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Abstract

We examine several formulations of the common practice of jumping to conclusions when actions demand decisions
but solid knowledge fails. This practice permeates artificial intelligence, where systems assume many conclusions
automatically as defaults simply because the questions they decide are known to occur frequently, and where other
assumptions are formulated and adopted only when ignorance stalls action. After developing the motivations and
general nature of these inferences, we introduce a formal basis for describing them. This formulation allows separate
introduction of the several ideas involved, and so facilitates characterization of some important combinations and
some previous proposals. Initial results are proved about these theories, including the aptness of the formal notions
with respect to the intuitive motivations. Benefits of this formulation include an indication of the ways notions from
logic and metamathematics can enter into psychologies without subscribing to all of logic or metamathematics,
an indication of the importance of conservation of mental states in the description of psychologies, and formal
and intuitive relations between the approach of reasoned assumptions and its popular alternatives, deductivism and
Bayesianism.
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Note to the Reader

To keep this paper to a reasonable length, | assume some mathematical sophistication and acquaintance.
Passage of time will, | hope, permit a more relaxed and thorough development. The symbols used are collected and
glossed at the end of the paper. The headingsi®TION, THEOREM, COROLLARY, LEMMA, and GONJECTURE
serve their usual purposes, and are numbered in a single sequence. Some proofs have been omitted. The heading
QUESTION often indicates an issue calling for proper formulation rather than a simple answer.
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Meditation

Ging heut morgengbers Feld,

Tau noch auf den Gsern hing;

Sprach zu mir der lustge Fink:

»Ei, du! Gelt? Guten Morgen! Ei gelt? Du!
Wird’s nicht eine schine Welt? schne Welt!?
Zink! Zink! schdn und flink!

Wie mir doch die Welt gelit!"

Auch die Glockenblum am Feld

Hat mir lustig, guter Ding

Mit dem Glockchen kling, kling,

Ihren Morgengruss geschellt:

»Wird’s nicht eine schne Welt? scne Welt!?
Kling! Kling! Schdnes Ding!

Wie mir doch die Welt gedlit! Hei—a!*

Und da fing im Sonnenschein

Gleich die Welt zu funkeln an;

Alles, alles, Ton und Farbe gewann in Sonnenschein!
Blum und Vogel, gross und klein!

Guten Tag, guten Tag! Ist’s nicht eine $cte Welt?

Ei du! Gelt? Schne Welt!?

Nun fangt auch mein Gick wohl an?!
Nein! Nein! Das ich mein, mir nimmer bhen kann!

G. Mahler,Lieder eines fahrenden Gesellen

L'adoration de la terre;
Le sacrifice

I. Stravinsky,Le Sacre du Printemps

Ich will nur dir zu Ehren leben,

Mein Heiland, gib mir Kraft und Mut,

Dass es mein Herz recht eifrig tut.

Starke mich, deine Gnadeiwdiglich und mit Danken zu erheben.

J. S. BachWeihnachts-Oratorium
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|. Introduction

§1. Recently, increasing attention has been directed toward problems of providing mathematical formulations and
semantics for some of the inferential systems developed in informal, practical terms within artificial intelligence.
The mathematical approach has seldom been popular, for except in rare cases like the treatisexof &md
PAPERT on perceptron$mathematical formulations have lacked force, have seemed mere importation of formalism
without true understanding of the important problems to be addressed. Artificial intelligence has long been a field
for formulation, where ubiquitous problems have defied stable statefbmtsis setting it is natural that outsiders
experience difficulties in looking for important problems, since the set changes with every observation! Fortunately,
circumstances change, and the field has begun to develop its own mathematical formulations of some of these
recognized but poorly articulated problems. These formulations may not yet be as comprehensive or compelling as
those underlying the exact sciences, but they easily support optimism for more satisfying replacements in the near
future.

§2.  Our subject here is a reexamination of several proposals concerning the mathematical formulation of cer-
tain non-deductive inference patterns common in artificial intelligence. Artificial intelligence systems draw many
logically peculiar conclusions, and the question has been raised of whether there are coherent patterns among and ju-
stifications for these conclusions. Traditionally the nature of these non-deductive inferences has been hidden behind
the slogan “heuristic,” but realization of the widespread use of particular patterns has prompted their formulation and
explication as important problems for the field. With the works afDERMOTT, REITER, MCCARTHY and others
advances have been made, but deficiencies in understanding persist. Motivationally, these efforts articulate some of
the intuitions underlying the field’s practice, but apparently not well enough to communicate these intuitions and
their significance to some inside and many outside the field. Formally, these proposals exhibit some similiarities
so that they all seem to approximate a single answer to a single problem, but they differ widely in detail, and no
exact characterization of their differences or individual powers has been given. My purpose here is to pursue of the
common project of these proposals by summarizing and extending the motivations underlying the subject inference
patterns. | present a common mathematical basis in which | analyze, compare, and extend the previous proposals.
Hopefully this effort will benefit several audiences: artificial intelligence theoreticians and practitioners interested

in better understanding their systems of study, mathematicians and philosophers interested in the formalization and
motivations of these novel inferential systems, and theoretical computer scientists interested in computational que-
stions arising in artificial intelligence.

Briefly, the problem is to formulate the common practice of jumping to conclusions when actions demand
decisions but solid knowledge fails. This practice permeates artificial intelligence systems, where some assumpti-
ons are formulated and adopted only when ignorance stalls action, and where other conclusions are automatically
assumed as defaults simply because the questions they decide are known to occur frequently.

1[MINSKY AND PAPERT 1969]
2Compare [MNSKY 1962].



II. A Problem, an Approach, and a Solution

§3. Life calls for action, and to act we must decide what to do in ignorance of our true circumstances, capabilities,
and their consequences. We may decide using information about the consequences of our actions in our circumstan-
ces, but are our imagined circumstances our actual ones? Will the actions we perform be the ones we attempt? Will
unforeseen interferences prevent the expected consequences?

The skeptical challenge to the possibility of accurate knowledge of the world has never taken lives; neither
does it halt work in artificial intelligence. One does the best one can. To do so, however, one must be able to admit
and correct one’s errors, and this consideration influences the design of artificial agents as well as the conduct of life.
But in artificial intelligence, incompleteness of information looms larger than inaccuracy. Certainly to admit error
requires one to judge oneself ignorant in the past, but in principle, as in politics, it still allows one to maintain an
opinion on every subject and to assert correctness of all sng’sntopinions. Nevertheless, there are several severe
obstacles to designing agents whose information about the world is complete, even if inaccurate. The first obstacle
is that apparently accurate complete axiomatizations of the world may not exist. As in arithmetic, we may be able
to state our basic premises, prove their incompleteness, and convince ourselves that any completion we attempt will
involve inconsistencies. Since we expect error anyway, this need not be a strong deterrent, but it does suggest that
completion for its own sake is unwarranted. The second obstacle, one far more serious, is the feasibility of using
complete information even if we attain it. Present-day computation is recursive computation, and an undecidable
complete axiomatization is no better than an incomplete axiomatization. Worse still, even decidable theories may
be intractable, for short theorems may have very long shortest proofs, and answering single questions may involve
exploring very many potential proofs. Since time will not stand still while the agent attempts to compute the answers
it needs, theoretical completeness of the agent’s information can be a practical Taedhird obstacle is simple
unavailability of complete axiomatizations of the world. Even looking to the sciences, one finds searches for new
laws to fill old gaps, and artificial intelligence has spawned an entire discipline devoted simply to elicting all the
facts about the world employed by experts but unseen in the literature. It seems methodologically unwise to postpone
work on artificial intelligence until science completes its inquiry, unless one does not want artificial agents at all.

84.  If we accept the challenge of acting without complete information, we must adopt some approach which
allows both cognizance of incompletenesses and means for overcoming them. To act without awareness of one’s
clear limitations is blind stupidity, yet ignorance need not paralyze either. One approach out of several possible
approaches has dominated work in artificial intelligence, and this is the practice of jumping to conclusions. Many of
the beliefs assumed by default or for heuristic value in mechanized agents are cases ofwhatt\WWAMES called

the “will to believe.* JAMES was, like RscAL before him® concerned primarily with questions of momentous,
eternal import rather than the questions of mundane, temporal expediency common in routine thought and action, but
the idea is the same. One judges, either at the moment or in advance, that it is better to adopt a stance on some issue
and risk error than to take no stance at all. The position taken need not be precedential, for along with recognition
of the possibility of error, we may also recognize that other or later circumstances raising similar questions may be
decided differently. In TKEY's phrase, we often decide to act for the time being as if something were the case,
rather than simply deciding something is the ciBeit precedential or not, the approach of adopting stances carries
with it a commitment to correcting mistakes when they come to light.A&3 puts it, we might resolve tBelieve

Truth! and toShun Error! but the preceding suggests the latter resolve is best realized as conscientious correction
rather than intellectual cowardice.

The approach of jumping to conclusions finds many followers in artificial intelligence, but in other dis-
ciplines studying intelligent action other approaches attract the most attention. Of these, the most influential is

3The importance of computational feasibility in artificial intelligence is easily underestimated. $ree{k1963], [MINSKY AND PAPERT
1969], [MINSKY 1975,APPENDIX], [RABIN 1974] and [RREY AND JOHNSON 1979] for illuminating discussions of this issue.

4[JaMES 1897]

5[PAscAL 1662]

S[TuKEY 1960]



subjective Bayesian decision thedr¥here is much to be said about this alternative, but now is not our time to do
so. For the moment, our task is laying out the motivations, nature, and formalizations of jumping to conclusions as
it is practiced in artificial intelligence. Later we adduce some connections of this approach with subjective Bayesian
decision theory which may illuminate their respective computational conveniences and difficulties.

§5. Once we decide to face the problem of incomplete information by deliberately adopting stances when necessary,
we must also face subsidiary problems: how can we tell when we should jump to conclusions, and which ones
we should settle on? Once again, the practice of artificial intelligence supplies an approach to these problems,
although possibly not the only or best one. This approach naExinative rules of thumio guide the adoption

of assumptions. These rules state which sorts of circumstances call for making assumptions, which assumption to
try first, and when and how to revise one’s opinion to other assumptions. That is, ratiocinative rules of thumb serve
three functions: to enforce anti-agnosticism when appropriate, to indicate a sequence in which alternatives should
be tried, and to recognize circumstances which might call into question one or more of the alternatives. These rules
are often embodied as general or schematic “defaults” used in drawing conclusions, rules tolerant of exceptions in
that specific conclusions are defeasible on a case-by-case basis without affecting the operation of the general rule
itself® For example, one might decide to believe that ordinarily, every bird can fly. This decision might be carried
out by a ratiocinative rule of thumb which infers of each individual bird considered that it can fly. This rule would
continue to make such assumptions about newly considered birds even after particular flightless birds are recognized
and their corresponding assumptions abandoned.

§6. Ratiocinative rules of thumb form an approach, but in the absence of precise criteria for their application and
interpretation are not themselves a solution to the problem of adopting assumptions. These rules guide inferences,
but are not inference rules in the usual logical sense, since questions of soundness do not enter into the discussion.
The point of the rules is, after all, to be unsound, to draw conclusions not strictly entailed by their grounds. We
propose a solution based on interpreting these rules of thumb as expressiatisahative desiresregarding

actions of jumping to conclusions as actions satisfying the ratiocinative desires. In these terms we can cast the anti-
agnostic, sequencing, and defeasibility functions of ratiocinative rules of thumb as components of the following
“syllogism.”

"See, for example, [&/AGE 1972], [LEVI 1967], and [LUCE AND RAIFFA 1957].
8Widespread use of the term “default” followsINEKY' s influential discussion in [MNSKY 1975]. [ReITER 1978] identifies a variety of
appearances of this notion in the practice of artificial intelligence.



| am in circumstanced.

When | am in circumstances, | prefer being decided abo@ to being undecided about
Q.

When | am in circumstanced and am undecided abo@, | prefer adopting stand’ to
adopting stand3.

Therefore, | should adopt stadd

We combine and abbreviate the two implicative components of such syllogisms in rules written as
AN B |-G,

rules read asA without B givesC” and informally interpreted as “ifA obtains, andB does not, then adoygt.”

These rules are callegasonsfor their conclusions, and the conclusions drawn are caéedoned assumptions

This terminology diverges somewhat from standard usage, in which one calls the premises of the inference the
reasons for the conclusion. We always refer to the premises as premises, hypotheses, antecedents, presuppositions,
etc., and reserve the term reason for the inference step that connects premises with conclusions. We do not insist
on particular forms for what may enter into these rules; as well as logical statements of conditions, other sorts of
mental components can be accommodated, as detailed in the following formal treatment.

We base our interpretations of these encapsulated syllogisms on maximization of the utility of mental
states. Utility maximization has, with some justification, gained a bad name as a descriptive theory of human beha-
vior, but our purpose here is supplying normative theories where none exist, rather than attempting to accommodate
logic to the behavior of some species of agent. Indeed, as we see later, many of the maximizations of interest are
all small, independent, local decisions, easily implemented and suffering from few of the difficulties arising in the
more comprehensive maximizations of subjective Bayesian decision theory. As is familiar from classical decision
theory, there may be several distinct interpretations of maximal utility. Moreover, ratiocinative rules of thumb can
conflict on cases. We hold all desires to be incomparable without“higher-level” desires which recommend satisfying
one ratiocinative desire before another. This means we seek ways to live with conflicts rather than insist on their
resolution, and that maximixing utility involves maximizing the set of ratiocinative desires satisfied by mental states.
For example, suppose we choose to employ the two general rules

Vz [Republicariz) \\ Pacifis{z) |- —Pacifis{x)]

and
Vo [Quake(x) \ —Pacifis(x) |- Pacifis{z)] .

The first of these says that Republicans should be assumed to be non-pacifists unless known to be pacifists. The
second says that Quakers should be assumed to be pacifists unless known to be otherwise. When we learn that
Richard Nixon is both Republican and Quaker, we can instantiate these general rules to the specific cases

RepublicariNixon) \\ Pacifis{Nixon) |- —Pacifis{Nixon)

and
Quake(Nixon) \\ —Pacifis{Nixon) |- Pacifis{Nixon).

We cannot honor both preferences at once, so if we look to satisfy as many preferences as possible, we find two
alternative coherent sets of assumptions: believing Nixon a Republican Quaker pacifist, and believing him a Repu-
blican Quaker non-pacifist. Thus in accord with the interpretation of reasons as desires, we adopt a stand by picking
one of these coherent sets as our set of assumptions or beliefs.

Some might find it more reasonable to suspend judgement in cases of conflicting preferences, but under
our interpretation that is a poor solution to the difficulty. In adopting these reasons, we have stated our preferences,
and with no further information it is needlessly irrational to forgo all satisfactions simply because a trade-off is



involved. If the decision were between consuming equally attractive donuts and bagels when there is money to
purchase only one, few would counsel starvation. Nevertheless, behind the apparent questionableness of the above
decisions lies an important point. Just as we may wish to state rules aboutnehenbe agostic, we may also

wish to state rules about wheéo beagnostic, and these may refer to otherwise conflicting preferences like those

in the example. Toward this end we introduce the notiodedéasible reason®efeasible reasons allow inferences

that can be defeated as a whole, rather than by simply challenging one of the particular presuppositions of the
inference. One can encode defeasible reasons in reasons of the above form by introducing explicitly self-referential
presuppositions (e.gz = “A \\ B or R defeated|- C"”), but it is more elegant to simply interprall reasons

as containing a uniform presupposition of lack of challenges. With this modification to the interpretation, we can
continue to base the interpretation on utility maximization while permitting rules of agnosticism.

§7.  This solution to the problem of adopting assumptions raises but does not address several subsidary problems.
The first of these concerns the origins and justifications of those ratiocinative rules of thumb with which we choose
to endow an agent or which an agent adopts of its own accord. There are several motivations for certain sorts of rules
of thumb that immediately suggest themselves, and there may be more as well. The first motivation is the classical
notion of statistical likelihood, where we might choose a rule of thumb because it calls for adopting the likeliest
alternative. Another motivation is typicality, in which reasons specify the typical conclusion. Typicality might be
the same as statistical likelihood, but there are ways of viewing it as a different notion. Another consideration in
adopting a rule of thumb is the safety of error and ease of correction, that is, whether disastrous consequences follow
from errors, and if not, whether the undesired consequences can be simply remedied. Finally, the weakest motivation
is simple pragmatic utility, which often goes by the name of heuristic in artificial intelligence. In this case, one might
adopt a ratiocinative rule of thumb simply because one is more successful by doing so.

We propose no procedure for adopting ratiocinative rules of thumb, except for those which are themselves
reasoned assumptions. Instead, we separate the issues of formulating, motivating, and adopting ratiocinative rules of
thumb from the issue of interpreting them once adopted. The questions of formulation and motivation of these rules
of thumb arise in other terms in the study of induction, learning, and philosophy of science, and we defer discussion
to that literaturé.

§8. A second subsidiary problem raised by adopting assumptions is that of how to revise mistaken assumptions,
of how to honor the commitment to correcting errors as they are discovered. Freshly perceived information can con-
tradict previous beliefs, deductive inferences can bring hidden inconsistencies to light, and one sometimes decides
to abandon or avoid certain attitudes because they prove embarrassing or endanger mental stability. While some
humans seem happy to hide their conflicting attitudes from themselves, some consciously endure their conflicts, and
some die, the usual response to this problem is to give something up, either the new information or previous attitudes,
in everyday life as well as in philosophy and artificial intelligence. But prudence counsels care in abandoning one’s
attitudes. Their acquisition takes time and effort, and they should not be abandoned needlessly. This conservative
stance has been taken repeatedly in philosophy and in artificial intelligeneee@hristens it the “maxim of mini-

mum mutilation,” that is, when changes are necessary, one makes as small a change asbbesibbaticulately,

artificial intelligence practice exhibits this principle in many forms, with systems of differing levels of sophistication
employing varying degrees of minimality and effectiveness in revising their attitudes. We pursue this idea as the no-
tion of conservatiorof mental state, where conservation is equivalent in all but connotation to minimal mutilation. (|
prefer the term conservatism to minimal mutilation, for | would rather be called a conservative or non-conservative
than a mutilator of any degree.) Thus we view acceptable revisions of mental states to be the changes that in one
way or other remedy the difficulty while preserving as much of the previous state as possible. We develop this topic
formally in its own right elsewhere, as it appears many techniques from the practice of artificial intelligence can
be conveniently described in these terms, with many concrete measures of “amount of change” characterizing the

9See [MNSKY 1963], [GooDMAN 1973], [QUINE AND ULLIAN 1978], [DAcEY 1978], and [LEVI 1980].
10[QuINE 1970]



various practical systems. One class of systems, the so-called reason maintenance systems, minimizes the set of
changed reasoned assumptions (g6, but investigation of more refined measures is just beginning.



lll. Formal Theories of Reasoned Assumptions

§9. This chapter formalizes the intuitive notions, approaches, and solutions of the preceding. The principal
problem in specifying interpretations of reasons is how they may be aggregated in spite of conflicts, and we formalize
this as the problem of defining tredmissible statesf the agent holding the reasons. These admissible states
constitute the “coherent” sets of interdependent reasoned assumptions sanctioned by the agent’s reasons. Our method
in formalization is to construct the set of admissible states from various assumptions about the constitution of the
agent. Different theories of reasoned assumptions arise through the different constitutive assumptions we make (not
to be confused with the reasoned assumptions made by the agent) about the agent’s composition, the interpretation
of individual reasons, and the aggregation of reasons and assumptions. Our first theories concern only the static side
of the agent, but later we consider further constitutive assumptions about conservatism of the agent’s state changes,
and so arrive at evolutionary theories of reasoned assumptions.

§10. We first suppose that there is a dom@mf formal or structural elements such that each possible mental state

of the agent can be decomposed into elemenf3.@ince we are concerned only with the structure of statea-vis-

vis reasoned assumptions, we make no suppositions about the specific compogitidgxamples of domains from
artificial intelligence include the set of all sentences in some logical language, the set of all LISP data-structures (S-
expressions), and the set of all “mental agents” inbky and RPERT s society of mind! As the latter example

shows, we do not require th@ has grammatical structure or is completely representational, and as the former
examples show, “languages of thought” are acceptable as well. The set of admissible¢’sitathas a subset of the

set of all sets of mental components: in other wordsC PD.

§11.  Though we need make no suppositions about the nature of the arbitrary mental component, our second
constitutive assumption is that some mental components can be interpreted as reasons, as specifications for the
composition of the states in which the components occur. Formally, we assume an interpretation fun@ion

P PD which indicates the sets of components each component sanctions, so th&at@ Besatisfies its component
specifications just in casg € Z(d) for eachd € S. We define the class @omponent-admissible seflsC PD to

be those sets satisfying all their components, that is,

Q={SCcD|Se ()Z(d)}

deS

Formalizing the notion of reasons as state specifications in this way involves several simplifications. First, rather
than distinguish only some state components as reasons and leave the rest uninterpreted, we interpret every state
component and give each non-reasbre D the trivial interpretationZ(d) = PD that sanctions all potential

states. Second, we interpret reasons as predicates of all sets of components rather than only as predicates of the
admissible states, that is, to be subset® ®f rather than subsets of. This simplification is innocuous since we

can always take the interpretation of every element to exclude all inadmissible sets. Third, we take the interpretation
of components to be independent of the state containing the component. While the theories examined in this paper
can all be captured within this limitation, we elsewhere consider ideas from artificial intelligence better suited by
state-dependent interpretations which replace? — PPD with Z’ : D x PD — PPD and Q with Q' =

{S CD|SNyesZ'(d,S)}. Finally, our fourth simplification is that each state component embodies at most one
reason. The extension to multiple reasons is trivial, since conjoined specifications are interpreted by intersecting
their interpretations.

MINskY 1980]



§12.  Our third constitutive assumption is that all admissible states are component-admissible but that certain
combinations of state components can never occur in admissible states even if they occur in some component-
admissible states, or formally, that we can stipulate the set of admissible statedbe some subset @, i.e.

< C Q. For example, if components are sentences of a logical language, we might require every admissible state
to be deductively closed or to be consistent, even if none of its component sentences express non-trivial reasons.
We introduce such general restrictions on the set of admissible states because interpreted components alone cannot
express all interesting restrictions. Actually, nonemptiness of admissible states is the only restriction inexpressible
by components alone, for thoughis always component-admissible (it having no elements to rule otherwise), we

can always replacg by 7', defined so that for all € D, 7’(d) = ., in which caseQ = . U {0}.

In many cases of interest, as in the examples of deductive closure, consistency, and nonemptiness above,
it is possible to decompose the specifications6finto the component restrictions and a general restriction on all
sets. That is, one way of specifying C Q is to stipulate a general restriction on staes- P D and define

S =QNR={SeR|Se()Z(d)}
des

Since.” C Q, we can always tak® = . when there is no independently interesting definitioRoff .7 = R,

then the component interpretations add nothing to the general restriction. In particular, this circumstance holds whe-
never all component interpretations are trivial. On the other hamidl #f P D, then there are no general restrictions,

and any restrictions on admissible states must be explicit in the states themselves. This circumstance recalls the cur-
rent efforts in artificial intelligence towards constructing completely “self-descriptive” mackrashe theories

to follow, we will define.” either directly or in terms oR as convenient.

§13.  While the notion of admissible state captures an idea of states which specify their own structure, it says
nothing about any form of inference. We introduce the ideadrhissible extensioas a formalization of the sets

of conclusions or reasoned assumptions permitted within the structure of the agent’s states. Just as the specification
of admissible states involved both “localZ) and “global” (¢ or R) restrictions, so also does the definition of
admissible extension.

If S C D we defineEzts(S), the set ofextensions obr states extending, to be the admissible states
including S as a subset, or formally,
Ezts(S)={E €. |SCE}.

If E € Exts(S), we also writeS <1 E. Extensions are defined in the same way for all theories of reasoned assump-
tions.

Just as the “psycho-logic” of mental states interprets fyi@ach state component as a restriction on the
states in which it can occur, we also interpret components as restrictions on the ways they can be derived or occur
in admissible extensions. That is, we assume a funcfiorD x PD — P PD that interprets each state component
to find the extensions it sanctions for various sets of components. We dgfipi(.S), thecomponent-admissible
extension®f a setS C D, by

QEats(S) = {E € Exts(S) | E € () J(d, 9)}.

deE

That is, £/ is a component-admissible extensionsjust in case each element &f approves (via7) of the way
it occurs inE relative to.S. The admissible extensiondEzts(S) are stipulated as a subset of the component-
admissible extensions, or formally,Fzts(S) C QFxts(S) C Exts(S). If E € AExts(S), we also writeS < E.

Putting all these definitions together, we say that each choi¢®df, ., 7, <) (or alternatively, each
choice of(D,Z, R, J, <)) describes the states and inferential structure cw#nlogical agentThis appelation is
meant to recall the ways the agent’s constituents talk about their roles in the “logic” of the agent’s states.

12[MINskY 1965], [DoYLE 1980], [WEYHRAUCH 1980], [FRISCH AND ALLEN 1982], [SMITH 1982]



§14. Merely having structures for admissible states and admissible extensions does not in itself support use of the
term “logic,” but we introduce a notion of psychological entailment to excuse this abuse of standard terminology.
Let(D,Z,.%,J,<) describe an autological agent.Af B, S C D, we say thatd psychologically entails3 in S

(within the agent's psychology), writtea |=s B, iff B C E wheneverd C E andE € AFEuxts(S).

(14.1) THEOREM. A |=g B foreveryA, B C D iff AExts(S) = () or AExts(S) = {D}.

ProoF Clearly, if AExts(S) is () or {D}, thenA |=g B for everyA, B C D, so supposel |=g B for every
A,B CDandAFEzts(S) # 0. Let E € AExts(S). Then by hypothesi#} |=s D, and sincé) C F, we must have
DC E,henceD=F. 1

A more specific notion plays a prominent role in the subsequent development where we day thés inevitable
in S to mean thatl € E wheneverE € AExts(S), thatd |E=s {d}.

We introduced the notion of admissible extension to capture the notion of inference within the agent’s
psychology, but unfortunately, the correspondence between inference and entailment so important in mathematical
logic does not obtain in the general psychology. We sayEhatarguable fromA in S, written A |~s B, iff there
is someE € AEzts(S U A) such thatB C E.

(14.2) THEOREM. If A |~g B foreveryA, B C D, thenS « D.

PROOF Supposed |~s B for every A, B C D. Then in particular) |~s D, so there is som& € AExts(S)
such thatD C E, henceD = EandS<D. 1

We say that! € D is arguablein S iff there is someE € AExts(S) such thatl € E, in other words{) |~s {d}.

(14.3) GOROLLARY. If AC S,thenA |5 Biff§ |=s B, andA |~g Biff 0 |)vs B.

The divergence between arguability and inevitability is seen more clearly in the particular subsequent theories.
Indeed, the point of theories of reasoned assumptions is to set out the coherent sets of assumptions sanctioned by
some set of reasons, and when there are several possible coherent sets of assumptions drg Haut not

A |Es B, areflection of the intended “unsoundness” of this sort of psychological inference.

§15.  Even among the “unsound” conclusions sanctioned as reasoned assumptions, some conclusions are more
sound than others. I, E' € AExts(S) are such tha¥ is a proper subset af’, then those conclusions iR’

but not in E are, in a sense, less sound than need be. Expedience might force jumping to conclusions, but it need
not force profligacy. To avoid unnecessary unsoundness, we introduce the natantarguability, arguability in

minimal admissible extensions.

(15.1) DerINITION. If X is a set of sets, the minimization &f, u.X, isgivenbyuX ={z € X |Vye X y C
x2x C y} If fisasetfunctiorf : X — PY, then the minimization of is a functionuf : X — PY such that
foreachz € X

(nf)(x) = p(f(x) ={y € f=) | Yy € f(z) v Cy>y<y'}.

Take care to note thatfinds the minimal elements of sets, not the minimums of sets, saftat) = 0 if f(x) = 0.
Note also thati.X can be empty even wheX is not if X contains an infinite descending chain of sets. This will not
happen in most of the theories we consider. One set functidiFigs : PD — P.¥, and its minimization under
set inclusion, writtenuA Exts, is defined for allS C D by

wAEzxts(S) = {E € AExts(S) | VE' € AExts(S) E' CESFECE'}.

While this definition of minimization is specific to set inclusion, we elsewhere treat these ideas in a more general
setting by replacing set inclusion with more specific notions of relative information content. In that tregtment,



means minimization with respect to a quasi-oridesn P D refined byC, that is, an ordeE such thatr = y implies
x C y but not necessarily vice versa.

With the definition of minimization, we say th&t is strictly arguable fromA in S, written Aul~s B, iff
there is som&’ € uAFExts(S U A) such thatB C E. In this way, strict arguability corresponds to arguability with
as few assumptions as possible. Note that4fFzts = A Exts the two versions of arguability coincide.

Corresponding to the notion of strict arguability in an agent, we also have the notion of minimal psycho-
logical entailment, psychological entailment in minimal admissible extensions. Specifically, wé s@yimally
psychologically entailsB in S, written Au |=s B, iff B C E wheneverA C F andE € uAFuxts(S). Since
uwAFEzts(S) C AExts(S), itis clear thatAu |l=s B wheneverA |=s B. Unlike strict arguability, minimal psycho-
logical entailment does not play a significant role in the following theories of reasoned assumptions. It is discussed
in more detail ing51 along with the logical notion of circumscription.

§16. Several other inferential relationships are also worth namingdlet D andS C D. We sayd ande are
cotenablen S if there is someE € AEzts(S) such thad, e € E, or put another way, il ~s {d,e}. We sayS is
coherenif AFzts(S) # (), and isincoherenbtherwise. We say thatis assumablén S if S U {d} is coherent, and
realizablein S if someS’ > S U {d} is coherent. Clearly§ is coherent iff) |~ 5 S, d is assumable iffd} |~s {d},
andd is realizable iff for somed C D, AU {d} |~s {d}. Itis also easy to see thatdfande are cotenable i¥,
each is arguable if; that if S is coherent and is inevitable inS, d is arguable inS; that if S is coherent and both
d ande are inevitable inS, d ande are cotenable i¥; and that ifS is coherent andl, B C S, thenA |~g B.

If D has the structure of the set of sentences of an ordinary logical language, there is a 1-1 function
- : D — D taking elements to negations. For this important special class of domains, we introduce the following
terms. We sayl is doubtlessn S iff —d is not arguable ir5. Similarly, d is conceivablen S iff —d is not inevitable
in S. Arguability and doubtlessness are thus dual notions, as are inevitability and conceivability. ¥\is dagided
by S iff for every E € AExts(S) eitherd € E or —d € E, and thatS is ambivalentaboutd iff d is not decided
by S. We saysS is arguably consistenf there is someF € AFExts(S) such that for everyl € D, eitherd ¢ FE or
—-d ¢ E, andarguably inconsisterif for somed andE, d,—d € E € AFExts(S). We sayS is inevitably consistent
(or simply consistentif .S is coherent and for everfy € AEzts(S) andd € D, eitherd ¢ Eor—d ¢ E. S is
inevitably inconsisterif S is coherent but there is sordesuch that for everfy € AExts(S),d € Eand—d € E. It
is clear that ifS is consistent$ is arguably consistent; thatdfand—d are cotenable it¥, S is inconsistent; that if
d is doubtless irt' yet decided bys, d is inevitable inS; and that ifd is inevitable inS ande is arguable inS, d and
e are cotenable . Note that these notions are weaker than the usual notions of consistency, for we have made no
assumptions about iterated negations, that is we allens but——d ¢ S. If D has the structure of the Lindenbaum
algebra of sentences of a logical language, thens the identity. In this case it is clear théats decided bys iff —d
is decided bys, and thatS is ambivalent aboud iff —d is not decided bys. We pursue these more familiar notions
later under the topitogical theories

§17. Asis usual with formal systems, we can construct bigger autological agents out of smaller ones. Two basic
constructions are sum and product agents(gt Z,, .71, J1, (1) and(Ds, 2, F, J2, < 2) describe two autolo-
gical agents. The sum of these is an agéntZ, ., J, <) such that
(1) D = D, U Dy,
2QZ(d)={SCD|deD12[SND; €Z1(d)] AN d€ D2 2[SNDy € Io(d)]|}
(3)y:{S§D‘SﬁD1€y1 AN Sﬁpgeyg}

(4)j(d,8) = {E ‘ de Dy D[Eﬂpl S jl(d,Sﬁpl)] A d € Dy D[EQDQ € jg(d,Sﬂ’Dg)]}
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B)<a={(5,9)|SND1 <91 5ND; A SNDy<925 NDy}.
The product of the two agents is an agent such that
(1) D =Dy x Do,
(2)1((d1,d2)) = {S cD | 35, € Il(dl) 155 € Iz(dg) S =51 % Sz},
(3)y:{S§D‘3516y13526y2 S =5 XSQ},
4) J((dy,ds),S) ={E | 351, FE1 C Dy 3Ss, B2 C Dy
S=81x8 ANE=F xFE, A
Ey € Ji(dy,51) N Es € Ja(da, Sa)},
(5)<] = {(S,S/) | 351,51 - Dl HSQ,Sé - D2 S = Sl X SQ NS = S{ X Sé A
S1<1185 A SiﬂzSé}
The sum construction appears quite frequently in artificial intelligence systems, which often divide into independent
databases operating with different inferential schemes.
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Elemental theories

§18. The first theory of reasoned assumptions we consider is the thesimple reasonsSimple reasons are so
named because they involve what seem to be the weakest useful notion of reason, one on which all the following
theories elaborate. This theory makes no assumptions &dws no general restrictions on states, and interprets

all components as (possibly trivial) “simple reasons,” in contrast to the “defeasible reasons” defined in the next
section. We split the definition into two parts due to some intervening subsidiary definitions.

(18.1) DEFINITION (SIMPLE REASONS 1). An agent's use of simple reasons is characterized by
(D,Z,.7,7), where
() Dis a set,
(il) For eachd € D, there are setsl, B, C' C D such that

I(d)=A\B|F C={SCD|ACSCBDOCCS},

(i) 7 = Q,
(iv) Foreachd € DandS C D,

J(d,S)={F|deE2[deS VvV 3FecFE3JABCCD
I(e)=A\B|-C AN ACECB® A deC]}.

Recalling our earlier notation, we abbreviate the subsesIdtorresponding to reason interpretations as expressi-

ons of the formA \\ B |- C, whereA, B,C C D. The definition ofZ interprets reasons so that the “conclusions”

C must be held if the “antecedentd’ are held and none of the “qualifier® are held. Note that expressions like

A\ B | C are part of the metalanguage in which we discuss the agent. The agent’s language of thought, if any,
need not express reasons in the same way. The notdtigr3 |- C' also allows us to speak of the “same” reason

even when we exten® to a larger domain, since ifi, B,C C D andD C D', we also have4d, B,C C D'.

This property greatly simplifies mechanizations of agents based on simple reasons expressed in this way, since the
domain of state components can be extended indefinitely without necessitating changes in previously expressed
reasons. Finally, observe that the expresgian( |- () means the trivial interpretation, the $&D.

(18.2) DerINITION. A reason with interpretatiod \\ B |- C is said to be valid inS iff its antecedent
conditions hold, that is, ifd C S C B°.

In this way, component-admissible extensions are those extensions which locally appear “grounded” since each of
the elements is in the initial set or is a conclusion of a valid reason. We base the general restriction giving admissible
extensions on a notion of globally grounded extensions.

(18.3) DeFINITION. A finite reason is an elemertc D such that there are finite subsets B, C' C D with
Z(d)=A\ B | C.

(18.4) DeFINITION. E is a (finitely) grounded extension §fiff S < E and for eache € E there is a (finite)
grounding setZ C FE and a well-ordering< of G such thate € G and wheneved € G, either (1)d € S or (2)
there is some (finite) reasofie G and setsA, B,C C DsuchthatZ(f) = A\ B|F C,ACG,EC B¢ deC,
and A <¢ f <¢ d. For eachS C D, GExts(S) denotes the set of grounded extensionS,@dnd FGExts(S) the
set of finitely grounded extensionssf

(18.5) GOROLLARY. If E is a grounded extension &f, e € E, G is a grounding set of, andd <¢ e, then
{g € G| g <¢ d} isagrounding set fod in E, as isG itself.

Grounding sets bear a remarkable similarity to open neighborhoods in a topological space, but | have not been able
to make them into such since the intersection of two grounding sets need not be a grounding set.
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(18.6) COROLLARY. FGFEzts C GFEuts.

(18.7) THEOREM. GExts C QFExts.

PROOFE The claim is just that grounded extensions also appear locally grounded. Suppog&Fzts(S) and
e € E. Thenife ¢ S, there is a grounding sét for e. But sincee € G ande ¢ S, there is a valid reason supporting
ein G, and hence it as well. 1

(18.8) DeFINITION (SIMPLE REASONSII).  Grounded, finitely grounded, and locally grounded simple reasons
agents are characterized respectivelyb¥xts = GExts, AEzts = FGExts, and AExts = QEuxts.

For the sake of simplicity and practical relevance we normally discuss finitely grounded simple reasons agents, take
AFExts = FGExts, and explicitly state whenever we consider general grounded or locally grounded agents.

EXAMPLES. We adopt the convention thatf: D — D andA C D we write—A to mean{—a | a € A}, and
if S C D, we writeZ*(S) to mean{Z(d) | d € S}. In all the examples, we usually assumeB, C, D and their
negations to be subsets Bf composed of trivially interpreted elements, sa it A, thenZ(a) = Z(—a) = 0 \\
0 |- 0. Comments, if any, follow the example to which they refer.
(18.9) Z*(S)={0\ 0 |- 0}, AExts(S) = {S}
If S has only trivially interpreted elements, it is its own admissible extension.
(18.10) Z*(S)={0\ 0 |- A}, AFEzxts(S) = {SUA}
This sort of reason can be viewed as setting out unqualified premises.
(18.11) Z*(S)={AN\ 0 | A}, AExts(S) = {S}
Note thatS U A is a component-admissible extensionSofbut neither a grounded component-admissible extension
of S, nor a minimal component-admissible extensiorsphor a minimal extension of.
(18.12) Z*(S)={0\ -4 |- A4}, AFzxts(S) = {SUA}
This sort of reason is commonly callecharmal default a “default” since it sanctions an inference in which one
draws a conclusion because one has no valid reason for drawing the opposite conclusion, and “normal” since this
sort of default is so commonly useful in artificial intelligence. Note thiat —A is also a minimal extension of,
but is not component-admissible.
(18.13) Z*(S)={0\ A | A}, AExts(S) =0
Note that whileS U A is an admissible state, moreover a minimal extensio$, @fis not component-admissible.
(18.14) 77(A) = {0\ C |- B}, I*(B)={0\ 0 |- 0},
*(C) ={0\ 0 | D}, Z*(D)={0\ 0 |- C}
AEzxts(A) = {AU B}
Note thatA U C' U D is a minimal component-admissible extensiomgibut not a grounded extension Af
(18.15) Z*(S)={0\ -A |- A, 0O\ A|- A}, AFExts(S) ={SUA, SU-A}
This example exhibits the multiple admissible extensions of the motivating examjés of
(18.16) Z*(S)={ON\ A A4, ON\0O|- A}, AExts(S) ={SUA}
In contrast to 18.13, the second reason supptmsgardless of the incoherence of the first reason.
(18.17) Z*(S)={0N\ A A, 0O\ 0| A}, AEzts(S) =0
Since we have provided no connection between the interpretatioAsaofl - A, this example has the same basic
structure as 18.13.
(18.18) Z*(S)={0N\0 |- A, 0O\0|-—A}, AEzxts(S) = {SUAU-A}
Since the agent has not been given logical structure, we draw no further conclusions from this inconsistent extension.
(18.19) Z*(S) = {0\ ~A|- 4, O\ -B|-B, A\0|--B, B\ |- -A},
AFEzxts(S) ={SUAU-B, SU-AUB}
(18.20) Z°(S) = {0\ -A |- A, 0\ -B|-B, 0\~C|-C, A\0|--B,
BN\ |F-C, C\0|--A},
AEzts(S) =0
(18.21) Z(S)= {0\ A |- 4, O\ -B|-B, 0\~-C|-C, 0\-D |- D,
ANO|--B, B\O|F~-C, C\O|--D, D\0I|-~4},
AExts(S)={SUAU-BUCU-D, SU-AuBU-CUD}
Note how the parity of these cycles (even in 18.19 and 18.21, odd in 18.20) affects the existence of admissible
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extensions.

(18.22) Z*(S)={0\ B |- 4, 0\0O| -4}, AExts(S) ={SUAU-A}
Note that contrary conclusions cannot “push backwards” through reasons to support qualifiers.

(18.23) Supposéd; }°, is a set of distinct elements @f such that for each > 0, Z(d;) = 0 \ 0 |- {di+1}-
ThenAEzts({d;}) = {{d; | j > i}}. Even though each sét, } is finite, its admissible extension is infinite.

(18.24) LetD = {d;}2,andD = D @ {e, f}, where for eacti > 0, Z(d;) = 0 \\ 0 |- {di+1}, and where
IZ(e) =D\ 0 | {f}andZ(f) =0 \ 0 |- 0. LetS = {do, e}. ThenGExts(S) = {D}, but FGEzts(S) =
since no finite argument fof exists.

| apologize for several little white lies among these examples. These stem from the alternative expressions

that some reason interpretations allow. For example, the expredsidn( |- A means the same set as does
0\ @ |~ 0, namelyPD. Further, the expressidh \\ A |- A means the same as doks\ @ |- A. Thus it
is wrong to call{§) \\ A |- A} incoherent yet to caf® \\ § |- A} coherent. We expressed the examples as
simply as possible for the sake of comprehension, but these difficulties can always be avoided by slightly more
complex statements of examples. For exampl&,(if) = 0 \\ {6} |- {c}, Z(b) = Z(¢) = 0 \ 0 |- 0, and
Z(d) = {c} \ 0 |- {b}, then the sefa, d} is incoherent, whilda, d, ¢} is coherent.

In spite of their simplicity and practical significance, very little is known about the properties of simple
reason agents. The few results which follow are merely indicative of the questions that remain to be answered. We
first examine some alternate characterizations of the notion of admissible extension.

(18.25) DeFINITION. LetS,E C D. Then(A,) (« an ordinal), the levels frony' in E, are defined for all
ordinals by
AO(Sv E) = Sv

Aoi1(S,E) =AU HCCD | 3e€Au(S,E)IA,BCD
Z(e)=A\B|FC AN ACAL(S,E) A E C B},

and for limit ordinals),
AX(S,B) = | J Aa(S, E).

a<A
We also definé\ (S, E) = |J,, Aa(S, E) to be the sum of all levels. When no confusion is possible, we sometimes
abbreviateA, (S, F) by A, andA(S, E) by A.
(18.26) GROLLARY. If a < 3,thenS C A, (S, E) C Ag(S,E) C A(S,E).
(18.27) @ROLLARY. If Ao (S, E) = Aut1(S, E), thenA, (S, E) = A(S, E).

(18.28) THEOREM. If «vis the cardinal numbefD| + 1, thenA (S, E) = A, (S, E).

PrROOF SinceD has fewer tham elements, it must be that for sonfet 1 < o no new element is introduced
in Agy1, in other wordsAg = Ag4q. ButthenAg = A, and since\g C A, C A, we haveA = A,. 1

(18.29) CeFINITION. If e € A(S, E), the rank ofe in A(S, E) is the least ordinakx such thate € A, (S, E).
If AC A(S, E), the rank ofAd in A(S, E) is the least ordinal not less than the rank of any element.of

(18.30) LEMMA. If S< E, thenA(S,E) C E.

PrROOF LetS < E. Clearly Ay C FE, so assumeé\g C E for eachfg < «. If « is a limit ordinal, then by
definitionA, C E. If ais a successor ordinal, say= 5+ 1, lete € A,. If e € S, thene € E, and ife ¢ S there
isad € AgwithZ(d) = A\ B |- C, A C Ag, E C B¢, ande € C. SinceE is admissible, this mears C E, so
eec E,henceA, C E.ThusA C E. 1
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(18.31) THEOREM (STRATIFICATION). If E € GExts(S) thenA(S,E) = E.

PROOFR Suppose&r € GEzts(S). SinceS < E, by the preceding lemma we hakeC E. To see thaly C A,
suppose: € E. SinceFE is a grounded extension ¢f, there is a grounding s&f C E for e from S in E. We
showG C A by <g-induction. Letf € G have no predecessors irg. Clearly f is the minimum ofG, and by
definition of G, we must havef € S, hencef € A. Now suppose thaf € G and for eachi <y f, eitherd € S
or there is a grounding subargumeit C G for d. If f € S, thenf € A,andif f ¢ S, there is a € G such
thatZ(d) = A\ B | C,A<g d <¢ f, E C B¢ andf € C. By the inductive hypothesis} C A andd € A,
so there is some ordinal such thatd C A, andd € A,. But then by construction’ C A1, s0f € A. Hence
ECA,soOE=A(S,E). 1

(18.32) @ROLLARY. If E € GExts(S)anda = |E| + 1,thenE = A, (S, E).
(18.33) @ROLLARY. If E € GEzts(S) anda is its rank, thent = A, (S, E).

(18.34) ®ROLLARY. If E € FGEzts(S), thenE = A, (S, E).

PROOF LetE € FGEzts(S) ande € E. Sincee has a finite grounding s&t, the rank ofe is at most|G|,
hencee € A, (S, E). ThusE C A, (S, E), so by Lemma 18.30 = A, (S, E). 1

(18.35) THEOREM (FIXED POINT). If E = A(S, E), thenE € GExts(S).

PROOF SupposeA = E. SinceS C A, S C E. Lete € E withZ(e) = A \\ B | C, and suppose
A C E. Then there is an ordinal such thate € A, andA C A, so by construction if® C B¢ as well, then
C C A,+1 C E. ThusE is admissible. We prov# is a grounded extension 6fby induction on rank. Specifically,
we prove that each element &f has a rank-preserving grounding set, aGet E such thatrank(a) < rank(b)
whenever < b. Lete € E have ranka. If o = 0, thene € S and we are done sinde} is a rank-preserving
grounding argument fo¢ from S in E. Now assume that > 0 and all elements of rank less thanhave rank-
preserving grounding arguments. By construction, there is sbriex andd € Ag such thatZ(d) = A\\ B |- C,

A C Ag, E C B¢ ande € C. Then by inductive hypothesis each elemenf{éf U A has a rank-preserving
grounding argument, so merge these arguments preserving rank-order, antbatld end, so producing a rank-
preserving grounding argument farThusE € GEzts(S). 1

(18.36) GROLLARY. E € GExts(S)iff E = A(S, E).

(18.37) THEOREM. If every reason irD is finite, thenE € FGExzts(S) iff E = A, (S, E).

PROOFE Suppose every reason 1 is finite. By Corollary 18.34, we need only show that = FE implies
E € FGE=xts(S). Suppose\,, = E. We first showA,, = A. Suppose, by way of contradiction, thatZ A,,. Then
there must be a least ordinal> w such that for some € D, e € A,11 — A,. Sincea is minimal, A, = A,, for
otherwiseA,, = A,+1 and hencé\,, = A. By construction, there is somfec A, Z(f) = A\ B | C, A C A,,
E C B¢, ande € C. SinceA is finite, this means the rank of is also finite. Thus there is sonte< w such that
A C Agandf € Ag, soe € Agy1 C A, acontradiction. Thud = A, and since\,, = E, by Theorem 18.35
E is a grounded extension of. We see tha¥ is finitely grounded by induction on rank. Clearlyeife Ag, then
e € S, hence|e} is a rank-preserving grounding set. Now suppose the raaksot + 1 < w. Then by construction
there is somg € A, withZ(f) = A\ B |- C, A C A,, E C B¢ ande € C. By inductive hypothesis, each of
f and A have finite rank-preserving grounding sets, so merge these preserving rank-oraeig #uelend, and the
result is a finite rank-preserving grounding orderdor I

(18.38) QUESTION. For each simple reasons agent, can one characterize those sets which have no admissible
extensions? Unique admissible extensions? Multiple admissible extensions? Finitely many admissible extensions?
Infinitely many admissible extensions? Only finite admissible extensions? Only infinite admissible extensions? Or,
turning the order around, can one characterize simple reasons agents in which all sets are coherent or have finite
or unique admissible extensions?
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(18.39) THEOREM (GROUNDED MINIMALITY ). GFExts C uQExts.

PROOFR GExts C QExts by Theorem 18.7, so suppoge € GExts(S), E' € QEuwts(S), andE’ C E.
We first showA (S, E) C A(S, E’) by induction. ClearlyAo(S, E) C Ao(S, E’) since each equalS. Assume
Ag(S, E) C Ag(S, E') for eachg < a. If ais a limit ordinal, then by definitior\, (S, E') C Ay (S, E). If cis a
successor ordinal, say= 5+1, lete € A, (S, E). If e € S, thene € E', and ife ¢ S thereis al € Ag(S, E) with
I(d)=AN\ B | C,ACA(S,E), E C B ande € C. ButsinceE’ C E C B¢, this meang € A, (S, E’).
HenceA(S, E) C A(S, E’). But by Theorem 18.31 and Lemma 18.30= A(S,E) C A(S,E') CE'. 1

(18.40) GROLLARY. GEzxts = nGExts and FGExts = uFGExts.

(18.41) ®ROLLARY. If S« D,thenAExts(S) = {D}.

PROOF Supposes <« D. Now if E € AFEzts(S), thenE C D, and sincedEzts = uAFEzxts by the previous
corollary, this mean& =D. 1

(18.42) ®ROLLARY. If S« D,thenA |=g B foreveryA, B C D.

(18.43) GROLLARY. If A |~g BforeveryA, B C D, thenA |=s B foreveryA, B C D.

Note that the converse does not hold@'ifs incoherent.

(18.44) THEOREM (TRIVIAL COHERENCH. A trivially interpreted set is its own admissible extension.

PROOF SupposeS C D, and for alld € S, Z(d) = PD. ThenS is admissible, and it is clearly finitely
grounded, sod Exts(S) = {S}. 1

(18.45) DeFINITION. A monotonic reason is an elemeht D such that for somel,C C D, Z(d) = A \\
0|-cC.

“Monotonic” is used because extensions of a state cannot invalidate such a reason, so that the set of conclusions
added by the reason is monotone nondecreasing with enlargements of the state. Note that all trivially interpreted
state components are finite and monotonic.

(18.46) THEOREM (MONOTONIC COHERENCE. If D contains only monotonic reasons, every subseb of
has a unique grounded extension.

PROOF Suppose all reasons are monotonic, andSlet D. ConsiderE = A(S, (). Since all reasons are
monotonicA(S, ) = A(S, X) for eachX C D. In particular,E = A(S,0) = A(S, E), so by Theorem 18.3F €
GEzts(S). Now if E/ € GExts(S), thenE’ = A(S, E’) = E by the previous observation, $8Exts(S) = {E}.
|

(18.47) @®ROLLARY. If D contains only finite monotonic reasons, every subsdb dfas a unique finitely
grounded extension.

As Example 18.24 shows, we cannot drop the finiteness restriction unless we allow infinite grounded arguments.
(18.48) DeFINITION. Supposes C D andd € D. The setS mentionsd iff for somee € S, Z(e) = A\ B |-

Candd € AU BUC. Two sets4, B C D have disjoint mention sets iff mentions nd € B and B mentions no
a € A. Asubsetd C Sis an isolated subset ¢f iff A andS — A have disjoint mention sets.

Note thatS and( are isolated subsets §f
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(18.49) THEOREM (DISJOINT SUM).  Suppos€s;)? , and <EZ->?:O (n < x0) are sequences such that for all
i,0<i<n,S; CDandE; = AExts(S;). Suppose further that for all j, if 0 < i # j < n, then eacht € E;
andE’ € E; have disjoint mention sets. Then

n

AExts(| ) Si) ={{J E" | (B*)io € [ Ei}-
k=0 i=0

=0

PROOF. Let E = |J, E* for some(E*) € TI,E;. We first check the admissibility of. Lete € E. If ¢ is
trivially interpreted, ther € Z(e), and ife has a nontrivial interpretation, thenc E' for somel. Now E' € Z(e)
by hypothesis, and since the other partsofire not mentioned b¥!, they also satisfy, henceFE is admissible.
Now if e ¢ [, S;, then it is in someE'. By hypothesise has a finite grounding argument iif, and since it does
not mention the rest oF/, this same argument groundsn E. HenceF is a finitely grounded extension &f, so
E € AEzts(|J, Si). Now suppose® € AEuts(|J, Si), and consideE N |J E;. No element in this set mentions any

other in|J E; for j # i, so it must be thak N |J E; € AExts(S). N

(18.50) @®ROLLARY. S C DisincoherentifS has an incoherent isolated subset.

PROOF Supposed C S C D, Aisisolated inS, andAEzxts(A) = (). ThenAExts(A) x AExts(S — A) = (),
so by the disjoint sum theorem,Exts(S) = 0. 1

(18.51) MROLLARY. Suppose = |J, S;, where for eachi, AEzts(S;) = {E;}, and ifj # i, E; and E; have
disjoint mention sets. ThetEzts(S) = {U, Ei}.

PROOFE Since eaclp; has a unique extension, there is only one sequence in the product of the extension sets,
so the claim follows by the disjoint sum theoremj

(18.52) MROLLARY. Suppose = J; S; andifj # i, E; and E; have disjoint mention sets. ThphExts(S)| >
1 if for somei, |AExts(S;)| > 1.

PROOF Supposes; has several admissible extensions. Then the product of the extension sets contains several
sequences. The unions of these sequences cannot be identical, since by the disjointness of mention sets this would
mean the supposedly distinct extensionsSpfvere identical. Thus by the disjoint sum theorem, the union of the
sets has several admissible extensiong.

(18.53) ROLLARY. S is coherent iff every isolated subset%fs coherent.
(18.54) ®ROLLARY. S has a unique extension iff every isolated subsét bés a unique extension.

(18.55) DeFINITION. A setS C Dis called simple iffS has no isolated subsets other than itself dnd
For example, ifD = {a}, thenD is simple, and ifD = {a, b} where both elements have trivial interpretations, then
D is not simple, since each ¢f:} and{b} is.

(18.56) LEMMA. There are incoherent simple sets.

PROOF  As before, ifZ(a) = 0 \\ {b} |- {c}, Z(b) = Z(c) =0\ 0 |- 0, andZ(d) = {c} \\ 0 |- {b}, then
{a, d} is simple but incoherent. I

(18.57) THEOREM. For eachn € N there is a simple se§ C D with |AFxts(S)| = n.

ProoF If n = 0, the simple set must be incoherent, and the preceding lemma applies: 16, let D and
E be two disjoint sets withD| = |E| = n, D = {d;}; andE = {e;},. For eachi, 1 < i < n, let
Z(di) =0\ FE —{e;} | {e:} andZ(e;) = 0 \\ @ | 0. Then eachi; mentionsE, so D is simple. But clearly,
AExts(D) ={D U{e;} | 1 <i <n}.Hence|AEzts(D)| =n. 1
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Rather than pursue this structure theory further here, we merely mention the possibility of deriving suffi-
cient conditions on coherence fromd®ERMOTT s termination theorem for RME (RMS is an artificial intelli-
gence system for maintaining a database by means of reasons. It is discugt@jl in

By afinite agentwe mean one with finite domaiR. Necessarily, all reasons of a finite agent are finite as
well. Suppose for the time being th@, Z) characterizes a simple reasons agent|@jd= n < w. We then have
|Z| = O(n?), and the following results.

(18.58) THEOREM. IsS € .#? can be computed in tim@(n?).

PROOFR Checking the interpretation of each elemenfotquiresO(n) steps, and can have up ta elements.
|

(18.59) THEOREM. Is E € Exts(S)? can be computed in tin@(n?).

PROOF  CheckingE O S requiresO(|E| +|S|) = O(n) steps, and checking admissibility BfrequiresO(n?)
steps as above. |

(18.60) THEOREM. Is E € QExts(S)? can be computed in tin®(n?).

PROOF CheckingE € Exts(S) requiresO(n?) steps, as above. We can check component-admissibilify of
at the same time by marking the consequences of each valid reason encountered in checking the admidsjbility of
and when done scannifgto see if all unmarked elements arednThis is alsaO(n?). 11

(18.61) THEOREM. Is E € FGExts(S)? can be computed in tin@(n?).

PrRoOOF Consider the following algorithm.
LAy S,i<0
2. While A; 7& A;_q do
3ii—i+1
4.0 — A4
5.Foreacke € A;_; do
6.Z(e) = A\ B | C
7.f ACA;_; andE C B°thenA; — A; U C.
8. ReturnE =7A,;.
The algorithm clearly answeis € FGExts(S), since by Corollary 18.3& € FGExts(S) iff E = A, andA; = A
wheneverA; = A;41. Steps 1, 4, 6, 7 and 8 coét(n). The iteration of step 5 may ruf?(n) times, so the cost
of 5-7 isO(n?). Now note that sincéD| = n, the loop of step 2 can run at mast+ 1 times, so the total cost is
O(n) + O(n) - (O(n) + O(n%)) = O(n*). 1

(18.62) THEOREM. Find E € Ezts(S)!isin P, Find E € QFxts(S)! and Find E € FGExts(S)! are in NP,
and CountEzts(S)!, Count QEzts(S)!, and CountFGEzxts(S)! are in #P.

PROOF D € Exts(S) for everyS (as we observe later in Theorem 20.1), so finding an extension is trivial. The
other five problems may all be computed by guessingBetsD and accepting iff the desired condition is true, all
deterministic polynomial computations from the above theoreng.

(18.63) ®NJECTURE Find E € QExts(S)!is NP-complete.

(18.64) QUESTION. IsFind E € FGEzts(S)? NP-complete?

13[CHARNIAK , RIESBECK, AND MCDERMOTT 1980]
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(18.65) THEOREM. IS FE € uFExts(S)?,IsE € pQExts(S)?, and IsuQFExts(S) = (0? are in co-NP.

PROOF We seeE ¢ pExts(S) is in NP by first checkingt € Exts(S) deterministically as above, then
guessing a proper subset of F, checking if it is in Exts(S) as well, and accepting if eithdt ¢ Ezts(S) or
E’' € Exts(S). The case ofE € puQExts(S) is the same except for testing, E’ € QFEuts(S). For the last
question, we guesE D S, check ifE € QEuxts(S), and accepting if so, singeQFEzts(S) will be nonempty iff
QExts(S) is empty. 1

(18.66) GNJECTURE The following problems are NP-hard: IE € puExts(S)?, IsE € uQExts(S)?, Is
uQExts(S) = 0?, and FindE € puQExts(S)!

The development of efficient algorithms for deciding these questions is still the subject of study. The most studied
guestion is that of constructing an admissible extension of a set if one exists. This is one of the tasks of RMS
and its relatives. The hard case of course is when no admissible extension exists. The known algorithms typically
discover this by exhaustive failure. If a suitably mechanizable characterization of coherence was known, more
efficient algorithms might be possible.

(18.67) QUESTION. Are there interesting classes of simple reasons agents for which construction of admissible
extensions is tractable?
We now drop the supposition thatis finite and replace it with the notion of a finite “virtual” domain with respect
to some subset @P.
(18.68) DeFINITION. The universé{((S) of a setS is the smallest set containirfjand containing the mention
sets of each of its elements, that9sC ¢/(S) and ifd € U(S) andZ(d) = A\ B |- C, thenA, B,C CU(S).
Note that if D is finite, then everys C D has a finite universe; that § has a finite universe, then all reasonsSin
are finite; and that two sets with disjoint universes have disjoint mention sets, though the converse need not be true.

(18.69) GNJECTURE IsU(S) finite? for finiteS is undecidable.

(18.70) LEMMA. If E € FGEzts(S), thenE C U(S).

PROOF LetE € FGExts(S). ThenE = A, (S, E), and we prove\,, C U(S) by induction. Since\y = 5,
Ao CU(S), so supposd,, C U(S) and consideA, ;1. Any e € A, 1 — A, is supported, and hence mentioned
by a valid reason ith,,, SOA,+1 C U(S) too. ThusA, = E CU(S). 1

(18.71) THEOREM. If S has a finite universe, then admissible extensions afe decidable.
PrRoOFR Computd/(S), checkE C U(S), and checkl € FGEzts(S) by the earlier methods for finite. 1

(18.72) @®ROLLARY. If SU{d} has a finite universe, then both the arguability and inevitability af S are
decidable.

(18.73) THEOREM. If D is recursively enumerable and the set of nontrivial reasor® imas a finite universe,
then the finite admissible states are recursively enumerable.

PROOF Letl be the universe of the set of all nontrivial reasons. By the previous methods the admissible states
S C U are enumerable. Also, all finite subsetsIdf- I/ are enumerable, so we can by composition enumerate the
setsSU U, whereS C U, S € ., andU C D — U, and so exhaust the finite elementsséf 1
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§19.  Our second theory of reasoned assumptions modifies the simple reasons theory by interpreting state com-
ponents aslefeasible reasondo do this, we suppose a functi@efeated: D — D and interpret the element
Defeatedd) to mean the reasahhas been defeated and cannot support conclusions. This is achieved by trivializing
the interpretation ofl in the presence dbefeatedd), specifically, for eacld € D having

Z(d) > {S C D | Defeatedd) € S}.

In effect, we interpretl in different ways depending on whether the state containing it also coafesitedd) or
not.

(19.1) DeriNITION. Defeasible reasons agents are characterized by the following additions to the requirements
on simple reasons agents:
(i) There is a 1-1 function Defeated® — D,
(i) Foreachd e Dif Z(d) = A\ B | C, then Defeate@) € B.

ThusifZ(d) = A\ B | C, whereB* = B U {Defeatedd)}, we have by simple rewriting

ACSC(BH)2CCS iff [ACSC B°ADefeatedd) ¢ S]2C C S
iff Defeatedd) ¢ SO2[ACSC B°2C C S|,

which is the desired condition of triviality.

ExAMPLES. We adopt the convention of eliding most mentionsDaffeatedelements in reasons by use of
a superscriptt to refer to the appropriate element. We omit for brevity most previous examples, since they are
basically unchanged by the introduction of defeasible reasons.
(19.2) Z#(S) = {0\ 0" |- A},  AExts(S)={SUA} (as before)
(19.3) Z*(S) = {0\ AT |- A},  AEnts(S)={SUA} (as before)
(19.4) Z*(S)={O\ 0" |- A, O\ Ot | -A},  AEsts(S)={SUAU-A} (as before)
(19.5) S={a,b}, Z(a)=0\0"|F A4, Z(b)=0\ 0" |- {Defeateda)},
AExts(S) = {S U {Defeateda)}}
Note how the challenge defeats the otherwise valid reason.
(19.6) S={a,b,c}, Z(a)=0\0" |- A, Z(b)=0\ 0" | {Defeateda)},
Z(c) =0\ 0 |- {Defeatedb)}
AEzxts(S) = {S U AU {Defeatedb)} }
Here the first challenge is defeated by the second, so the initial reason’s conclusions are unaffected.

As one might suspect, the innocuous reinterpretation of reasons lets us extend any simple reasons theory
to a defeasible reasons theory without important changes of meaning.

(19.7) THEOREM (DEFEASIBLE EMBEDDING). Suppose thaD andZ characterize a simple reasons agent.
Then there is a defeasible reasons agépt, Z') such thatD C D’ and if S C D, the admissible extensions ®fn
(D, T) are exactly the admissible extensionsSah (D', 7).

PrROOF Let (D, ) describe a simple reasons agent. We define the desired defeasible reasor{®ageént
as follows. LetD’ = Dy @ Dy, whereD = D; = D,. We always sayl € D to meand € D;, and write the
corresponding element @, asd'. If d € DandZ(d) = A\ B | C, defineZ’(d) = A\ BU{d'} |- C.If
d' € D', definez’(d') = 0 \\ {d} |- 0 (the trivial interpretation). Now suppose C D andE C D’. We claim
E € AExts(9) iff E € AExts'(S). First, supposér € AExts(S). ThenE C D andE N Dy = (), so for each
d e E, E € 7'(d), henceE € .. But clearly all grounding arguments 1 then translate directly into grounding
arguments irD’, soE € AExts'(S). Second, suppose instead tiiate AEzts'(S). Clearlyd’ cannot occur in
unlessd’ € S, which is not the case, s8N D, = (). Because of this]’(d) = Z(d) for eachd € E, soF € ., and
every grounding argument ifi translates directly into a grounding argumenfinso £ € AExts(S). 1

(19.8) THEOREM(MONOTONEEMBEDDING). Suppos€D, 7) characterizes a simple reasons agent, and that
(Si)™, (n < w) is a sequence of subsets®f Then there is a defeasible reasons agént, Z') and a sequence
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(SH_, of monotone nondecreasing subset®b66uch that for each there is a 1-1 correspondengebetween the
admissible extensions 6f and S; such that' = f(E) N D wheneverS; < E.

PROOFR SupposéD, 7) characterizes a simple reasons agent, and &t (n < w) is a sequence of subsets
of D. We define the desired defeasible reasons agehZ’) as follows. LetD’ =D & (D x (w + 1)). We use the
elementgd, n) for finite n to encode the addition or removal of the eleméas follows.

For eachl € D, Defeated(d) = (d,w), Defeated((d,w)) = d, and for eactk € N, Defeated((d, 2k)) =
(d, 2k + 1), and Defeated((d, 2k + 1)) = (d, 2k).

Foreachi € D,if Z(d) = A\ B | C,thenZ’(d) = A\ BU{(d,w)} |F C. Also,Z'((d,w)) = 0 \\
{d} | 0 (the trivial interpretation)Z’((d,0)) = 0 \\ {(d, 1)} |- {d}, and for eactk € N, Z’((d, 2k + 1)) = 0 \\
{(d,2k)} |- 0 andZ’((d,2k +2)) = 0\ {(d,2k +3)} | {(d,2k +1)}.

Let Sy = So x {0}, and if0 < i < n,letS],; = S;U{(d,2k +2) | d e S; A Sip1 A k=max{j |
(d,2j) € Si}}. Obviously, the sequends?)?_, is nondecreasing, and for eagts, N D = (). We claim for each,
0 <i<mn,|AExts(S;)| = |AExts'(S})|. Clearly, no elements dP x {w} can ever occur in admissible extensions
of S! since no reasons have them as conclusions. Now the eldaé@ntwill be defeated iff the last change with
respect tal was its removal, so if; containsd, (d, 0) will be undefeated in every extension$f, and so includé.
These elements then reproduce the extensions of the original set. Since the elerfientsrifon no elements of
D x (w+1),if E € AExts'(S]),thenEND € AExts(S;). 1

§20. While the ideas of simple and defeasible reasons play important roles in the practice of artificial intelligence,
they have important limitations in the sorts of state specifications they can express. The most obvious of these is the
inability to exclude any state component from admissible states.

(20.1) THEOREM. D is admissible in the simple reasons theory.

PrROOFR Foralld € D, thereare setd, B,C C D suchthafZ(d) = A \\ B |- C, and forall sets4, B,C C D,
C CD,andhenced CD C B°2C CD,isalways true. 1

Noting this obvious inexpressiveness, it is natural to ask exactly which state sgaaesexpressible in the simple
reasons theory. As we noted before, the empty set cannot be excluded.

(20.2) THEOREM. () is admissible in the simple reasons theory.

Beyond such trivialities, the expressive capabilities of the simple reasons theory are largely unknown. Yet if we
return to the unrestricted theory, we have clearer expressive powers.

(20.3) THEOREM. Let.”” C PD. ThenZ can be chosen so th@ = .7 U {0}.
Proor DefineZ so that for eacld € D,Z(d) = .. 1

Since the general theory has unlimited but practically unusable expressive capabilities, while the simple
reasons theory is somewhat inexpressive in spite of its demonstrated practical utility, we look for additions to the
simple reasons theory which increase the expressive capabilities in useful ways. The most obvious candidate addition
is the notion ofdenial

(20.4) DEFINITION. An agent’'s use of simple reasons and denials is characterized exactly as in the simple
reasons theory, except thBt= DT ¢ D~, where for eachl € DT there are setsl, B, C C D such that

Id)=A\B|FC={SCD|ACSCB*2OCCS},
and for eachi € D~ there is some (hecessarily uniquef D such that

I(d)={SCD|e¢S.
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Note that this theory is just like the simple reasons theory except that some state components, the denials, can rule
out the presence of specific elements. To make this ability uniform, we need only assume the existence of a 1-1
function—: D — D~ such that for eac € D, Z(—~d) = {S C D | d ¢ S}. This augmentation of the theory adds
expressive power, but again we have no characterization of exactly which state spaces are so expressible.

(20.5) THEOREM. If Disinfinite, then not every state space can be attained with only finite reasons and denials.

PrROOF If |D| = w, then the number of possible finite reasons,igs is the number of possible denials. Hence
the number of possible interpretation functiongds+ w)“ = w*. But the number of possible state space®’is
andw® < 22°.

One should not confuse the nature or uses of denials with the qualifiers of simple reasons or the defeaters
of defeasible reasons. Their natures differ in that the former sort of element absolutely rules out some conclusion
from appearing in any admissible extension, while the latter sorts of elements permit the reasons’s conclusions to
appear if supported by other reasons. The uses of these notions differ as well. Inclusion of a denial in a set rules
out some element with no recourse, and for “no reason” other than the denial itself. In contrast, the other notions
permit reasoned retraction of assumptions, defeating an assumption for a reason, and possibly later restoring the
assumption if the defeating reason itself is defeated.

One special case to consider is when the agent admiltsienialsor contradictions Such are elements
denying themselves, and are necessarily inadmissible, Binhe= {S C D | d ¢ S}. Such elements are useful in
practice, as we see later.

(20.6) THEOREM. Every agent using simple reasons and denials can be realized within an agent using only
simple reasons and a single self-denial.

PROOF SupposeD = DT @ D~ andZ characterize an agent’s use of simple reasons and denialg. bet

some object not iD. LetD’ = D U {_L}. DefineZ’ for eachd € D’ by

(1)Z'(L) =0,

(2) If d € DT, thenZ'(d) = Z(d),

B)Ifde D~ andZ(d) ={S CD|e¢ S} thenZ'(d) = {e} \ 0 |- {L}.
Let.# and.”’ be the respective sets of admissible states. We cldim .. Clearly, L ¢ S for eachS € ./, so
both.# and.’ are subsets & D. Supposel € D*. Then by definitionZ(d) C Z’(d). Supposel € D~ is a denial
ofee D.ThenZ'(d) ={e} \ D |- {L}={SCD|ecS2>2LeS}=Z(d)uU{SCD'|LeS}DI(d).Thus
if d € D,I(d) € I'(d), and if S € D, e g Z(d) € NgesZ'(d), s0S € Z onlyif S € .#’. Supposes € ..
Thenl ¢ S,s0ifS €Z'(d), S €Z(d), henceS e .. 1

(20.7) THEOREM. Let.” C PD, L ¢ D, andD’ = DU {L}. Then” U {0} is realizable as the set of
admissible states employing simple reasbhand contradictionl if a distinct representative can be chosen from
each setiPD — .7 — {0}.

PrRoOOF If S € PD—.—{0},letR(S) € S be the selected distinct representative. Defise thatZ (d) = PD
if d is not one of the representatives, ahd) = S\ D — S | {L} if d = R(S). We claimS C D is admissible
iff S €. 7U{0}. NowZ(R(S)) =PD'—{S},sinceSC X C (D-S5)¢2 1L € X isfalse onlywhenX = S. Thus
S is inadmissible, sinc&(S) € S ¢ Z(R(S)), soS is inadmissible whenevef ¢ . U {0}. Now ) is admissible
as usual, so supposkc S € 7. If d is not a selected representative of any et Z(d) by definition. But if
d = R(S"), thenS # S, s0S € Z(d). Hence in either casé, € Z(d), soS is admissible. 1

Unfortunately, the complete expressivity of the theory of simple reasons with a contradiction is useless in practice,
since the system of distinct representative of the nontrivial inadmissible states is little more than a list of all the
inadmissible states, and that is about as useful as the list of all admissible states used in the interpretations of
Theorem 20.3.

(20.8) THEOREM. If dis a denial, but not a self-denial, thda} is admissible.

PROOF Supposé€ (d) ={S CD|e¢ S} ande # d. Then{d} € Z(d), so{d} is admissible. I
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Note that ifd is a denial ofe, ande a denial ofd, then any elementsuch thatZ(c) = 0 \\ 0 |- C withd,e € C'is
effectively a self-denial.
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Logical theories

§21. The theories of simple and defeasible reasons capture the essence of reasoned assumptions, yet are quite ge-
neral since little restriction was placed on the nature of possible state components. Indeed, though it would divert us
too much here, one can develop these theories as theories of reasons invariant under arbitrary bijections of domains.
Since the structure of a logical language need not be preserved under arbitrary automorphisms, we see that the ge-
neral theories are more widely applicable than ones formulated in terms of logical languages. But logical languages
play an important role in artificial intelligence, since most mechanized agents constructed to date are explicitly re-
presentational, so we continue the development of our theories by examining the special case of representational
domains. By representational we mean domains isomorphic with logical languages, that is, systems invariant under
all bijections which preserve the logical structure of state components. Since we allow arbitrary re-representation,
we may choose a particular logical language asreference languagéor the purpose of setting out the special

logical theories of reasoned assumptions. This we do shortly, but first we treat an important non-linguistic notion
that also enters into logical systems.

§22. The theory of reasoned assumptions wdéductively closed stateslds to the simple reasons theory the con-
stitutive assumption that all states be closed with respect to a “deducibility” relation and that admissible extensions
allow “deductions” in grounding arguments as well as valid reasons. The notion of deducibility we employ is more
abstract than the familiar one of deducibility in logic.

(22.1) DerINITION. A deducibility relation inD is a relationt onPD x P D satisfying

(iAF A (reflexivity)
(i)if AC BandAt+ C,thenB+ C (monotonicity)
(ii)If A- BandAt+ C,thenA+- BUC (additivity)
(iv)If A- BandBF C,thenA+ C (transitivity)
(V) If A+ {e}, thenC I {e} for some finiteC' C A. (compactness)

We sayS C D is deductively closed iB C S wheneverd C S andA + B.

Agents whose admissible states must be deductively closed can be thought of as agents which regularly perform
some inferences automatically in addition to the inferences involved in making reasoned assumptions, whose pro-
blematic character sometimes demands less automatic, more deliberate consideration. By defining deductive closure
at this level of abstraction, we allow a wide range of deducibility relations which we can use to characterize a variety
of agents with limited automatic inferencing powers. For example, if weltakebe D, so thatA + Biff A D B,

then all sets are “deductively closed,” and we have again the simple reasons theory. This corresponds to an agent
with no (automatic) inferential resources at all. Even without logical structur® ftie theory of data-types can be

cast in terms of deducibility relatiort4.In these theories, sets of components represent partial data-structures, and
deductive closure amounts to filling in missing but implied “fields” to further complete the data-structDrbal

the structure of an ordinary logical language, we might define B to hold whenever for eadhe B, eitherb € A

or b is a ground instance of some< A. In this case, the deductive closure of a set of wffs is just the wffs plus

all their ground instances. This corresponds to agents who can automatically instantiate formulas but not combine
them. One can go on like this in many ways, for instance capturing agents who can automatically apply Modus
Ponens but not instantiate schema or universal statements.

(22.2) THEOREM. D is deductively closed.
PROOF Supposed C D andA + B. Then by definitionB C D, soD is deductively closed. I

14[ScoTT1982]
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(22.3) LEMMA. IfeveryS e S is deductively closed, them S is deductively closed.

PROOF.  Supposed C ﬂé andA - B. Then for everyS € §, A C S, and sinceS is deductively closed,
B C S.ButthenBC(S. 1

(22.4) DerINITION. Th(S), the deductive closure ¢f C D, is given by
Th(S) = (){S' | § € " and S’ deductively closed
The elements afhL((), if any, are called tautologies.

(22.5) ROLLARY. Th(S) is the smallest deductively closed superses.of

(22.6) THEOREM. If A C B C D, then
(i) Th(A) C Th(B), and
(i) Th(Th(A)) = Th(A), and
(iii) A is deductively closed ith = Th(A).

PrRoOOFR (i) SinceA C B C Th(B), Th(B) is a deductively closed superset4f so by definition,Th(A) C
Th(B).

(i) Since every setis its own superset, and sifit¢A) is deductively closed, by definition we haW&(Th(A)) C
Th(A). But also by definition we hav&h(A) C Th(Th(A)), soTh(A) = Th(Th(A)).

(iii) (if) Immediate sinc&'h(A) is deductively closed(only if) Since A is its own supersefTh(A) C A. But
A C Th(A),s0oA =Th(A). 1§

We also introduce interdeducibility equivalence classesintiy defining[] : D — PD for all d € D so that

[dl ={eeD|{d}F{e} A {e}F {d}}.
Here we writeld] instead off |(d). WhenD has logical structure, the ranges[bfre called Lindenbaum algebras.

(22.7) DeFINITION. E is a (finitely) grounded extension §fiff S < E and for eache € E there is a (finite)
grounding setG C FE and a well-ordering<¢ of G such thate € G and wheneved € G, either (1)d € S or (2)
there is some (finite) reasghe G and sets4, B,C C DsuchthatZ(f) = A\ B |- C,ACG,EC B¢ deC,
and A <¢ f <¢ d, or (3) there is some (finite) set C G such thatd < d and A - {d}. For eachS C D,
GEzts(S) is the set of grounded extensionsSofand FGExts(.S) is the set of finitely grounded extensionsSof

Note that this definition of groundedness differs from the earlier definition only by allowing grounding sets to include
deductive arguments as well as “axioms” and valid reasons. Indeed, the definition is exactly the same as before if
we choosé- to meanD, so this notion extends the earlier one.

(22.8) DEFINITION. An agent’s use of finitely grounded simple reasons in deductively closed states is charac-
terized by the axioms for simple reasons agents with the following modifications:
(i) - is a deducibility relation irnD
(i) R={SCD|S=Th(S5)}
(iii) For eachd € D and S C D,

Jd,S)={E | deSV E—{d}F{d} V 3ec EJA,B,CCD
I(e)=A\B|FC AdeC AN ACEC B,

Again, this definition extends that of simple reasons agents, ferisf O, thenR = PD andE — {d} t/ {d},
reducing’ to the earlier definition.
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(22.9) THEOREM. GExts C QEuxts.

PROOFR Supposel € GEzts(S) ande € E has grounding set. Then by the definition of finite grounding
sets, eithee € S, or there is amM C G such thae ¢ A andA + {e}, henceE — {e} - {e}, or some valid reason
in E supports. 1

(22.10) CeFINITION. LetS,E C D. Then(A,) (« an ordinal), the levels fron$' in E, are defined for all
ordinals by
Ao(S, E) =S,

Aat1(S,E) =Th(A) U HC CD | 3e€Au(S,E)IA,BCD
Z(e)= A\ B |F CANACAL(S,E)AE C B},

and for limit ordinals ),
A(S E) = | Aa(S, B).
a<

We define\ (S, E) = U, Aa(S, E) to be the sum of all levels.

Note how the levels of a deductively closed agent include the deductive closures of the preceding levels of inference
via valid reasons. Not surprisingly, we can extend the previous results for simple reasons agents to the deductively
closed case. The reader is invited to skip to Corollary 22.29 while we perform this chore.

(22.11) ®ROLLARY. If a < 3,thenS C A, (S, E) C Ag(S,E) C A(S,E).
(22.12) @ROLLARY. If AL(S, E) = Ant1(S, E), thenA, (S, E) = A(S, E).

(22.13) THEOREM. If «is the cardinal numbefD| + 1, thenA (S, E) = A, (S, E).

PrROOF SinceD has fewer tham elements, it must be that for somiet 1 < a ho new element is introduced
in Agyq, in other wordsAg = Agyq. ButthenAg = A, and since\g C A, C A, we haveA = A,. 1

(22.14) CerINITION. If e € A(S, E), the rank ofe in A(S, E) is the least ordinakx such thate € A, (S, E).
If AC A(S, E), the rank ofA in A(S, E) is the least ordinal not less than the rank of any element.of

(22.15) LEMMA. ForeveryS,E C D, A(S,E) = Th(A(S, E)).
PROOF Supposed C A. A hasrank, saw, soif A+ B,thenB C A,+1 CA. 1

(22.16) LEMMA. If S < E,thenA(S,E) C E.

PROOF LetS < E. ClearlyAg C E, so assumé\g C E for eachg < o. If « is a limit ordinal, then by
definitionA,, C E. If «is a successor ordinal, say= 3+ 1, lete € A,.If e € S, thene € E, so suppose ¢ S. If
e € Th(Ag), thene € E sinceE is deductively closed. ¥ ¢ Th(Ag) thereisad € AgwithZ(d) = A\ B |- C,
A C Ag, E C B¢ ande € C. SinceFE is admissible, this mears C E, soe € E. HenceA, C E,soA C E. 1

(22.17) THEOREM (STRATIFICATION). If E € GExts(S)thenA(S,E) = E.

PROOF SinceS <1 E, by the preceding lemma we haeC E. To see thatl C A, suppose € F. SinceFE is a
grounded extension ¢, there is a grounding sét C F for e from S in E. We showG C A by <g-induction. Let
f € G have no predecessorsn;. Clearly f is the minimum ofG, and by definition ofz, we must havef € S,
hencef € A. Now suppose thaf € G and for eachl < f, eitherd € S or there is a grounding subargument
G'CGford. If fe S, thenf e A lf{geG|g<g f}F{f} thenf € A sinceA is deductively closed.
Otherwise thereisd € G suchthaZ(d) = A\ B |- C, A <g d <g f, E C B¢, andf € C. By the inductive
hypothesisA C A andd € A, so there is some ordinal such thatd C A, andd € A,,. But then by construction
C CAyy1,50f € ArHenceE CA,soE=A. 1
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(22.18) @ROLLARY. If E € GEzts(S)anda = |E|+ 1, thenE = A, (S, E).
(22.19) ®ROLLARY. If E € GEzts(S) anda is its rank, thent = A, (S, E).
(22.20) @ROLLARY. If E € FGEzts(S), thenE = A, (S, E).

(22.21) THEOREM (FIXED POINT). If E = A(S, E), thenE € GExts(S).

PROOF Supposel = E. SinceS C A, S C E. Lete € EwithZ(e) = A \\ B |- C, and suppose
A C E. Then there is an ordinal such thate € A, andA C A, so by construction i C B¢ as well, then
C C Ay+1 C E. Similarly, if A - B, A C A, andA has ranka, thenB C A,41 € A. ThusFE is admissible.
We proveF is a grounded extension &f by induction on rank. Specifically, we prove that each elemelf bbs
a rank-preserving grounding set, a 68tC E such thatrank(a) < rank(b) whenevera < b. Lete € E have
ranka. If « = 0, thene € S and we are done sinde} is a rank-preserving grounding argument éofrom S
in . Now assume that > 0 and all elements of rank less thanhave rank-preserving grounding arguments.
Necessarilyw is a successor ordinal, since no elements are introduced at limit ordinals, so suppoge+ 1.
If e € Th(Ap), then there is som& C Ag such thatG  {e}, and otherwise there is sondec Ag such that
I(d)=AN\ B | C,AC Ag, E C B¢ ande € C. Then by inductive hypothesis each elementodr {d} U A
has a rank-preserving grounding argument, so merge these arguments preserving rank-order; émthadehd,
so producing a rank-preserving grounding argument faiusE € GExts(S). 1

(22.22) ®ROLLARY. E € GEzts(S)iff E = A(S, E).

(22.23) THEOREM. If every reason irD is finite, thenE € FGExzts(S) iff E = A, (S, E).

PROOF Suppose every reason M is finite. By Corollary 22.20, we need only show thaf = FE implies
E € FGE=xts(S). Suppose\,, = E. We first showA,, = A. Suppose, by way of contradiction, thatZ A,,. Then
there must be a least ordinal> w such that for some € D, e € A,+1 — A,. Sincea is minimal, A, = A,,, for
otherwiseA, = A, 41 and hence\,, = A. If e € Th(A,,) then there is somé& C A, such thatG - {e}. Since
F is compact, there is a finite’ C G such thatz’ - {e}. But then the rank of is finite, say3, soe € Agiq, @
contradiction. Ife ¢ Th(A,,), then by construction, there is sorfiec A,,,Z(f) = A\ B |- C,ACA,, E C B,
ande € C. SinceA is finite, this means the rank ef is also finite. Thus there is songe< w such thatd C Ag and
f € Ag,s0e € Agiq1 C A, acontradiction. Thud = A, and since\,, = E, by Theorem 22.2F is a grounded
extension ofS. We see thaF is finitely grounded by induction on rank. Clearlyeife Ay, thene € S, hence{e}
is a rank-preserving grounding set. Now suppose the rapkoé + 1 < w. If e € Th(A,), then there is a finite
G C A, suchthaty - {e}. If e ¢ Th(A,), then by construction there is sonfiec A, with Z(f) = A\ B |- C,

A C A, E C B¢ ande € C. By inductive hypothesis, each &6f or f U A have finite rank-preserving grounding
sets, so merge these preserving rank-order,cattdthe end, and the result is a finite rank-preserving grounding
order fore. 1

(22.24) THEOREM (GROUNDED MINIMALITY ).  GEzxts C pQFExts.

PROOR GExts C @QFuxts by Theorem 22.9, so suppode € GEzxts(S), E' € QFExts(S), andE’ C E.
We first showA (S, E) € A(S, E’) by induction. ClearlyAq(S, E) C Aq(S, E’) since each equalS. Assume
Ag(S,E) C Ag(S,E') for eachf < a. If a is a limit ordinal, then by definitiom\, (S, E’) C Ay(S, E). If «
is a successor ordinal, say = §+ 1, lete € A,(S,E). If e € S ore € Th(Ag(S, E)), thene € E’, and
otherwise there is d € Ag(S,E) withZ(d) = A\ B |- C, A C Ag(S,E), E C B¢, ande € C. But since
E' C E C B¢ thismeans € A, (S, E’). HenceA (S, E) C A(S, E’). But by Theorem 22.17 and Lemma 22.16,
E=A(S,E)CA(S,E")CE. 1

(22.25) GROLLARY. GEzxts = nGExts and FGExts = uyFGExts.

(22.26) ®ROLLARY. If S« D,thenAExts(S) = {D}.
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(22.27) ®ROLLARY. If S« D,thenA |=g B foreveryA, B C D.
(22.28) @ROLLARY. If A |~g BforeveryA, B C D, thenA |=s B for everyA, B C D.

(22.29) ®ROLLARY. Letd,e € D be such thaTh({d, e}) = D. Then if both are cotenable ifi, everything
is arguable, that i§) |~s B for everyB C D, and if both are inevitable ir%, then everything is inevitable, in fact
A |=s B foreveryA, B C D.

PrROOF If S« F andd,e € F, thenE = D, so by definition) |~s B for everyB C D. If S is incoherent,
everything is inevitable by Theorem 14.1, andbifs coherent and botth ande are inevitable, they are cotenable,
so AExts(S) = {D} and again Theorem 14.1 appliesi

This result holds special interest later when, in logical language domains, we consider state compeimesush
thatTh({p, -p}) = D.

(22.30) DeFINITION. The deductive reductiofD’, 7, ') of a deductively closed age(®,Z, ) is an agent
such that (1)D’ = D, (2) for eachd € D, if Z(d) = A\ 0 |- C, thenZ’(d) = PD, otherwiseZ’(d) = Z(d), and
(3)+ is the least deductive closure relation hsuch that (a)A -’ B wheneverd + B, and (b) for eachi € D, if
Z(d)=AN\0|- C,then{d} UA+ C.

(22.31) THEOREM. If (D,Z’,F') is the deductive reduction dfD,Z,+), then.”’ = &, J = J, and
AFEzts’ = AFEuts.

PROOF.  First note by definition thal’ > Z andTh’ > Th, soQ’ > Q andR’ C R.

(" =) SupposeS € .. ThenS € R/, s0S € R. Now if d € S is non-monotonic, thel§ € Z(d)
by definition, and ifZ(d) = A\\ 0 |- C andA C S, thenC C S by deductive closure, s8 € Z(d). ThusS € Q,
henceS € .. Now supposes € .. ThenS € Q, soS € Q'. ClearlyS C Th'(S), yetif A+ BandA C S, then
A+ Bis generated by some deductions-imnd some reasons. But sinfec Q, these reasons must be satisfied,
and produce the necessary conclusions3so S as well. ThusS € R/, soS € .7,

(J" = J) By the precedingEzts = Euxts’, so letd € D andS,E C D. If d € S, thenE satisfies both
J(d,S)andJ’(d,S), so suppos€ ¢ S. First, if E € J(d,S), and if E — {d} I {d}, thenE — {d} -’ {d}, and if
E —{d} /' {d}, thenthereisanac E,Z(e) = A\ B |l C,AC E C B°andd € C. If B # (), thise satisfies
J'(d,S) too, and if B = ), thenE — {d} I’ {d}. HenceE € J'(d,S). Second, supposE € J'(d, S). If some
valid reason supporiin E, it also does so fof7 (d, S). If no valid reason supportsin E, thenE — {d} ' {d}.
In this case, ifE — {d} I/ {d}, there is a monotonic reason which suppdrfer 7(d, S). HenceE € J(d, S), and
J =J.

(AExts’ = AEuxts) By the precedingQErts’ = QFEuts. First supposé € FGExts(S). Then eachl €
E has a grounding argume@t which is also a grounding argument in the deductive reduction under reinterpretation
of the steps. Thu& € FGExts'(S). Second, suppose € FGEzts'(S). Then eachl € E has a grounding
argumentG. But the steps of7 can each be reinterpreted as several steps in the unreduced agéris atso a
grounding argument there. Thiise FGExts(S), SOAExts' = AExts. 1

(22.32) GROLLARY (NON-MONOTONIC INCONSISTENCY ISSEMI-CLASSICAL (REITER)). If A g B
for everyA, B C D, thenTh'(S) = D in the deductive reduction of the agent.

PROOF Supposed |~ B foreveryA, B C D. By Theorem 14.2 this mearts< D, henced Ezts(S) = {D}.
By the previous theoremi Exts’(S) = {D}, soD € FGExts(S). Since no non-monotonic reasons can be valid in
D, by the definition of groundedness and the transitivity of deducibility, this m&aris{d} for eachd € D, hence
D =Th'(S). 1
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§23. Theinvertible reasonsheory is an augmentation of the deductively closed simple reasons theory in which all
state components have negations, and in which contradicted conclusions can be passed backwards through reasons
to contradict antecedents or raise qualifications. Intuitively, this theory recalls a logical structure for reasons in
which A \\ B |- C really meansA A =B 2 C, so that when assertingC, -A v B can be inferred. Of course,

A\ B | C cannot really bed A =B 2 C, for then the normal defauft \ —-C' |- C becomes-C 2 C. This is
equivalent to simply”, so that under this rewriting defaults are pure axioms rather than rules which may or may
not introduce reasoned assumptions. We escape this absolute triviality by making the notion of admissible extension
more complex, allowing individual reasons to be used in different ways in different circumstances. Instead of at
most contributing its conclusiors, a reasoM \\ B |- C in this theory can also be used to infer elements dfor

B on occasion. Unfortunately, as we shall see soon, even this more involved reading of invertible reasons trivializes
theories of reasoned assumptions, albeit in a different way.

(23.1) DerINITION. An agent’s use of invertible reasons is characterized ByZ, R, J, <) together with
relations— andt such that
(i) Dis a set,
(i) -: D — Dis 1-1,
(i) F is a deducibility relation such that for eache D, [d] = [-—d],
(iv) For eachd € D, there are setsl, B, C' C D such that

T(d)=A\B|-C={SCD|ACSCBOCCS}

VMR ={SCD|S=Th(9)},
(vi) Foreachd € DandS C D,

Jd,S)={E | deS Vv E—{d}+{d} Vv 3eec EJA,B,CCD
I(e)=A\BI|F-C A
(deC N ACECB)V
(deBANACEANENB={d} N EN=-C#0)V
(d=-d e-ANA-E={d} N ECB° AN EN-C#0)]}

(vii) AExts = FGEuxts, whereE € FGExts(S) iff S < E and for eache € F there is a finite
grounding setz C E well-ordered by< such thate € G and wheneved € G, either (1)d € S, or (2) there is
somef € GandA,B,C C Dsuchthatf <g d,Z(f) = A\ B | C andeither (a)d € C, A C G, A <¢ d,
andE C B¢ or(b)d € B,AC G, A <¢ d, ENn B = {d}, and for some: € C, both-c € G and—c < d, or
(©d=-d € -~A,A-E={d},(A-FE) <g d, E C B¢ and for some € C, both-c € G and—c <¢ d, or
(3) there is somel <¢ d such thatd - {d}.

The definition of groundedness means that every element in an admissible extersiosteither be an element

of S itself, follow deductively from other elements of the admissible extension, or contribute to the satisfaction of
some reason in the admissible extension, where the satisfaction of the reason and the circumstances of the other
elements it mentions necessitate introducing the element in order to make the appropriate condition true or false.
Unfortunately, invertibility guts the notion that reasons express preferences about what assumptions to make, leaving
only statements of anti-agnosticism.

(23.2) THEOREM. IfZ(a) = {0\ {0} |- {b}}andZ(b) =0\ 0 |- 0, thenAEzts({a}) = {Th({a,b}), Th({a,-b})}.

PROOFR Each of these sets is clearly an extensioq @f, with Th({a, b}) an admissible extension as usual.
Th({a, —b}) is also a finitely grounded extension, singehas the sequence, —b) which satisfies condition (2)(b)
of the definition. 1

(23.3) CONJECTURE(INVERTIBLE TRIVIALITY ). Inthe theory of invertible reasond,Fxts = pFExts.
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§24.  We now finally specialize the theory to one involving a logical language iditiggistic reasongheory.

Where previously we have not cared how state components express reasons, the idea of the linguistic reasons theory
is to express reasons in logical syntax. Since reasons refer to sets of state components, some of which may be
other reasons, we must choose the language so that formulas may refer to sets of other formulas. The techniques
for accomplishing this are well known, if tedious. It is sufficient for our purposes to restrict all sets of formulas to
explicit presentations, to only finite sets, and no quantification over sets or the argum&nts-cdllowed. (One

can, of course, allow such quantification and thus make the language at least weak second order.) In summary, we
take the languagé€ to contain the\ | symbol and to be a metalanguage of itself using the quasi-quote notation

™ 7 for naming formulas and finite sets of formulas. A prime use of these expressions are in stating schematic or
guantified reasons, for example

Va [{p(=)} "\ {a(@)} " |- "{r(=)} .
Here an expression like{p(x)} " represents an open term built up out of the name-constructing functions and the

free variabler. For readability, we omit most explicit uses of quasi-quotes in the following since their use should be
clear.

(24.1) DeFINITION. An agent’s use of linguistic reasons is characterized by the axioms for simple reasons in
deductively closed states, where
() D is the set of sentences of a languafjas above,
(i) Fis ordinary deducibility
(iii) For eachd € D,

{SCD|ACSCBOCCS} ifdisclosedandl ="A7\ "B |- "C™;
I(d) = :
PD otherwise.

Since states are deductively closed sets of sentences and universally quantified formulas imply all their closed
instances, quantified reasons are interpreted as shorthand for all their closed instances. Note that local groundedness
becomes trivial in this theory. Becaugk = [-—d], if S is a deductively closed set of sentencgs; {d} - {d} for

eachd € S, so QExts = FEuats.

ExAaMPLES. In addition to our earlier conventions, we assume thand@ are ordinary closed wffs of.
(24.2) S={0\{-P} | {P}},  AEsts(S)={Th(SU{P})}
(24.3) S={0\{P} I+ {P}} AEzxts(S) =0
(24.4) S={0\{=P} |-{P}, O\A{P} |- {~P}},
AExts(S) = {Th(SU{P}), Th(SU{-P})}
(24.5) S={0\{-P} |-{P}, O\ {-Q}|-{Q}, ~(PAQ)},
AFEzxts(S) = {Th(SU{P}), Th(SU{Q}}
(246) S={0\A|-{P}, O\BF{Q} ~(PAQ)}
AEzts(S) =0
(24.7) S={vn e N[\ {-p(n)} |- {p(n)}], VYneNp(n+1)=>-p(n)},
AExts(S) = {Th(S U {p(n) | n=2m}), Th(SU{p(n)|n=
(24.8) S={vn e N[D\\ {-p(n)} |- {p(n)}],
Yn > 0p(n)23Im <n-p(m), VYn>0-pn)>Im<npim)},
This has an uncountable number of admissible extensions, one for each pattern of altgrnassgnd-p-ness.
That is, for every sequence of positive integersns, ns, . . . there is one admissible extension that contains

2m +1})}

p(0), ... ,p(n1 —1),7p(n1), ... ,=p(n1 +ng — 1), p(n1 +na), ...

and another admissible extension that contains the negations of all of these.

(24.9) §={3xp(x), V[ \ {p(2)} |- {-p(=)}}

This has a different admissible extension for each equivalence[plagisfor closed termg, namely

Th(S U {p(t)} U {-p(t') | ¢ a closed term anfb(t')] # [p(t)]}),
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as well as an extension
Th(S U {-p(t) | t aclosed terrh),

in which thep-object has no name in the language.
(24.10) §={3zp(z), V[0 \ {p(x)} | {-p()}, Va(z=a vV z=b)}
AEuts(S) = {Th(S U {p(a),~p(b)}), Th(S U {-p(a),p(b)})}
(24.11) S={Vn e N[{lot(n+ 1)} \\ {~lot(n)} | {lot(n)}],
Vn € N [{—lot(n)} \ {lot(n + 1)} |F {—lot(n + 1)},
Vn € N [lot(n) 2 lot(n + 1)],
=lot(0), lot(3)}
AExts(S) = {Th(S U {lot(1),lot(2), ... }),
Th(S U {-lot(1),lot(2), ...}),
Th(S U {-lot(1),-lot(2),l0t(3), ... })}
The first axiom says that #f + 1 is a lot, presumably so is. The second says if is few, presumably so is + 1.
The third says that more than a lot is also a lot. Note that there is a distinct admissible extension for each choice of
the boundary between a few and a lot.

(24.12) GOROLLARY (NON-MONOTONIC INCONSISTENCY ISSEMI-CLASSICAL). If S is inconsistent and
contains no nontrivial monotonic reasorfsjs classically inconsistent, that i$h(S) = L.

PROOFE This just restates Corollary 22.32 for the case of a deductively reduced linguistic reasons ggent.

(24.13) CerINITION. A normal reason is an elemetite D such that for somel, C C D, Z(d) = A\\ -C |-
C.

(24.14) THEOREM (ORTHOGONALITY OF EXTENSIONS (REITER)). If E, F € AFEzts(S) contain only nor-
mal reasons and’ # F', thenE U F is inconsistent.

PROOF Supposer, F' € AEzts(S) contain only normal reasons, and thiats F. Now E = A, (S, E), F =
Ay (S, F), andAo(S, E) = Ao(S, F) = S, so there must be a least> 0 such thatA,1(S, E) # Aat1(S, F)
while A, (S, E) = A,(S, F). Without loss of generality, supposec A,+1(S, E) — Aq+1(S, F). Then there is
ad € Ay suchthatZ(d) = A\ -C |- C, A C A,, E C (=C)¢, ande € C. In fact,C C E. But since
e ¢ Aoy1(S, F), there is some-f € -C with —=f € F. Thusf € E and-f € F,soFE U F isinconsistent. I

(24.15) THEOREM (NORMAL REASONS (REITER)). If L is restricted so that all reasons are normal, then
everyS C L is coherent.

PROOF Suppose every reason is normalTlii(S) = £, thenS <« L, so suppos&h(S) # L. We construct
an extensiont. Let £, = S, and fori > 0, let T; be a maximal set of closed wffs such that @)U T; is
consistent, and (2) i, € T3, then for some: € E;, Z(e) = A\ -C | C,u € C,C C T;,andA C E,. Define
E;+1 = Th(E;) UT;, andE = | J;-, E;. We prove that for each> 0, E; = A,;(S, E), hence\, (S, E) = E, and
S<E.

Clearly, Ey = Ay = S, so assumé; = A;. We claimF; ;1 = A4 1.

(Ei+1 - Ai+1) Lete € Ei+l- If e € Th(Ez), thene € Al‘+1, and ife ¢ Th(El) there is Som@" € E;,
I(f)=A\ C |- C,ACE,;, feC,andC C T;. But sinceE;;; C FE is consistentE C (—C)¢, hence
C C AZ‘+1, SOe € Ei+1-

(Aiy1 C Ejyq1) Lete € Ajy1. If e € Th(A;), thene € E;141, and ife ¢ Th(A;) then thereis aif € A,
I(f)=AN\CI|-C, ACA;, EC(-C),C C Ai1,ande € C.Nowif e ¢ E, 1, by the maximality ofl; we
know E; U T; U {e} is inconsistent, s&h(E;) U T; U {e} is inconsistent, s&,; U {e} is inconsistent. But since
E;+1 C E, this meanst U {e} is inconsistent. Since clearly = Th(E), we must have-e € E, contradicting
EC ("C)C. Hencee € Ei+1, SOAH_l - Ei—i—l- ThUSAH_l = E1',+1 andS <« FE. [ ]
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Results are also known concerning the decidability of coherence, arguability, and inevitability in the lin-
guistic reasons theory, but they are less satisfying than those of the simple reasons theory. Where previously a finite
universe ensured computability, the connection inherent in this theory between arguability and logical consistency
puts most problems beyond the bounds of recursiveness.

(24.16) THEOREM (REITER). |J AE=xts(S) is not recursively enumerable i
(24.17) ®ROLLARY. Coherence is not decidable.

(24.18) THEOREM (CHURCH). Consistency is not decidable.

For some special cases, such as finite sentential and monadic sets, arguability and inevitability appear decidable. But
rather than continue this topic here, we refer to the discussionsampr 1980], [MCDERMOTT AND DOYLE
1980], and [Bwvis 1980].
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Attitudinal theories

§25. Inthe previous theories of reasoned assumptions, there was no commitment to what state components signified,
other than reasons. Elements of the domain were not in themselves any familiar psychological organization, but
merely the components from which to build mental states. As building blocks, the statements of logical languages
can be used to encode versions of beliefs, desires, and other common psychological notions, but they are not beliefs
or desires by themselves without further constitutive assumptions. It is tempting, of course, to phrase attitudinal
theories directly in terms of logical theories, for attitudes are often taken to be attitudes towards propositions, and
languages are the usual way of expressing propositions. However, such direct phrasing can hide fundamental ideas
about attitudes among masses of particular linguistic details. To seek clarity, we temporarily retreat from logical
theories, and work back up to logical forms after starting once again with the simple reasons theory.

§26.  Pick an attitudinal ontology for a psychology, and we can cast its elements directly in the simple reasons
theory. In the following, we assume for simplicity that the agent’s attitudes divide into three classes: Beligfs (
desires De9, and intentionslift). We also assume each particular attitude among these classes is a possible state
component, that isBel, Des Int C D. This leaves open the possibility thBt may contain non-attitudinal com-
ponents. For example, we can take the set of rea$sry) (o be outside the sets of attitudes. In such a formulation,

we make explicit in reasons the connections between the agent’s attitudes, but we need not assign special import to
the attitudes themselves. That is, we might assumeZifigt= P D for eacha € Bel U DesU Int. Of course, in an
ecological theory of the agent we would wish to interpret these attitudes substantively, so that beliefs, say, indicate
sets of possible worlds in which they are true. But here our concern is with narrow theories of the agent, and we can
ignore all substantive interpretations except those of reasons.

§27.  Rather than resting content with the simple attitudinal theory, we can define further theories of reasoned
assumptions by stipulating that states are composed exclusively of attitudes. In terms of the sets we introduced
earlier, we assum® = Bel ® Des® Int. But since reasons are state components, th&ds, C D, we must

also say how reasons appear among the attitudes. Our initial motivations and formulations of reasons suggest two
possibilities, namelyRsn C Int andRsn C Des (The possibilityRsn C Bel is not considered because our
theories take reasons to be prescriptive, rather than merely descriptive.) Reasons act as specifications to be satisfied
by states containing them, and such definite specifications might be thought of as intentions of the agent about
its own construction. Takingsn C Int produces what we can call thatiocinative intentiortheory of reasoned
assumptions. In this theory, we assume that if the agent has a state at all, it has satisfied all the intentions concerning
that state expressed in that state, although we do not require that in achieving that state it satisfied earlier intentions
about what to do. We produce yet another theory, thatatbcinative desiresby assumingRsn C Des In this

theory, we interpret reasons not as definite specifications for mental states, but as preferences for states satisfying
certain conditions over states not satisfying those conditions. Here we take preferences to be desires to attain one
alternative in every situation presenting a specified set of alternatives. How do we take such desires to be satisfied?
Consider states in which as many ratiocinative desires are satisfied as possible, that is, states in which changes that
would satisfy some unsatisfied desire would result in failures to satisfy some currently satisfied desire. (Notions
much like this are familiar in economics as Pareto optimality, but pursuit of this connection here would digress too
far.) It turns out that these states of maximal utility are exactly the admissible states as we have defined them. We
see this formally as follows.

(27.1) DerINITION. AsetS C Dis satisfaction optimal iff for eacth € S, if S ¢ Z(d) then for eacht” € Z(d)
there is some’ € Swith S € Z(d') butS’ ¢ Z(d').

(27.2) THEOREM. If S is admissibleS is satisfaction optimal.

ProoFR Trivially, since if S is admissible, there are no elemetits S such thatS ¢ Z(d). 1
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(27.3) THEOREM. There is an inadmissible satisfaction optimal set.

Proor LetD = {d,e}, S = {d}, Z(d) = {S}, andZ(e) = {D}. ThenD is inadmissible becauséc D ¢
Z(d). ButD is satisfaction optimal sincéis the only unsatisfied elementn, S is the only set ir(d), ande € D,
DeZ(e),andS ¢ Z(e). 1

(27.4) THEOREM. In the simple reasons theory,Sfis satisfaction optimal$ is admissible.

PROOF We prove the contrapositive. Suppdse_ D is inadmissible, that is, for somkee D, d € S ¢ Z(d).
Now by Theorem 20.1D € Z(d), but for alle € S, D € Z(e) as well, saS is not satisfaction optimal. 1

(27.5) GoroLLARY. Inthe simple reasons theory, sets are admissible iff they are satisfaction optimal.

(27.6) QUESTION. Can interesting parts of the general theory be developed in terms of satisfaction optimality
rather than admissibility as we have defined it? Or is the simple reasons theory the weakest theory of any interest?

Another notion within the simple reasons theory similar to satisfaction optimality is validity optimality.
This stems from a focus on ratiocinative desires which manage to make their objective inferences instead of on the
mere satisfaction of specifications by either success or disqualification. We first recall the definition of validity.

(27.7) DerINITION. Anelement] € SisvalidinSiff Z(d) = A\\ B | C andA C S C B°. Otherwised
is invalid in S. We writeV'(d) to mean the set of ai' C D such thatd is valid in S. We write)’(S) to mean the set
of all d € S such thatd is valid in S, andV(S) to meanS — V(S), the set of alld invalid in S.

Note that even invalid elements can be satisfied.

(27.8) DEFINITION. A setS is validity optimal inS C P D iff for eachd € D, if $’ € S“yalidatesd but S does
not, then there is somevalid in S but not valid inS’. Alternatively,S is validity optimal inS iff for eachd € S, if
S ¢ V(d) then for eachS’ € V(d) N S there is som@’ € Swith S € V(d) butS’ ¢ V(d').

(27.9) COROLLARY. If §; D S5 and S is validity optimal inS;, thens is validity optimal inS,.

(27.10) THEOREM. There are admissible sets not validity optimalifi

PROOF LetD = {d}, andZ(d) = PD. Then both}) andD are admissibleD validatesd, but validates no
element not irD, sof is not validity optimal in.”. 1

(27.11) THEOREM. There are inadmissible sets validity optimalRrD.

ProoOFR LetD = {d,e},Z(d) =0\ {d} | {e},andZ(e) =0 \\ {e} |- {d}. Then” = {0, D} # PD, but
every set irP D is validity optimal, since no set validates any elemeng

Our intuition is that validity optimality captures the fundamentals of the orthogonality of admissible extensions of a
set, of what appears in the linguistic reasons theory as inconsistency of alternative admissible extensions of sets of
normal defaults. That is, this notion shows we can sensibly speak of psychological incompatibility without requiring
notions of logical inconsistency.

(27.12) THEOREM. In the simple reasons theory,Sf< E, thenF is validity optimal inA Exts(.S).

PROOF Suppose, by way of contradiction, thate AExts(S) and that there i&2’ € AFEuxts(S) such thatd
is valid in £’ but not valid inE, yet noe valid in E is not valid inE’. That is, there is d € E’, d valid in E and
eitherd ¢ E ordinvalid in E’, andV(E) C V(E’). The elementl showsE # E’, so by the minimality off’ and
E’ amongQEzts(S), E— E' # (. Lete € E— E’. SinceS C E', e ¢ S. ButsinceE € QExts(S), there must be
somef € F, f valid in E, ande a consequence g¢f. But thenf is valid in E’ as well, sce € E’, a contradiction.
ThusE must be validity optimal it Exts(S). 1
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(27.13) QUEsTION. If E'is validity optimal inAEzts(S), is E € AExts(S)?

(27.14) DEFINITION. A setS is strongly validity optimal inS C PD iff for eachd € D, if §’ € S validatesd
while S invalidatesd, then there is somevalid in S but invalid in S’; in other words, ifV(S’) N V(S) # 0, then

V(S NV(S) # 0.
(27.15) ROLLARY. If S is strongly validity optimal inS, thens is validity optimal inS.

(27.16) THEOREM. If S < E in a finite simple reasons agent, théhis strongly validity optimal ind Exts(.S).

PROOF SupposeS <« E in a finite simple reasons agent ahtis not strongly validity optimal. Then there is
E' € AExts(S) andd € E such thatd is valid in £’ but invalid in E, and ife is valid in E, then eithere ¢ E’
or e is valid in £’ as well. The differing properties af show £ # E’, so by the minimality ofE and E’ in
QExts(S), E — E' # 0. Now E = A,(S,E), E' = A,(S,E’), andS = Ao(S,E) = A¢(S, E’), so there is a
leastar > 0 such that\,11(S, E) # Aa+1(S, E') but A, (S, E) = A, (S, E’). Without loss of generality, suppose
e € Np+1(S, E) — Ay41(S, E'). Then there is som¢ € A, withZ(f) = A\ B |- C,ACA,, F C B¢, and
e € C. Sincee ¢ A,+1(S, E'), there must be somge E’' N B, sof is invalid in E’. This contradicts the previous
conclusion that sincé is valid in E, eitherf ¢ E’ or f is valid in E’. HenceF must be strongly validity optimal
in AExts(S). 1

§28. As promised, we now consider propositional attitude theories of reasoned assumptions. To do this, we simply
take the linguistic reasons theory and assume among the unary predicates of its language ard&yblagsand

Int. Thus the classeBel, Des andint are the ground wffs of the form, respectiveBel(-), Deq-), andInt (-). The

content of these attitudes is expressed by naming formulas of the language, for irBthee+ 2 = 47). The

theories of ratiocinative intentions and desires can then be had by only allowing reasons to occur as intentions or
desires, respectively, dst ("A \\ B |- C") orDeq"A \\ B | C7). That is, we now count expressions of the

form A \\ B |- C as terms rather than as formulas, so that no sentence has the fdrld |- C. To make up for

this we interpret these particular sorts of intentions and desires specially, respectively by

I(Nt(CA\ B |- C)={SCD|ACSCBOCCS}
I(DeTA\ B |- CT)={SCD|ACSCB°D>CCS}.

With these encodings, we can consider three new theories. The firstiedhetively closed beliefkeory,
in which we require the set of believed formulas to be closed under the deducibility retafidwat is, we take

R={SCD|S=Th(S) A 38 CD [ =Th(S) AVdeD [deS =Bel("d) e 9]}

The second theory involving propositional attitudes issb-omniscientheory, in which we assume the
agent has complete and correct beliefs about its own attitudes. That is, we take

R={SCD|S=Th(S) AVdeD [decS=Bel("d)eS A d¢S=-Bel("d) e S]}.

Naturally, if S € R is nonempty, it is infinite, containing reflection upon reflection of its own contents.

The third theory involving propositional attitudes combines these two intde¢dectively self-omniscient
theory. Unfortunately, if- is the ordinary deducibility relation of logic, the theory is inconsistent, that is, there are no
agents whose states satisfy all these requirements. Proving this here would digress too far from our main concerns.
MONTAGUE proves it in some generality, andiODMASON discusses its significance for attempts to define notions
of “semantic competence” of agents, notions corresponding to those of “grammatical competence” common in
linguistics®

15[M ONTAGUE 1963], [THOMASON 1979]
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Evolutionary theories

§29. Our initial discussion of problems of acting with incomplete information focussed on adopting and abandoning
assumptions, but the preceding sections made little mention of such activities. Rather, the task was to set out the
admissible states of the agent, so that actions in which the agent changes its state may be better understood. With a
wide assortment of structures for states now available, we return to the question of state changes and actions.

The notion of reasoned assumptions was developed to treat reasoned adoption and reasoned abandonment
of assumptions. In reasoned adoption of assumptions, the agent acts to adopt a new assumption by adding a reason
to its state whose conclusion is the new assumption and whose antecedents and qualifiers may indicate the consi-
derations involved in the decision to adopt the assumption. But just adding a reason to an admissible state will not
in general yield another admissible state, so we must find some other way of effecting the change. To do this, we
interpret the new reason as the agent’s partial specification of its next state. We may not wish to accept just any
new state satisfying the reason, for such might abandon all of the previous state. If not, we can employ the idea of
conservation and require that the new state should be an admissible state satisfying the new specification, one as
“close” as possible to the previous state. Similarly, in reasoned abandonment of assumptions, the agent acts to rid
itself of some unwanted assumption. This can be done either by removing from the state the reason supporting the
assumption, or by adding to the state a new reason which defeats the assumption. But as before, the removal of a
reason from an admissible state may not yield another admissible state, so we again may employ conservation in
moving to a new admissible state which satisfies the new reason.

However useful might be reasoned adoption and abandonment of assumptions, one cannot always escape
the need for forced or unreasoned adoption and abandonment of state components. The notion of forced adoption of
state components might be used as a very crude way of viewing some effects of non-mental parts of a human on its
state of mind, for example changes made by the perceptual and motor systems. Other effects, such as physiological
changes in the body which affect the nervous system, seem ill-suited to this view, and require some other means
of formulation, conceivably that of state-dependent interpretations, although | suspect other ideas are necessary as
well. We do not explicitly treat forced adoption or abandonment of assumptions in this paper. On the other hand,
forced changes of assumptions have a long history in artificial intelligence as the technique of backtracking, and we
give a straightforward treatment of them later.

§30. Let(D,Z,,J,<) describe an agent and I€tbe a set of “environments.” We suppose the basis for the
agent's state changes to be described by a “kernel” transition fungtia”f x £ — P D which for each admissible

state and environment yields the (partial) specifications for the next state. The role of this kernel as specifications
for the next state is ensured by requiring the next state to be an extension of the kernel, since extensions of a set
satisfy all the specifications represented by that set. In fact, we reqgisee), theadmissible transitions frony

in e, to lie among the admissible extensions of the kernel, thak (s, e) C AExts(9(S,e)). As with the notions

of admissible states and admissible extensions, we capture different agents by stipghlasiniifferent restrictions

of AExts o 9. However, while the earlier sorts of restrictions separated into local and global restrictions, here we
only treat global restrictions on transitions, as formalization of interesting local restrictions involves other notions
beyond the scope of this paper.

§31. Of possible sorts of global restrictions on admissible transitions, three occupy our attention in the following:
those of strictness, of conservatism, and of their combination, strict conservatism. In spite of such labels, these
notions have nothing to do with New Englanders.

Strictnesswe have seen previously in the form of strict arguability. In a strict agent, A Exts o 9. As
usual, this is justd Fxts o 9 if the previous theories are used to supglyzts, since in thoseiA Exts = AFEuxts.
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Strictness requires that successor states stay as close as possible to the specifications of the kernel, giving up any
part of the previous state not derivable from the kernel alone. This sort of agent captures the operation of RMS
quite well, as explained i§46, in which the agent maintains a set of fundamental or kernel reasons, and regularly
reconstructs the complete state when this kernel is modified by additions or emendations.

Where strictness requires successor states to be as close as possible to the kernel spedificstons;
tismrequires successor states to approximate their predecessors as closely as possible. Of course, different notions
of approximation are of interest in different circumstances, so we require only certain abstract properties of approxi-
mation comparisons to define conservatism. We express approximation comparisons in terms of asrelatiam-
sitions, a quasi-order whose minimal elements include the null transitions. That is, weSie&d) < (S3,.54) as
saying that the transition froi$, to S5 is not larger than the transition frofs to Sy, and insistx be reflexive, transi-
tive, and order no transition properly smaller than a null transition. Formallya relation or{. x .#) x (. x .%)
such that for all admissible states,

(i) (S,8") = (5,57,

(ii) If (S1,S57) = (S2,S%) and(Ss, S%) < (Ss3,5%), then(S1, S1) =< (Ss, S%),

(iii) (S,8) = (5,9,

(iv) (87,9 < (S,95).
We define the admissible transitions of conservative agents in termsnoifiimal transitions. In analogy with,
we use the operater (“nearest”) to indicate transition minimization. $f € . and X C ., we define

v(S,X)={reX|vweX (Sy) =(5z)2(5z) 2 (S}

and abuse the notation by writingf as shorthand fokS.v(S, f(.S)), so thatA = v A Ezts o0 means that\ (S, e)
v(S, AExts(9(S,e))) for eachS € . ande € £. As with u, (S, X) = 0if X = 0, sov(S, AExzts(9(S,e))) =
if AExts(9(S,¢e)) = 0.

Several comments on this definition are in order. First, we only requiite be a quasi-order rather than
a partial order. That is, we do not stipulate antisymmetry, sothat y andy < z need not implyz = y.
This is made clear in the examples to follow. Second, as in partial orders, it can happen that gothand
y Z . Inour usage, ifd Exts(9(S, e)) contains two incomparable states but no common smaller state)tfemr)
will contain both states, and the systémr’, £, A) will be nondeterministic. This too is illustrated below. Third,
minimal mutilation has been formalized in the philosophical study of counterfactual conditionals using the notion
of comparative similarity relations on stat€sHere we note only that every order on transitions induces a (not
necessarily interesting) comparative similarity relation®nandvice versaReadX 7 Y as “X is as close toZ
as isY.” The connection between these relations then obtains by defining

0

(S1,55) =< (S3,8,) iff Sy = S5 andS, ;1 S, or Sy = S, andS, ;2 9.

Conservative agents need not pass along sets of fundamental rea8phatican instead simply specify
changes and let thg-minimization conserve as much of the previous state as possible. In agents whose admissible
extensions are not strict, for example locally grounded agethisc{s = QFEzts), this can lead to retention of
mutually supportive but ungrounded complexes of elements in the successor state. Indeed, many discussions of belief
revision in the philosophical literature propose versions of conservative agents, as do proponents of the deductivist
approach to artificial intelligence. In this approaéhjs the set of sentences of a first-order logical language,
is the set of all deductively closed and consistent sets of sentences, and admissible extensions are just minimal
extensions (and so just deductive closures if consistent), thalthsis = pFExts. Hered produces “inputs” to
or observations by the agent, new sentences possibly contradicting current beliefspanes the agent to some
extension oB(S, e) as close as possible (by some measuré) for example, tal'h(AUI(S, e)) for some maximal
subset4 of S consistent withd(.S, e).

Finally, one can combine the notions of strictness and conservatisnstiitd conservatismHere we
define the admissible transitions dy = vu A Exts o 9. This sort of agent moves to admissible extensions of the
kernel which first are closest to the kernel, and second are closest to the preceding state.

16see [LEWIS 1973], [TURNER 1981].
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Each of these sorts of agents calls for study, as they may be appropriate for different applications. Systems
doing more or less thorough analysis of domains small in comparison to the whole world (such as electronic circuit
analysis and other expert tasks) might always require strictness, or better yet, strict conservatism. Systems whose
focus ranges over the whole world (general agents and natural language users) probably have too many uncertain
interrelated assumptions to think of any subset as “the axioms,” and so must settle for simple conservatism in spite
of the logicalfaux pasthis sometimes entails in those special cases in which the axioms are distinguished. These
restrictions might be combined in other ways as well. Artificial intelligence systems often divide into many small
subsystems. One might organize the agent so that each small subsystem is strictly conservative, while the large
collection as a whole is merely conservative.

§32.  Let us look at an example of a strictly conservative agent. For simplicity, we asSumge} and omit

all mention of this constant environment. We begin with an agent described by the simple reasons theory, and
want some notion of relative size of transitions. Since states are sets of state components, perhaps the simplest
indication of the amount of change involved in going from sttéo stateS; is the symmetric differencg; AS; =

(81 —S52)U(S3—51) = (S1US2)—(S1NS3). The setS; — S, reveals how much of the initial state is lost in the new

state, and the sét, — S;, shows how much of the new state is gained relative to the old. Together these sets indicate
the degree of conservation (or lack of it) involved in the change. Thus one way of comparing two transitions is to
define(S1, S2) < (S3,54) iff S1 A Sy C S3 A Sy. Since the symmetric difference of any set with itself is empty,

and sinceC is a quasi-order on sets withas its minimum element, this definition yields the required properties of

<.

Now suppose the agent starts in the empty stgte= ) andd(Sy) = {0 \\ A |- B, 0\ C |- D}.
Properly speaking, of course, thisZ$(9(Sy)), but we drop the interpretation notation without confusion here.
9(Sp) has a single admissible extension, $p = 9(Sy) U B U D, the conservation condition being satisfied
trivially. Suppose next thab(S;) = 9(So) U{® \ B |- A, ©® \ D |- C}. By itself, this kernel is very
ambiguous, with the four admissible extensions;) + AUC, AUD, BUC, BUD. But of these, one is closest
to S1, namelySy = 9(S1) U B U D. Next, supposé(Sz) = 9(S1) U{0 \\ E |- C}. Now the kernel has only
two admissible extensions, namélyS,) + A U C, B U C'. But of these, again one is closerSo than the other,
5053 = 9(S2) U B U C. Finally, suppos@(S3) = 9(S2) U{d \ F |- G, 0\ G |- F}. There are now again
four admissible extensions of the kern@{Ss;) + AUCUF, AUCUG, BUCUF, BUCUG, and of these,
two are incomparable nearest neighbor$gfnamelyd(Ss) U BU C U F andd(S3) U BU C U G. ThusA(Ss)
contains both of these states.

If this agent were merely strict, rather than strictly conservative, the admissible transitions would be dif-
ferent. For instanceS; would remain the same, since it is the only admissible extensio.$y), but .S, could be
any of the four admissible extensionsa{fS ), since the transition is not required to Beminimal.

To exhibit the difference between conservative and strictly conservative agents, supp§se thatb, ¢, d, e},
whereZ(a) = {c} \ 0 |- {d}, Z(b) = {d} \ 0 |- {c}, Z(c) = Z(d) = 0\ 0 |I- 8, andZ(e) = 0\ O |- {c}.
According to the simple reasons theafyis admissible, and is an admissible extension of its sufisét e}. Now
suppose)(S) = {a, b}. This has two component-admissible extensionS,inamely{a, b} and{a, b, ¢, d}. Since
the former is grounded, it is the only admissible extensiofi(sf) in the strict simple reasons theory. However, the
latter extension is closer t8, and so would be chosen by the symmetric difference relation if admissible extensions
were not required to be grounded.

Besides this notion of closeness based on symmetric difference, there are many others that are more appro-
priate in other circumstances. For example, one might define one transition smaller than another if the components
conserved in the first include those conserved in the second, tfat,iS2) < (Ss,Sy) iff SN Sy D S5N Sy Or
instead of considering sets, one might use their cardinalities, @& irf3) < (Ss,.5y) iff [S1 A So| < |S3 A Syl.

There are many other possibilities for closeness relations based on tolerances, topologies, metrics, and measures,

but we cannot treat these hére.

17See [QUINE 1953], [RESCHER1964], and [G\RDENFORS1980].
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§33. Let us summarize the discussion.

(33.1) DerINITION.  Plain, strict, conservative, and strictly conservative agents are characteriz€d 1%, .7, J , <)
as before, together with a set of environmefita kernel transition functiow : . x £ — P D, and an admissible
transition tableA : . x £ — P.” such that for eactf € . ande € &, A(S,e) C AExts(0(S,e)). In a plain
agent,A = AFEzts o 9; in a strict agent,A = pAFxts o 9; in a conservative agenty = vAFExts o 0, wherev
is minimization with respect to a quasi-ordgron transitions whose minima include the null transitions; and in a
strictly conservative agent\ = v A Exts o 0.

(33.2) GOROLLARY. If AExts = pnAEasts, plain agents are strict, and conservative agents are strictly conser-
vative.

(33.3) QUESTION. Are there interesting cases in which strictness and conservation interact, for example (1)
S C 8, 8"and(S,S’) < (S,5”) impliesS’ C S”,or(2)S C §',5” andS’ C S” implies(S,S’) < (S5,5")?
What can be concluded about monotone kernel agents, that is, agents ina@Kich;) C 9(S;11,e:11) at every
successive step (as suggested in the monotone embedding theorem)?

The question of computational complexity is particularly vexing, for while much work has been done
on practical systems that seem to revise simple reasons states in acceptable times, the precise actions and costs of
these algorithms are not yet knowhThe principal practical difficulty to be investigated is whether the two sorts of
minimization can be efficiently mechanized separately and in combination. RMS and its relatives operate as finitely
grounded, hence strict, agents, and they attempt to approximate conservation. On the other hand, the strictness of
RMS was in part a reaction to earlier, more purely conservative systems which did not observe the prudence of strict
inference needed in some axiomatic systems, so it may be that conservative agents are efficiently mechanizable
as well. | suspect that some strictly conservative agents have acceptably efficient mechanizations, but | have no
algorithms or proofs to offer.

In general, however, it appears that strict conservatism may be more difficult to realize than either strict-
ness or conservatism separately. Let us again suppose the agent finit8; ttsa) < (Ss,.S4) is deterministically
computable in time polynomial in the sizes of the states involved, as is the case for the symmetric difference compa-
rison. We again assume and ignore a constant environment, and suppa¥eihatdeterministically computable
in time polynomial in the size of.

(33.4) THEOREM. If (., A) is a plain simple reasons agent, thenAsc A(S)?isinP.

ProOF  First computed(S), and check, as beforé; € QEzts(0(S)) or E € FGEzts(0(S)), depending on
whether the agent is locally grounded or finitely grounded. Each of these steps is in P, so their combinations are also.

(33.5) THEOREM. If (., A) is a strict finitely grounded simple reasons agent, thef'ls A(S)? isin P.
PROOFE SinceuFGFExts = FGExts, the previous theorem applies. |

(33.6) THEOREM. If (., A) is a strict locally grounded simple reasons agent, theB'ls A(S)? is in co-NP.

PROOF This is just the question IB € uQFExts(9(S))? Sinced is in P, by Theorem 18.65 these strict extensi-
ons are in co-NP. 1

(33.7) THEOREM. If (., A) is a conservative simple reasons agent, thef'ls A(.S)? is in co-NP.

PROOF We see IsE ¢ A(S)? is in NP for locally (resp. finitely) grounded agents as follows. First com-
pute 9(S), and accept ifE ¢ QExts(0(S)) (resp.E ¢ FGExts(9(S))). If E € QEuxts(9(S)) (resp.E €
FGEzxts(0(S))), pick E' € QExts(0(S)) (resp. E' € FGExts(9(S))) and accept if(S,E') =< (S,E) but
(S.E) £ (S.E').

185ee [DOYLE 1979], [STALLMAN AND SUSSMAN 1977], [LONDON 1978], [MCALLESTER 1980], [OHARNIAK , RIESBECK, AND Mc-
DERMOTT 1980], [THOMPSON1979], [MARTINS 1983], [GooDwIN 1982], and [McDERMOTT 19828].
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(33.8) THEOREM. If (<, A) is a strictly conservative finitely grounded simple reason agent, thef ks
A(S)? isin co-NP.

PrROOF SinceuFGExts = FGFExts, the previous theorem applies.li

(33.9) THEOREM. If (,A) is a strictly conservative locally grounded simple reasons agent, théh s
A(S)?isinIL.

PROOFR By putting the previous proofs together, we see fiat (S, uQFEzts(9(S))) is in NP given verifica-
tions, each co-NP, aF € pQEzts(9(S)). 1

(33.10) ®NJIECTURE If (., A) is a conservative simple reasons agent, thef' ks A(S)? is NP-hard.

(33.11) QuUESTION. Are there interesting conservation notions which are efficiently and incrementally com-
putable? That is, if symmetric difference conservation means intractability, are there less stringent notions which
admit good algorithms? Is the “standard reason enumeration” technique employed in RMS a good approximation
to symmetric difference?

Also deserving attention are special cases of these agents and approximate algorithms. Most practical
systems, for example, base their claims of efficiency by requiring that only coherent sets are manipulated. | have
grown increasingly suspicious of such restrictions of attention, but the question deserves proper treatment. Even if
the complexity of strictly conservative agents is demonstrably intractable, there may still be approximate algorithms
of reasonable efficiency. Since the whole practice of reasoned assumption-making is based on correcting errors, we
can afford in practice to be tolerant of occasional imprudences in jumping to conclusions. Unfortunately, one cannot
hope to measure degrees of approximate correctness in terms of the number of poor assumptions in a state, since just
one mistakenly included assumption can have arbitrarily many uncontroversial but mistaken consequences. Instead,
one must look to the relative frequencies of correctly to incorrectly computed extensions among the entire set of
such computations, that is, one must treat the question of approximation as a question about probabilistic algorithms.

Not only have complexity questions remained unstudied, but even the appropriate complexity measures
still require proper formulation. The usual measures of time and space on a RASP are of course important, but so
are some specific natural measures. One can ask how many state components are reconsidered or examined in the
transition process. This is simply expressed in terms of the sum of the sizes of the mention sets of all elements
against which the state is checked. When reasons are represented as graph structures, as in existing mechanizations,
this measure corresponds to the number of edges traversed by the algorithm. In addition to average and worst-case
measures, the complexity relative to the number of elements changed also holds interest. Folklore has it that any
algorithm must be arbitrarily bad with respect to this measure, in that one can choose transitions requiring unbounded
numbers of element reappraisals, but which lead to only a bounded number of changes.

§34.  We now turn from individual transitions to the global perspective of trajectory spacedrajéetoriesof

an agent are finite or infinite sequences of admissible states that observe the transition table; formally, sequences
(Si)_y (n < w)suchthats; € Lif 0 < i <n,andifi +1 < n,thenS,1; € A(S;,e) for somee € £. The

trajectory spaced (.7, &, A) is the set of all trajectories of the agei?’, £, A). This for simplicity assumes the

world obeys no laws other than the agent’s transition table. In the general case, we must consider the agent as part of
an isolated system, with the world having admissible statgsC .7 x &, and a given trajectory spa@e, C (.75;,).

In this case, the agent's trajectory space will be the projectidheonto.#*, onto a subset of (.7, £, A). We

employ the notatior?’; 7’ to mean concatenation of two trajectories, so thaf i= (Sy, ... ,S,) andT’ =

(S ..., Sh), thenT; T" = (Sy, ..., Sm,S), ... ,S,). Of course,T need not be closed under concatenation. If

S € ., we writeS; T andT'; S to mean, respectivelyS); T andT’; (S).

Many standard questions about dynamical systems arise here, such as reachability, the existence of trajec-
tories connecting two states; the existence of limit sets or attractors to which all trajectories from some neighborhood
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eventually lead; the existence of cycles (closed trajectories); the existence of limit cycles; stability of limits; the com-
plexity of computations; and more. At the moment, results are lacking concerning most of these questions, so we
cannot treat them further here. But these questions call out for study, since some of them are intimately tied up with
familiar psychological questions. For example, if one’s trajectories are defined by some sort of learning or searching
procedure, then the existence and reachability of limit sets corresponds to the learnability of certain concepts or
skills, or to the solvability of certain goals. This is all familiar from popular treatments of hill-climbing, where the
learning or searching procedure is a gradient vector field on the state space. Furthermore, the complexity or length of
trajectories to these limits might shed light on power laws or laws of diminishing returns, since diminishing returns
indicate the existence of limit states unreachable by finite trajectories, and power laws are just particular shapes
for curves of diminishing returns. The structure of trajectory spage’, £, A) is also closely connected with the
structure of the state spacé, since many of the questions previously addressed about assumability and realizabili-

ty can be cast directly as questions about reachability by monotone kernel trajectories. Trajectory space also serves
as a model for various modal or temporal logics concerned with the evolution of properties of elements or states
(arguability, coherence, etc.). We must forgo discussion of most of these topics. In the following, we treat only two
of the topics connected with the global viewpoint: the connections between catastrophes and backtracking, and the
construction of “subjective probabilities” from trajectory space.

§35.  The preceding development has focussed on reasoned changes of state, in which the agent decides what
shape its next state should take, specifies those qualitie3, d@ad then solves the specifications in one way or

other to move to a new state ih. But unless we ensure that all transition specifications have admissible solutions,

it can happen that there are no potential successats Fhe incoherence a¥(.S, e¢) may be accidental, or it may

be deliberate. For example, dfincludes a contradiction in the specifications for the next state &ftérensures

A(S,e) = 0. In this use, the contradiction acts as an admission that “I can’t go on like this!” But how should we
take such accidents and admissions? As natural death and suicide? While those are possibilities, another is to take
these incompetences 4f as occasions for other sorts of state changes. We treat the former possibilities elsewhere,
and pursue the latter here. We add to our store of constitutive assumptions for characterizing agents by introducing
the extended transition tablg : 7(.7,£,A) x £ — P.%, which we require to agree with wheneverA is
nonsingular, that is, for every trajectofye 7 (.,&,A), if T =T"; S andA(S, e) # (), thenE(T, e) = A(S,e) .

With this new constitutive assumption, agents are characterized by choit®s®hf., 7, <, &, 9, A, E).

The most trivial choices foE areE(T'; S,e) = A(S, e), in which caseT (., £,E) = T(.,€,A) and
there is not much to say, ae{7; S,e) = .7 if A(S,e) = 0, in which case the agent executes a random walk
through trajectory space when it is not followidg Some more interesting choices farinvolve the traditional
notion of backtracking. Backtracking originated as a means for outwitting pursuers. One travelled leaving an obvious
trail until a stream or other natural trail-obscuring obstacle was reached. One then carefully walked backwards over
the path just travelled, placing feet in the footsteps just left, until one reached a point at which one could take
off in a new direction, leaving the actual trail chosen to be unobvious when compared with the false trail. This
technique was adopted in artificial intelligence to elude the hounds of failure, by keeping track of the choice points
encountered during a search of a space, and upon failure of one search path, resuming the search with one of the
alternate paths indicated in the choice points. We reproduce this idea formally as follows, where we for simplicity
assume an isolated agent. L Bt= (S;)"_, (n < w) represent the trajectory of the agent, whégds the state
at instanti. We defineAlt(T,i + 1), thealternativesin 7" at instant; + 1, by Al¢(T,i + 1) = A(S;) — {Si41}
if A(S;) # 0. These then are the states that could have been pursued but were not. We get two backtracking
regimes by assuming the agent falls back to any or the closest alternative state when necessary, that is, by defining
E(T; S) to be A(S) wheneverA(S) # (), and to bedit(T, k) or v Al¢t(T, k) otherwise, wherd: = max{j < i |
Alt(T, 7) # 0}. Call thesechronological backtrackingindconservative chronological backtrackinGonservative
non-chronological backtracking (also known as “dependency directed” backtracking) arises byBgKirff) at
singular points to be Uj<i Alt(T, 7). These definitions are simpler than those commonly employed since they do
not remove explored paths from the set of alternatives.

To return to the example df32, supposes; = 9(S3) U B U C U F. We then havedlt((Sy, S1)) =
Alt((So, S1, S2)) = Alt((So, S1, Sz, S3)) = 0 and Alt((So, S1, S2, Ss, Sa)) = (S3) UBUC UG.
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§36. One way of understanding the nature of backtracking is in terms of the notion of catastrophe. (The follo-
wing remarks are more suggesive than substantive at present. | hope to justify them rigorously elsewhere.) For our
purposes here, a catastrophe is a “discontinuous” jump in a trajectory. Eachtimeulti-valued, we have the
possibility of trajectory space branching into two “sheets.” Actually, not all multi-valued occurrencksnetd

produce bifurcations in trajectory space if the alternatives are all reachable from each other by ordinary trajectories.
But a “true” bifurcation is introduced if the resulting states are mutually unreachaleifi £, A). If an ordinary

trajectory comes up to the edge of one of these sheets, the only way to proceed is by means of a jump to a state on
another sheet, a “discontinous” change in the sense that the ordinary transition table provides no direction, which
one might interpret as lack of a “derivative” with which the agent might predict its possible actions. There are many
ways of embedding the ordinary trajectory space in larger spaces that have no discontinuities, and we have seen a
few of these in the extended transition taBldf the agent is conservative, it might jump to one of the closest points

on the other sheets. Alternatively, it might jump to a point corresponding to an alternative future, a point at the same
time but on a different sheet among those bypassed along the actual trajectory. One might call this “sidetracking”
instead of “backtracking.” In any event, rules for continuing all trajectories beyond singularities have the effect of
pasting all the edges in trajectory space back into the space. This results in a complex shape for the enlarged trajec-
tory space, just as pasting all the edges of a sheet of paper together in the right way produces a sphere, a torus, or a
Klein bottle, surfaces with no edges.

The most important quality of a catastrophe in a psychology is that, from the agent’s point of view, it
“just happens.” While we may design agents to suffer catastrophes in certain ways, the actions involving the agent’s
own deliberation and choice are all captureddbgind A, and changes not involving those are beyond its powers.
Of course, an agent may deliberately place itself in a position where, it knows, a catastrophe is inevitable, so as to
chance some action not normally doable, just as one might lead one’s self into the depths of despair, thinking that
either death or a jump to some redeeming faith are the only possible paths, in spite of calm inability to believe. This
difference in the quality of these sorts of actions has never admitted clear articulation in artificial intelligence before.
In my own work on RMS, | always thought that the two processes of reason maintenance and backtracking were
different, but could not say why. BALLESTER developed ways of mechanizing them with a uniform procedure,
and | thought that wrong. Instead, | was wrong, in that however one best mechanizes the two processes, by two
mechanisms or by one, the processes still are different as far as the agent is concerned. Before, | had no clear way
of distinguishing the agent and its actions from its realization and the changes that happen to it. The distinction
between these processes lies in the former real®AM.ESTER' S unification in the latter.
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Probabilistic theories

§37. With exact characterizations of theories of reasoned assumptions and their revision, we can connect artificial
intelligence treatments of uncertainty with standard probabilistic treatments. These connections divide into two
parts, one static, one dynamic. Just as theories of reasoned assumptions divide into characterizations of the set of
admissible states and characterization of the temporal evolution of the agent’s state, probabilistic theories divide into
characterizations of particular states as probability distributions and characterization of the effects of actions as the
evolution of the agent’s probability distribution. We treat both parts below.

Drawing theoretical connections between these two approaches to uncertainty is not simply an abstract
mathematical exercise. Instead, these connections yield two valuable benefits. The first benefit is the possibility of
justifying the claimed methodological superiority of the artificial intelligence treatment over standard probabilistic
treatments. Several authors in artificial intelligence have explained their abandoning probability theory in terms of
the unpleasantly large amounts of information and computation required to apply the probabilistic #faafths.
exact connections between the formal theories, we can begin to justify (or refute) these intuitions rigorously with
the methods of computational complexity. The second benefit is that probability theory, whatever its computational
disadvantages, offers certain sorts of information often useful but not present in the preceding theories of reasoned
assumptions. In particular, probability theory allows one to summarize one’s uncertainty about some question with
a simple description, a number, and to compare degrees of uncertainty by comparing these numbers. The exact
connection between the two theories permits us to recover degrees of certainty when desired even if we base the
structure and action of systems on reasoned assumptions.

§38. The basic idea underlying the connection between reasoned assumptions and degrees of certainty is to make
the degree of certainty of some state componrewith respect to a se$ of reasons depend on howappears

in admissible extensions &f. There is no distinguished way of defining this dependence, but instead a variety of
possible measures. For example, one might ask how likelya®ccur in a randomly selected admissible extension,

or how many arguments there are égor how many assumptiorsdepends on, etc. Each of these captures different
intuitions about the meaning of “degree of certainty,” and may be preferred in different circumstances.

These measures may be motivated in two ways. In the first, we view the nondeterministic theories of
reasoned assumptions presented earlier as incomplete specifications of deterministic agents, whose indeterminism
we interpret probabilistically in terms of how likely our incomplete specifications are to predict the actual behavior
among the predicted possible behaviors. Alternatively, we can treat these measures as specifications for probabilistic
algorithms?® The problem of acting prudently is too difficult or even impossible to solve exactly, so the agent makes
a series of random choices (of admissible assumptions rather than numbers) and then decides what to do by exact
means. These random choices may lead to error, so the task of the agent is to constrain the range of possible sets of
choices (by using ratiocinative rules of thumb) so that the expected probability of success is high. This latter view
seems well-suited to the mechanization of artificial agents.

§39. Perhaps the simplest way of measuring how the agent holds some state component is to assign a weight to
each state the agent might be in, a weight representing how likely the agent is to be in that state, and then to sum
the weights of all states containing the element. That is(#) is the weight of staté&, then the measure of how
occurs inS C . is just

> w(s).

ses

195ee [SOLOVITS 1978], [DOoYLE 19838], and the discussion below.
20[RABIN 1976]
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Weight functions like this are ordinarily expressedhasasure functionsn sets of states, as non-negative, additive
functionsm : P.¥ — R, wherew(S) = m({S}). Nonnegative, as usual means thatS) > 0 for everyS C .7,
and additive means that for evesy S’ C .&, we havem (S U §') = m(S) + m(5’) — m(S N S’). Actually,
technical complications make this definition adequate only for the case of fifyiteut that is enough for most of
our purposes. Later we comment on interesting cases of infifiite

For example, one natural measure function isctentingmeasuren ' that gives every state equal weight,
i.e.mt(S) = |S|. This measure corresponds to makingPLACE’S assumption, that every possible state of the
agent is equally likely to occur. With this measure, the degree of certainty of a state component in a set of admissible
extensions is just the percentage of them in which it appears.

Another natural measure function is thigecificitymeasuren™* that weights states by how “specific” they
are, namelyn*({S}) = 2~15. One way of looking at this measure is to think of states as partial descriptions of all
the sets of components extending them, and to weight states proportionally to the number of possible supersets. From
this point of view, we would define:*’({S}) = 2/PI-15]. This, of course, simply multiplies all of the specificity
weights by the constat?!, and so changes none of the comparative relations between weights of states.

Yet another measure function is teelectionmeasuren' that weights states as selections of elements

D]

-1 . . : .
\Sl) . We make no important use of this measure in the following.

from the domain, namely' ({S}) = (

§40. For each theory of reasoned assumptions and measure functioe define the “degree of certainty.”

(40.1) DEFINITION. LetS\ A = {S € S| A C S} for S C.7. Then the exterf(4, S) of a setd C D
relative to a setS C D is given by

E(A,S) =m(AExts(S) \ A)/m(AExts(S)),

where€(A, S) = 1 wheneverd Exts(S) = 0.

Thus the extent of a state componeris just the relative measu&{e}, S) of those admissible extensions contai-
ning e.

(40.2) ROLLARY. If A C D is not arguable inS, then&(A,S) = 0, and if A is inevitable inS, then
E(A,S)=1.

(40.3) DerINITION. If S'is coherentd, e € D, andE({d}, S) > 0, thenCE(e | d, S), the conditional extent of
e givendin S, is

Ce(e| d,S) E({d, e}, 5)/E({d}, 5)

= m(AFExts(S)\ {d,e})/m(AExts(S) \ {d}).

| am not sure what approach to take for incoheréntf S is coherent bu€({d},S) = 0, the situation here
has analogies to the situation in Bayesian probability theory that motivates sofafipdr functionsbut I leave
treatment of that case to future studies as well.

(40.4) THEOREM (BAYES). If {d;}", is a subset o such that exactly oné; occurs in every admissible
extension of5, then
C&(e|d;,S)-E({d;},S)

C&(d; e, S) = di—0CE(e | d;j,S) - E({d;},S)
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(40.5) COROLLARY. If at most oned; occurs in every admissible extensionSgfthen

N CE(e | d,5) - £({di}. 5)
Celdile.8) < s 0 (e1d,.8) - £({d;}.8)°

Linguistic reasons agents are of special interest here, for their formulation involves many of the same
assumptions as does subjective Bayesian decision theory. Because state components have logical form in this theory,
we can examine the relations between extents of components with related forms.

(40.6) THEOREM. LetS C D.Then
(i) If S'is not inevitably consistent, then for eacte D, £(z, S) = 1,
(i) S is inevitably consistent iff for eache D, £(z, S) + £(—x, S) < 1,
(iii) Foreachz,y € D, E(x ANy, S) < E(x, S) + E(y, S),
(iv) For eachz,y € D, if x D y is inevitable, ther€ (x, S) < £(y, S), and
(v) If S # {D}, then for eachx,y € D, £(z,S) > E(x ANy, S) + E(x Ay, S).

PROOF LetS C D andS = AEuxts(S). (i) If S is incoherent, thed (z, S) = 1 by definition, and ifS is
inevitably inconsistentS = {D}, so agairé(z, S) = 1 for everyz € D. (i) follows immediately from this last
observation. (iii) Sincgx A y} is interdeducible withz, y }, S\{z Ay} CS\{z}US\ {y}. (v)If S =0,the
claim follows trivially. If S # ), thenS\ {z} € S\ {y} since{z, x> y} = {y}. (V) If S # {D} then eacts € Sis
consistent. Sincéz, z} and{xz A z} are interdeducible, we must hagie\ {z,y} N S\ {z,—~y} = 0. SinceS # 0,
the claim follows. 1

Since arguability is different from assumability, we introduce a parallel notion to conditional extents,
namelya posteriori extents

(40.7) DEFINITION. Letd,e € DandS C D. If SU {e} is coherent, the&(d | ¢, ), the a posteriori extent
of d givenein S, is

AE(d | e, S) = E({d}, SU{e}).

Unfortunately, | do not know how to treat the case of incohefent{e}. There also seems to be no general way

to relate conditional and posterioriextents. This weakness of the theory is to be expected from the complexity of
the ways in which the sets of admissible extensions may change under the addition of new information. Stronger
theories may be possible for restricted sorts of agents, but by and large these are unexplored.

841. Let us examine some examples to see how these measures differ. We work within a simple reasons agent
with D = {Cl,_\Cl,Cg,_\62,7“1,7“2,T3,7“4,T5,7“6}, WhereI(cl) = I(—\Cl) = I(Cg) = I(—\Cg) = PD, and where

Z(r1) = O\ {—er} |- {ea}, Z(r2) = O\ A{er} [ {mea}, Z(rs) = {ea} \ {~e2} |- {ea}, Z(ra) = {ex} \

{ea} |- {—c2}, Z(r5) = O\ {—c2} |- {c2}, andZ(r) = 0\ {c2} |- {—ca}.
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LetS = {ry,ra,r3,r4} andsS’ = {ry,r9, 75,76 }. ThenS has three admissible extensions

E1 = Su {—‘01},

E, = SU{c,ca},
E; = SU{ci, e},

andsS’ has four admissible extensions

F1 = S/U{Cl,CQ},
F2 = SIU{Cl,_‘CQ},
F; = S/U{ﬁCth},
F4 = S/ U{_‘Cl7_‘02}.

We then have the following extents and conditional extents.

E(x,S) mt m* m
C1 2/3 1/2 70+
-1 1/3 1/2 .20+
e 1/3 1/4 .35+
ey 1/3 1/4 .35+
" 1 1 1
5 0 0 0

E(x,8) ml m* m
o 1/2 1/2 1)2
e 1/2 12 1/2
e 12 1/2 1/2
—e 1/2 1/2 1/2

1 0 0 0
Ts 1 1 1
In the following, entries represefitn’, m*).
r\y 1 -1 C2 &) 1
c1 (1,1) (0,0) (1,1) (1,1) (2/3,1/2)
-y (0,0) (1,1) (0,0) (0,0) (1/3,1/2)
Cé&(x|y,S) = e (1/2,1/2) (0,0) (1,1) (0,0) (1/3,1/4)

-ez (1/2,1/2) (1,1) (0,0) (1,1) (1/3,1/4)
r1 (1,1) (1,1) (1,1) (1,1 (1,1)
5 (0,0) (0,0) (0,0) (0,0) (0,0)

Constructions similar to the above were first proposed BgiG\P in his theory of probability as “degrees
of entailment.2! While the ideas are similar, there are important differences between the two approach?s- Let
{a,—a,b=b,r,—r}, S = {a,r}, and defineZ(a) = Z(—a) = Z(b) = Z(-b) = PD,Z(r) = {a} \ {—r} |- {b}.
andZ(—r) = 0 \\ {b} |- {-b}. In this caseS has the sole admissible extensifm r,b}, so all extents and
conditional extents are either 1 or 0, no matter which measure function is chosen. But let us consider a posteriori

21[CARNAP 1950], [KYBURG 1970]
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extents. Here we have the table, again independent of choice of measure function,

z E(z,S) Af(x|y,S): a —-a b -b r -r
a 1 1 1 1 1 1 1
—a 0 0O 1 0 0 0 O
b 1 1 1 1 1 1 0
—b 0 0 0 0 1 0 1
r 1 11 1 1 1 1
-7 0 0O 0 0 0 0 1

Note here that whil&€ (b, S) = 1 and&(—b,S) = 0, we haveAE(b | —r,S) = 0 andAE(—b | -1, S) = 1, so
accepting—r involves “learning”—b and “unlearning’d, no matter which of the measure functions we use. This
ability to learn and unlearn things is quite different from the standard sorts of learning theories studieRiNyrC

and even in common cases, the differences in what objects are measured permits “inductive learning” with any of
our measure functions, something not true eiRRAP’ s theories. Unfortunately, we cannot pursue this topic here.

§42.  One extension to the above constructions is to allow measures of how a state component appears in the

admissible extensions of a set of reasons to depend on the element as well as on the admissible extensions. For
example, if we want to weight components by how many arguments warrant their presence in a state, we cannot use

a pure measure on states, for that would treat every element in the same way. To permit the wider class of measures
of “certainty,” we allow measure functions 4 dependent on subseftisof D, subject to the additivity requirement

thatif A, B C D andS C ., then

mAUB(S) = mA(S) + mB(S) — mAmB(S).

In effect, we replace measure functions B’ by measure functions oRD x P.¥. Thus we might define a
simplistic argument counting measuremby., ({S}) = [{d € S | d is a valid reason foe in S}|.

§43.  With probabilistic constructions on sets of reasons, we can recast the description of the agent’s evolution
in time in terms of these constructions. To make the new constructions easier to grasp, we first treat the ahistorical,
isolated systenl.”, A) and then extend the construction to history-dependent, non-isolated systerdisE).

The basic idea of the probabilistic treatment of an agent’s state-evolution is to view the “nondeterministic”
transition tableA instead as an incomplete specification of a probabilistic transition table. For example, under a
Laplacian assumption, we could take each transifibe A(S) to be equally likely among the possible transitions
from S. Alternatively, we could assume transitions to simple states are more likely than transitions to more complex
states. In fact, each measure functioron P such thatn(.#) > 0 gives rise to a probabilistic interpretation of
A by defining the probability of moving from§ € . to S” € A(S) to bem({S'})/m(A(S)). (For the time being,
we assume thah (.S) is nonempty for everyy € .#.) This interpretation recalls the relation between the standard
and many-worlds interpretations of quantum mechanics, but we cannot pursue it here.

With assumptions about transition probabilities captured in measure functions, we can describe the tem-
poral evolution of an agert?, A) in terms of the probability that the agent will be in statat timet. We assume
initial probabilities of being in a state for time= 0, and then apply the transition probabilities to determine the
probabilities for times > 0. The instantaneous functions assigning probabilities to states are dafisity functi-
ons and are simply measure functiofi®n P.# such thatf (.) = 1, that is, functions that say that the agent must
be insomestate. As above, every nontrivial measure functiosuch thatn () > 0 induces a density function by
defining f(X) = m(X)/m(). Thus beginning with an “initial state function,” for example

fo(X):{(l) §g§§ ;

22[pE WITT AND GRAHAM 1973], [VAN FRASSEN1980]
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we look to calculate the sequence of density functiofis f1, f2, ... ) describing the evolution of the system
(.7, A) with respect ton.

Note first that the set of all density functions ofi is a convex set. That is, if|; and f, are density
functions, and ifw; 4w = 1, thenw f; 4 wy f> is a density function as well.

Successive density functions for a system are computed by combining the probability that the system is in
a particular state with the probability of moving from that state to specific other states. We add up the probabilities
of reaching a state, and we have the new density function. Formally, we definéor eachS € .7 by

Fra(8) = X fllah)- MO,
€S

The resulting functionf;,, is a density function since by induction,, . ., f;({z}) = 1 and f;,, is the convex
combination of density functiong, ({S}) = m(A(z) N {S})/m(A(z)).

As in the instantaneous case considered previously, we can extract “degrees of belief” from the successive
density functions by defining, fod C D, ¢;(A) = fi( \ A) as the probability that the system is in a state
containing the componentd. As before, these projections of state probabilities onto components need not be
unitary, since in a linguistic reasons agent we might havgd}) + ¢ ({—d}) < 1.

We extend this construction to the case of nonisolated, possibly singular, extended transition tables as fol-
lows. Let(.7, £, E) describe the agent. In the general case, transition probabilities may depend upon the full history
of the agent, and we represent some of these with a measure fuRatiof x £ x 7, interpretingF ({T'}, {e}, {T"})
as the probability of moving to trajectofyy given the previous trajectory and environment. ldeally, we would
get F' by projecting probability measures on the world’s transition& i )* x (#)*, but we do not treat that
most general case here. We assuris normalized so that

S FUTY e} Ti9) = 1

SeE(T,e)

for everyT € 7 ande € &, thus making the probabilistic interpretation possible. We construct a sequence of
density functionsf; on £* x 7 from the transition probabilities so thgf(é, T') represents the probability of the
agent having traversed trajectdfyin response to the sequence of environmérdsE*. The initial density function

fo is given, and we defing,, ; so that

Jir1(ée,T) Z fi(e,T") - F(T',e,T).

T'eT

These density functions dh can be projected ont¢” to give the probabilities of the agent being in specific states
by definingg.(é, S) for everyt, é, S to be

> fle,T;S)

T;SeT

§44.  Many researchers in artificial intelligence have abandoned the direct use of probabilistic representations
on the basis of several intuitions. Briefly, they are (1) One usually has only fragments of information about a few
guestions. Coming up with a complete matrix of conditional probabilities for all questions is not feasible, while
incrementally formulating rules of thumb for generalities, exceptions, etc., is quite feasible. Much of the work
in “knowledge acquisition” focusses on elicting and subsequently editing rules of thumb, though sometimes with
“certainty factors” whose close values are recognized to be meaningless. (2) One usually has only a few known
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goals or desires, augmented occasionally by problem-oriented reasoning, rather than a complete utility function. (3)
It is easier to work by adding and removing individual statements from a database or subdatabase than to continually
recompute probability distributions. (4) When errors of information are revealed, or when new sorts of events are
formulated, one must completely revise one’s system of conditional probabilities. But these revisions must be based
on some qualitative considerations, to which the numerical probabilities are merely fit. (8gegD983] for

another discussion of these.) These intuitions can be summarized by saying that the usual Bayesian approach, while
a fine system for formulations of decisiopsst hog¢ or for mechanization of thoroughly explored, stable, narrow
decisions, is both informationally and computationally infeasible in broad, changing systems. Bayesianism simply
says nothing about the problems of incrementally formulating systems of probabilities, which are the main practical
difficulties facilitated by the artificial intelligence approach. If these prejudices are justified, then the constructions
presented previously offer the consolation that even if one abandons probabilities in direct use, one can always
recover them when necessary, that artificial intelligence practice is not contradicting the Bayesians so much as being
forced to work with less.

These intuitions would likely profit from formal exploration. For instance, Bayesians are familiar with
the notion of qualitative probabilities. Indeed, the foundations of statistics develops axioms for these qualitative
probabilities, and one shows that any consistent set of qualitative probabilities can be fit with a compatible system
of numerical probabilities. One proves this fit unique given assumptions about the fineness and topological comple-
teness of the qualitiative probabilities. The artificial intelligence approach in effect concentrates on these qualitative
probabilities, abandoning priori fineness and topological completeness assumptions.

More concretely, if we consider linguistic reason agents, we see the primary difference between the theory
of subjective probability and the theory of extents turns on the question of completeness. For Bayesians, subjective
probabilities are unitary, that is, the subjective probabilities @nd -z sum tol for eachz. In contrast, in the
present theory some admissible extensions ofiay contain neitheg nor -z, so thaté(x, S) + £(—x, S) < 1.

The theories could be brought into agreement if we required completeness of extensions, that is, &itiesl to
requirement that for each € D andS € .7, eitherd € S or ~d € S. But this is a very peculiar requirement,

for two reasons. First, the whole point of reasoned assumptions is to be able to complete one’s set of beliefs with
respect to some question when necessary, taking lack of information and incompleteness as normal. Requiring
completeness of extensions is not in direct conflict with this motivation, but it does mean replacing every ordinary
extension with the set of all possible completions of the extension. Second, it seems unwise to attempt to rule out
paradoxical sentences at the outset. We can think about and phrase the Liar paradox, and some reasonable artificial
agents should share our ability. But the character of paradoxical sentences is that neither they nor their negations
may be part of a consistent theory, so if we want interesting languages of thought, we cannot accept the Bayesian
requirement of completeness.

Bayesianism stems from important motivations, but overidealizes. While the above constructions indicate
the naturalness and importance of the idea of strength of beliefs and other attitudes, it also casts doubts upon the
Bayesian identification of degree of belief with subjective probability. The measure of degree of belief via extents
is a perfectly good probability measure, but the projection of this measure onto the logical structure of states is not
in general a probability measure without the specious axiom of completeness. As in quantum theory, the projected
measure represents a lattice of possible events, and only represents a boolean lattice in the special case of complete
states’3

Of course, the Bayesian might respond that our constructions do not capture subjective probabilities, but
simply lower boundson subjective probabilities, as in theERPSTERSHAFER theory of evidencé* While this
reply does not address the difficulties posed by paradoxical sentences, it may offer a way of reconciling the views,
but we cannot pursue that hefelnstead, we observe that whatever the attractions of the stronger Bayesian theory
for more competent agents, in computationally realized agents, the “lower bounds” offered by our construction may
be the only reasonable choices for “degrees of belief.” We see this in two ways. The first is that extents arise natu-
rally as the end result of the operation of probabilistic algorithms, and in this way are not so much computational
approximations to ideal quantities as objective events observed by the agent (even though the events are part of the

23[BIRKHOFF 1967], [BELTRAMETTI AND CASSINELLI 1981]
24[SHAFER 1976]
25See [LEWIS 1980].
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agent itself). The second point is that the dynamical form of extents, densities, arise naturally in consideration of
revision of state, for example in backtracking. At singularities in a trajectory continued by means of plain chro-
nological backtracking, the possible successors are just the successors of the previous state not taken. That is, if
T =T';5 andA(S) =, thenE(T) = E(T”) — {S}. In this case, densities B(7") are approximately extents in

the kernel ofE(7T"), and correspond to the resilience of state components, to the relative ease with which they may
be avoided in successor states. If some density is large, most successors will contain the component in question, so
it is difficult to avoid. Indeed, we can adopt this view at every point of a trajectory, singular or not, by considering
imaginary discontinuities, by asking how the agent would have to view things were the current view forbidden. In
this way, densities iE(7") can always be taken as the resilience of state components. This interpretation of densities

is particularly appealing since it applies to all components of mental states uniformly. For example, in attitudinal
theories it provides measures not only of degrees of belief but of strength of desire and firmness of intent. Pursuit of
this interpretation leads to an interesting non-Bayesian decision theory, but that is beyond the scope of this paper.

If consideration of extents in trajectories provides motivations for some of the concerns of subjective
Bayesian probability theory, it also helps understantZH’ s notion of fuzzy sets and concepfsStatements like
“Sue is tall” are considered vague because “tall” is not a well-defined concept; there are many heights Sue could
reach and be thought tallAbeH formalizes this notion by introducing a spectrum of truth-values for the sentence, a
spectrum derived from a spectrum of tallness-values. One might instead develop a theory of fuzzy concepts in terms
of extents. Rather than simpassumingallness spectra, one could formulate exact theories of tallness and simply
look to see what distribution these entail for particular statements. For example, one might require exact theories
of tallness to specify exact intervals of height, and given this restriction look to the admissible extensions of the
statement “Sue is tall.” If there are many intervals saying one height is tall and fewer intervals saying another height
is tall, then the first height will be “more tall” than the second. Example 24.11 can be read as a formal example of
this idea in terms of the concept “is a lot.” In that example, 0 is definitely not a lot (lot to degree Oy eachis
definitely a lot (lot to degree 1), while 1 and 2 have intermediate values: 2 is twice as much a lot as is 1 (lot to degree
2 versus degreg).

If one approach is to have advantages over the other in practice, the advantages may depend far more on
practical utility than on theoretical elegance. The two most important questions are how difficult it is to obtain the
information required by each approach, and how costly are the computations involvedofsg9838] menti-
ons, the Bayesian informational requirements are severe because one needs vast amounts of information, few bits of
which are easily had from experts. The needed information may be had much more easily in the form of ratiocinative
rules of thumb. But complementing this, the probabilistic constructions facilitate the use of information acquired as
rules of thumb, since they permit comparison of relative strengths or certainties of state components. Since these
measures reflect the overall structure of the set of admissible extensions of some kernel, they may be useful in
summarizing that structure in lieu of analytical characterization of its branchings, alternatives, etc. Unfortunately,
practical exploitation of these possibilities demands efficient algorithms for computing admissible extensions ac-
cording to specified measure functions. At present, algorithms for this purpose are completely unstudied. Systems
like RMS make arbitrary choices in constructing admissible extensions, and while several authors have suggested
making these choices depend on properties of the forseen resulting extensions, there is no known way of deriving
the resulting measure on states from these intra-algorithmic choices, nor any known recipe for finding an appropriate
algorithm when the final measure is specified. The mix of techniques used in practice will depend on the relative fa-
cilities and computabilities of the Bayesian and reasoned assumptions approaches. Reasoned assumptions facilitate
some important operations, and Bayesianism facilitates others. Can one relate the total cost of working within one
approach to the total cost of the other?

26[Z ADEH 1975]
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IV. Related Theories of Reasoned Assumptions

845. The previous chapter included both development of a theoretical framework for describing theories of
reasoned assumptions as well as some first steps toward a mathematical development of the framework itself. The
value of such a framework, if any, must begin with the power to clearly describe specific theories, rather than with the
possibility of a mathematical theory based on the framework, although once the grounds of the theory are secured,
mathematical analysis can reveal hidden structure. We have seen how the framework eased the introduction of the
several constitutive ideas presented previously. In the following sections we further exercise these concepts by using
them to analyze and summarize a variety of systems in artificial intelligence touching on notions related to reasoned
assumptions. Unfortunately, since several of these systems have never been exactly formulated or described in the
literature, or have been described only in terms of the behavior of a set of complex procedures, we cannot always
rigorously justify our analyses. Instead, one of the benefits of the current approach is that it may allow authors to
precisely specify the intended structure and behavior of their artificial intelligence systems, whether before, during,
or after development of the systems.

846. The first analysis concerns RMS, a program developed by the present author, but standing among several
related programs in historical ord&The purpose of RMS (“reason maintenance system;” originally in the literature

as TMS, “truth maintenance system”) is to record and revise a set of database entries, carrying out these activities at
the behest of a substantive program. RMS performs these duties by recording and analyzing reasons or justifications
for database entries in terms of other entries.

As a good first approximation, we can characterize RMS in terms of finitely grounded simple reasons and
contradictions, strict transitions, an approximation to symmetric difference conservatism, and non-chronological
backtracking. We justify these in turn as best we can. Sezvr[[2 1983c] for a short, self-contained characteriza-
tion of RMS.

The reasons or justifications of RMS are exactly of the form of finite simple reasons with singleton conclu-
sions, thatisA \\ B |- {c}. In RMS, the first set of elements is called thist, the second theutlist, and the sole
element of the third theonclusion In RMS, as in the simple reasons theory, the nature of the domain from which
state components are drawn is left unspecified. RMS assigns a name to each domain component as it is presented to
the system, and subsequently operates solely in terms of the internal name. Usually, these internal names are state
components with trivial interpretations, but some of these may instead be designated contradictions with the empty
interpretation. The only other state components are the reasons proper, which have the usual interpretation.

RMS constructs database states to be finitely grounded extensions of the current set of reasons exactly as
in the simple reasons theory.

RMS revises the current state to assimilate new reasons added to the current set of reasons. It does this by
temporarily removing from the state all components which might be affected by the new reasons, and by then adding
back in as many as possible when valid reasons can be found among those left for components in limbo. Unfortu-
nately, | know not how to exactly characterize the actual performance of RMS. It clearly realizes strict transitions
because of the finite groundedness ensured by the remove-and-restore algorithm. The intent of the program also
appears to be to construct a minimal perturbation with respect to symmetric difference conservatism. The principal
predecessor of RMS would completely rederive the entire state following every subtractive kernel mod#fcation.

To avoid this, its successors employed “incremental” recomputation of just that state subset directly affected by the

changes. Unfortunately, this does not mean RMS actually realizes symmetric difference conservatism, since its aim
was never mathematically formulated, and its procedure makes on-the-fly choices that were hoped to approximate
the above relations. Its approximations may in fact be good, since it always examines reasons for a particular con-
clusion in the same order, and so may reconstruct a previous extension subset if it had not really been affected by

27[DovLE 1979], [DoYLE 1980]
28[STALLMAN AND SUSSMAN 1977]
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the perturbation, but the procedures are complex enough to make this difficult to verify, and | bet there are counter-
examples. It may be possible to correctly minimize the symmetric difference by recording the previous statuses of
state components and attempting to reproduce them whenever choosing some partial revision, but that remains to be
explored. RMS is an excellent example of a program suffering from ill-articulated and possibly ill-realized aims, in
spite of conscientious care and labor in its design.

RMS employs non-chronological backtracking to avoid pursuing any state containing a contradiction.
RMS backtracks by finding an alternative extension of its current state; precisely, by finding a likely perturbation
and letting the ordinary revision procedures assimilate the perturbation. Unfortunately, here too | have no simple
exact characterization of the process actually realized by RMS. Moreover, contradictions are not absolute, in that if
RMS cannot find any alternative extension without the contradiction element (specifically, if it cannot be removed
by additions to the current set of reasons), RMS simply proceeds in a state still containing the contradiction. Another
difference is that while RMS recognizes and treats incoherence due to contradictions, RMS blindly fails to operate
when the set of reasons is otherwise incoherent.

RMS also interprets some of its records as “conditional-proof justifications.” These are counterfactual ju-
stifications, as in “I believé” because | would derive a contradiction were | to believe” These justifications can
be formalized in terms of comparative similarity relations on states. We interpret a conditional-proof justification
(AN B | C) |- D by saying thatD must be inS if C' C S’ for everyS’ € . such thatd C S’ C B¢ andS’ is
as similar as possible t8 under the chosen notion of similarity of states. Formalized in this way, conditional-proof
justifications are “oracles,” involving difficult computational problems that RMS avoided by means of a complex
half-measure. In any event, there are very interesting connections to be explored between the comparative similarity
relations one might use in interpreting conditional-proof justifications and the comparative similarity relations deri-
ved from conservation relations. Understanding these connections might aid the correct and efficient mechanization
of conditional-proof justifications.

§47. While our characterization of RMS suffered in accuracy due to the program’s inarticulate development, our
next application is much clearer. This is the logic of default reasoning as proposes byrRwhich turns out to

be related to the linguistic reasons the®tyn the logic of default reasoning, states are composed of two sorts of
elements: logical formulas, and defaults. Formdlly= D, & D, whereD; is the set of closed wffs of a first-order
logical languageC, D, is another set, and is the ordinary deducibility relation afi. The elements db; are called
statements, the elements®f defaults. All statements are trivially interpreted, and all defaults are interpreted as
special sorts of simple reasons involving only statements, specificallg iD,, Z(d) = PD, and ifd € Ds, there

are (possibly open) wffg, c € £, B C L, such that

Z(d) = {a} \ ~B |- {c} = [{{SCD|oacSC (~oB)Doce S},
ogeEX

whereo ranges over the sét of all substitutions of closed terms for free variables. We wrffeand, .S to mean
S ND; andS ND, respectively. The only general restriction on states is that their statements be deductively closed,
that is,

R={SCD|15=Th(9)}.

As before, A Exts = FGEzxts where for everyl € D andS C D,
Jd,S)={E|deFE O [deSV E-{d}r{d} Vv
deesEdo e X I(e) ={a} \ "B | {c}
AN oa€ EC(-oB) A d=oc}.

29[REITER 1980], [REITER AND CRISCUOLO1981]
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(47.1) DEFINITION. The Reiter-extensions 6f C D are setsEl C D; such thatl's(E) = E, where for each
X C Dy, T5(X) is the smallest set satisfying
(1)1S CI's(X)
(2) Th(T's(X)) =T's(X)
(3) Foreachd € xS ando € X, if Z(d) = {a} \ B |F {c¢},0a € T'g(X),and-eBN X =0,
thenoc € T's(X).

This definition rephrases in our language the definition of “extensions” givengbyeR. The equivalence of this
notion with our notion of admissible extension is seen as follows.

(47.2) THEOREM. S« Eiff 38 =9Fand 1 E =T5(1E).

PrROOFE (only if) Let S < E. Clearly, ife € o F, thene € S, since there are no reasonslinwhich support any
elements ofD,. SinceS C F, this means S = ; E. Now note thatF satisfies conditions (1)-(3) of the definition of
I's,soT's(1E) C E, hencel's(1 E) C 1 E. Next, since each elementy is trivially interpretedo EUT s (1 E) €
QEzts(S). But by the minimality ofE amongQFExts(S), E C sEUTs(1E), hence  E = T's(1 E). (if) Suppose
28 = oF andE = I's(1E). Since each element @ is trivially interpreted, this mean& € QFEuxts(S), so
Ay (S, E) C E. Now A, (S, F) satisfies (1)-(3) of the definition dfs, SOE C A, (S, E), henceE = A, (S, E)
andS< E. 1

Note that in the logic of defaults, statements of the object language may not refer to defaults, while no
such restriction is present in the theory of linguistic reasons.

§48.  The next example is the logic of propositional deduction as cast BAMESTER in his TMS2° The

principal motivation for this logic is the view that a reasdn\\ B |- C really meansA A =B 2 C, and that all

sources for reasoned assumptions lie outside the ordinary logical system. This motivation is captured as follows as
a special case of our formalization oERER’ s logic of defaults. As before, lef be a first-order logical language,

andD = D; @ D,, whereD; = D, is the set of closed wffs of. If d € L, we write ;d for its occurrence in

D, andad for its occurrence irDy, and as before, we writgS and»S to meanS N D; andS N D, respectively.

The elements oD, are called statements, the element®gfdefaults. If;d € Dy, Z(1d) = PD, and ifad € D,

Z(2d) =0\ {—1d} |- {1d} ={S CD| ~d ¢ S>1d € S}. Inthis special case of the logic of defaults, we have

for eachd € D andS C D,

J(d,S)={E|deEJdeS v E—{d}F{d} V deDiAsd €2E A ~d¢ E]}.

This logic weakens the logic for default reasoning by removing all power of discussing assumptions and their
motivations from the states themselves.

While this simple logical system may reflectdALLESTER' s intent for the logic of propositional deduc-

tion, he actually proposes a specific deductively weaker system, a modal logic of sorts. In that $sterthe
set of ground formulas of a first-order language extended with a modaliy and D; is the set of all formulas
of the formTrue(p) or —True(p), wherep is a ground formula of the non-modal first-order language. The idea is
that reasonsi \\ B |- C are translated aSrue(A) A ~True(B) 2 True(C), and this is carried out as follows.
In contrast to the preceding, we now define admissible states to be sets of formulas closed under a complex set
of inference rules, rules which together combine to produce something less than ordinary deducibility. Everything
except deducibility is defined as before, and we défirie be the deducibility relation generated by the following
abbreviations (explained immediately below).

1.6True(pVq) ® True(p) ® True(q)

2.0True(p) © True(pV q)

3.cTrue(q) ® True(pV q)

30[M CALLESTER1980]
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4.True(pAq) © True(p) © &True(q)

5.6True(p A q) @ True(p)

6.0True(p A q) © True(q)

7.0True(p2q) © ©True(p) © True(q)

8.True(p>¢q) © True(p)

9.True(p-q) © ©True(q)

10.True(—p) ® True(p)

11.5True(—p) © oTrue(p)
Herec and® are “meta-negation’ and “meta-disjunction.” Each of the above statements abbreviates several infe-
rence rules corresponding to the logical structure of the meta-formula. For exagipdhove actually stands for
the three rules

7.aTrue(p> q), True(p) F True(q)

7.bTrue(p), - True(q) - —True(p 2 q)

7.cTrue(p> q),~True(q) - —True(p)
Note the weakness of thiscompared with ordinary deducibility, in th@tue (p 2 ¢), True(—p 2 ¢) t# True(p). As
with RMS, the exact conservation relation realized bg M.LESTER' S TMS is not clear, but seems related to the
symmetric difference relation defined previously. Otherwise, the accuracy of this characterization of the weak logic
of propositional deduction is easy to verify, as the above formulas merely paraphrase the definitions and explanations
given by MCALLESTER, where we writeTrue (p) and—True(p) for his (p.true) and(p.false).

§49.  Our next example restates non-monotonic logic, one of the first formal treatments of reasoned assumptions.
Non-monotonic logic is based on the idea of phrasing rules for making assumptions in terms of logical consistency of
assumptions with other beliefs. This idea traces back t&¥RTHY and HAYES, who introduce but never develop
modalitiesNormally, Consistent andProbably for use in the ruléNormally (p), Consisten{p) - Probably(p).!

Later, McCDERMOTT and the present author developed the idea by providing a formal theory involving statements
of the formp A Mq 2 r, whereM here is a modality intuitively interpreted as logical consistency with other beliefs,
that is,Mp means—p is not a consequence of current belig&fSince then there have been other developments by
MCDERMOTT, STALLMAN , GABBAY , and MOORE We discuss these below as well.

We cast the initial non-monotonic logic as follows. [72tbe the set of sentences in a first-order language
extended by the unary modaliky. We let+ stand for ordinary deducibility, and define
R={SCD|S=Th(S) AVdeD[-deS VvV Md e S]}.
We make no nontrivial interpretations of elementdypfso.” = R. For eachd € D andS C D we define
J(d,S)={E|deEDdeS VvV E—{d}+ {d} v JecD-e¢ ENd=Mel}.

Finally, we letAEzts = FGEats, whereE € FGEuts(S) iff for eache € F there is a finite se€; C E and a
well-ordering<¢ of G such thake € G and wheneved € G, eitherd € S or there is a sel <g d with A - {d}
ord =M f for somef € E°.

(49.1) THEOREM. S < Eiff E=Th(SU{Md | —~d ¢ E}).

PrROOF (only if) AssumeS « E. By the admissibility ofE, {Md | -d ¢ E} C E, sinceS< E, S C E, and
sinceE = Th(E), Th(SU{Md | -d ¢ E}) C E. Butif e € E, then every grounding s€t for e contains a proof
of efromSU{Md | =d ¢ E}, soE C Th(SU{Md | ~d ¢ E}, henceE = Th(S U {Md | -d ¢ E}). (if)
SupposeF = Th(S U {Md | ~d ¢ E}). Clearly E € QExts(S). Furthermore, ife € E, every proof ofe from
SU{Md | —d ¢ E}is agrounding set fot in E, henceE € FGEzts(S). 1

31[M cCARTHY AND HAYES 1969]
32[M cDERMOTT AND DOYLE 1980]
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Thus a simpler characterization of the admissible extensiorsisfas the fixed points of deductively closiisy
together with all the “assumptions” of consistency not ruled out in the admissible extension. This characterization
also shows the equivalence of our definition with that afIMERMOTT and DoYLE, since this fixed-point formula

is exactly their definition.

(49.2) COROLLARY. AFEzxts = pAFEuts.

PROOF SupposéS < E, S< E',andE C E'.LetA = {Md | ~d ¢ E} andA’ = {Md | -d ¢ E'}. Since
E C E', AD> A’, so by the monotonicity oTh, E' = Th(SU A’) C Th(SU A) = E. HenceE = E'. 1

Unfortunately, this logic is too weak, in that it does not enforce the intuitive interpretatith & con-
sistency. For example, the set of axiofisP,M P} is perfectly consistent in this logic, and its sole admissible
extension contains no pair of contrary sentences. We can strengthen the theory to capture the intent by adding inter-
pretations for eacd € D of Z(Md) = {S C D | -d ¢ S = S = D}. With this added requirement, we remove
from . all elements ofR presenting an incoherent but not inconsistent notion of consistendy faut lose the
simple characterization of admissible extensions given in Theorem 49.1.

ExAMPLES. Here we use the strengthened logic.

(49.3) S={MP> P}, AExts(S) = {Th({MP2>P,P}U{MP, ... })}
(49.4) S={MP,—P}, AExts(S) =0

(49.5) S={-PM(PAQ)}, AEzts(S) =0

(49.6) S={MP2Q,-Q}, AExts(S) =0

(49.7) DeEFINITION. A setS C D has default form if every formula i is either non-modal or has only
non-iterated occurrences & in the formp AMq; A ... AMg, 2 r, for some non-modal formulasq, ... g,,r.

(49.8) THEOREM. If S has default form and < F, then for eachi € D, Md € E iff ~d ¢ E.

PROOF  Supposes has default form and < E. By the admissibility ofE/, Md € E'if -d ¢ E, so suppose
Md € E. ThenMd must have a proof fron¥ U {Me | —e ¢ E}. But sinceMd is not in default formMd ¢ S, and
similarly, Md cannot appear as a conclusion of Modus Ponens in such a grounding argumenlidenast be an
assumption, thatis;d ¢ E. 1

Unfortunately, a default form sétcan be incoherent even if its natural translatirn the linguistic reasons theory
is coherent. RITER'S example is the se§ containing just

p1 AMaq 2 q1 p2 AMgz 2 g0 p3 AMgs 2 g3
q1 - p2 g2 2 p3 q3 2 p1
q1 - G2 42 © g3 q3 = 7q1.

The translation of this$’, is a set of normal defaults, and so is coherent by Theorem 24.15 with exté&ris(sh).

But S itself is incoherent. To see this, suppoSed E. If Mq1,Mge,Mgs ¢ E, then—qi, g2, ~qs € E, but

these must be ungrounded, hence at least one assumption musEbé’icannot contain two or more of these
assumptions, since each rules out the previous one: for instaneg, i F, thenM¢, € E, hencep; 2 ¢ € E,
hence—q3 2 g1 € E, hence-q3z € E. But E cannot contain just one of these assumptions either, since one does not
rule out both of the other two, thus allowing a second. Therefotannot be coherent.

While the unwanted admissible states can be removed from the original non-monotonic logic by the sur-
gical addition of nontrivial interpretations for modal statements, the surgery leaves an ugly scar, in that we no longer
have a simple characterization of the resulting states. FortunatelgR¥ has discovered a better solution, which,
simply stated, defines admissible extension§ af setd” such that

E=Th(SU{Md|~d ¢ E}U{-M~d | d € E}).
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(See [MooRE1983].) This definition remedies the weaknesses of the original non-monotonic logic while retaining
a simple characterization of admissible extensions. We reproduce this idea by redefining the general r&triction
so that

R={SCD|S=Th(S) AVdeD[de S=-M-de S Nd¢S=M-deS]}

and by redefining7 so that for eacld € D andS C D,

Jd,S)={E|de E2deS Vv FE-{d}F{d}
V Jde€D d=Me A me¢ E
V JeeE d=-M-el},

with the corresponding redefinition @G Ezts. If we read—M - as “in” andM — as “out,” we see that MORE'S
requirement is to make admissible states omniscient about their contents, in that every admissibleostqietely
encodes the “in” and “out” sets, sinée= {e | -M—e € S} andS® = {e | M—e € S}. MOORESuggests renaming
non-monotonic logic as “autoepistemic logic” to recognize this sort of self-omniscience.

Other approaches were taken towards remedying the weaknesses of the initial non-monotonic logic, but
they introduced other problems and so are less attractive ti@mR¥ s solution. MCDERMOTT tried strengthening
the weak logic by adding axiom schema and inference ruleMfsimilar to those seen in classical modal logjc.
He considered systems corresponding to the modal 16gids S4, andS5 which employ the inference rules
MP:p,p2qtgq
Nec:ptHLp
(hereL abbreviates-M —) and the axiom schema

Taut : L (¢) for all tautologies:
K: L(p=q)2(Lp-Lgq)

T: Lp-op

S4: LpoLLp

S5: Mp 2O LMp

The resulting system includirdec, Taut, andK allows inference oM P from M (P AQ), something not possible in

the weak logic, and these additions maké> and—P inconsistent. But the incoherence{dfl P, - P} in the weak

logic is seen as a lack of self-omniscienceTs&4, andS5are added in one at a time to give the logic a description

of its own sense of provability. No convenient characterization of the power of the systems of non-monaodic

S4 are known, and unfortunately in the extreme case, these additions trivialize the logic by making all reasons in-
vertible in non-monotoni&5 That is, in the system witNec, Taut, K, T, S4, andS5we can conduct the following

proof:

1.MPOP hypothesis
2.L(MP2P) Necg 1
3.LMPOLP K,2,MP
4,L-P>-P T

5.POMP 4, tautologies
6.POLMP 5,S5 MP
7.POLP 6, 3,MP
8.PO-M-P 7, rewriting
9.M-P2-P 8, tautologies

Because of this, we cannot use the axibh® O P to express a preference thatshould be adopted beforeP,

since from this statement we can infdr-P 2 - P, the opposite “preference.” In fact, the motivations for the addi-
tional axioms seems to be to allow the logic to invert all of its reasoning by allowing the discussion of proof steps
within the language, and as we saw earlier, theories of invertible reasons are bound to be trivial (an observation only
made following McDERMOTT' s work).

33[M CDERMOTT 19824]
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Yet another approach toward strengthening the weak logic was explorediga® .34 Rather than add
in axioms specifically to remedy weaknesses, as in the modal logic extensiarsAG began with models for
intuitionistic predicate calculus. In these models, the set of beliefs is viewed as a set of theorems monotone nonde-
creasing in number with the passing of time. At each temporal instant in such middeis, interpreted to mean “it
is consistent at this instant to assume tRas true.” While these models permit a motivated development of natural
axioms and inference rules, they unfortunately trivialize the logicMd? > P is semantically equivalent with in-
tuitionistic ~P v P. Because of this equivalence, stating a “reason” Nk 2 P does not express any preference,
but only requires that every model of the axioms begin with onE of - P being held true, without saying which
one.

Realizing the inadequacies of the modal logic extensions of the weak non-monotonic logic, and discerning
the need for non-invertible reasons that express preferentes,. AN proposed an extension of non-monotonic
S5 which employs a unary modality, interpreted as “should be a theorem” in contrask t® reading as “is a
theorem 2 All of the inference rules and axiom schema of non-monot&%iare assumed, as is the new inference
rule Sp - p. This allows expression of defaults as statements of the kg Sp.

Itis unfortunate that 8ALLMAN ' s thoughts have remained unpublished, for they are very insightful. The
present author developed his ideas about ratiocinative desires as expressed in the attitudinal theories of reasoned
assumptions above by the fortuitous simultaneity of his attempts to express the logic of reasoned deliberation in
non-monotonic logic and his attempts to understand the varieties and possible improvements of non-monotonic
logics, during which he realized the possibility of identifying the “should” modality D4l MAN ’ S logic with the
notions of ratiocinative intentions or desires. This identification led naturally to the idea that the formal constructions
of non-monotonic logic might be plausibly motivated in decision-theoretic terms.

§50.  To back away from this preoccupation with logically structured agents, we consider some elements of
MINSKY's K-line theory of memory® Unfortunately, his theory involves many ideas beyond those we formalize,
SO our presentation is meager compared with his. One does not do justic®$e& ¥ S conceptions to suppose the
following representative of more than the simplest elements of his theory.

For MINSKY, the mind is composed of a set of “mental agents.” Each mental agent can be either active or
inactive, and states of mind are simply sets of active mental agents. We can identify the set of mental agents with
the domairD of the agent, and consider séts . to be the admissible sets of active mental agents.

The two specific sorts of mental agents we formalize here are K-lines and cross-exclusion networks. K-
lines are mental agents that, when activated, cause the activation of some set of other mental agents. We formalize
this by interpreting K-line agents as monotonic simple reasons. Specifically, for each Ktlitieere is some set
A C DsuchthaZ(KL) =0\ 0 | A.

A purely monotonic agent is not terribly interesting, and one source of non-monotonicity in this theory
is that of cross-exclusion networks. These are sets of mental agents which are mutually inhibitory. Further, cross-
exclusion networks facilitate “conflict resolution” by disabling or ignoring all members if two or more manage
to become active despite their mutual inhibitions. This disabling allows activation of “higher-level” mental agents
which can consider and resolve the conflict. We might formalize this by leftigbe the mental agent representing
a cross-exclusion networl) = {d;}?_, the set of mutually inhibiting member& = {e;}? , the indicators of
which competitor wins out, andCXNa mental agent representing the existence of an externally forced conflict. To
get the desired behavior, we deflBeCXN) = 0 \ {=CXN} |- D, Z(d;) =0 \\ E — {e;} |- {e;} for eachi, and
assume the existence of a “watchddyD such thaZ (WD) = {SCD | [Fi# j <n e;,e; € S]2 -CXNe S}.
This interpretation of/D cannot be expressed as a single simple reason, although it can be expressed as a set of
n(n — 1) simple reasons.

34[GaBBAY 1982]
35[STALLMAN 1981]
36[MINsSKY 1980]
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Finally, states of mind persist until changes are forced by inputs. It is impossible to treat persistence in
detail without first formalizing many parts of the theory too involved to discuss here, but we point out that persistence
is closely related to conservation, and its formal treatment may well take the form of transition comparison relations
for use by a conservative agent.

§51. Our final subject among theories related to reasoned assumptions@aMTHY’ s notion of circums-
cription.3” Circumscription has figured prominently in discussions of non-monotonic reasoning, for like theories

of reasoned assumptions, it formalizes certain patterns of unsound inferences important in artificial intelligence.
Unfortunately, previous discussions have never proved successful at satisfactorily relating the two notions, in spite
of their common motivations and superficially similar formal treatments. This section attempts an explanation of
this failure of understanding. We first present a description of circumscription in its own terms, as formulated by
McCARTHY. This is prelude to our main conclusion, that when closely examined, the notions of circumscription
and reasoned assumption are almost entirely unrelated, both conceptually and formally. This need not be an unhappy
conclusion, if one enjoys richness in one’s subjects of study. We conclude the section by sketching some practical
and theoretical aspects of agents in which the two notions are combined.

The idea of circumscription is that for each predicate occurring in a set of sentences in a logical language,
one can construct an axiom schema which states that the only truths involving that predicate are those which follow
from the original set of sentences alone. Put another way, the circumscription of some predicate states those conclu-
sions which hold in alminimal modelof the original set of sentences. For example, if the set of sentences states
solely that red and blue are colors, circumscribing the sentences with respect to the predicate “color” produces a
theory in which yellow is not a color. Since the sentences do not mention yellow, there are models of those sentences
in which yellow is not a color. Some of those are models in which red and blue are the only colors, so one of the
conclusions in the circumscription of the sentences is that yellow is not a color, indeed, that red and blue are the only
colors. This sort of inference is non-monotonic because if the original sentences are augmented with the statement
that yellow too is a color, the color-circumscription of the augmented set no longer contains the conclusion that
yellow is not a color.

(51.1) DeFINITION. Let A be a sentence (or conjunction of sentences) in a first-order language containing a
predicate symboP (x) = P(x1, ... ,xz,). Write A(®) for the result of replacing all occurrences &fin A by the
predicate expressiof. Then Cirg P, A), the circumscription o in A(P), is the sentence schema

A(P) AVx.(P(x) D P(x)) 2 Vx.(P(x) 2 P(x)).
We writeA uk-p q iff ¢ € Th({Circ(P, A)}).
McCARTHY observes that this definition can be extended to circumscriptions on two or more predicates simulta-
neously.

To illustrate this formalization, suppose we know only one red-haired person, our friend Jane. If we see
someone looking like Jane in the crude sense of merely being red-haired, we might, via circumscription, assume
that that person is Jane, she being the only person we know fitting that description. This inference is non-monotonic,
of course, since if we now learn that Jane has an identical twin sister Joan, we can no longer conclude that anyone
who looks like Jane is Jane. Expressed formally in terms of McCarthy’s circumscription, this example might be
translated as follows. We start with the set of axioms= {red-hairedJang} and circumscribe on the predicate
“red-haired” The circumscription of this predicate i is the axiom schema

®(Jang A Vz(®(z) 2 red-hairedx)) 2 Vz(red-hairedx) 2 ®(x)).

If we now substitute our only known instance of a red-haired person into this schema, that is, if we substitute the
formulaxz = Janefor ®(z), we get

Jane= JaneA Vz(x = Jane> red-hairedx)) 2 Vz(red-hairedz) © z = Jane.

37[M cCARTHY 1980], [Davis 1980]
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The first two parts of this formula are true, and simplifying it leaves the resulting assumption or “defauéti-hairedz) 2 = =
Jane which we can apply to any new person that looks like Jane (is red-haired). Yet this inference is non-monotonic,

in that if we add the new axiomed-hairedJoan) to A, we can no longer draw any such identifying conclusion. At

best, we can infer via another application of circumscription the less specific conciudi@d-hairedx) 2z =

Jane VvV z = Joarn).

(51.2) DeFINITION. LetM(A) and N(4) be models of the sentende We say thai\/ is a submodel ofV in
P, writing M <p N, if M and N have the same domain, all other predicate symbol4 bresides” have the same
extensions inl/ and N, and the extension d? in M is included in its extension ifv. The model\/ is minimal in
Piff N <p M onlyif N = M. The sentencél minimally entailsg with respect taP, written A =, g, iff ¢ is
true in all models ofd that are minimal inP.

(51.3) THEOREM (MCCARTHY-DAVIS). If A pkp g, thenA pl=, q.

PROOF Let M be a model ofA minimal in P. Let P’ be a predicate satisfying the left side@frc( P, A) when
substituted fod. By the second conjunct of the left sid@,is an extension of’. If the right side of the instantiated
circumscription schema were not satisfi@would be a proper extension &f. In that case, we could get a proper
submodelM’ of M by letting M’ agree with)M on all predicates excegd® and agree with?’ on P. This would
contradict the assumed minimality 6f. 1

(51.4) THEOREM(DAvVIS). There are satisfiable sentences with no minimal models.

PROOF Let A be the conjuction of the following four sentences.
(1) Va3y Suce(x,y)
(2) IyVz —Suce(z,y)
(3)Vz,y, z [Succ(x, y) A Suce(z, z) Dy = 2]
(4)Vz,y, z [Succ(y, z) A Succ(z,2) Dy = 2]
Every model ofA contains a submodel isomorphic to the natural numbers. But this submodel contains an infinite
chain of sub-submodels corresponding to the sets of natural numbers exceéatiegch natural numbér. Hence
A has no minimal model.

(51.5) THEOREM(DAvIS). There ared and P such thatd pl=, ¢ but notA ukp q.

PROOFE Let A be the conjunction of the following set of sentences.

(1) 3z Zero(x)

(2Q)Va,y [Zero(z) A Zero(y) 2z = y]

(3) VaIy Suce(z,y)

(4) Va,y [Suce(x,y) 2 ~Zero(y)]

(5)Vx,y [Zero(x) 2 Plus(x,y, x)]

6)Vz,y, z,u,v [Plus(z,y, z) A Succ(y, u) A Succ(z,v) 2 Plus(z, u,v)]

(7)Va,y [Zero(y) 2 Times(z, y, y)]

(8)V,y, z,u,v [Times(x,y, z) A Succ(y, u) A Plus(z,z,v) 2 Times(z, u,v))

9) Va,y, z [(Zero(x) V Succ(y, x) V Plus(y, z,x) V Times(y, z,x)) 2 Number(z)]
It is easily seen that there is a unique minimal modeldpfnamely the standard model of arithmetic. Hence
A 1 Numper @ 1T ¢ is @ true sentence of arithmetic. But the element§'ofc(Number, A) are recursively enu-
merable, while the truths of arithmetic are not, hence there are circumscriptively true but underivable sentences.
|

| have repeated these definitions and theorems virtually verbatim from their sources, both because they
are worth knowing, and to emphasize the intimate connection they illustrate between the circumscriptive rule of
inference and the notion of entailment in minimal models. This is important, for in my view circumscription is
a natural and proper topic within the main tradition of mathematical logic. The heart of standard mathematical
logic is the study of the entailment relation: When do the models of one set of sentences include the models of
some other set of sentences? Analyzing these relations between sets of models leads naturally to analyzing the
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structure of the class of all models, and as in most mathematical fields, there are natural orders relating the objects
of study. In model theory, the model-submodel relation is one such order, so circumscription arises naturally when
one studies entailment from the viewpoint of the model-inclusion order. Circumscription would arise naturally in
mathematical logic even if no one cared about psychology, even if no one cared to mechanize intelligence. The
notion of circumscription is logical, not psychological.

On the other hand, the notion of reasoned assumption is psychological, not logical, at least as far as
standard mathematical logic is concerned. Consider the theory of simple reasons. This theory captures essentially
all the principal motivations and characteristics of reasoned assumptions, but few logical notions are in evidence.
Instead, the important notions are the psychological concepts of intention or desire, and of economic or decision-
theoretic tradeoffs between simultaneously unsatisfiable ratiocinative desires and intentions. Questions of entailment
and deducibility are not prominent; questions of utility and feasibility are. One can, of course, view state components
as axioms and admissible extensions as sets of theorems, but the existence of interesting finite agents realizing these
theories belies the identification, for no familiar logic has only a finite language, or has as little structure among its
sentences as do some perfectly rigorous simple reasons dgents.

These disparate notions have been confused because of the circumstances in which they were developed.
Theories of reasoned assumptions can take logical form, as seen in the linguistic reasons theory, and their first formal
treatment was in non-monotonic logic, which as we observed previously, attempted to phrase reasoned assumptions
in terms of logical consistency with sets of axioms. Since only logical terms appeared in that development, non-
monotonic logic claimed logical status. Thus on one side, the properly psychological notions masqueraded as logical
notions. But on the other side, the properly logical notion of circumscription found billing as a psychological notion,
at least in artificial agents. Circumscription, of course, has application in certain psychologies, but that no more
makes it a principally psychological notion than does the prevalence of carbon-based chemistry in human brains fit
carbon for psychological prominence. It is instructive to compare the case of Modus Ponens. From a psychological
point of view, circumscription and Modus Ponens are equally relevant, and equally foreign. Both are concepts
from mathematical logic whose mechanizations find application in implementing certain psychological functions
in certain agents. In this respect, circumscription is at a disadvantage because it is less mechanizable than Modus
Ponens, and because much less is known about how and when to fruitfully apply it. But discretionary use of these
techniques in implementing psychological functions does not make them crucial for psychological problems or
make them psychological notions per se. There is really no more (and no less) need to “explain” the connection
between circumscription and theories of reasoned assumptions than there is to “explain” the connection between
Modus Ponens and theories of reasoned assumptions.

The issue is further complicated by the deductivists in psychology and the psychologists in logic. De-
ductivists are those who, in carciature at least, view all psychological problems as questions of formulating the
appropriate logical axioms so that all mental activity can be phrased in terms of deductions from these axioms. As a
claim about interesting psychologies, this view is either preposterous or trivial, depending on how one interprets it.
As a methodology for how to conduct research in artificial intelligence, it is much less preposterous or trivial, but not
without its problems. Psychologists in logic are those who, again in carciature, view logic as the study of the “laws
of thought,” a more general view than that taken in standard mathematical logic, and one which leads to all sorts
of extensions of logic to incorporate psychological concepts. As a methodology, emphasizing logical investigation
of psychological concepts, this view too has its merits, however distasteful the abuse of the term “logic” is to those
with classical views. But as a thesis that there are laws including and beyond those of logic that must be common to
the psychologies of all rational agents, the claim is unsubstantiated and very suspect, not only due to the diversity of
imaginable psychologies, but also because the notion of a natural, universal standard of rationality is itself suspect.

It is important not to misconstrue this discussion of the psychological or logical centrality of certain
notions as an attempt to mark boundaries between these fields, or to require labelling of all notions in terms of
recognized disciplines. Topics in one field metamorphose into topics in the other quite frequently. But psychology’s
main aim is to study agents, their minds and their actions, and standard logic’s main aim is to study truth itself. The
two should not be identified lightly.

38Indeed, from the viewpoint of psychology, even the formal notion of axiom acquires nonlogical force, since the word word “axiom” derives
from the Greelaxiomaandaxios words for worth or value and things thought worthy or valued.
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Let us turn from distinctions to connections. On the practical side, almost nothing is known about when
to circumscribe (in advance? when stuck?), what to circumscribe (all of the agent’s beliefs? just a few?), how to
circumscribe (mechanize mathematical induction?!), and when and how to retreat from circumscriptively obtained
conclusions. The ideas extant (but mostly untried) run as follows. The preferred way of organizing logically-based
agents these days is in terms of multiple, mutually referential theories; in the extreme, separate theories for each
component for each concept, purpose, and activity of the d§émthese contexts, circumscription seems suited to
the formulation of defaults, which are then treated by the methods of reasoned assumptions. For example, one con-
structs a logical theory axiomatizing some concept, say rowboats. This “definitional” theory is usually incomplete,
say by stating that the boat either can be rowed or lacks oars. One might employ circumscription to complete the
theory, computing all the main conclusions that follow in which the boat lacks any probfefhse conclusions,
such as the presence of oars, the soundness of the hull, etc., can then be added to the definitional theory in the form of
default rules, making the assumptions whenever not specifically ruled out. Similarly, one might use circumscription
“on demand” in problem-solving situations by routinely taking the statement of the problem and using circums-
cription to compute all the basic facts, for example definite lists of all objects and all predicate extensions, making
those not already believed to be reasoned assumptions whose qualification is that nothing new is learnt about the
problem formulation (new in the sense of not entailed by the initial formulation and hence in contradiction to the
assumptions).

On the theoretical side, one can attempt to connect circumscription and reasoned assumptions in several
ways. First, one can formulate the definition of something like inevitability in terms of circumscription. Here one
has axioms stating the presence or absence of some state components, and other axioms giving the interpretations
of state components and general restrictions (in other words, embedding the theory of reasoned assumptions in the
agent’'s own language). Circumscribing these with respect to the “present” predicate on state components yields
conclusions about what must hold in all minimal models of the axioms, about what components are inevitable given
the initial components. Unfortunately, | do not know whether one can make this suggestion precise in any interesting
way.

(51.6) QUESTION. Assume a linguistic reasons agent is axiomatized in the suggested way, and stippose
L has admissible extensiod€, ..., E,}. Is it the case that circumscribing the axiomatization with respect to
“present in the state” implies (or even is equivalent wig)E, v ... V A E,.?

Another possible connection is to consider circumscribing a set of linguistic reasons with respect to all
predicates at once. One expects this to contain more conclusions than the intersection of all admissible extensions,
simply because the circumscription will try to complete all predicates, while the reasons in the state will only
complete certain predicates with respect to certain instances.

(51.7) QUESTION. SupposeS C £ in a linguistic reasons agent is coherent. Does the circumscriptiofi of
with respect to all predicates properly include all sentenceS)iA Exts(S)?

More generally, we can ask for characterization of those psychologies in which important psychological
notions match interesting logical notions “in the limit.” The obvious candidate is minimal psychological entailment,
even though it is not terribly important in the preceding development.

(51.8) QUESTION. Inwhat sorts of logically based psychologies is minimal psychological entailment the same
as minimal entailment?

Note that these questions are still problems for correct formulation rather than simply resolvable conjectures.

39See, for example, [WYHRAUCH 1980], [KONOLIGE AND NILSSON 1980], [DoYLE 1980].
40There are sometimes computationally tractable ways of doing this, see for exarspte R 982].
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V. Conclusions

§52. We have come to the end of this story, even though there is still much to tell. In the preceding we explored the
principal approach taken in artificial intelligence to the problem of acting with only incomplete information, that of
employing rules of thumb for making and revising assumptions. We interpreted these rules of thumb as ratiocinative
desires about when to be or not to be agnostic, how to resolve ambiguities, and when to abandon previous assump-
tions. We presented a mathematical framework in which each of the constituent ideas underlying applications of the
approach could be individually introduced and analyzed. Within this framework we provided mathematical seman-
tics for ratiocinative rules of thumb, which one might call “admissible state semantics” since the meaning of each
reason is a set of sanctioned “admissible” states. The formal basis allows mathematical formulation and proof of
many conceptions previously known only to folklore, and we stated and proved a number of these results. However,
compared to the probabilistic approaches common in other fields, theories of reasoned assumptions are still near the
beginnings of their development. | am acutely aware of the essential triviality of some of the results presented, but
allow that a new field must begin somewhere. Nevertheless, some of the results are conceptually important, whate-
ver their mathematical depth, for instance Theorem 27.16, the strong validity-optimality of admissible extensions.
Hopefully the formal basis will permit deeper understanding of the issues involved, since now many questions of
formulation can be treated technically rather than merely debated philosophically, and perhaps permit attack on the
important practical questions about efficient mechanizations of conservative agents.

Many topics have been left for treatment elsewhere, either receiving no mention or only passing mention
in the preceding. Among these come a development of the evolutionary theory in terms of the global structure of
trajectory space; treatments of the abstract notions of reflection and conservatism used here concretely; relations
of ideas discussed toARNAP’ s theory of probability, \CEY’ s theory of conclusions, EvI’s epistemic actions,
SHAFER's theory of evidence, andawis’s theory of counterfactual¥; and development of practical revision
systems satisfying attractive conservation specifications.

§53. While | have tried to draw connections between the methodologies of artificial intelligence and other
fields, | have tried to avoid methodological debate within artificial intelligence itself, and hope a very few words

of explanation will be tolerated. It is easy to misunderstand the work presented in the preceding, for its aims are
somewhat different than those usual in artificial intelligence. The preceding does not attempt to solve a problem
in the usual sense. It offers no new algorithms for realizing mental functions. Instead, its aim is to understand
the problems and approaches already known. This involves the mathematician’s methodological suspicion that the
original formulation of a notion may not be the best one, and that better formulations may permit deep analysis
where only complexity reigned before. | call this enterprational psychologythe investigation of psychology by

reason alone, choosing this name after the example of rational mechanics. | say no more here, as details may be
found elsewheré?

41[CARNAP 1950], [DACEY 1978], [LEVI 1967], [SHAFER 1976], [LEWIS 1973]
42[DoYLE 1982], [DoYLE 19834]
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Table of Symbols

Symbols appearing in the text are listed below in three groups. First are ones in the roman alphabet
(alphabetically), second are ones in the greek alphabet (alphabetically), and third are other symbols. Some symbols
appear more than once to avoid confusions about ambiguities of classification. The text also standardly uses the
lettersa, b, ¢, d, e, f, g to mean elements @, the lettersA, B, C, D, E, F, G, S to mean subsets @, andE, S to
mean sets of subsets Df

AE A posterioriextent

AFEuxts Set of admissible extensions

Alt Set of alternative states in backtracking

B¢ ComplementoB inD,i.e.D — B

CcE Conditional extent

D Domain of an agent’s states

& Relative frequency of element in distribution

Exts Set of extensions of a set

E Extended transition function (Epsilon)

FGExts Set of finitely grounded extensions

GFEzts Set of grounded extensions

z State admissibility interpretation function

J Extension admissibility interpretation function

L “Provable” modality

L A logical language

M “Consistent” modality

m Measure function

N Natural numbers

NP Class of non-deterministic polynomial time computable functions
o Complexity order class

P Power set

P Class of deterministic polynomial time computable functions
#P Class of non-deterministic polynomial time countable functions
Pr Probability

Prh Probability of coming to hold a component

o Set of component-admissible states

QFzts Set of component-admissible extensions

R Real numbers

R Global restriction on admissible states
S STALLMAN ' s “Should” modality

S Set of admissible states

T Trajectory space of a system

Th Closure of a set with respectito

u Universe of a set

V Set of valid reasons

Kernel transition function

Full transition function
Symmetric set difference
Extended transition function
Elements generated by all ranks
o Elements generated by rank

> D@

= = M
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Minimization operator

Circumscriptive deducibility relation
Minimal entailment relation

Minimal psychological entailment

Minimal psychological derivability
Transition minimization operator (“nearest”)
Set of closed term substitutions

Well-ordering ofG
Comparison of transition sizes

Comparative similarity relation aboist

Symmetric set difference
Extensions of sets

Admissible extensions
Quasi-quotes

Reason interpretation

Deducibility relation
Circumscriptive deducibility relation
Entailment relation

Minimal entailment relation
Psychological arguability relation
Psychological entailment relation &
Psychological derivability relation
Minimal psychological entailment
Minimal psychological derivability
Direct (disjoint) sum

Direct (Cartesian) product
“Meta-negation,” se§48
“Meta-disjunction,” se€48

Class of non-deterministic polynomial time countable functions
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