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Abstract 
A crucial feature of intelligent agents is their being pro-
active not only reactive, their anticipatory representations 
i.e., their ability to deal with the future by mental 
representations or specific forms of learning. For guiding 
and orienting the action a representation of the future and 
more precisely a representation of future effects and of 
intermediate results of the action is needed. Have a mind 
means to have anticipatory representations, i.e., predictions 
and goals; not just perception, beliefs, memory. The aim of 
this work is to provide a precise characterization of 
anticipatory mental states (i.e. Expectations), to analyze 
their role in the generation of Surprise, Relief and 
Disappointment and to discuss their function in the 
definition of Social Trust. 

Introduction 
The importance of having a precise characterization and 
formalization of expectations is very relevant for modeling 
cognitive agents and especially BDI agents (Bratman 1987, 
Rao & Georgeff 1992). In the following analysis we will 
not take the mental state Expectation as a primitive.  
We prefer to build this mental state on former ingredients 
(beliefs and goals/intentions) in order to have a mental 
state that preserves both properties, the epistemic and the 
conative one. Expectations have a specific functional role 
in practical reasoning that is better understood when those 
mental states are defined in a compositional fashion. For 
instance, negative strong expectations can cause prevention 
goals activation. Imagine the situation of an Agent i who is 
expecting that another Agent j will do very soon a certain 
action α that is negative for him. The goal of persuading 
Agent j to abstain from the execution of action α is likely 
activated. 
After having characterized the mental state Expectation 
with all his variants by means of the primitives Belief and 
Goal, we will move on characterizing the anticipatory 
mental states which are involved in the generation of 
Surprise, Disappointment and Relief.  
Afterwards we will move from a qualitative and static 
perspective to a procedural perspective on the issue of 
“surprisingness generated by expectation failure”. We will 
characterize three cognitive layers of Surprise. Indeed we 

think that this distinction is necessary in order to have a 
clear comprehension of the Surprise phenomenon.   
In the last part of this work we will move from a single 
agent view (property of mental states, cognitive 
mechanisms and processes) to a discussion of a specific 
issue of Social Action theory strongly related with the 
problem of Expectation. It will be shown how the notion of 
Trust can be characterized in terms of Expectations: we 
will see how the basic mental ingredients of trust are 
beliefs and goals (Falcone & Castelfranchi 1998).  
In particular, the beliefs are evaluations and positive 
expectations (not "neutral" beliefs). In trusting j, i believes 
that j has the right qualities, power, ability, competence, 
and disposition for the goal G1. Thus the trust that i has in j 
is part of (and is based on) her/his esteem, her/his "image", 
her/his reputation (Dasgupta 1990; Raub & Weesie, 1990). 

The quantitative side of expectations 
Fears (worries), hopes, surprises, disappointments, relieves 
and frustrations have an intensity, can be more or less 
severe. Can we account for those dimensions on the basis 
of our (de)composition of those mental states?  
We claim so: the dynamics and the degree of the Macro-
states is strictly function of the dynamics and strength of 
the micro-components. Given the two basic components 
(belief and goal) of any expectation (as we defined it as 
different from simple forecast or prediction) we have two 
independent quantitative dimensions and variables that 
must be considered and related to the emergent function. 
Beliefs have strength, a degree of subjective certainty; the 
subject is more or less sure and committed about their 
content.  
Goals have a value, a subjective importance for the agent. 
This give us four extreme conditions (but in fact those 
variations are continuous and one should precisely model 
this continuity): 
 
 
 
 
 



                               
                                      BELIEF ψ 
 High credibility 

(pretty sure) 
Low 
credibility 
(perhaps) 

High value 
(very important) 

1 2 

 
 
 
 
 
    
  
GOAL ψ Low value 

(marginal) 
3 4 

Table 1. 
 
Thus, to simplify, we may have  very important goals 
combined with uncertain forecast; pretty sure predictions 
for not very relevant objectives. The quality of those 
“expectations” is subjectively very different depending on 
those configurations. For example Box 2 produces an 
intense hope. 

Cognitive Ontology 
We propose here that different categories of expectations 
can be identified depending on the degree of the belief. We 
let implicit for the moment the notion of value of a goal. 
We call forecast a belief about a future state of the world 
and we distinguish it from a simple hypothesis. A forecast 
implies that the chance threshold has been exceeded 
(domain of probability) whereas a hypothesis implies that 
the chance threshold has not been exceeded. In case of a 
forecast according to the agent’s past experience or 
knowledge of physical or social rules and laws ψ should 
happen (in an epistemic sense). We have a prediction when 
the degree of certainty is close to 100 per cent (Miceli & 
Castelfranchi 2002).  
Expectations in our ontology are not indifferent hypothesis, 
forecasts or predictions. They imply a subjective concern 
in the realization of given state of affairs. This is why one 
speaks of “positive” or “negative” expectations. In order to 
discriminate positive from negative expectations and weak 
from strong expectations (depending on the degree of 
certainty of the belief component) we introduce four terms 
(two of them do not exist in English): hope, hope-cast, 
fear, fear-cast. In the case of a hope-cast (positive strong 
expectation), I want ψ to be true; in the case of a fear-cast 
(negative strong expectation), I want it to be false. In both 
cases the degree of certainty of the belief that ψ has 
exceeded the chance threshold. In the case of a hope 
(positive weak expectation), I want ψ to be true; in the case 
of a fear (negative weak expectation), I want it to be false. 
In both cases the degree of certainty of the belief that ψ has 
not exceeded the chance threshold. 

A sketch of formalization 
Differently from Castelfranchi & Lorini (2003) where a 
logic of probability is used, in the present paragraph we 
merely propose a qualitative formalization of expectations.  
We use the logic LIA (Logic of Intention and Action) that 
has been presented in Lorini (2005). LIA is a multi-modal 
logic based on the branching time ontology of CTL 

(Emerson 1990) that allows to study the dynamics of 
mental states and to talk about action execution. In the LIA 
logic the following axiom is taken: 
Beli ψψψψ ∧∧∧∧ ¬¬¬¬ Goal ¬¬¬¬ ψψψψ →→→→ Goali ψψψψ. 
It explicitly says that if the agent i believes that ψ and he 
does not have the opposite goal then the agent has the goal 
that ψ. The previous axiom is different from the Inclusion 
Axiom given in Cohen & Levesque (1990) saying that: 
 Beli ψψψψ →→→→ Goali ψψψψ.   
The C&L’s axiom is clearly too strong (“If I believe that 
tomorrow I will be in the jail then I want that tomorrow I 
will be in the jail”).  Moreover the C&L’s axiom strongly 
reduces the expressive power of the formal language since 
it prevents from expressing the notion of Negative 
Expectation that we are aimed at formalizing in the present 
analysis.  
Take for instance the following Branching Time definition 
of negative strong expectation. Neg-Expectiψψψψ ≡ Goali AF 
ψ ∧ Beli ¬ AF ψ ≡ Goali AF ψ ∧ Beli EG ¬ψ. The C&L’s 
Inclusion Axiom prevents from formulating it. On the 
other side by using the axiomatic weaker form represented 
by (Beli ψψψψ ∧∧∧∧ ¬¬¬¬ Goal ¬¬¬¬ ψψψψ →→→→ Goali ψψψψ) we have no problem 
in formulating our categories1. The semantic property that 
corresponds to this weaker Inclusion axiom is also clear: ∀ 
s, if s RGoal s' then (s RBel s' or ∀ s", if s RGoal  s" then s" is 
s')2.  
Under the present formal framework weak expectations 
can be formalized by means of the weak modal operator 
for beliefs whereas strong expectations can be formalized 
by means of the strong modal operator for beliefs. In table 
2 only the formalization of strong expectations is 
presented. By using the appropriate weak modal operator 
for beliefs  (beli = ¬Beli ¬) it is quite immediate to 
formalize weak expectations. 
 
 
 
 
 

                                                 
1 The relational properties between Goals (Intentions) and Beliefs have 
been analyzed by Bratman (1987) and Rao & Georgeff (1991). Bratman 
argues that the only requirement for rationality is that an agent cannot 
intend that ψ will be true when he believes that ψ is impossible. However 
we think that psychologically speaking the axiom presented here is 
somehow acceptable. Indeed there are experimental evidences and 
psychological theories supporting the hypothesis that when an individual 
forecasts (predicts) something, he needs to validate his prediction. He has 
the tendency to behave as if he wants to realize what he predicts and when 
the prediction (forecast) is invalidated he feels distressed. Consider for 
instance the principle of predictability as the cognitive component of self-
efficacy (Bandura 1982): according to this principle subjects need to 
anticipate future events and need to find such anticipation validated by 
facts. This need for prediction is functional in order to avoid anxiety, 
disorientation and distress. Moreover, take into consideration that Cooper 
and Fazio (1984) have experimentally proved that people act in order to 
find their forecasts (predictions) validated by facts and feel distressed by 
invalidation.  
2 See Blackburn et al (2000) for an extensive account of Correspondence 
theory in modal logic (correspondence between classes of frames and 
modal formulas). 



FORECASTi ψψψψ 
Beli AF ψ 

HOPE-CASTi ψψψψ 
Goali AF ψ ∧ Beli AF ψ 

FEAR-CASTi ψψψψ 
Goali AF ψ ∧ Beli ¬ AF ψ 

Table 2:  Basic cognitive ontology3 

Invalidating expectations: preliminary 
distinctions 

The effects of the invalidation of an expectation are very 
different depending on: 
a) the positive or negative character of the expectation; 
b) the strength of the components. 
We call invalidated expectation, an expectation that results 
to be wrong, i.e., while expecting that ψ at time t1, agent i 
believes that ¬ψ at time t1. 
This crucial belief is the “invalidating” belief.  
1. Relative to the goal component it represents 
“frustration”, “goal-failure” (it is the frustrating belief). At 
the previous time point I had the desire or the wish or the 
want that “ψ will be true next” but I actually believe that 
¬ψ: 
Beli ¬ψ ∧ X¯ (Goali AX ψ) = FRUSTRATIONi ψψψψ. 
The more important the goal the more intense the 
frustration. 
2. Relative to the prediction belief, it represents  a 
falsification, a “prediction-failure”: 
Beli ¬ψ ∧ X¯ (Beli AX ψ)4 = PREDICTION FAILURE i 
ψψψψ. 
Informally we have a prediction failure iff  Agent x 
believes that ¬ ψ is holding and Agent x before  was 
forecasting “ψ will be true next” (see the formal definition 
of forecast in table 2). 
The second part of the formula represents the former 
illusion (Agent i illusory believed that next ψ would be 
true). This configuration is also the cognitive base and 
                                                 
3 For instance, agent i has a hope-cast that ψ  means that agents i believes 
that for all temporal paths ψ will be true at a certain time point in the 
future and agent i has the goal that for all temporal paths ψ will be true 
at a certain time point in the future. On the other side agent i has a fear-
cast that ψ means that agent i has the goal that for all temporal paths ψ 
will be true at a certain time point in the future and agents i believes that 
not for all temporal paths ψ will be true at a certain time point in the 
future (that is equivalent to agent i believes that a temporal path exists 
such that always ¬ψ will be true).  
4 In the present analysis we are not aimed at modeling the logical process 
of belief change that is subsumed by the Prediction Failure. In Prediction 
Failure an agent has to revise his own beliefs. Indeed the agent comes to 
believe something that it was not expecting before (at the previous time 
point). This process is different from the simple process of updating 
beliefs when something that was strongly expected or weakly expected, is 
actually believed. In this case there is not need for adding new 
information to the belief base since there was already some pre-existent 
knowledge about the state of affairs that according to the agent effectively 
occurs. For a modal approach to belief update and belief revision see 
Herzig & Longin (2002). 

component of “surprise”. The more certain was the 
prediction (or forecast) the more intense the surprise. 
One should also introduce a measure of the mismatch 
between the goal (the expected result) and the perceived 
result. In fact there are goals that are achieved in an all-or-
nothing way, Yes/No goals (like passing an exam, to die, 
etc.) while other goals are gradual, More-or-Less goals 
(like to be happy, having success, to eat). It is not just a 
matter of ψ vs. ¬ψ, of Yes or No, but it is a matter of 
realizing 100%, or 70% or 30% of p.  
Both surprise and disappointment are function of the 
strength of the prediction but also of the degree of 
mismatch. The greater the mismatch the greater the 
surprise and (for positive expectations) the disappointment. 
We want to consider in the next sections disappointment 
and relief. 

Disappointment 
Relative to the whole mental state of “expecting” that ψ, 
the invalidating belief determines “disappointment” that is 
based on this basic configuration of inconsistency’s 
discovery (plus the affective and epistemic reaction to it): 
Beli¬ψ ∧ X¯ (Beli  AX ψ ∧ Goali  AX ψ)= 
DISAPPOINTMENTi ψψψψ. 
Informally Agent i is disappointed (starts to be 
disappointed) as regards ψ iff  Agent i believes that ¬ ψ is 
holding and Agent i before was hope-casting (hoping) that 
“ψ will be true next” (see the formal definition of hope-
cast in table 2). Disappointment contains goal-frustration 
and forecast failure, surprise.  
From a quantitative point of view the degree of 
disappointment seems to be function of both dimensions 
and components (the goal and the belief). It seems to be 
felt as a unitary effect: “How much are you disappointed? 
I’m very disappointed: I was sure to succeed”; “How 
much are you disappointed? I’m very disappointed: it was 
very important for me”; “How much are you 
disappointed? Not at all: it was not important for me”; 
“How much are you disappointed? Not at all: I have just 
tried; I was expecting a failure ”. 
Obviously, worst disappointments are those with great 
value of the goal and high degree of certainty. However, 
the surprise component and the frustration component 
remain perceivable and function of their specific variable. 

Relief 
What happens when the expectation was negative, i.e. 
when a worry and fear results to be wrong? 
Beli p ∧ X¯ (Beli ¬AX ψ ∧ Goali AX ψ) = RELIEFi  ψψψψ. 
Informally Agent i is relieved as regards ψ iff  Agent i 
believes that ψ is holding and Agent i  before  was fear-
casting (fearing) that  “ψ will be true next” (see the formal 
definition of fear-cast in table 2).  The prediction is 
invalidated but the goal is realized. There is no frustration 
but surprise. In a sense relief is the opposite of 
disappointment: the subject was “down” while expecting 
something bad, and now feels much better because this 



expectation was wrong. From a quantitative point of view 
the more important the goal, and the more expected the 
harm, the more intense the relief. More precisely: the 
higher the worry, the treat, the higher the relief.  

Invalidating expectations: procedural view 
The previous definitions do not say anything about the 
subsumed cognitive processes which are involved in the 
generation of Surprise (and consequently the generation of 
Relief and Disappointment). According to our view at least 
the three following layers must be distinguished in order to 
provide an exhaustive model of surprisingness generated 
by expectation failure. 
Mismatch-based Surprise: generated by the mismatch 
between active predictions and the explained raw sensor 
data (function of Unexpectedness) 
Passive Prediction-based Surprise: generated by a later 
mismatch between the updated set of active (focused) 
predictions and the explained raw sensor data5. 
Third-layer (Implausibility-based Surprise): generated 
by a test about the plausibility of the explained raw sensor 
data in relation with my integrated active belief system 
(function of Incredulity). 

Mismatch-based Surprise  
Let us consider the following elements. 
1) A set D of raw sensor data that the agent must interpret 
on the basis of his pre-existent knowledge. 
2) A general theory set ∑ which is composed by Horn 
clauses on which the agent relies in order to interpret the 
raw data coming from the sensors. Elements of ∑ are 
pieces of general knowledge concerning a certain domain 
or pieces of general conceptual knowledge. For example 
imagine the concept of chair. General pieces of knowledge 
concerning this kind of object are the following: If the 
object is composed by four vertical stakes and one plane is 
on the stakes then the object is a chair and so on… Each 
element in ∑ has assigned a certain degree of reliability.  
3) An Active Expectation set E which is composed by 
specific beliefs and expectations with different degrees of 
certainty and that can be confirmed or disconfirmed after a 
new perception. Elements of set E are contingent 
information temporally characterized (I expect that 
tomorrow it will be snowing etc…). These elements are  
active information in the sense of being under the agent’s 
focus of attention and have to be distinguished from all 
those potentially derivable beliefs that are not under focus 
at the current moment6. The explicit Expectation set E is 
                                                 
5 Also according to Ortony & Partridge (1987) these two kinds of surprise 
must be distinguished: 1) surprise which results from the input 
proposition conflicting with an active expectation (already derived); 2) 
surprise which results from the input proposition conflicting with a 
passive and practically deducible expectation. 
6 Active beliefs and expectations could be formalized using an appropriate 
belief focusing function (see Fagin & Halpern 1987 for a similar 
approach). 

consistent with respect to the perceptual theory set ∑:  ∑ ∪ 
E does not generate contradictions7. 
We assume the interpretation of raw sensor data to be 
based on an abductive process. 
On the basis of the theory set ∑ the agent must find the 
best explanation EXPBest for D such that:  
a) ∑ ∪ EXPBestㅑD (which reduces to ∑ ∪ ¬D ㅑ  
¬ EXPBest); b) EXPBest has the higher explanatory value 
between all possible explanations for D given ∑. 
EXPBest is a label (in the sense of ATMS, de Kleer 1986) 
for the raw sensor dataset. Let us conceive it as a set of 
propositional letters EXPBest = {p1,…, pn}. Several methods 
to calculate the explanatory values of concurrent 
explanations can be adopted. In all those methods the 
explanatory value should be dependent on the reliability 
value of the clause in ∑ which are used to provide an 
explanation for the raw sensor data8. Take for instance the 
following case where ∑ is composed by: 
C1 A  b       (0.6) 
C2   B b  c    (0.7) 
C3   D  c    (0.9) 
There are two possible explanations (labels) for the 
observed datum c: Exp1 = {D--C3} and Exp2 =  {A--C1,B--
C3}. The first explanation exploits the third clause in ∑ 
whereas the second explanation exploits the first and 
second clause in ∑. A solution for calculating the 
explanatory value of each explanation is the minimum 
method: assigning as explanatory value to a certain 
explanation Expi, the lowest reliability value among the 
reliability values associated to the clauses of ∑ which are 
exploited for Expi

9.  
Imagine the agent perceives a certain Figure 1 and on the 
basis of his theory ∑ identifies that figure as an instance of 
the category CROCODILE, i.e. the agent is able to 
(abductively) infer that “there is a crocodile in the street at 
time t1”.  
Once the best explanation EXPBest for the raw sensor data 
has been computed, it is compared with the active beliefs 
and expectations in E. The match between the Explanation 
of raw sensor data and the explicit expectations can 
generate a certain degree of mismatch which is directly 
associated with a certain intensity of Surprise. For example 
the agent having verified (after having interpreted the raw 
sensor data) that “there is not snow around at time t1” can 
get surprised given the high probability associated with his 
active belief “there will be snow around at time t1”. The 
                                                 
7 The distinction between contingent information (specific beliefs and 
expectations) and general knowledge has been also stressed in the belief 
revision domain (see for example Darwiche & Pearl 1997). 
8 The separation of the mismatch process into two phases (- the search of 
the best explanation on the basis of the general knowledge base ∑; - the 
comparison of the founded best explanation with specific beliefs and 
expectations in E) is merely an idealisation. Indeed during the first phase 
of interpretation some expectations in E can already enter into the 
computation of the best explanation, i.e. the abductive process can be 
based on ∑ plus some elements of E. Most of the time elements in E 
(expectations) directly interfere with ∑ in the phase of perceptual 
interpretation. 
9 It is not the aim of this work to study the formal properties of each 
method for calculating the explanatory value. 



problem now is the quantification of the degree of 
mismatch. We propose the two following dimensions for 
quantification with the associated principles.  
1. The prior degree of certainty associated to each explicit 
expectation in E concerning the elements in EXPBest. 
Lower is the degree of certainty of an explicit expectation 
about an element of EXPBest, higher is the resulting 
Primary Surprise. 
For example if the agent perceives a crocodile in the street 
(abductive explanation of raw sensor data) and he has an 
active belief with low certainty (0.01) “it is possible that a 
crocodile is in the street”, then the degree of mismatch is 
relatively high (1-0.01=0.99). 
2. The degree of subjective dependence (correlation) 
associated to each pair of elements in EXPBest and 
expressed by an active belief in E10.  
Given a certain degree of certainty associated with an 
element p1 (proposition) in EXPBest and given a certain 
degree of certainty associated with another element p2 in 
EXPBest, lower is the subjective correlation between p1 and 
p2, higher is the intensity of the overall resulting Primary 
Surprise.  
For example imagine that the agent has perceived two 
features: - f1 = “there is crocodile in the street”; - f2 = 
“there is snow around”. Moreover, imagine that the agent 
has two active beliefs concerning f1 and f2: the agent 
believes that f2 = “it is possible that a crocodile is in the 
street” with probability 0.3 and believes that f1= “it is 
possible that there is snow around” with prob. 0.8. 
Moreover, the agent has an active belief concerning the 
dependence between f1 and f2 which can be expressed by 
conditional probability, P(f1/f2) = 0.1 and an active belief 
concerning the logical conjunction of the two features, P(f1 
∧ f2), where the strength of this belief can be calculated in 
standard probability theory as P(f1 ∧ f2) = P(f2) P(f1/f2) = 
0.3 * 0.1 = 0.03. How can we calculate the final degree of 
Surprise? We can take the average degree of Surprise 
associated to f1, f2 and (f1 ∧ f2). Surprise (f1, f2) = 
(Surprise (f1) + Surprise (f2) + Surprise (d1 ∧ d2)) /3 = 
((1-0.3) + (1-0.8) + (1-0.03))/3 = (0.7 + 0.2 + 0.97)/3 = 
0.62.  
Notice that the low degree of correlation between f1 and f2 
(0.1) has a positive impact on the final degree of Surprise: 
if the degree of certainty associated with (f1 ∧ f2) was not 
considered, the resulting Surprise (caused by the mismatch 
between the expectations concerning f1 and f2 and the 
perceived features f1 and f2) would have been lower:  
(Surprise (f1) + Surprise (f2))/2 = 0.45. 
Now let us assume the existence of a Mismatch threshold 
∆M that is used for recalculating the best explanation. If the 
mismatch generated by the best explanation EXPBest has 
been relatively high (above threshold ∆M) then the agent 
                                                 
10 The measure of dependence between the perceived (after being 
interpreted) features is not taken into account in the computational model 
of Surprise proposed by Macedo & Cardoso (2001). According to this 
model which takes insights from the psychological model proposed by 
Meyer et al. (1997), the intensity of surprise is strictly function of the 
unexpectedness of the perceived single features. 

needs to re-establish the explanatory value of the founded 
explanation. A feedback going from active expectations 
and beliefs to the EXPBest is involved at this level11. We 
assume that the reduction or increase of the explanatory 
value is strictly function of the degree of Mismatch: 
Higher is the degree of mismatch and higher is the 
reduction of the explanatory value of the founded best 
hypothesis12. Once the explanatory value of the founded 
best hypothesis is reduced in such way that the hypothesis 
is not the best explanation anymore the agent needs to 
consider an alternative explanation. The same process is 
repeated with respect to the new selected explanation 
(calculation of explanatory value with respect to ∑, 
calculation of the degree of mismatch with respect to the 
beliefs in E and eventually reduction or increase of the 
explanatory value on the basis of the degree of mismatch). 
The cycle ends whenever the agent finds an hypothesis 
whose degree of mismatch with respect to E is below ∆M or 
whose explanatory value is still the best after its reduction 
(or increase) in function of the degree of mismatch.  

Passive Prediction-based Surprise 
After having calculated the best explanation for the raw 
sensor data which agrees with the explicit expectations, the 
agent can check whether the founded explanation is in 
agreement with his implicit expectations. The agent can 
update the set of active explicit expectation by calculating 
(by logical resolution) the logical consequences C of the 
general theory and the actual active expectations (∑ ∪ E 
ㅑ C) and attributing to these consequences a certain 
degree of certainty depending on the reliability of the 
elements of ∑ and the certainty of the elements of E which 
are used to infer them during the resolution. At this level a 
secondary mismatch is generated between the EXPBest and 
the enlarged set of quantified elements E ∪ C. 

Implausibility-based Surprise 
Implausibility-based Surprise is determined by a "I 
wouldn't have expected " test. It can also be called 
Incredulity and it is generated from the deep control, from 
the attempt to integrate with my previous knowledge the 
explanation of raw sensor data recently obtained. 
Incredulity is not generated from a mismatch; and not 
necessarily is preceded by a mismatch-based surprise 
                                                 
11 Notice that this kind of mechanism is very similar to the one analyzed 
by Shanahan (2002). However it should be distinguished from the 
following feedback mechanism which involves a secondary perception: 1) 
generate the best explanation EXPBest for the raw sensor data assigning to 
it a certain explanatory value; 2) generate new expectations on the basis 
of EXPBest and ∑, i.e. calculate (for instance by resolution algorithms) all 
Cs such that EXPBest  ∪ ∑ ㅑ C; 3) test the generated expectations by 
means of a new perceptive test ; 4) readjust the explanatory value EXPBest 
depending on the mismatch associated to the previous test and eventually 
search for an alternative explanation. 
12 We do not give here any formal analysis and specification of this 
function. 



(layer 1)13. But how can we model the cognitive process 
which subsumes this kind of emotional response? How can 
we model the control of plausibility (with respect to my 
active knowledge) of the best Explanation EXPBest? 
There should be some simulation processes involved in this 
phase: the agent assumes EXPBest to be a possible 
explanation for the raw sensor data and before definitively 
accepting it, simulates an informational change at the level 
of his active beliefs and expectations in E14 (the agent 
checks whether EXPBest is actually plausible and 
compatible with respect to his pre-existent knowledge). 
We could formally characterize this simulation process by 
means of the Focusing approach15 (Dubois & Prade 1997) 
and measuring Implausibility-based Surprise on the basis 
of a numeric distance.  
a) Given EXPBest, we calculate how the strength of the 
elements in E (active beliefs and expectations) change after 
having conditioned (focused) on EXPBest

16
.  

b) We measure the average distance between the strength 
of elements in E before the focalisation (conditioning) and 
after the focalisation (conditioning). This measure is a 
measure of Incredulity, of intensity of Implausibility-based 
Surprise and tells us how much the EXPBest is incompatible 
with respect to my actual beliefs and expectations. 

Social Trust and Expectation 
In this paragraph we will briefly analyze the very 
interesting and relevant case of the expectation role in the 
Social Trust. In particular, how its role is fundamental for 
the conceptual definition of the trust itself. We will refer to 
the socio-cognitive model of trust (Castelfranchi & 
Falcone 1998, Falcone & Castelfranchi 2001). This model 
tries not only to individuate the basic mental ingredients 
(responding to the question: which are them?) but it also 
tries to give an interpretation of the kind of interaction 
among these elements (responding to the question: how do 
they interact?) and how the final decision to trust or not is 
taken (on the basis of all the internal and external 
constraints). Trust is in fact a trustier’s prediction on the 
future and in particular on the future trustee’s behavior, on 
the future status (and dynamics) of the environment in 
                                                 
13 As notice in footnote 8 the abductive process of best explanation search 
could be based both on the set of general knowledge rules (∑) and on the 
set of contingent beliefs and expectations (E). In this case the Mismatch-
based Surprise process is bypassed. 
14 We assume here the simulation to be only pursued with respect to the 
specific knowledge set E and not with respect to the general-conceptual 
knowledge set ∑. 
15 The degree of certainty associated to a belief about A induced by a 
focalisation process on some contingent information I is characterized in 
the Imprecise Probabilities domain by calculating the extreme values of 
conditional probabilities under the constraint P(I)>0 (Halpern 2003): 
P*(A|I) = inf {P(A|I}, P(I)>0, and P ∈℘}, P*

 (A|I) = sup {P(A|I}, P(I)>0, 
and P ∈℘} where ℘ is a family of probability distributions. On the other 
side a Revision process on the basis of information I is characterized by 
imposing the further constraint P(I) = 1. 
16 Notice that we could also integrate in calculating the distance the 
general knowledge component ∑: how my general conceptual knowledge 
and schemas would change by accepting a certain explanation EXPBest. 

which the trustee is going to operate for achieving the 
(explicitly or implicitly) delegated task, on the same future 
actions and behavior of the trustier with respect to the 
delegation (potential withdraw, control, intervention and so 
on). In particular, in this paragraph we would like to 
underline the intrinsic nature of trust as a complex 
expectation, in which there is a main and primary 
motivational component (the principal reason activating 
the trustier’s delegating behavior): the goal to achieve 
some state of affairs ψ  (the trust on the trustee is always 
relative to some interest, need, concern, desire, expectation 
of the trustier); and a set of very interesting and articulated 
beliefs, the more relevant of which are competence, 
willingness of the trustee; dependence between trustier and 
trustee; finally, beliefs about the environment (potential 
opportunities and adversities with respect the achievement 
of the task). In table 3, we show the basic mental 
ingredients of the mental state of Trust. When i decides to 
trust, i has also the new goal that j performs α, and i relies 
on j's α in her plan (delegation). Where "to trust" does not 
only means those basic beliefs (the core) but also the 
decision (the broad mental state) and the act of delegating. 
(let us call this part "reliance", and the first part "core 
trust", and the whole picture mental state of trust and the 
behaviour "delegation"). In table 3 we formalize the mental 
ingredients of Trust by means of the LIA logic. Notice that 
we introduce the Ability-operator in order to express the 
notion of competence in power. The Ability operator is not 
yet implemented in the LIA framework. Let us use this 
operator for explanatory reasons17. 
 

 
 
 
 
 

 

Beli A(<α>jT B ψ)20 (dependence)   RELIANCE 
 

Goaliψ                        CORE TRUST 
Beli AF <α>jT18      (disposition) 
Beli AG <α>jψ19       (practical opportunity) 
Beli Abilityj(α)         (ability)  
 

Table 3 
 

Of course, there is a coherence relation between these two 
aspects of trust (core and reliance): the decision of betting 
and wagering on j is grounded on and justified by these 
beliefs. More than this: the degree or strength of trust must 
be sufficient to decide to rely and bet on j  (Marsh 1994; 
Snijders & Keren 1996) and this degree/ strength is based 
on the strengths of the components described above. The 
                                                 
17 The Meyer et al.’ Logic (1999), where the notion of Ability to do an 
action is explicitly formalized, would give us the possibility to have an 
acceptable approximation of the Power notion. 
18 Informally agent i believes that agent j will do action α (agent i believes 
that for all temporal paths there will be a time point at which agent j will 
do action α). 
19 Informally agent i believes that for all temporal paths always there is 
the possibility that after doing α (whith agent j performing α) it is the case 
that ψ. 
20 Informally agent i believes that for all temporal paths ψ is always 
preceded by the action α performed by agent j, i.e. agent i believes that 
action α (performed by agent j) is a necessary condition for achieving ψ 
(this gives a good approximation of agent i’s belief about dependence on 
agent j’s action α for the achievement of ψ). 



trustful beliefs about j (core) are the presupposition of the 
act of trusting j. 
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