workable, KR scheme.

There are two attributes of such a trainee that are worth trying to reproduce in
autonomoussystems. The rst, and most obvious, is the ability for learning and self-
improvemert. This requiresall the elemerts of MCL: self-monitoring, the recognition
of mistakes and other problems, and the ability to make changesto addressthese
problems. Howewer, equally important, and resting on the very same foundations,
is the fact that during the training problems don't (entirely) derail the trainee|
he or she can recognizethat there is a problem, and take special steps for dealing
with it, which, although it may slow down the processa great deal, and eventually
result in handing over cortrol to a supervisor, neverthelessdoesnot causea complete
breakdown. Furthermore, most traineesare smart enoughto realizethat the concepts
and proceduresthey are learning at work don't necessarilyapply at home (or, if they
don't realize this at rst, they may cometo this conclusionin light of the various
problems that universally using a given scheme can cause). Thus they learn to use
one set of conceptsand KR scheme at work, and another at home; and they know
that both can be adapted asthe situation dictates. That is, they are not only able to
treat a given KR scheme as °exible, but to °exibly switch between KR schemes,all
the while noticing, and addressing,problems as they arise. This kind of °exibilit y in
medias resis perhapsthe most important immediate bene t of the inclusion of MCL
in a system.

7 Conclusion

We are the rst to admit that building MarSciE will be much more ditcult than
building the AUSB, and that GePurS is an order of magnitude more complex than
MarSciE; and yet we want to insist that they all lie on the samedevelopmertal path,
which necessarilyinvolvesthe implementation of self-monitoring, self-represetation,
and autonomous self-improvemert. However, to follow this path will require some
important shifts in how we approac the designand implemertation of autonomous,
intelligent systems, and how we divide responsibility for the operation and main-
tenance of the system between the deweloper and the system itself. This, in turn,
suggeststhat the most pressingareasfor future researt in intelligent systemsare
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those revolving around the questions outlined above: by what methods, and with
what amourt of detail, should systemsrepresen themseles, and what should they
expect for their own operation; how can the system assessits own failures; what
methods are available for "xing those failures, and when should each be used; and,
“nally , what are the architectures that can support these abilities, and what are the
advantages of ead.

8 Acknowledgmen ts

This work is supported in part by grants from AFOSR and ONR. We would like
to thank Tim Oates for many fruitful discussionsof these ideas, and Ken Hennacy
Darsana Josyula and Waiyian Chong for their roles in implemerting the systems
described herein.

References

[1] Logical formalizations and commonsensaeasoning, 2004. Special issue of AlJ,
edited by Ernest Davis and Leora Morgenstern.

[2] JamesF. Allen and GeorgeFerguson. Actions and Everts in Interval Temporal
Logic. Journal of Logic and Computation, 4(5), 1994.

[3] JamesF. Allen, Bradford W. Miller, Eric K. Ringger, and TeresaSikorski. A
robust system for natural spoken dialogue. In Proceedings of the 1996 Annual
Meeting of the Asscciation for Computational Linguistics (ACL-96), pages62{
70, 1996.

[4] Michael L. Anderson. Embodied cognition: A “eld guide. Arti cial Intelligence,
149(1):91{130,2003.

[5] Michael L. Anderson, Walid Gomaa, John Grant, and Don Perlis. On the rea-
soning of real-word agerts: Toward a sematrtics for active logic, in preparation.

[6] Michael L. Anderson, Darsana Josyula, Yoshi Okamoto, and Don Perlis. Time-
situated agency: Activ e Logic and intention formation. In Workshopon Cognitive
Agents, 25" German Conference on Arti cial Intelligenae, 2002.

[7] Michael L. Anderson, DarsanaJosyula, and Don Perlis. Talking to computers. In
Proceedings of the Workshop on Mixed Initiative Intelligent Systems,lJCAI-03 ,
2003.

[8] Michael L. Anderson, Darsana Josyula, Don Perlis, and Khemdut Purang. Ac-
tiv e logic for more e®ective human-computer interaction and other commonsense
applications. In Proceaedings of the Workshop Empirically Suaessful First-Or der
Reasoning, International Joint Conference on Automated Reasoning 2004.

[9] Michael L. Anderson, Tim Oates, Waiyian Chong, and Don Perlis. Enhancing
reinforcemen learning with metacognitive monitoring and cortrol for improved
perturbation tolerance, submitted.

20



[10] Michael L. Anderson, Yoshi Okamoto, Darsana Josyula, and Don Perlis. The
use-metion distinction and its importance to HCI. In Proceedings of the Sixth
Workshop on the Semanticsand Pragmatics of Dialog, 2002.

[11] Manijit Bhatia, Paul Chi, Waiyian Chong, Darsana P. Josyula, Michael Ander-
son, Yoshi Okamoto, Don Perlis, and K. Purang. Handling uncertainty with
active logic. In Proceedings of the AAAI Fall Sympsium on Uncertainty in
Computation, 2001.

[12] Wolfgang Bibel. Let's plan it deductively. Articial Intelligence, 103(1-2):183{
208, 1998.

[13] Paul Bloom and Lori Markson. Capacities underlying word learning. Trendsin
Cognitive Scienes 2(2):67{73, 1998.

[14] R. A. Brooks. A robust layered cortrol systemfor a mobile robot. IEEE Journal
of Rolotics and Automation, RA-2:14{23, 1986.

[15] R. A. Brooks. Intelligencewithout reason.In Proceedings of 12th Int. Joint Conf.
on Arti cial Intelligence, pages569{95, 1991.

[16] R. A. Brooks. From earwigs to humans. practice and future of autonomous
agerts. Rolotics and Autonomous Systems 20:291{304,1997.

[17] Rodney Brooks. Intelligence without represeration. Arti cial Intelligence,
47:139{60,1991.

[18] F. Brown, editor. The Frame Problemin Arti cial Intelligence. Morgan Kauf-
mann, 1987.

[19] Waiyian Chong, Michael O'Donovan-Anderson, Yoshi Okamoto, and Don Perlis.
Sewen days in the life of a robotic agert. In Proceedings of the GSFC/JPL
Workshop on Radical Agent Concepts 2002.

[20] Jon Doyle. A Truth Maintenance System. Arti cial Intelligence, 12(3):231{272,
1979.

[21] Jon Doyle. A Model for Deliberation, Action, and Intr ospection. PhD thesis,
Massadwsetts Institute of Tecnology, 1980.

[22] J. Elgot-Drapkin and D. Perlis. Reasoningsituated in time |: Basic concepts.
Journal of Experimental and Theoretical Arti cial Intelligence, 2(1):75{98, 1990.

[23] Dov M. Gabbay and John Woods. AgendaRelevane: A Study in Formal Prag-
matics. North-Holland, 2003.

[24] M. Ginsberg, editor. Readingsin Nonmonotonic Reasoning Morgan Kaufmann,
1987.

[25] P. GArdenfors. Knowledgein Flux: Modeling the Dynamics of Epistemic States
MIT Press,Cambridge, MA, 1988.

21



[26] Peter GArdenfors. Belief Revision. Cambridge University Press, Cambridge,
1992,

[27] Peter GaArdenfors and Hans Rott. Belief revision. In Dov M. Gabbay, Christo-
pher J. Hogger, and John A. Robinson, editors, Handlook of Logic in Arti cial
Intel ligence and Logic Programming, volumelV , pages35{132. Oxford University
Press,1995.

[28] Ken Hennacy Nikil Swamy, and Don Perlis. RGL study in a hybrid real-time
system. In Proceedings of the IASTED NCI, 2003.

[29] Darsana Josyula, Michael L. Anderson, and Don Perlis. Towards domain-
independert, task-oriented, corversational adequacy In Proceedings of 1JCAI-
2003 Intel ligent SystemsDemonstrations, pages1637{8, 2003.

[30] H.H. Kendler and T.S. Kendler. Vertical and horizontal processesn problem
solving. Psychol@ical Review; 69:1{16, 1962.

[31] H.H. Kendler and T.S. Kendler. Reversal-shift behavior: Some basic issues.
Psychola@jical Bulletin, 72:229{32,1969.

[32] HeshamKhalil. Logical Foundations of Default Reasoning PhD thesis, University
of Leipsig, Leipzig, Germany, 2002.

[33] David Kirsh. Today the earwig, tomorrow man?  Articial Intelligence,
47(3):161{184,1991.

[34] G. F. Marcus. The Algebric Mind: Integrating Connectionism and Cognitive
Sciene. MIT Press,2001.

[35] J. McCarthy. Applications of circumscription to formalizing common-sense
knowledge. Arti cial Intelligence, 28(1):89{116, 1986.

[36] J. McCarthy and P. Hayes. Somephilosophical problems from the standpoint of
arti cial intelligence. In B. Meltzer and D. Michie, editors, Machine Intel ligence,
volume 4, pages463{502. Edinburgh University Press,1969.

[37] O. Melnik and J.B. Pollack. Theory and scope of exact represertation extraction
from feed-forward networks. Cognitive SystemsResearch, 3(2), 2002.

[38] M. Miller. A View of One's Past and Other Aspects of Reasonal Changein
Belief. PhD thesis, Department of Computer Science,University of Maryland,
College Park, Maryland, 1993.

[39] M. Miller and D. Perlis. Presertations and this and that: logic in action. In Pro-
ceedings of the 15th Annual Conference of the Cognitive Sciene Sceiety, Boulder,
Colorado, 1993.

[40] Andrew W. Moore and Christopher G. Atkeson. Prioritized sweeping: Rein-
forcemen learning with lessdata and lesstime. Machine Learning, 13:103{130,
1993.

22



[41] T. O. Nelson. Consciousnessand metacognition. American Psychol@ist, 51:102{
16, 1996.

[42] T. O. Nelsonand J. Dunlosky. Norms of paired-asseiate recall during multitrial
learning of swahili-english translation equivalerts. Memory, 2:325{35, 1994.

[43] T. O. Nelson,J. Dunlosky, A. Graf, and L. Narens. Utilization of metacognitive
judgments in the allocation of study during multitrial learning. Psycholaical
Sciene, 4:207{13,1994.

[44] M. Nirkhe, S. Kraus, M. Miller, and D. Perlis. How to (plan to) meet a deadline
betweennow and then. Journal of logic computation, 7(1):109{156, 1997.

[45] D. Perlis. On the consistencyof commonsensaeasoning. Computational Intel li-
gene, 2:180{190,1986.

[46] D. Perlis. Sourcesof, and exploiting, inconsistency: Preliminary report. Journal
of APPLIED NON-CLASSICAL LOGICS, 7, 1997.

[47] D. Perlis, K. Purang, and C. Andersen. Conversational adequacy: mistakes are
the essencelnt. J. Human-Computer Studies 48:553{575,1998.

[48] G Priest. Paraconsisten logic. In D. Gabbay and F. Guerther, editors, Handbook
of Philosophial Logic, 2ed, pages287{393. Kluwer Academic Publishers, 2002.

[49] G. Priest, R. Routley, and J. Norman. Paraconsistent Logic: Essayson the
Inconsistent. Philosophia Verlag, Mnchen, 1989.

[50] K. Purang. Systemsthat detect and repir their own mistakes PhD thesis, De-
partment of Computer Science,University of Maryland, CollegePark, Maryland,
2001.

[51] K. Purang, D. Purushothaman, D. Traum, C. Andersen,D. Traum, and D. Perlis.
Practical reasoningand plan execution with active logic. In Proceedings of the
IJCAI'99 Workshop on Practical Reasoning and Rationality, 1999.

[52] N. Resder and A. Urquhart. Temporal Logic. Springer-Verlag, New York, 1971.

[53] Stuart Russelland Eric Wefald. Principles of metareasoning. Arti cial Intelli-
gene, 49(1-3):361{395,1991.

[54] R. Sun, T. Peterson,and C. SessionsThe extraction of planning knowledgefrom
reinforcemert learning neural networks. In Proceedings of WIRN 2001, 2001.

[55] Ron Sun. Integrating Rules and Connectionism for Robust CommonsenseRea-
soning. John Wiley and Sons,Inc., New York, 1994.

[56] Ron Sun. Supplemeriing neural reinforcemert learning with symbolic methods.
In S. Wermeterand R. Sun, editors, Hybrid Neural Systems pages333{47. Berin:
Springer-Verlag, 2000.

[57] Richard S. Sutton and Andrew G. Barto. ReinforcementLearning: An Intr oduc-
tion. MIT Press,1995.

23



[58] David R. Traum, Carl F. Andersen, Waiyian Chong, Darsana Josyula, Yoshi
Okamoto, Khemdut Purang, Michael O'Donovan-Anderson, and Don Perlis.
Represemations of dialogue state for domain and task independert meta-
dialogue. Electronic Transactionson Arti cial Intelligence, 3:125{152,1999.

[59] C. J. C. H. Watkins. Learning from Delayal Rewards. PhD thesis, Cambridge
University, Cambridge, England, 1989.

[60] C. J. C. H. Watkins and P. Dayan. Q-learning. Machine Learning, 8:279{292,
1992.

[61] S. Wermeter and R. Sun. Hybrid Neural Systems Springer-Verlag, Heidelberg,
2000.

24



