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Abstract 
There are two common but quite distinct interpreta- 
tions of probabilities: they can be interpreted as a mea- 
sure of the extent to which an agent believes an asser- 
tion, i.e., as an agent’s degree of belief, or they can be 
interpreted as an assertion of relative frequency, i.e., 
as a statistical measure. Used as statistical measures 
probabilities can represent various assertions about the 
objective statistical state of the world, while used as 
degrees of belief they can represent various assertions 
about the subjective state of an agent’s beliefs. In this 
paper we examine how an agent who knows certain sta- 
tistical facts about the world might infer probabilistic 
degrees of beliefs in other assertions from these statis- 
tics. For example, an agent who knows that most birds 
fly (a statistical fact) may generate a degree of belief 
greater than 0.5 in the assertion that Tweety flies given 
that Tweety is a bird. This inference of degrees of be- 
lief from statistical facts is known as direct inference. 
We develop a formal logical mechanism for performing 
direct inference. Some of the inferences possible via di- 
rect inference are closely related to default inferences. 
We examine some features of this relationship. 

Direct Inference 
Probabilities can be used as a measure of the extent to 
which an agent believes an assertion, i.e., as a degree of 
belief, and they can also be used to represent statisti- 
cal assertions of relative frequency. The key difference 
between these two types of probabilities is that state- 
ments of statistical probability are assertions about the 
objective statistical state of the world, while statements 
of degree of belief probability are assertions about the 
subjective state of an agent’s beliefs. 

For example, the statement “More than 7’5% of all 
birds fly” is a statistical assertion about the propor- 
tion of fliers among the set of birds; its truth is deter- 
mined by the objective state of the world. On the other 
hand, the statement “The probability that Z’weety flies 

41 
*This work was supported by NSERC grant #OGPOO- 

848. Thanks to the referees for some useful comments. 

is greater than 0.75” is a assertion about an agent’s 
degree of belief; its truth is determined by the state of 
the agent who made the statement. The agent is using 
degrees of belief to qupntify his uncertainty about the 
state of the world. 

An important question is: what is the relationship 
between the agent’s subjective degrees of belief and his 
knowledge about objective statistical features of the 
world? The answer that we will advance is that the 
agent’s subjective degrees of belief should be determined 
by his knowledge of objective statistical facts though a 
mechanism that has been called direct inference. Direct 
inference is a non-deductive form of inference which has 
a long history in philosophy, e.g., [l, 2, 3, 41, but has 
received scant attention in A1.l 

Simply stated, direct inference is the claim that the 
degree of belief an agent should assign to the proposi- 
tion that a particular individual c possesses a partic- 
ular property P, should be equal to the proportion of 
individuals that have P from among some class of in- 
dividuals that c is known to belong to. For example, 
if the agent knows that Tweety belongs to the class of 
birds and that more than 75% of birds fly, then direct 
inference would sanction the inference that the agent’s 
degree of belief in the proposition Tweety flies should 
be greater than 0.75. It is important to note that this 
is not a deductive inference: there is nothing excluding 
the possibility that Tweety is a member of the subclass 
of non-flying birds. 

The motivation for interest in direct inference comes 
from its common use in applications of probability. For 
example, much of actuarial science is based on the prin- 
ciples of direct inference. When an insurance company 
quotes life insurance rates to particular individuals they 
compute those rates by equating their degree of belief 
(willingness to bet) in a particular individual’s death 
with the proportion of deaths among some set of sim- 
ilar individuals (e.g., similar in terms of sex, age, job 
hazard, etc.). 

‘Loui [5] has used Kyburg’s system of direct inference 
[2] as an underlying foundation in some of his systems of 
defeasible reasoning. 
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In this paper we will present a formal mechanism for 
performing direct inference. This mechanism is logi- 
cally based, and uses a logic that can represent and 
reason with statistical and degree of belief probabili- 
ties. By reasoning inside of this logic we can reason 
about the consequences of direct inference. Although 
there are many other applications of direct inference, 
we will concentrate here on what it tells us about de- 
fault reasoning by examining the relationship between 
some of the inferences that can be generated via direct 
inference and typical default inferences. 

robability Logic 
Prior to the construction of a mechanism for direct in- 
ference we need a formalism capable of representing and 
reasoning with both types of probabilities. In [6] a logic 
for statistical probabilities was developed by the author. 
Subsequently, Halpern used some of these ideas to de- 
velop a logic for degree of belief probabilities, and also 
demonstrated how the logic for statistical probabilities 
and the logic for degrees of belief could be combined 
to yield a combined probability logic capable of dealing 
with both types of probabilities [7]. 

In the combined probability logic, however, there is 
no intrinsic relationship between the two types of proba- 
bilities: they simply coexist without significant interac- 
tion (see [8]). H owever, the logic does provide a suitable 
formal framework for specifying a relationship. The 
main contribution of this research has been the devel- 
opment of such a specification: a mechanism for direct 
inference. This particular paper, however, will concen- 
trate on the relationship between direct inference and 
default reasoning. To better understand the mechanism 
we will present a brief outline of the combined proba- 
bility logic. For more details see [8] or [7]. 

The combined logic is a two sorted, first-order, modal 
logic. There is a sort of objects and a sort of numbers. 
The sort of objects consists of function and predicate 
symbols suitable for describing some domain of inter- 
est, while the numeric sort is used to make numeric 
assertions, especially assertions about probabilities. In 
particular, the numeric sort includes the constants 1, 
-1, and 0; the functions + and x; and the predicates 
= and 5. Additional inequality predicates and numeric 
constants can easily be added by definition, and we will 
use them freely. The formulas of the language are gener- 
ated by applying standard first-order formula formation 
rules with the addition of two rules that generate new 
numeric terms (specifically probability terms) from ex- 
istent formulas, i.e., these terms denote numbers (that 
correspond semantically to the values of the probability 
measure). 

1. If c1 is a formula and rc’ is a vector of n distinct object 
variables, then [cu]~ is a statistical probability term. 

Since these constructs are terms, they can in turn be 
used in the generation of additional new formulas. 

We can extend the language by definition to in- 
clude conditional probability terms (of both types): 
bkh =df b -A PlzlL&, and‘ prob(cxl& = 
prob(a A ,8)jprob(P).2 Another useful abbreviation is: 
cert(a) =,jf prob(a) = 1. 

Semantically the language is interpreted using struc- 
tures of the form 

Where: 
1. 0 is a domain of objects (i.e., the domain of dis- 

course). S is a set of states or possible worlds. 19 
is a world dependent interpretation of the symbols. 
The numeric symbols are interpreted as relations and 
function over the reals ,IR, with the numeric functions 
and predicates, +, x , 1, -1, 0, < and =, given their 
normal interpretation in every state. 

2. ,QO is a discrete probability measure over 0. That 
is, for every A & 0, PO(A) = CoEApO(u) and 
CoEO l-44 = 1. 

3. PS is a discrete probability measure over S. That 
is, for every S’ C S, ps(S’) = CsEs, ps(s) and 
CsES w(s) = 1. 

The formulas of the language are interpreted with re- 
spect to this semantic structure in a manner standard 
for modal languages. In particular, the interpretation 
of a formula will depend on a structure M, a current 
world s E S, and a variable assignment function v. The 
probability terms are given the following interpretation: 
1. ( [Q]~)(~~~+) = #,{a’ : (M, s, v[?/Z]) + a}, where 

v[Z/Z] is the variable assignment function identical 
to v expect that v(zi) = ai, and & is the n-fold 
product measure formed from ~0. 

2. (prob(a))‘“++’ = ps(s’ : (M, s’, v) + a}. 
So we see that [+ denotes the measure of the set of 

satisfying instantiations of 5 in o and prob(a) denotes 
the measure of the set of worlds that satisfy a. Another 
way of interpreting the statistical probability terms is 
to consider them as representing the probability that a 
randomly selected4 vector of individuals Z will satisfy 
o. We will sometimes call the variables, 3, bound by 
the statistical terms random designators. 

The use of a product measure to assign probabili- 
ties to vectors means that we are treating the indi- 
viduals in the vector as if they were selected inde- 
pendently of each other. Hence marginal probabilities 

2For ease of exp osition we will ignore the technicalities 
of dealing with division by zero. See [S] for details. 

3Halpern has called such structures type III probability 
structures. 

2. If Q is a formula, then prob(a) is a degree of belief 4That is, the probability of selecting any particular vec- 
probability term. tor of individuals 0’ E 0” is plug{ 5’). 
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will display independence. For example, we have that 
P(4 A eAl(z,y) = PC& x Mdl,~ This says that 
if we select at random two individuals, the probabil- 
ity that the first has property P and the second has 
property R will be the product of the two probabili- 
ties: the two individuals are selected independently of 
each other. However, this not mean that the conditional 
probabilities will be independent. In particular, if we 
have knowledge that x and y are related, say through 
relation Q, we will no longer have independence, e.g., 
in general, [P(x) A R(g)IQ(x, y&Y) is not decompos 
able into the product of simpler probability terms. For 
example, if we know that x and y are two randomly se- 
lected birds that we know are brothers, the probability 
that x is a flier will not be independent of the probabil- 
ity of y being a flier. However, if we have no knowledge 
of any relationship between x and y then the probabili- 
ties of each being a flier will be independent. For more 
on this point see [8]. 

Here are some examples to help the reader under- 
stand the language and its semantics. 

[fly(x) ]bird(x)]x > 0.75. A particular triple 
(M, s, v) satisfies this formula if the probability that 
a randomly selected bird flies is greater than 0.75. 
That is, if more that 75% of the birds in the world 
‘s’ fly. 
prob(f ly(Tweety)) > prob(swim(Tweety)). This for- 
mula is satisfied if the measure of the set of worlds 
in which Tweety flies is greater than the measure of 
the set of worlds in which he swims. That is, the 
agent believes Tweety more likely to be a flier than a 
swimmer. 
prob([grey(x)]elephant(x)]x > 0.75) > 0.9. This 
formula is satisfied if the measure of the set of worlds 
in which a randomly selected elephant has a greater 
that 75% probability of being grey, is greater than 
0.9. That is, the agent has a high degree of belief that 
more that 75% of elephants are grey. Such knowledge 
might come from traditional statistical inference over 
sample information. 
A powerful proof theory for this language can be 

constructed which is complete for various special cases 
[7, 81. We simply note that all of the examples of rea- 
soning we give here can be performed within this proof 
theory. 

We need to extend the language beyond that devel- 
oped by Halpern to include an expectation operator. 
Specifically, if t is a statistical probability term, then 
E(t) is a new numeric term whose denotation is defined 
as follows: 

(E(t))@-‘) = x ps(s’) x t(M++). 

S’ES 

That is, the expected value of a term is the weighted 
(by ,US) average of its denotation over the set of possible 
worlds. The expected value as the advantage that it 
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has the same denotation across all possible worlds (it is 
rigid), unlike the raw statistical term. 

The Direct Inference Formalism 
With the combined probability logic in hand we can 
describe the formalism of direct inference as a theory, 
i.e., as a collection of sentences, of that logic. Direct 
inference works by using an agent’s base of accepted 
knowledge to assign degrees of belief in assertions that 
are not deductive consequences of the knowledge base. 

We will call a formula of our logic objective if it 
does not contain any ‘prob’ or ‘E’ operators. Such 
formulas do not depend on any world except the cur- 
rent one for their interpretation. We suppose that the 
agent’s knowledge base is represented by a finite col- 
lection of objective formulas, and we let KB denote the 
formula generated by conjoining all of the formulas in 
the knowledge base. KB will usually include informa- 
tion about particular individuals, e.g., bird(Tweety), 
general logical relationships between properties, e.g., 
\dx.bird(x) + animal(x), and statistical information, 
e.g., [f ly(x)]bird(x)]x > .75. 

Definition 1 [Randomization] Let a! be an objective 
formula. If (cl, . . . , G) are all the n distinct object 
constants that appear in a! A KB and (vi, . . . , v,) are 
n distinct object variables that do not occur in o A KB, 
then let KBV (cy”) denote the new formula which results 
from textually substituting q by vi in KB (a), for all i. 

Definition 2 [Direct Inference Principle] For any ob- 
jective formula ar the agent’s degree of belief in Q! should 
be determined by the equality 

Probb) = E( [~~pd’]~) .5 

In addition, the agent must fully believe that [KB~]~ > 
0, i.e., cert([KBV],- > O).6 

The collection of all instances of the direct infer- 
ence principle specifies a theory which characterizes the 
agent’s reasoning with direct inference. 

Definition 3 [The Base Theory] Let Do be the set of 
formulas consisting of cert([KBV],- > 0) along with all 
instances of the direct inference principle. Let T’ denote 
the closure of DO under logical consequence. TO is the 
agent’s base theory given her initial knowledge base KB. 

Before going further we note some important theo- 
rems which demonstrate that our mechanism is coher- 
ent. 

5The justifica tion for our use of the expected value of the 
statistical term is given in [8]. A pragmatic reason is that 
the expectations terms are rigid, as noted above. 

‘There is a very reasonable justification for this assump- 
tion [8], but here it is sufficient to note that it allows us to 
avoid division by zero. 



Theorem1 

1. The degrees of belief given by the direct inference 
principle are in fact probabilities. 

2. If KB A [KB~], > 0 is satisfiable, then so is T’ (i.e., TO 
is consistent). 

3. prob(a) = 1 is a logical consequence of the direct 
inference principle if and only if b KB + a. 

4. The agent’s full beliefs, i.e., the formulas which are 
assigned degree of belief 1 in To, have the same logical 
behavior as a collection of KD45 beliefs with cert 
acting as a belief modality. 

These theorems give us the following picture of our 
mechanism. First, the agent’s degrees of belief are prob- 
abilistic. Second, the mechanism is consistent. And 
third, the mechanism generalizes the most common 
non-probabilistic model of an agent’s beliefs, the modal 
logic KD45 [9, lo]. In particular, the agent fully be- 
lieves all logical consequences of his initial accepted col- 
lection of beliefs (which includes all of KB), and his full 
beliefs are closed under positive and negative introspec- 
tion. In accord with the KD& model, his beliefs are 
not, however, necessarily accurate (although the agent 
thinks that the probability of his full beliefs being false 
is zero). 

Examples 
With these theoretical guarantees we can proceed to ex- 
amine the nature of the inferences generated by direct 
inference through some examples. As will be become 
clear in this section, direct inference sanctions conclu- 
sions that are very similar to those conclusions sought 
after in default reasoning. We only have space for a 
couple examples, but see [8] for the detailed working 
out of many other examples. 

The direct inference principle requires us to condition 
on the entire knowledge base. In actual applications 
this store of knowledge can be very large. The following 
equality is useful for reducing the conditioning formula. 

* [aI@ A A], = Q: 1 I? 5, if no xi E Z which appears in 
Q A /? is free in A. 

This equality is valid, i.e., true in every possible world 
in every model. Hence, it holds even when inside of 
a cert context. The equality follows from our use of a 
product measure. It says that the chance of a vector of 
individuals satisfying (u will be influenced only by their 
known properties and by properties of other individuals 
that are known to be related them. For example, the 
fact that Fido is a dog will have no influence on the 
chance of Tweety being a flier. 

‘Freedom and bondage is extended in our language to 
include the clause that the random designators are bound. 
Also it can be proved that we can rename the random des- 
ignators without changing the values of the statistical terms 
P11* 

As our first example, consider Tweety the bird and 
Opus the penguin. We will use c as a numeric constant 
with any denotation greater than 0.5. 
Example 1 [Tweety, but not Opus, flies] Let KB = 

bird(Tweety) A bird(Opus) A penguin(Clpus) 
A[f ly(x)]bird(x)lx > c A ‘v’x.penguin(x) + bird(x) 
A[f ly(x)]penguin(x)]x < 1 - c. 

KBV differs from KB only with respect to the first three 
conjuncts (none of the others have constant symbols). 
We let vi replace Tweety and v2 replace Opus. 

First we can examine prob(Tweety): 

ProwYmJeetYN = WlYh > WV1 (Vi ,v2) 1 (4 
ce~([flY(vl)lKBVl(v~,v2) = [f~Y(vlw4vlNvl> @v 

E([flY(vl)lKBVl(vl,V2) = [f~YhNi+9h1> (4 

ceh( [fly(q) Ibird(q)]vl > c> (4 

E([flY(vl)lbird(vl)lvl) ’ c (4 
prob(f ly(Tweety)) > c 

Equation (a) is the relevant instance of the direct in- 
ference principle; (b) is the result of applying equation 
*; (c) and ( e ) f 11 o ow from the relationship between cer- 
tainty and expectation;g and (d) is a consequence of 
Theorem 1.3. 

The general form of the derivation is applicable to 
most examples. First, we apply the particular instance 
of the direct inference principle we are interested in, us- 
ing equation * to remove irrelevant parts of KB. These 
parts include formulas with no constants and formulas 
with constants that stand in no relationship with the 
constants in the formula of interest (in this first exam- 
ple, the constant Opus). We can then proceed to reason 
about the value of the resulting expectation term in the 
agent’s base theory by examining the statistical knowl- 
edge in KB. All of this knowledge (and every other de- 
ductive consequence of KB) will be certain in the agent’s 
base theory. 

The case for Opus also yields the expected result that 
prob(f ly(Opus)) < 1 -c. This follows from the fact that 
penguins are known to be a subset of birds. Therefore, 
the chance that a randomly selected penguin-bird is a 
flier will be equal to the chance that a randomly selected 
penguin is a flier: these two sets are identical. This 
example shows that there is a natural subset prefer- 
ence between defaults encoded as statistical assertions. 

8This inference also depends on the fact that [a](,,y) = 
[crlZ if y does not appear free in cy. This fact is an easy 
consequence of our semantics: if y is not free its instantiation 
will not matter. 

‘Clearly if two terms have equal value in every world of 
non-zero probability (i.e., are certainly equal), then their 
expected values over the worlds must also be equal. Similar 
comments hold for the cases of their values being certainly 
related by >, <, 2, or 5. 
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This preference is a direct consequence of the seman- 
tics of such an encoding. That is, there is no need for 
a meta-logical preference criterion under the statistical 
interpretation. 

Example 2 [Clyde likes Tony but not Fred.] Let KB = 

elephant(Clyde) A zookeeper(Tony) 
A zookeeper(Fred) 
A [likes(x, y)lelephant(x) A zookeeper(y)]txly) > c 
A [likes(x,Fred)]elephant(x)]x < 1 - c 

Although there is no space for the details, this example 
also yields the expected results: it is likely that Clyde 
likes Tony, but unlikely that he likes Fred. What hap- 
pens here is that since the defaults are not separated 
from the rest of the knowledge, i.e., they are represented 
as formulas of KB, we can condition on specialized de- 
faults, like the one particular to Fred. This has the 
desired effect on the resulting degree of belief. Hence, 
TO has a natural “specificity” preference when dealing 
with defaults specific to a particular individual. 

Statistically Encoded Defaults 
By encoding defaults as qualitative statistical assertions 
we have demonstrated the similarity between the style 
of inference generated by our system of direct infer- 
ence and that sought after by default inference. Others 
have argued in favor of a statistical interpretation for 
defaults [12, 51 and have discussed the role of proba- 
bilities in nonmonotonic reasoning [13, 141, but such 
an encoding of defaults remains controversial. It does, 
however, match our basic intuitions that defaults are 
rules of thumb about what is usually, but not always, 
the case: this is precisely the semantics of a statistical 
assertion of majority. 

It is often claimed that there are many other, non- 
probabilistic, notions involved in the meaning of de- 
faults. Unfortunately, this position is difficult to ar- 
gue for or against, as very little work has been done 
on specifying exactly what defaults are. Our current 
understanding of defaults remains mostly a collection 
of intuitions as to how they should behave, and typi- 
cally systems of default reasoning are evaluated by their 
behavior rather than by any argument that they are 
founded on a reasonable semantics for defaults. 

I will not claim that a statistical interpretation pro- 
vides a complete picture of the their semantics, but I 
would argue that such an interpretation provides an 
essential component of their meaning (in my opinion, 
the major component). Thus, to specify this compo- 
nent precisely, as is the goal of this work, is an essential 
step in producing a complete specification. I will give 
two arguments to support my position. It should be 
noted, however, that I view default reasoning as reason- 
ing that is used to draw plausible or useful conclusions 
that are not sound in the strict logical sense. There are 
many other sources of nonmonotonicity in an agent’s 
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reasoning, e.g., changing the theory in which reasoning 
is being performed. My claims about the statistical in- 
terpretation only pertain to default reasoning, not to 
all forms of nonmonotonic reasoning (although my in- 
tuition is that statistics play an important role in these 
other forms as well). 

The strongest argument in favor of the statistical in- 
terpretation comes from its flexibility and how well it 
obeys the afore mentioned intuitions about how defaults 
should behave. See [8] for precise details as to how 
the behaviors describe below follow from the statistical 
semantics. Besides imparting the natural subset and 
specificity preferences the statistical interpretation and 
our system of direct inference includes the following fea- 
tures: 

4. 

Through its assignment of degrees of belief, the sys- 
tem formally distinguishes default and deductive in- 
ferences (Theorem 1.3). As a consequence it avoids 
the paradoxes of unlimited scope in nonmonotonic 
reasoning [15] which include the lottery paradox [16]. 
The statistical semantics allows us to reason natu- 
rally with the defaults. For example, we can conclude 
that certain defaults are contradictory, e.g., “birds 
typically fly” contradicts “birds typically don’t fly.” 
In fact, all of the reasoning with defaults (and more) 
that make conditional logic approaches attractive [17] 
can be duplicated within the statistical semantics. 
Contraposition is handled correctly: we are not 
forced to contrapose defaults. With some defaults 
like “birds typically fly” the contraposition “non- 
fliers are typically not birds” is a reasonable infer- 
ence, but with others it is clearly counter-intuitive, 
e.g., from “living things are typically not fliers” to 
“fliers are typically not living.” Using the statistical 
semantics one can demonstrate that in the case of 
birds, contraposition is sanctioned by the fact that 
birds are more likely to be fliers than non-birds. Liv- 
ing things, on the other hand, are not more likely to 
be non-fliers than non-living things; hence contrapo- 
sition is blocked in this case. 
The system is capable of reasoning with many dif- 
ferent forms of statistical information. For example, 
instead of encoding defaults as statements of statis- 
tical majority, as in the examples above, one could 
encode them as qualitative influences which increase 
probability, [lg, 191. Each form sanctions a different 
collection of inferences. Furthermore, by including in 
the specification statements of conditional indepen- 
dence (easily expressed in the logic) additional infer- 
ences can be captured. For example, statements of 
statistical majority cannot be chained [20], but with 
conditional independences weak chaining can occur 
where the strength of the conclusion diminishes as 
more defaults are used. Intuitively this makes, to 
me, more sense than systems that do not distinguish 
between inferences that rely on a very large number 



of defaults and those that only require one or two 
defaults, as each use of a default represents the intro- 
duction of a possible error. 
As an aside it is interesting to contrast these behav- 

iors with that of e-probabilities [21]. The approach of 
e-probabilities does not appeal to a statistical seman- 
tics; rather, it is more of an attempt to duplicate tra- 
ditional nonmonotonic approaches using probabilistic 
notions. It has the advantages that it retains the con- 
text sensitivity of probability thus capturing the sub- 
set preference, and it allows some reasoning with the 
defaults. However, by forcing all probabilities to go 
to the limit it gives up the ability to assign degrees 
of belief, thus falling prey to the lottery paradox; it 
forces contraposition in all cases, intuitive or not; it 
lacks the ability to deal with different forms of proba- 
bilistic information, e.g., while the formalism outlined 
above can include exact qualitative evidential reasoning 
e-probabilities forces one to “switch logics” [14]; and fi- 
nally, it gives up the relatively clear notion of statistics 
for a more obscure notion of probabilities infinitesimally 
removed from 1. 

The second argument for the statistical interpreta- 
tion comes from an appealing view of default reasoning 
as rational inference, put forward by Doyle and Well- 
man [22]. In this view an agent adopts a belief (draws 
a default conclusion) if the expected utility of holding 
it exceeds the expected utility of not holding it. Un- 
der such a view it is very natural that utility should 
be divided into separate notions of cost and likelihood, 
and that the notion of likelihood required would be a 
graded one (even if roughly graded). For example, ac- 
cepting a falsehood yields a tremendous decrease in cost 
of reasoning -subsequent reasoning in the inconsistent 
knowledge base can be done by always answering yes, 
a constant time procedure-but it has zero utility pre- 
cisely because the likelihood of correctness is zero. 

An important reason for separating cost and likeli- 
hood is that these notions can be fairly independent. 
Computational cost will not usually be affected by the 
acceptance or rejection of a plausible conclusion, rather 
it will be more affected by the acceptance or rejection 
of theories. For example, for reasons of computational 
cost an agent might decide to accept a Horn theory 
description of a domain rather than a more accurate 
first-order description. However, within the Horn the- 
ory he may still need to infer a new Horn formula that 
is plausible but does not follow deductively.1° 

A statistical approach using direct inference provides 

loIf computational cost is solely determined by acceptance 
or rejection of theories, which is a source of nonmonotonic- 
ity in reasoning, then default reasoning, circumscribed to 
be the generation of plausible inferences within a particular 
theory, would be solely determined by likelihood. That is, 
one could argue that although computational cost is impor- 
tant in general nonmonotonic reasoning, default reasoning 
is purely based on likelihood. 

these grades of likelihood in a natural way. Further- 
more, these grades, degrees of belief, are probabilistic, 
and thus they lead naturally to well developed mod- 
els of expected utility. It is quite possible that statis- 
tical information could be compiled into more tradi- 
tional default rules that carry an index of caution with 
them. This index, derived from the statistical informa- 
tion, would be used to indicate under what conditions 
of risk the default could be used (cf. [23]). Under such a 
scheme most of the behavior of these rules, like subset 
preference, would follow directly from the underlying 
statistical semantics. 

Conclusions 
We have pointed out that direct inference is a use- 
ful form of non-deductive inference that takes us from 
statistics to predictions about particular cases. And 
we have provided a formal mechanism for performing 
this kind of inference. Our system makes clear the im- 
portant similarities between reasoning from statistics in 
this manner and default reasoning as studied in AI. 

An issue we have not addressed is what has been 
called the conditional interpretation [24]. This is the 
problem that the system is unable to reason to default 
conclusions in the face of irrelevant information, much 
like other approaches that adopt a conditional inter- 
pretation (e.g., e-probabilities and conditional 10gics).~~ 
For example, if we know that Tweety is a yellow bird, we 
cannot use our statistics about birds; rather, we will re- 
quire statistics about yellow birds. The system cannot 
conclude that yellowness is irrelevant without explicit 
statistical information. 

In [8] a system is developed that allows the agent 
to extend his base theory. These extensions are gen- 
erated as in Reiter’s default logic [25] by adding ex- 
plicit assertions about statistical irrelevance. Thus it 
uses a tradition approach to non-monotonic reasoning 
in a non-traditional manner: to make default assump- 
tions about relevance and irrelevance rather than the 
final default conclusions. This preserves the statistical 
semantics of the ordinary defaults thus retaining the 
reasonable constraints imposed by those semantics. 

In joint work a more satisfying approach is under 
investigation [26]. This work approaches the problem 
semantically rather than syntactically, building models 
in which all possible statistical independencies hold. It 
is related to other principles of maximal independence 
like maximum-entropy, but it has the advantage of pro- 
viding a fairly natural semantic construction which cap- 
tures the reasonable assumptions of irrelevance that the 
agent can make. 

llActually the issue of irrelevance appears in other ap- 
proaches to default reasoning, e.g., default logic, autoepis- 
temic logic, circumscription. These approaches include im- 
plicit, built-in, assumptions of irrelevance. These built-in 
assumptions, however, may not always be appropriate. 
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