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Abstract

Deductiverepresentations are well defined, easily
inspected, and precise. However, they are also
brittle, inflexible and difficult to debug. We pro-
pose a plausible representation whose inference
mechanism is weaker than its deductive counter-
part. This will allow it to reason with knowledge
which is less precise, and replaces the notion of
global consistency, with the weaker constraint of
local consistency in its explanations!,

1. PI-EBL approach

There are many advantages to a reasoning model based
on a declarative representation of world knowledge. Such
Tepresentations may be leveraged by many knowledge in-
tensive mechanisms: it can be communicated to other
agents, multiple models can be combined, parts of a model
can be isolated and independently verified, etc. Because
deduction is well understood it is natural to ground these
models in a deductive framework. Requiring all knowl-
edge to be expressed in a deductive form is restrictive, and
causes systems to be very brittle. Connectionist ap-
proaches, on the other hand, are not based on such a re-
stricted language, which is a source of their flexibility [Ru-
melhart86]. The symbolic/connectionist distinction may
appear unimportant since the sources of knowledge poten-
tially available are the same. However, research in connec-
tionism is impeded by its representation—its very difficult
to understand what abstract principles are revealed by a
connectionist solution to a problem. The advantages of
both approaches can be achieved by a reasoning paradigm
based on an explicit world model (like symbolic ap-
proaches) using a non—deductive representation (like con-
nectionist approaches). Research is facilitated by such a
paradigm, high-level knowledge intensive mechanisms
can be more easily constructed, and the principles underly-
ing their success are much more available for inspection.
In this paper we introduce a logic of plausible reasoning
withthese desired properties. As indistributed connection-
ist systems, our approach crucially involves learning
through observations of the world..
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The Explanation Based Learning paradigm is extended
to support learning over our logic of plausible reasoning.
EBL is a learning mechanism which combines a model of
the world with examples to construct explanations which
can be later used to reason about the world [DeJong86,
Mitchell86]. Like other knowledge intensive mechanisms,
it gains its strength from its explicit world model. Much of
EBL’s potential as a methodology has not been tapped,
however, because the knowledge representation it uses is
too restrictive. For example, EBL’s restriction to symbol
level learning is due to its base representation, not an in-
herent restriction on the EBL paradigm. (Symbol level
learning adds no new knowledge but simply makes some
knowledge easier toderive [Dietterich86].) EBL’s limited
use of its training examples is also traceable to its base re-
presentation. The flexibility of any architecture depends,
in large part, on the representation language it uses, nomat-
ter what high level task is being performed. We present a
plausible representation and inferencing mechanism as an
alternative to classical deduction. The flexibility of this re-
presentation is demonstrated by using the Plausible Infer-
encer as the explanative component for an Explanation
Based Learner (PI-EBL). Through its flexible representa-
tion PI-EBL overcomes EBL's deficiencies mentioned
above, and acquires some advantages associated with both
connectionism and traditional induction by greater use of
its training examples.

2. Motivation Of Plausible Theories

Deductive frameworks are not sufficient as a knowledge
representation mechanism. Their deficiency stems from
their precision. Knowledge placed in a deductive frame-
work must be valid—true for all possible examples. This
is a problem since much of the knowledge a reasoner must
deal with is true for most but not all examples; such knowl-
edge cannot be used in a deductive framework. The impos-
sibility of representing real worldknowledge in adeductive
theory is noted by McCarthy as the qualification problem
[Genesereth87, McCarthy69]. The qualification problem
states that any universally quantified implication will need
a large (infinite) number of preconditions to exclude all
possible exceptions. The reader may be convinced by con-
sidering the implication: Bird(x) — Fly(x) . Correcting
this rule to handle exceptions would require adding
Alive(x) , — Penguin(x) . Sane(x) , etc. as conjuncts. Of
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course such a deductive theory is not practical. The tradi-
tional approach to this problem is to translate the original
domain into a micro-world which is consistent with the
original domain to a fixed level of detail. Because the mi-
cro-world does not reflect all details of the real world, it is
finitely describable using a deductive theory, thus a deduc-
tive theory may be employed. The disadvantage tothis ap-
proach is that the model is really a model of the micro-
world not a model of the original domain. The reasoner
using such a theory has no recourse if some important por-
tion of the domain is not modeled in the micro-world.
Thus, the micro-world must be complex enough to handle
the most detailed example encountered by the reasoner.
This forces the entire system to represent and reason using
this detailed and complex theory for all examples, even
those which can be handled using a much simpler theory.
Adapting the theory to handle one additional special-case
example can easily result in many previously tractable
problems to becoming inaccessible. Furthermore, simple
theories which make different assumptions (based on dif-
ferent micro-worlds) cannot be directly combined because
the resulting theory would likely be internally inconsistent.
This is a stifling restriction since different micro-worlds
(consistent micro-theories) will be useful in reasoning
about different problems. Combining inconsistent micro—
theories into a single consistent micro-world will result in
a theory which is too precise, it is too precise because the
closure of these micro-theories contain many facts incon-
sistent with other micro-theories, and the combined theory
must be consistent with only one of these choices. Because
the combined theory is deductive it must specify exactly
how its component theories interact, even whenthe interac-
tions are uninteresting parts of the deductive closure. Using
a micro—world forces the theory to make predictions (by
way of its deductive closure) about hypothetical situations,
most of which are not relevant to the goals of the reasoner.
No deductive chain of inference no matter how complex
may be inconsistent with any other over the entire theory.
Requiring the theory to be internally consistent without
gaining consistency with the world gains us little power at
the great expense of scalablity. A reasoner using deductive
knowledge cannot accept any knowledge about the world
until all the interactions with the closure of its current
knowledge are precisely specified. This restriction is unac-
ceptable. Avoiding this restriction and its fixed level of de-
tail forces us to abandon the micro-world approach.

Non-monotonic theories provide a mechanism for rea-
soning with incomplete knowledge [McCarthy86, Reit-
er80]. McCarthy’s Abnormal(x) predicates allows one set

ofrules which derives aconclusiontooverride anotherrule.
Like deductive theories, however, the sentencesentailed by
anonmotonic theory are still precisely defined without any
examples needed to disambiguate inconsistencies. The
whole notion of circumscription makes precise the closure
of a non—-monotonic theory. In order for a representation
tobe an effective alternative tothe micro-world approach,
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it must incorporate a means of trading the complexity/pre-
cision of a theory against its faithfulness tothe world. This
means the reasoner cannot close knowledge base (it cannot
assume it has complete knowledge of the domain). Instead
the world must be left open. Inferred knowledge should be
used as suggestions to be empirically verified, rather than
theorems with are necessarily true.

3. Representation Of Plausible Theories

Plausible domain theories are syntactically similar to a
set of implications. Semantically they are quite different,
however, since the theories are not deductive. The theories
must suggest possible relationships between concepts
without entailing them. Semantically the plausible domain
theory may be interpreted as deductive implications with
missing preconditions. The missing preconditions are col-
lectively called the implicit context of the implication. The
implicit context is the set of additional constraints suffi-
cient to guarantee that the plausible implication deductive-
ly holds. Thus we refer to plausible implications as influ-
ents to emphasize the idea that the consequent is
influenced, but not entailed, by the preconditions. Assert-
ing an influent specifies that its preconditions are relevant
todetermining its consequent in some contexts. An influ-
ent also specifies the direction of influence between the
preconditions and consequent, and they may be positively
ornegatively related. These influents provide the basis for
representing PI-EBL domain theories.

Influent: P>0

Meaning: IA P —Q
Implicit Context

Figure 1: Semantics of an Influent.

4. Plausible Inferencing

To build explanations from a plausible domain theory (a
set of influents) we need an inference mechanism. Influ-
ents may be combined with other influents in the same way
deductive implications are chained together. Unifying a
precondition of one rule with the consequent of another
provides the first influent inference mechanism. Chaining
influents in this fashion may result in explanations with im-
portant preconditions not explicitly represented since each
influent has an implicit context which also must be satis-
fied. Other chainings which derive this conclusion or its
negation will also have missing preconditions based on the
implicit contexts of its influents. The missing precondi-
tions of the other explanations are likely to be very differ-
ent, thustogether these chainings could provide an explana-
tion which is predictive over a greater range of examples.
This is the motivation for the second inference mechanism,
the join, which allows combining several influents with the
same consequent (or its negation) into an influent set. The
influent set contains no information regarding the applica-
bility of its component influent chains but it does guarantee



that there is some combination of these chains which cor-
rectly predicts the conclusion of the influent set over the
relevant problem distribution. Unlike the chaining infer-
ence mechanism, the join mechanism only partially speci-
fies the function mapping preconditions to conclusions.
Plausible explanations are generated by repeated applica-
tion of these two inference mechanisms. Because of the in-
fluent sets within a plausible explanation it cannot be used
to directly make predictions about its conclusion. The
meaning of a plausible explanation is analogous to the se-
mantics of Stuart Russell’s determinations [Grosof89],
both serve as a specification of the set of determining fac-
tors for some value in the domain. A plausible explanation
specifies that its leaf preconditions determine its conse-
quent, without completely specifying the mapping. Unlike
Russell’s determinations, however, there is no guarantee
thataplausible explanation actually does determine its con-
sequent because nothing is known about its implicit con-
texts. Soa plausible explanation must be empirically veri-
fied by checking that it is consistent with examples from the
domain before it can be accepted as a plausible theorem.

Let O be the set of observations.

Many different explanations can be conjectured for the
same observed behavior. Ideally, the most plausible expla-
nations are generated first. If these are empirically rejected
(ie. the observed data contradicts them) the next most plau-
sible explanation is hypothesized and so on until some hy-
pothesis is empirically confirmed. Generation of plausible
theorems is more complex than its deductive counterpart
since is combines both anal ytical and empirical constraints.

In order to inductively learn a plausible theorem our rea-
soner must accept and reject potential explanations based
on examples. This is challenging since the influents that
makeup the explanations can be neither confirmed nor re-
jected based on empirical evidence since we can never
know if their implicit context is satisfied. As yet we have
no restriction that a plausible explanation accurately pre-
dicts the world, it is this restriction which makes plausible
explanations testable. Thus we define a plausible theorem
to be a plausible explanation which contains influent sets
which satisfies the three properties shown in figure 2 relat-
ing it to the set of observations. As shown in the figure an

Let A and D be the preconditions of the affirming and denying influents in the influent set I.

Let ¢ be the conclusion of the influent set I.
LetP=AuD.

Sat(predicate, observation) is true iff the predicate was satisfied in the particular observation.

Def: 1isdeterministic on O iff

Vo,0, € O (Vp € P Sat(p,0;) = Sat(p, 0,-)) — (Sat(c,oj) = Sat(c,oj))

Def: 1is predictive on O iff
—do,0, E0;A'C A
(Vp € P4’ Sarp,0) = Sat(p, 0)) A

(Va € o' —5ara,0) A Saa,0)) A Sar(c,0) A = Sar(c,0)

=3o,0, € O;D'C D
(Vp € PO’ Sat(p, 0) = Sat(p, 0)) A

(Va € D' —Sat(a,0) A Sa(a, oj)) A —Sat(c,0) A Sai(c,0)

Def: 1isrelevant on O iff
Vp € P Jo;,0, € O
(Vr € P\p Sai(r,0) = Sar(r, o,-}) A

(Sat(p,oi) = Sa!(p,oj)) A (Sat(c.of) # Sal(c, oj))

Figure 2. Consistency properties of an influent set.

influent set is deterministic if its consequent is completely
determined by its preconditions with respect to the set of
observations. There cannot be two observations which
agree on the truth value of all of the preconditions but do
not agree on the truth value of the consequent. This is the
same constraint which Stuart Russell’s determinations
have. The second consistency property is predictiveness.
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When an influent is needed to distinguish between two ob-
servations, the influence it has on the consequent must be
in the predicted direction. If two observations differ only
in the truth values of the preconditions of several positive
influents then the consequent must be true when those pre-
conditions are true. This constraint ensures that positive
values assigned to the preconditions can only have a posi-



tive effect on the consequent. The analogous negative rela-
tionship must also hold for negative influents. The final
consistency property is relevance. An influent set is rele-
vant over a set of observations if the preconditions of each
influent are necessary for uniquely determining the value
of the consequent. In effect, no influent superfluous to the
set of observations is permitted; each influent must be the
determining factor in some circumstance otherwise it could
be eliminated from the explanation with no effect on the
learned function. Relevance is required since it disallows
plausible theorems which are correct in the sense that their
preconditions determine their consequent, but are useless
since they have so many irrelevant influents. Any explana-
tion that satisfies these three properties determines a func-
tion which can be used to model the domain. This is PI-
EBL'sultimate goal. Thusthe PI-EBL approachis a search
for plausible theorems—explanations which are empirical-
ly shown to be deterministic, predictive, and relevant.

5. Reasoning With PI-EBL

A fault found with traditional EBL is its limited use of
training examples. Examples are much more central toPI-
EBL learning. The PI-EBL approach has aspects of tradi-
tional induction, but it is not a hybrid system in the sense
that it can be easily decomposed into these separate compo-
nents. Because of the homogeneity of the approach, aspects
of both approaches are intertwined in its learning. The
plausible inferencer is used to explain the value of the pred-
icate of interest in the system’s observations. Observations
are alsoused to verify orreject hypotheses generated by the
inferencer. This is done in a generate and test fashion. If
anobservation presented to the system causes failure of the
current hypothesis to be deterministic, predictive, or rele-
vant over the set of observed examples, then the hypothesis
is rejected and the inferencer is used to generate another
plausible explanation. As plausible explanations are being
generated and monitored for correctness the observed ex-
amples are used for yet another purpose. For every influent
set in the plausible explanation there is a function mapping
the the preconditions of the influent set to its consequent.
Observations are used to constrain these functions. This
use of the observations is more similar totraditional induc-
tion since they are used tolearn a function with fixed attrib-
utes (preconditions of the explanation). Even here, howev-
er, the explanative structure is relevant since it constrains
the function being induced; it must be consistent with the
plausible explanation.

The plausible inferencer builds explanations of the ob-
servation in much the same way that traditional EBL ex-
plains the observations it is given. Unlike EBL, the PI-
EBL approach admits multiple incompatible explanations
of the same goal concept. Because of their implicit context,
the predictiveness of these explanations will vary greatly,
which places great importance on the order that the plausi-
ble inferencer uses in generating its explanations. Since
these explanations bias PI-EBL’s learning, constraints on
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their order provide an ordering bias for the entire PI-EBL
system. The a priori chance that an explanation is atheorem
can be approximated in several ways. The size of the expla-
nation is useful, larger explanations generally must satisfy
a larger implicit context so they are more likely to fail.
Another promising estimator of predictiveness can be
derived by combining the predetermined predictiveness of
each of the influents in the explanation.

6. Learning Example

We present a simple example of the PI-EBL learning al-
gorithm tosupplement its description and as a concrete ex-
ample of its advantages over traditional EBL.

Clawed(x) > Bird(x)
Feathered(x) > Bird(x)
Immobile(x) > Fly(x)
Dead(x) > Immobile(x)
Bird(x) > Fly(x)

Figure 3: Plausible Domain Theory

Figure 3 shows a plausible domain theory which is used to
predict which objects fly. The theory is plausible since it
draws contradictory conclusions about immobile birds.
Each of the influents are plausible in the sense that they
have many exceptions. We will demonstrate how an agent
can use the remainder of these influents torectify one of the
missing preconditions in the Bird(x) > Fly(x) influent.
For reasons external to the PI-EBL algorithm assume the
reasoner needs to learn which objects are likely tofly. The
first example seen by the agent is a clawed, feathered bird
which can fly. This is explained using: Clawed(x) >

Bird(x) > Fly(x). This explanation is rejected when the

agent sees a clawed, hairy bear which cannot fly. The next
most a priori plausible explanation chosen is consistent
with the examples seen: Feathered(x) > Bird(x) >

Fly(x) . Even this explanation is insufficient in explaining

ahunterstrophy: adead bird with feathers and claws which
cannot fly. As before, the explanation is rejected and the
next most a priori plausible explanation is generated. Fig-

Dead(x) Feathered(x)
i
Immobile(x) Bird(x)
\_‘ /
Fly(x)

Figure 4: Plausible Explanation

ure 4 shows the next explanation, it has an influent set com-



posed of two influences at its top level. There are twofunc-
tions mapping deadness and featheredness to the ability to
fly which are consistent with this plausible explanation.
One predicts dead, feathered objects fly, and the second
function predicts that they donot. Both are consistent with
the theary but only the first is consistent with the hunter’s
trophy so it is accepted. There are actually sixteen func-
tions which accept two boolean variables, but only two of
the sixteen functions would cause the explanation to be de-
terministic, predictive, and relevant over examples consis-
tent with the function. If the explanation is insufficient to
cover some example (it is not deterministic over the exam-
ples) then a new explanation is generated, and so on, until
enough examples are seen that are consistent with this ex-
planation. Atthis pointit is accepted as a plausible theorem
along with the classification function mapping the leaves
of the explanation to its consequent.

Bird(x) > Fly(x) is missing the precondition “not
dead”. This is rectified by combining it in an explanation
dealing with immobility. The missing precondition was
“added” by building the composite explanation. If
Bird(x) > Fly(x) is later used in another explanation its
simplerform may be used. Thisis important since it is quite
likely that the dead bird exception will be irrelevant (as will
the hundreds of other exceptions). As we discussed earlier

the deductive version: ... A = Dead(x) A Bird(x) >
Fly(x) would force the system toreason about all those ex-

ceptions at all times. Plausible explanations allow the rea-
soner to correctly handle these cases without forcing all
reasoning to be done at this level. Notice the imprecision
in the plausible theory, the theory does not specify which
of the two competing sub—explanations would prevail if
both had their preconditions satisfied. Of course if that lev-
el of detail were known it could easily be specified. The im-
portant point is its possible to specify that featheredness re-
lates to flying and deadness relates to flying without
precisely specifying all possible interactions between the
knowledge. The importance of this simplification in-
creases as the theory increases in complexity because the
number of possible interactions increases dramatically
with complexity, and many of these interactions need not
be dealt with by the reasoner since they will never occur in
practice. Even if all necessary distinctions were known, ex-
panding a plausible theory into a deductive theory would
cause duplication. As it stands now Dead(x) >

Immobile(x) can be used as an exception to flying, walk-

ing, swimming, dancing, etc. If it were written as a deduc-
tive theory the same exception would need to be placed ex-
plicitly in the preconditions of many rules.

7. Conclusions

The advantages of knowledge intensive approaches are
well known. A reasoner using a plausible model instead of
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a deductive model will retain these advantages, but avoids
the unnatural constraints of global consistency and preci-
sion of traditional deductive systems. This is very impor-
tant because the agent may accept and reason with new
knowledge without completely understanding all possible
interactions with existing knowledge. The PI-EBL ap-
proach, because of its representation, allows very simple
and imprecise theories to be made precise by learning how
the plausible knowledge interacts from actual world obser-
vations (examples). In this way the agent can boot—strap it-
self into specialized domains by combining relevant por-
tions of very general theories, thus building a specialized
theory which is adapted empirically.
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