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Abstract

Emotions and cognition are inextricably in-
tertwined. Feelings influence thoughts and
actions which in turn give rise to new emo-
tional reactions. We claim that people infer
emotional states in others using common-sense
psychological theories of the interactions be-
tween emotions, cognition, and action. We
have developed a situation calculus theory of
emotion elicitation representating knowledge
underlying common-sense causal reasoning in-
volving emotions. We show how the theory
can be used to construct explanations of emo-
tional states. The method for constructing ex-
planations is based on the notion of abduc-
tion. This method has been implemented in a
computer program called AMAL. The results
of computational experiments using AMAL to
construct explanations of examples based on
cases taken from a diary study of emotions
indicate that the abductive approach to ex-
planatory reasoning about emotions offers sig-
nificant advantages. We found that the ma-
jority of the diary study examples cannot be
explained using deduction alone, but they can
be explained by making abductive inferences.
The inferences provide useful information rel-
evant to emotional states.

Introduction

Explaining people’s actions often requires reason-
ing about emotions. This is because experiences
give rise to emotional states which in turn make
some actions more likely than others. For exam-
ple, if someone strikes another person, we may ex-
plain the aggression as being a result of anger. As
well as reasoning about actions in terms of emo-
tional states, we can reason about emotional states
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themselves. Explaining emotional states requires
reasoning about the cognitive antecedents of emo-
tions. In the right context, we might reason that
a person was angry because he or she had been in-
sulted. This paper focuses on explanations of this
kind.

We present a computational model of the con-
struction of explanations of emotions. The model
is comprised of two main components. The first
component is a situation calculus theory of emotion
elicitation. The second component is a method for
constructing explanations. The representation of
emotion eliciting conditions is inspired by a theory
of the cognitive structure of emotions proposed by
Ortony, Clore, and Collins (1988). In addition to
codifying a set of general rules of emotion elicitation
inspired by this theory, we have also codified a large
collection of cases based on diary study data. We
have implemented a computer program that con-
structs explanations of emotions arising in these
scenarios. The program constructs explanations
based on a first order logical abduction method.

Abductive Explanation

Peirce used the term abduction as a name for a par-
ticular form of explanatory hypothesis generation
(Peirce, 1931-1958). His description was basically:

The surprising fact C is observed;

But if A were true,

C would be a matter of course,

hence there is reason to suspect that A is true.

Since Peirce’s original formulation, many vari-
ants of this form of reasoning have come to be
known as abduction. Examples of abduction meth-
ods proposed in Al research include abductive ap-
proaches to diagnosis (Peng & Reggia, 1990) and
natural language comprehension (Hobbs, Stickel,
Martin, & Edwards, 1988). We focus on a logical
view of abduction advocated by Poole (e.g., Poole,
Goebel, & Aleliunas, 1987). In this approach, ob-
servations O are explained given some background
knowledge expressed as a logical theory T by find-
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Table 1: Elicitation Conditions for 20 Emotion Types

precedes(So, S) A hopes(P, F,Sp) A holds(F, S).
precedes(So, S) A fears(P, F, Sp) A holds(F, S).
precedes(So, S) A fears(P, F, Sp) A holds(F, S).
precedes(So, S) A hopes(P, F, Sp) A holds(F, S).
agent(A, P) A holds(did(A), S) A praiseworthy(A).
agent(A, P) A holds(did(A), S) A blameworthy(A).
agent(A, Pg) A holds(did(A), S) A praiseworthy(A).
agent(A, Pz) A holds(did(A), S) A blameworthy(A).

joy(P,F,S) « wants(P,F,S)A holds(F,S).
distress(P, F, S) wants(P, F,S) A holds(F, S).
happy_for(Py, Pg, F,S) « joy(-Phjoy(PﬂsF-SU)sS)'
sorry_for(Py, Pg, F,8) « distress(P;,distress(Pg, F,Sp), S).
resents(Py, Pg, F,8) « distress(Py,joy(Pg, F, 8p),S).
gloats(Py, Py, F,S) « joy(P,,distress(Pg, F,Sp), S).
hopes(P,F,S) « wants(P,F,S) A anticipates(P, F,S).
fears(P, F,S) « wants(P,F,S)A anticipates(P, F,S).
satisfied(P, F,S) «+
fears_confirmed(P, F,S) +«
relieved(P, F, S) «
disappointed(P,F,S) «
proud(P,A,S) «
self _reproach(P, A,S) «
admire(Py, Pg, A, S) «
reproach(P;, Ps, A, S)
grateful(Py, Pg, A, S1) «

agent(A, Pg) A holds(did(A), S;) A precedes(Sp, S1) A

causes(A, F, Sp) \ praiseworthy(A) A wants(Py, F, S;) A holds(F, S;).

|

angry-at(P;,Ps, A, S;)

agent(A, Pz) A holds(did(A),S;) A precedes(Sp, S;) A

causes(A, F, So) A blameworthy(A) A wants(Py, F,S;) A holds(F, S;).

gmtzﬁed[P, A’ SI)

agent(A, Pz) A holds(did(A), S;) A precedes(So, S1) A

causes(A, F,So) A wants(P, F, S;) A holds(F, Sy) A praiseworthy(A).

remorseful(P, A, S;)

agent(A, Pz2) A holds(did(A), S;) A precedes(Sp, S1) A

causes(A, F,So) A wants(P, F,S;) A holds(F, S;) A blameworthy(A).

ing some hypotheses H such that
HATFO.

In other words, if the hypotheses are assumed,
the observation follows by way of general laws and
other facts given in the background knowledge.

We construct explanations using an abduction
engine based on an early approach to mechanizing
abduction described in (Pople, 1973). The method
is implemented in a PROLOG meta-interpreter
called AMAL. It takes as input a collection of PRO-
LOG clauses encoding theories. One theory repre-
sents background knowledge, another captures the
facts of the case at hand. An observation to be
explained is given as a query. AMAL is also given
an operationality criterion and an assumability cri-
terion. The output includes an explanation of the
given observation, possibly including some assump-
tions that must be made in order to complete the
explanation.

In general, many explanations are possible
and it is important to constrain the search
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to avoid large numbers of implausible hypothe-
ses and explanations. In early experiments,
we found that the abduction engine conjec-
tured large numbers of implausible causal re-
lationships.  This problem was solved by dis-
allowing assumptions of the following forms:
preconditions(A, F)
causes(A, F, S)

In other words, the abduction engine was not al-
lowed to assume that an arbitrary fluent might be a
precondition for an action, nor was it allowed to as-
sume unprovable cause-effect relationships between
actions and fluents.

Emotion Elicitation

Our first order logical theory of emotion elicita-
tion contains rules covering eliciting conditions of
twenty emotion types (see Table 1). In addition, we
have coded variants of a number of them, details of
which have been omitted due to space constraints.
(See O’Rorke & Ortony, 1992 for a presentation of



the full theory.)

The theory draws upon knowledge representation
work on situation calculus (McCarthy, 1968) and
conceptual dependency (Schank, 1972). It includes
axioms that support causal reasoning about actions
and other events that can lead to emotional reac-
tions.

For example, the first law below mediates pos-
itive and negative effects of actions. The second
law states that a precondition of a physical trans-
fer from one location to another is that one must
first be at the initial location. The remaining laws
state the effects of a physical transfer.

holds(F, do( A, S)) + causes(A, F,S) A poss(A, S).
poss(ptrans(P,To, From,T),S)

+— holds(at(T, From), S).
causes(ptrans(P, To, From, T),at(T,To), S)
causes(ptrans(P, To, From,T), at(T, From), S).

Emotion types are represented as fluents and
their eliciting conditions are encoded in rules. As
examples, consider the rules for the emotion types
fear and relief, shown in Table 1. The fearrule cap-
tures the idea that people may experience fear if
they want an anticipated fluent not to hold. Relief
may be experienced when the negation of a feared
fluent holds. Fear usually occurs before the flu-
ent holds. Note that, although many examples of
fear involve expectations, we use the predicate an-
ticipates in an effort to suggest the notion of “en-
tertaining the prospect of” a state of affairs. The
purpose of this is to avoid suggesting that hoped-for
and feared events necessarily have a high subjective
probability.

Explaining Emotions

In this section, we use an example to illustrate the
abductive construction of explanations involving
emotions. The example is based on data taken from
a diary study of emotions. Most of the subjects who
participated in the study were sophomores at the
University of Illinois at Champaign-Urbana. They
were asked to describe emotional experiences that
occurred within the previous 24 hours. They typed
answers to a computerized questionaire containing
questions about which emotion they felt, the event
giving rise to the emotion, the people involved, the
goals affected, and so on. Over 1000 descriptions
of emotion episodes were collected, compiled, and
recorded on magnetic media. We have encoded over
100 of these examples using our situation calculus
representation language. The following case pro-
vides examples of relief and fear.

Mary wanted to go to sleep.
Karen returned.

T.C. finally left her place.
Mary was relieved.
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The case is encoded as shown in Table 2. The case
fact says that Mary wants sleep. The query asks
why Mary is relieved that T.C. is not at her home
in the situation that results after T.C.’s departure.
T.C.’s departure occurred in the situation resulting
from Karen’s return. (Note the abbreviations for
the relevant situations at the bottom of the Table.)

The explanation shown in Table 2 was con-
structed automatically by AMAL. The program
works by backward chaining on observations to be
explained. It tries to reduce the observation to
known facts by invoking general laws (e.g., causal
laws of situation calculus and laws of emotion elici-
tation). In this case, the eliciting condition for relief
is invoked in order to explain Mary’s relief. This
generates new questions that must be answered,
and so on. The resulting explanation (shown in
Table 2) states that Mary is relieved that T.C. is
no longer at her home. The explanation assumes
that Mary fears T.C.’s presence in her home be-
cause she wants T.C. not to be in her home but she
anticipates that he will be there. A deeper expla-
nation connecting this desire and anticipation to
Mary’s desire for restful sleep should be possible.
For example, the presence of T.C. might interfere
with Mary's sleep. The explanation of his abcence
does not include the possibility that he may have
been driven away by Karen’s return. But it does
serve to illustrate the use of causal laws to infer
negative fluents relevant to emotional reactions. In
this case, since T.C. moved from Mary’s home to
another location, it can be inferred that he is no
longer at Mary’s home.

Discussion

Like the example of relief and fear, the majority
of the cases in the diary study data require as-
sumptions. The kinds of assumptions needed in-
clude missing preconditions, goals, prospects, and
judgements. In the example, the assumption that
T.C. was at Mary’s home in the initial situation
helped explain why he was there after Karen came
home. This in turn was a precondition for T.C.’s
leaving Mary’s home. The example also required
an assumption that Mary wanted T.C. to go some-
where else in order to explain Mary’s fear that T.C.
would be at her home. Assumptions about other’s
goals also occur in explaining emotions that in-
volve the “fortunes of others.” Abductive assump-
tions about other mental states include assump-
tions about whether agents anticipate events. In
the example of relief, it was necessary to assume
that Mary anticipated T.C.'s continued (unwel-
come) presence in her home. Assumptions about
judgements of blameworthiness and praiseworthi-
ness are important in explaining a number of emo-
tions not present in the example.

The explanation constructed in the example, and



Table 2: Explanations of Relief and Fear

Case Facts
wants(mary, sleep(mary), .)
Query

why(relieved(mary, not at(tc, home(mary)), s2))

Explanation

relieved(mary, not at(tc, home(mary)), s2)

precedes(sl, s2)

fears(mary, at(tc, home(mary)), s1)

wants(mary, not at(tc, home(mary)), s1)

anticipates(mary, at(tc, home(mary)), s1)

holds(not at(tc, home(mary)), s2)

causes(ptrans(tc, 20887, home(mary), tc), not at(tc, home(mary)), s1)
poss(ptrans(tc, 29887, home(mary), tc), s1)
holds(at(tc, home(mary)), s1)
not causes(ptrans(karen, home(mary)), not at(tc, home(mary)), s0)

| holds(at(tc, home(mary)), s0)

poss(ptrans(karen, home(mary)), s0)

Abbreviations

sl=do(ptrans(karen, home(mary)), s0)
s2=do(ptrans(tc, 591, home(mary), tc), s1)

many other explanations (see O’Rorke & Ortony,
1992), could not have been constructed by the ab-
duction engine without its abductive inference ca-
pability, given the background knowledge and cod-
ifications of the cases provided with the observa-
tions to be explained. Given the same informa-
tion, a purely deductive PROLOG-style interpreter
would fail to find an explanation. Admittedly, the
knowledge base could conceivably be extended so
that some assumptions could be eliminated and re-
placed by deductive inferences. For example, if
knowledge of ethics and standards of behavior could
be provided, the number of assumptions in expla-
nations requiring judgements of blameworthiness
and praiseworthiness could be reduced. But it is
not likely that all relevant preconditions, desires,
prospects, and judgements can be provided in ad-
vance.

Related and future work

We give a complete description of the situation cal-
culus of emotion elicitation in (O’Rorke & Ortony,
1992). That paper also contains additional exam-
ples and details of the mechanism used to generate
explanations.

A previous study formalizing commonsense rea-
soning about emotions is summarized in (Sanders,
1989). This work takes a deductive approach, us-
ing a deontic logic of emotions. The logic focuses
on a cluster of emotions involving evaluations of

597

actions — including what we have called admira-
tion, reproach, remorse, and anger. The evaluation
of actions is ethical, and involves reasoning about
obligation, prohibition, and permission. The logic
was used to solve problems involving actions as-
sociated with ownership and possession of property
(e.g., giving, lending, buying, and stealing) by prov-
ing theorems. For example, the fact that Jack will
be angry was proved given that he went to the su-
permarket, parked his car in a legal parking place,
and when he came out, it was gone. It is not clear
whether the theorems were proved automatically
or by hand so questions of complexity of inference
and control of search in the deontic logic remain
unanswered. We have argued that abduction of-
fers advantages over deduction alone when applied
to the task of constructing explanations involving
emotions. And our situation calculus of emotion
elicitation is more comprehensive than the deon-
tic logic for emotions in that it covers more emo-
tion types. But our approach could benefit from
Sanders’ treatment of ethical evaluations. We hope
to undertake a detailed comparison and integration
of the best parts of the two approaches in future
work.

The present work focuses on explaining emotions
in terms of eliciting situations. But while situations
give rise to emotional reactions, emotions in turn
give rise to goals and actions that change the state
of the world. Applications such as plan recognition



will require a theory specifying causal connections
between emotions and subsequent actions. For a
brief description of a system for recognizing plans
involving emotions, see Cain, O'Rorke, and Ortony
(1989). This paper also describes how explanation-
based learning techniques can be used to learn to
recognize such plans. For a fuller discussion of rea-
soning about emotion-induced actions, see Elliott
and Ortony (1992).

In Ortony, Clore, and Foss (1987) about 270 En-
glish words are identified as referring to genuine
emotions from an initial pool of 600 words that fre-
quently appear in the emotion research literature.
In another study, 130 of these emotion words were
distributed among 22 emotion types. Some emotion
words map to several different types, e.g., “upset”
is compatible with distress, anger, or shame. Many
words map to the same type. Encoding the rela-
tionship between the affective lexicon and the emo-
tion types is an important topic for future research
aimed at automatically processing natural language
text involving emotions.

Conclusion

We have developed a theory of the cognitive an-
tecedents of emotions and an abductive method for
explaining emotional states. We sketched a com-
puter program, an abduction engine implemented
in a program called AMAL, that uses the theory
of emotion elicitation to construct explanations of
emotions. We presented an explanation of an ex-
ample based on a case taken from a diary study of
emotions.

The most important advantage of our approach
to explanatory reasoning about emotions is that
abduction allows us to construct explanations by
generating hypotheses that fill gaps in the knowl-
edge associated with cases where deduction fails. In
most cases, emotional states cannot be explained
deductively because they do not follow logically
from the given facts. The abduction engine ex-
plains the emotions involved in these cases by
making assumptions including valuable inferences
about mental states such as desires, expectations,
and the emotions of others.
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