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Artificial Intelligence as Expected
Intelligence

Martina Bacaro, Francesco Bianchini
University of Bologna

martina.bacaro2@unibo.it, francesco.biachini@unibo.it

Abstract. The inquiry into the nature of intelligence within artificial intelli-
gence (AI) has been a persistent pursuit since the inception of the discipline,
notably evident in Turing’s seminal works predating the formalization of AI
itself. Turing sought to establish the viability of thinking machines, laying
the groundwork for subsequent reflections on attributing intelligence to ar-
tificial artifacts, particularly in the form of software programs. This chapter
deals with the issue of measuring intelligence in artificial artifacts, empha-
sizing the importance of considering the expected intelligence. From an
interactive standpoint, the human expectation of intelligence in an artificial
entity revolves around performances deemed cognitively suitable for mean-
ingful interactions. This perspective advocates for the detection of varying
degrees of intelligence that align with the requirements of reliable and cog-
nitively relevant interactions, even at intermediate levels. The discussion
delves into the inherent di�erences between the simulative nature of human
intelligence in artificial artifacts and the distinct characteristics expected
for genuine intelligence in interactive contexts, particularly within the realm
of social robotics. Indeed, the analysis of specific aspects of intelligence in
robotic artifacts may prove enlightening by showing how the measurement of
intelligence is significantly contingent upon the expectations that the human
participant retains during interaction with AI. The inherently collaborative
and interactive nature of the relationship between humans and robots un-
derscores particular dimensions within the analysis of intelligence that might
remain latent in interactions with disembodied AI systems.

Keywords: Measure of Intelligence, Expected Intelligence, Social Robotics.
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1 Introduction

The issue of intelligence in artificial intelligence (AI) has been investigated
since the dawn of the discipline, indeed it can be said that it was a foun-
dational question. Turing’s papers on machine intelligence addressed the
problem before AI was even born [1]. In fact, Turing pursued the goal of
establishing the possibility of machines, i.e. suitably programmed digital
computers, which were capable of thinking. However, this starting point im-
mediately led the British thinker to question the ways in which intelligence
can be attributed to an artificial artifact, which in his reflection takes the
form of a software program. Over the decades, the question has changed
many times, developing in di�erent directions that have followed the many
evolutions of AI approaches [2]. In more recent times, the theme has also
been re-proposed in the form of a possible measurement of intelligence in
AIs, giving rise to further questions concerning the possibility of identifying,
even quantitatively or along a scale, the presence of intelligence in artificial
systems.
In this chapter we will address the problem of measuring intelligence in AIs
arguing that it concerns and should consider more the expected intelligence
of artificial artifacts. This is because from an interactive point of view, what
the human being expects from an artificial artifact defined as intelligent is
a set of performances that can be recognized as cognitively suitable for the
interaction itself, so as to be recognizable and reliable. In this sense, we can
speak of the detection of a, more or less high, degree of intelligence, which
satisfies the requirements of a reliable and cognitively relevant interaction,
even at intermediate levels. The investigation of general or human-level AI
is certainly an interesting research field. We believe that the quantity of
expected, and therefore attributable, intelligence, which artificial artifacts
defined as intelligent must show, without this being a deception, but at the
same time independently of the simulative nature of the human intelligence
of the artifact itself, is equally important. We will therefore try to argue
how the two aspects are only partially overlapping and we will provide some
examples taken from the world of robotics, which, due to its nature as a
discipline aimed at building situated and interactive entities with human
beings, is suitable enough for such a kind of investigation.
The structure of the chapter is as follows. We will first analyze some aspects
of the notion of measuring intelligence in natural and artificial systems (§
2). We will then discuss the relationship between actual and expected intel-
ligence in AI, also providing a proposal for parameterizable characteristics
to measure expected intelligence (§ 3). We will then review some aspects
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of the development of AI to see its shortcomings and how this influences
expectations (§ 4) and then move the discussion on robotics to interactive
contexts (§ 5). Finally, after discussing some attempts to measure robotic
intelligence (§ 6), we will draw some conclusions underlining possible future
prospects for investigation (§ 7).

2 Measuring intelligence in natural and arti-
ficial systems

Unexpectedly, the issue of measuring intelligence has not been a dominant
topic in AI from the start, as it has been the case with regard to the devel-
opment of methodologies to measure human intelligence since the first steps
in the early Twentieth century by psychologists such as Alfred Binet and
Théodore Simon [3]. The issue of intelligence in AI was instead immediately
addressed according to a very di�erent scheme, which admitted only two pos-
sibilities: the presence or absence of intelligence [1]. The presence of intelli-
gence, according to Turing, was what could be detected and attributed from
the outside to a certain type of machines (suitably programmed discrete-
state machines) in relation to their behavior. For this reason, the Turing
Test in the following decades took the form of a yes/no test on the presence
of intelligence in machines, i.e. programs which, in view of this possibility,
fall within the vast and multifaceted field of AI (from software agents, to
NLP applications, to problem solving algorithms, to robotics, and to neural
networks, just to mention some of the most important AI areas). If this
already marks the di�erence with human beings and the very goal of mea-
suring their intelligence, the enterprise has proved to be even more di�cult
and somehow opaque as over the years there has been no e�ective definition
of intelligence to be able to approach the intelligence of AI. The two prob-
lems seem to go hand in hand.
One of the aspects that has been underlined by those who have addressed
this issue has been the di�erence between the types of intelligence involved:
on the one hand, intelligence as a set of task-specific skills and, on the other,
intelligence as a general ability of learning and open-endedly performing.
This di�erence has been underlined for example by Chollet [4] in outlining
his proposal for the measurement of AI intelligence. In fact, an AI focusing
on a specific aspect and implementing a performance related to a particular
skill seems more easily measurable in terms of intelligence, as it will even-
tually correspond to the degree of accuracy with which that performance is
carried out. The measure of the success with which the system performs its
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task becomes a good marker for measuring the intelligence of the system,
provided that the system actually performs the task for which it is designed
in the way in which this is presupposed by the goals of the system itself,
or “if our measure of performance captures exactly what we expect of the
system” ([4]: 9). It’s not hard to think of many AI systems where this type
of measurement can be accomplished. The problem is di�erent when trying
to measure an AI system’s ability to generalize, both in terms of a system’s
ability to deal with situations it has not previously encountered (a narrow
form of generalization) and in relation to the ability to deal with situations
that not even the developer of the system, as well as the system itself, has
previously encountered (a broader form of generalization).
This aspect has also been present in the AI field since its dawn, for example
in the attempt to generalize the abilities of the Logic Theorist into a Gen-
eral Problem Solver equipped with problem solving techniques that could be
adapted to di�erent types of problems and therefore independently of a spe-
cific type of content (in the case of the Logic Theorist, issues of logical scope
and content). This declared goal by the authors of the program [5] later
proved to be much harder to achieve than initially believed due to various
problems connected with the possibility of operating within not always to-
tally defined domains (unlike totally defined ones, the so-called toy domains)
as well as with the adequacy of the represented and available knowledge to
the program, just to mention the most relevant obstacles. The search for
the generality of AI, yet, was not only a problem, but also a driving pressure
in the evolution of AI approaches, leading to numerous results also theo-
retically. Among them we can mention, as an almost direct consequence,
the approach of cognitive architectures such as SOAR, ACT-R and others,
which constituted one of the main attempts to build AI systems provided
with a greater power of operational generalization [6].
Another important aspect from this point of view is that the generalization of
AI systems, in many approaches and, in particular, in cognitive architecture
approach, has linked the possibility of achieving this kind of generalization
to the reconstruction of cognitive abilities in the broad sense, and there-
fore to a cognitive matrix. This could lead us to consider the problem of
measuring intelligence in an AI system of cognitive inspiration more easily
solvable, precisely because the same techniques that are used to measure
human intelligence seem relatively equally easily applicable, at least in prin-
ciple, to cognitive artificial systems, i.e. to cognitive AI. If on one hand this
may be true, on the other it should not be forgotten that a large part of
the AI systems that today show a performance considered as very intelligent
are machine learning systems, which therefore include a specific reference to
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learning, based on neural networks also of the deep kind. These systems,
however, have given rise to a further explanatory problem. In many cases,
they operate as a black box and it is not possible to recognize the reasons why
they achieve very high results in terms of precision and accuracy, due exactly
to the nature of the system itself, which is therefore not “explainable”. This
has led to the development of a continuously updated field of techniques to
overcome this problem, that of Explainable AI or XAI [7]. These systems
seem to inherently escape a measurement of their level of intelligence, yet,
at least in a cognitive sense of the term. What can be measured in these
AI systems, which can largely be traced back to decision-making perfor-
mance in terms of proposed outputs, is the accuracy of the results compared
to expectations. Thus, also in this case, what is measured is performance,
without having any possibility of defining whether it is intelligent or not,
i.e. the result of an activity that can be qualified as intelligent. In more
abstract terms, it can be said that these algorithms are highly generalizable
- a same technique that can be applied to many domains depending on the
starting dataset - but this does make them opaque to an explanation and
measurement of their intelligence.
An extensive analysis of the di�erent attempts to measure the intelligence
of AI systems shows that the ways of measuring (which usually boils down
to a performance evaluation) of an AI system are many, but also very frag-
mented and specific for di�erent systems, limiting its overall success. It
seems di�cult to obtain a reference standard for measuring intelligence that
can be used for all AI systems. Furthermore, the distinction between a task-
oriented assessment and a cognitive skills assessment, which is proposed by
Hernádez-Orallo [8], seems to recall the aforementioned distinction between
task-specific skills and intelligence as a general ability of learning and open-
endedly performing. In this case, however, the distinction is motivated by a
greater evaluation capacity of implemented methods and metrics. For exam-
ple, in the case of assessing systems built to carry out a specific task, what
is evaluated is performance rather than intelligence. Consequently, there is
a risk that more than the AI system, those who designed and built/pro-
grammed it will be evaluated. This is certainly a useful evaluation, even if it
is far from being a measurement of intelligence in AI. Hernádez-Orallo iden-
tifies three types of task-oriented evaluation: human discrimination, problem
benchmarks, peer comparison. Without going too far into the details of each
of these kinds of methods, we can draw attention to the fact that while the
first is rather subjective, the others aim to be more objective by posing, in
di�erent ways, a parameter or several reference parameters, whether they
are a standard or a result of a comparison (e.g. a match, a game, a compe-
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tition).
An ability-oriented evaluation can lead to a better measurement of intelli-
gence, even in progressive terms; for example, in relation to how much a
system that is based on continuous updating due to machine learning tech-
niques develops a progress in its intelligence over time. The reference to
the measurement of abilities involves more general cognitive aspects such as
reasoning skills, inductive learning abilities, motion abilities, etc. [8]. Even
in this case, however, the problem oscillates between a greater anthropocen-
trism, such as for example with the use of psychometric tests, also those
that are adapted to AI as in the case of Psychometric AI [9]; and, on the
other hand, a stronger search for an objective and neutral quantification,
with respect to the human capabilities, of the system’s abilities, for example
through the use of metrics derived from the algorithmic information theory,
which is based, among other things, on the Kolmogorov notion of computa-
tional complexity [10]. The proposal of a universal psychometrics [11] seems
to be a way to overcome the impasse due to the dichotomy between an-
thropocentric methods and the search for formal standards (encompassing
general and neutral tests) for measuring performance in the case of general
cognitive abilities. Nevertheless, even in this case it does not seem possible
to completely escape a sort of anthropocentrism which, as regards general-
purpose systems, moves towards the notion of cognition and the definition
of cognitive ability. This becomes even more evident if we systematically
consider the methods for measuring intelligence, combining those for nat-
ural intelligence and those for artificial intelligence [12], despite the many
developments at least in terms of discussion on such a topic that have been
accomplished in recent years [13]. Somehow, it seems impossible to measure
intelligence without attributing such general ability, or the vehicles of that
ability, to something external to the system (a performance in a specific task
or a more general skill) and against an external standard to the system, but
belonging to other intelligent systems (basically the human beings).

3 On actual and expected artificial
intelligence

This view related to the evaluation and measurement of intelligence in AI
systems is clearly problematic and it also seems hard to see how it is possible
to go in a direction that constitutes an advance with respect to the impasse
between specific skills evaluation and general ability evaluation. Such an
impasse seems to give support to those who propose a deep transformation
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of our expectations on AI [14]. According to this view, artificial intelligent
systems do not have much intelligence, indeed they probably do not have
any, at least in the human sense of the term. They are machines, of course,
and they are useful machines, however not for their intelligence, but as tools
that are capable of producing good or excellent results. In this way, AI be-
comes a set of tools acting in a surprising way to achieve the expected results
(excellent execution of the task). As an ability to act, AI systems have their
strength in being interactive, autonomous and in the capability to learn and
self-learn.
According to this view, AI exists, but not as intelligence per se. It is a
very deflationary, perhaps radical, framework of AI, but perhaps less im-
plausible than the catastrophic standpoints connected to the most recent
developments of AI. On the other hand, if it is reasonable to consider such
a framework as radical, it is also true that an intelligent result is not al-
ways an intelligent behavior, or the result of an intelligent behavior. This
discrepancy, which is at the basis of the dissociative vision between intelli-
gence and action of AI systems, now seems to be no longer contestable. The
most recent AI developments show that the engineering solutions to achieve
the most accurate performances are also those that lead to the best systems
to replace humans in carrying out tasks considered intelligent or requiring
human intelligence, without the use of such intelligence. In this case too an
impasse is created, which goes beyond the one generated by the impossibil-
ity of explaining how certain results are achieved by the system. It is the
impasse one faces with respect to the concept of intelligence itself, when it
is replaced by something that one fails to consider, in a fine-grained analysis
or from a structural point of view, intelligent.
However, there is a perspective that can be considered complementary, which
sees AI systems as artifacts or social machines endowed with the peculiar
features of being autonomous, self-learning and capable of carrying out a
teleological, goal-driven behavior in their social interaction [15]. The social
aspect makes the goal-oriented nature of these machines relevant in general,
since their purpose is not that of those who designed them, nor that of the
users with whom they interact, but the one which arises from the inter-
action between system and user. If considered broadly, this interpretative
framework embraces a multiplicity of AI systems, from software managing
the performance of many online platforms, to search engines, to interactive
humanoid and non-humanoid robotic systems, just to name a few. We argue
that in all these cases, and therefore in most cases in which human users are
involved with AI systems (almost everyone when AI is involved), it is essen-
tial the attribution of intelligence the human user does, often in real-time,
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to obtain good results and an interactive behavior as optimal as possible.
In other words, attributing intelligence on the part of human users seems
an unavoidable requirement for the correct epistemic, applied and ethical
functioning of these systems. From an epistemic standpoint, the attribu-
tion of intelligence can be seen as a cognitive necessity for users attempting
to comprehend the system’s responses and actions. It serves as a cognitive
shorthand, allowing individuals to navigate the complexity of AI interactions
by ascribing human-like understanding and intentionality to the machine. In
this way, users can better anticipate and interpret the system’s behavior, fa-
cilitating a smoother and more intuitive collaboration. On the other hand,
applied functionalities of AI systems, especially in decision-making processes,
benefit significantly from the user’s attribution of intelligence. Furthermore
from the ethical point of view, recognizing the user’s role in attributing intel-
ligence underscores the responsibility of designers and developers to create
AI systems that align with human values and ethical standards. In other
words, the attribution of intelligence serves as a crucial bridge between the
designed purpose of the system and the dynamic, evolving nature of human
interaction. Recognizing and attributing intelligence to AI systems fosters
a symbiotic relationship where the machine’s goal-oriented behavior aligns
with user expectations and needs.
At this point one may wonder how it is possible to characterize this no-
tion of intelligence attribution. Of course, there have been many well-known
attempts, from Turing onwards, to define the attribution of intelligence to
artificial systems, and, from Dennett [16] onwards, to define the attribution
of intentionality. However, we would like to propose a pragmatic method for
attributing intelligence, with the awareness that it also has complex theo-
retical and ethical implications. We therefore propose the following charac-
teristics that an artificial intelligent system should/could have according to
the user’s perspective:

1. intelligence is attributed to the system before its use or interaction
with it (on the basis of the preliminary knowledge that the user has
of it);

2. intelligence is attributed to the system during its use or interaction
with it;

3. the qualification of intelligent is attributed to the results of the system
performance or of the interaction with it;

4. the repeated uses or repeated interactions with the system over time
allow an attribution of intelligence subject to time variability.
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If each of these characteristics is parameterized using a scale of values we
can obtain an overall measurement of the users’ expected intelligence related
to the AI system they are using or with which they are interacting. This
measurement can vary over time (especially in consideration of the parame-
ter derived from item 4) and can also be refined with more detailed scales of
values, thus producing a finer-grained di�erentiation, depending on the aims
to be achieved. The overall goal remains to create a tool that is as flexible
as possible for attributing intelligence to AI systems. The limit that can be
recognized in this tool is that of being user-dependent. However, this is also
one of its strengths, when such a tool is used to help draw up policies for
using or engaging with AI systems, an increasingly pressing problem from
a political, social and normative point of view. In addition, it has further
strengths. For example, it is not a tool that focuses on the idea of purpose
or goal-oriented behavior, however not excluding this characteristic from the
evaluated AI system.
Furthermore, from the point of view of aggregated data (of individual user
evaluations) it can allow an overall measurement of the intelligence expected
by AI systems that allows an assessment not only in terms of policies, but also
related to the general notion of intelligence, which could be reconstructed
starting from the aggregated data of many users by making hypotheses on
the various motivations that lead to certain attributions of intelligence. Our
assumption is that expected intelligence (on the part of human being) is
coupled with something in the system allowing intelligent behavior in gen-
eral. This does not imply that such a thing is the same as in human beings,
but at least is something that gives rise to intelligence, otherwise everything
could potentially be described as, or ascribed with, intelligence without any
particular reason. The reason (a mechanism, a technique, a dynamical in-
teraction, a mathematical/statistical function or whatsoever) should be, to
not lose the general notion of “artificial intelligence”. In fact, this is not the
case in the real world we live.
Finally, the user would in any case be safeguarded in his interaction with
AI systems by a more adequate and at the same time transparent use of an
artifact which calls into question the explicit awareness, on the part of the
user, of the fact that he is interacting with AI systems equipped of di�erent
recognizable or explicit levels of intelligence.
A proposal of this kind is only preliminary and certainly needs more in-
depth investigations. In principle, however, it can be a first step towards
overcoming the impasse on the actual evaluation of the intelligence of an ar-
tificial system, which allows to consider intelligent artificial artifacts that are
classifiable as such, without committing oneself to the metaphysical, episte-
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mological or mechanistic reasons of such intelligence and, at the same time,
without completely discarding the notion of intelligence in analyzing these
systems. Furthermore, the more complex theoretical-epistemological inves-
tigations could in any case be carried out ex post, downstream of this type
of measurement.
The analysis of specific aspects of intelligence in robotic artifacts may prove
enlightening by showing how the measurement of intelligence is significantly
contingent upon the expectations that the human participant retains during
interaction with AI. Indeed, the inherently collaborative and interactive na-
ture of the relationship between humans and robots underscores particular
dimensions within the analysis of intelligence that might remain latent in
interactions with disembodied AI systems. In the following sections, we will
try to show that the issue of human expectations towards artificially intelli-
gent systems explicitly emerged from contemplation on what first examples
of AI lacked and how the demand for a collaborative, human-like form of
intelligence gave rise, in addition to philosophical and technical inquiries, to
novel modes of intelligence assessment and evaluation.

4 What is lacking in artificial intelligence and
how it a�ects expectations

The initial years of AI were marked by a prevalent notion that human in-
telligence could, in principle, be comprehended and replicated in a machine
[17]. This idea was first conceived during the notable gathering held at Dart-
mouth in 1956 [18]. At the time, intelligence was predominantly perceived
as the ability to process data through computation, involving the deliberate
application of suitable inferences for a given purpose [1][19]. Consequently,
the field of AI has primarily focused on enhancing the logical and inferential
capabilities of machines, with the belief that machines would achieve human-
like results once their computational capacity reached a level of complexity
equivalent to human intelligence.
Despite a clear agenda and initial successful applications, the field of AI
encountered increasingly complex challenges, eventually entering a period
of setbacks known as the AI Winter [20]. During the late 60s, several fac-
tors contributed to the negative impact on this research domain. Firstly,
the recognition of the complexity of many problems posed di�culties as the
frameworks proposed by Marvin Minsky oversimplified the issues, result-
ing in early systems excelling only in simplistic tasks. Real-world problems
proved to be too intricate to solve, and scaling up the capabilities of AI
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systems went beyond the realm of faster hardware and memory [21]. In
addition, the "thinking humanly" approach that characterized early AI en-
deavors proved inadequate for solving the problems at hand. This approach,
known as the symbolic approach [22], involved attempting to replicate hu-
man problem-solving methods without breaking down the main problem into
possible solutions and formulating an algorithm. Moreover, in many cases,
positive results have been prone to over-interpretation, leading the public to
believe that AI systems possess much greater intellectual capabilities than
they actually did. For instance, the renowned program Eliza, developed by
Weizenbaum [23], was often perceived by participants as having achieved a
genuine understanding of human problems, akin to that of a psychothera-
pist. However, the program lacked any true knowledge or comprehension of
its interlocutors or their issues. The enthusiasm surrounding Eliza can be
attributed to the significantly low expectations people had for AI systems,
beyond purely logical performance, which allowed for quick excitement to
arise.
During this period, the debate surrounding the reasons why intelligent ma-
chines failed to achieve the expected accuracy in tasks envisioned by com-
puter scientists was primarily divided into two positions. On one hand,
Minsky attributed the mistakes to a naive preconception held by computer
scientists and AI practitioners regarding the nature of the mind and its
various aspects. In a seminal paper, Minsky [24] addressed the prevalent
questions of that time, which continue to be relevant today, regarding the
capabilities (or limitations) of intelligent machines. Characteristics such
as creativity, non-logical thought, and self-awareness were deemed by com-
puter scientists, brain researchers, and cognitive scientists to be inherently
human and beyond the realm of implementation in machines. This notion
profoundly influenced the development of AI. The expectations for machine
performance were confined to logical tasks and the successful execution of
programmed instructions, devoid of any consideration for creative problem-
solving or deviations from what the programmer had explicitly taught the
machine. However, Minsky argued that “all those beliefs which set machine
intelligence forever far beneath our own are only careless speculations, based
on unsupported guesses on how human minds might work” ([24]: 15). He
suggested that it was necessary to redefine our conception of intelligence, not
only with regards to machines but also in relation to ourselves as humans,
and to place greater trust in the power of our intuition, which had been
instrumental in constructing the initial AI models.
On the opposing side of the debate, in stark contrast to Minsky’s stance,
certain philosophers with alternative perspectives on mind and cognition ex-
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pressed skepticism regarding the potential achievements of AI as a whole.
This skepticism stemmed from ontological disparities between humans and
machines and the fact that computer scientists embarked on their work with-
out any knowledge of the philosophical attempts to address the same prob-
lems. Drawing on the phenomenology of Heidegger and Merleau-Ponty, as
well as Gestalt psychology, Dreyfus argues that "what distinguishes persons
from machines [...] is not a detached, universal, immaterial soul but an in-
volved, self-moving, material body" ([25]: 149). The core argument posits
that the problems confronted by computer scientists had already been con-
templated by philosophers, and the arguments developed by the latter could
be applied to the discourse on meaning and AI. The problem of meaning is
a longstanding one in philosophy, and the manner in which computer sci-
entists approached it traversed the history of philosophical thought on the
subject, from Plato onwards. Dreyfus anticipated the failure of proposed
plans for general problem solvers and automatic translation machines due
to computer scientists’ naive conception of mental functioning. As a re-
sult, he recommended that researchers familiarize themselves with modern
philosophical approaches to human beings and intelligence if they aimed to
replicate the characteristic aspects of human intelligence.
It is possible to argue that the positions put forth by Minsky and Dreyfus
originated from the same recognition of the naivety of computer scientists,
yet they were approached in divergent manners, resulting in distinct solu-
tions and future agendas. In essence, Dreyfus believed that these limitations
were practically insurmountable, starting from the phenomenological per-
spective on the body and consciousness. Conversely, Minsky advocated for
a revaluation of the concept of intelligence and maintained that the desired
outcome could be achieved with appropriate adjustments. However, Min-
sky’s proposals proved to be more problematic than anticipated and sparked
a new wave of contemplation on the feasibility of implementing mechanisms
of signification and constructing machines that genuinely exhibit concern
for their actions, as exemplified by the frame problem [26] and the symbol
grounding problem [27].
Starting from these problems and recognizing the significant role of the body
in the emergence of intelligent behavior, Brooks initiated a revolution in the
field of AI and robotics, giving rise to a new paradigm known as "nouvelle
AI" [28]. Indeed, in the 1980s, Brooks charted a course for redefining the
approach to building artificial machines that could exhibit human-like intel-
ligence and behavior through embodiment, which had profound implications
for the subsequent development of ideas in cognitive sciences and philos-
ophy of mind [29]. His proposal emphasized the necessity of constructing
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complete agents that operate in dynamic environments using real sensors
in order to truly test the concepts of intelligence [28]. This required mov-
ing beyond the symbolic artificial intelligence model that had characterized
previous approaches. Consequently, a new framework emerged, in which in-
telligence was no longer viewed solely in terms of accomplishment of isolated
tasks but primarily in terms of interaction with the environment. The cen-
tral idea was that “the true details of interacting with the world are not the
same as abstract thinking has led many workers in Artificial Intelligence to
believe” ([30]: 1). Brooks’ work significantly propelled the field of robotics,
which had previously progressed at a slower pace compared to disembod-
ied intelligent systems. This breakthrough yielded numerous advancements,
leading to the development of robots capable of interacting with both the
environment and humans in a social manner, such as Kismet [31]. The most
notable transformation brought about by this new paradigm in AI was the
abandonment of the "human thinking" approach in favor of a perspective
in which intelligence arises from more fundamental processes involving the
interaction between an organism’s body and its environment.
This reconfiguration of the concept of intelligence represents a significant
model shift: intelligence shifts from being perceived as demonstrable solely
through the correct execution of tasks to a conception wherein the founda-
tional aspect of humanoid intelligence lies in how an agent interacts with its
world. Most importantly, the work on robotics emphasized that the pursuit
of disembodied tasks and the singular focus on developing computational
capabilities, detached from immersion in an environment, were insu�cient
for achieving AI on par with human intelligence. However, the shift in focus
from task performance to interaction with the world has presented chal-
lenges in evaluation, particularly when human agents are involved. Indeed,
in the context of interactive AI, especially embodied AI over the past three
decades, evaluation metrics have become more nuanced and now consider
elements that were previously deemed irrelevant. As highlighted by Minsky,
while the expectations of AI performance within the specialized field of com-
puter science influenced internal considerations, the desire to deploy robots
in real-world settings and have them interact with human users without prior
knowledge of their inner workings has brought the issue of expectations to the
forefront. Regardless of the level of accuracy with which robots can solve
various tasks, even surpassing human capabilities, the perceived level of in-
telligence in robots depends on multiple variables, often rooted in embodied
communication and extending beyond the mere explicit accomplishment of
the task at hand.
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5 Expected intelligence for robots in interac-
tive contexts

One of the main factors that has been demonstrated to influence human ex-
pectations in interactions with robots is the degree of human-likeness in the
robot’s appearance. Extensive research has shown that when robots exhibit
a high degree of human-likeness, it elicits anthropomorphic tendencies in
humans, leading them to engage with the robots in a manner that resembles
social interactions with other humans [32][33]. However, this anthropomor-
phic tendency can be seen as a double-edged sword. While it promotes social
engagement, it also creates a potential for misleading expectations regarding
the cognitive capabilities of the robots.
In the field of Human-Robot Interaction (HRI), this challenge of under-
standing the capabilities of robotic agents in interactive contexts has been
identified as the Perceptual Belief Problem (PBP). As highlighted by Thell-
man and Ziemke [34], the PBP appears to be unique to the field of HRI and
does not arise in standard Human-Computer Interaction. Unlike computers,
social robots have physical bodies that enable them to navigate and engage
with a complex and unstructured physical world, and at the same time bod-
ies make robots able to physically interact with humans. The PBP in HRI
arises because humans, when interacting with social robots, need to assess
the robots’ abilities and limitations based on their perceptual and cognitive
capabilities. Since social robots often exhibit human-like appearances and
behaviors, humans may attribute human-like cognitive capacities to them,
creating potential misconceptions about the robots’ actual cognitive abilities.
This anthropomorphic tendency can lead to the expectation that the robot
possesses comprehensive perceptual beliefs similar to those of humans. How-
ever, fulfilling such expectations is challenging given the current technology
and robot architectures. Although a humanoid robot may have human-like
eyes, ears, arms, and legs, it does not necessarily imply that it can see, hear,
grasp objects, shake hands, or walk side by side in the same way as a hu-
man would in interaction. Thus, when confronted with a humanoid robot,
human agents may be disappointed to realize that the robot’s capabilities
are limited. Moreover, these expectations are di�cult to measure because
assumptions about the actual cognitive and behavioral capabilities of robots
are not always transparent to individuals. For instance, even if people treat
the robot as an intentional agent during interaction, when asked whether
they believe the robot has a mind, they typically respond in the negative
[35]. Consequently, new methodologies have been developed to evaluate the
PBP without relying solely on verbal self-assessment [36]. Finding a way
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to address the gap posed by the PBP is crucial to ensure a high degree of
collaboration and to prevent disappointment in humans.
A high degree of human likeness can also have negative e�ects on inter-
action when combined with a low level of a�nity toward the robot. This
phenomenon is known as the Uncanny Valley E�ect [37], wherein a negative
feeling arises in human agents interacting with robots that closely resemble
humans but lack the same level of human-like behavior. Various explana-
tions have been proposed to account for this e�ect, but consensus has not yet
been reached. One of the most widely accepted explanations [38] attributes
the e�ect to a mismatch between human agents’ expectations, influenced by
the humanoid appearance, and the actual behavior exhibited by the robot
in interaction. Recently, this explanation has also been examined through
the lens of the theory of predictive coding [39][40], which posits that the
fundamental functional structure of the brain, across all levels of organiza-
tion, involves the comparison of observations with predictions and strives to
operate in a way that minimizes any discrepancies between them.
Not only do humanlikeness and anthropomorphism play a crucial role in
shaping expectations regarding robot intelligence in interaction, but the cul-
tural background and representations of robots in cultural settings also sig-
nificantly impact human expectations. As Kamide and Mori [41] empha-
size, culture and philosophy have a profound influence in the context of
Human-Robot Interaction (HRI). In their study, they compare the philo-
sophical systems of the West (e.g., Europe and the Americas) to those of
the East (e.g., Asia and the Middle East). The Western tradition seeks a
systematic, consistent, and comprehensive understanding of the universe,
while the Eastern tradition adopts a more holistic or circular view of the
world. These di�erences in philosophical orientations can lead to varying at-
titudes towards robots, suggesting that cultural and philosophical leanings
may foster greater readiness for acceptance among Eastern populations, as
also suggested by MacDorman et al. [42] in the context of Japanese culture.
Indeed, cultural narratives in which individuals engage from childhood sig-
nificantly influence the acceptance of robots in society. In Japanese culture,
for example, where robots have been portrayed as companions and allies in
manga adventures since the 70s, the majority of people tend to exhibit a
positive outlook towards the integration of robots engaging in daily activ-
ities in close proximity to the general public [43]. Conversely, individuals
from Western cultures often harbor more negative attitudes regarding the
inclusion of robotic companions for assistive and care tasks, influenced by
apocalyptic narratives found in cinema and literature, such as the works of
Asimov or the Terminator movies [44][45]. On the same topic, Horstmann
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and Krämer [46] conducted a study revealing that individuals’ exposure to
media portrayals of social robots significantly influences their expectations
of robots’ abilities and capabilities, subsequently reinforcing and amplifying
those expectations. Furthermore, the study found that individuals’ knowl-
edge of negatively depicted fictional social robots contributes to the develop-
ment of negative expectations, perceiving robots as potential threats. Con-
versely, individuals who possess a greater understanding of the capacities
and limitations of robot technology, based on non-fictional knowledge, ex-
hibit reduced levels of anxiety towards robots. In a follow-up study [47],
they examined how a negative violation of expectations caused by a social
robot, coupled with the valence of the subsequent reward, could influence
participants’ desirability of interacting with a social robot and its impact on
HRI. Interestingly, the study revealed that when the robot violated partici-
pants’ expectations, they evaluated the robot’s competence, sociability, and
interaction skills more negatively 1.
Therefore, the framework for evaluating robotic intelligence needs to account
for these expectations, both prior to actual interactions and during online
interactions with robots. In the following paragraph, we will explore how
incorporating these new insights can further enhance the understanding and
assessment of expectations in HRI. Although no study, to our knowledge,
specifically investigates the role of these expectations in influencing the eval-
uation of robot intelligence, certain tests have been developed to measure
perceived intelligence in robot interactions, along with related metrics that
facilitate the overall assessment of HRI quality.

6 Measuring robotic intelligence
In the interactive context, the measurement of a robot’s intelligence is an
assessment of how e�ectively a human and a robot collaborate [50]. As
discussed in the previous paragraph, human expectations regarding intelli-
gence are not only relevant in terms of preconceived beliefs and assumptions,
but also during the actual interaction with the robot. Negative attitudes,
in particular, can hinder the potential benefits of HRI, such as therapeutic
practices.
To evaluate these assumptions and attitudes towards robots, Nomura et al.

1The influence of cultural background on expectations towards robots is an
extensively explored aspect in the Human-Robot Interaction literature. Delving
deeper into this topic is beyond the scope of the present chapter; see [48; 49] for a
general overview.
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[51] developed the Negative Attitude towards Robots Scale (NARS). This
scale consists of a questionnaire that explores various aspects of human-robot
interaction, including situations, social influence, and emotions. In their ex-
perimental study, participants engaged with Robomovie, a robot designed
for human communication [52], and they were asked to interact verbally with
the robot and to touch it. The findings revealed that negative attitudes to-
wards robots can indeed impact the interaction. Some individuals displayed
resistance to touching or speaking with the robot, which undermined and
compromised the quality of interaction. Additionally, the study showed that
these attitudes can vary depending on the participants’ gender and culture.
Furthermore, previous encounters with robots were found to influence the
results of the NARS test. Participants with prior direct experience with
robots were more inclined to engage in verbal interactions and touch the
robot during the study. Subsequent studies examined the e�cacy of the
NARS scale in assessing changes in expectations during actual interactions
[53] and explored cultural di�erences among participants [54].
Other assessment methods, often used in conjunction with the NARS test,
have been developed to evaluate the overall quality of HRI after the initial
validation stage. One widely employed approach is the Godspeed test [55],
which aims to ensure comparability across di�erent experimental settings
and the replicability of results in various languages and contexts. This test
encompasses several factors, including anthropomorphism, animacy, likeabil-
ity, perceived safety, and perceived intelligence, all of which are assessed
based on participants’ experiences during the interaction. Of particular rel-
evance to our study is the assessment of perceived intelligence. The re-
searchers conceptualize perceived intelligence in robots as a combination of
robotic competence and the potential elicitation of the perception of intel-
ligence through “random behavior” during interaction. Participants were
asked to rate their perceived intelligence on a scale ranging from 1 to 5 of
di�erent dichotomies, i.e., Incompetent/Competent, Ignorant/Knowledge-
able, Irresponsible/Responsible, Unintelligent/Intelligent, and Foolish/Sen-
sible. Although the test has undergone statistical validation, it is important
to highlight two key considerations.
Firstly, attempting to capture perceived intelligence through strict dichoto-
mies, as described above, may not provide a comprehensive assessment of
quality. Regarding perceived intelligence, certain terms in the Godspeed test
appear to be redundant (Incompetent, Ignorant, Unintelligent) and may not
be easily discernible. Other terms (Irresponsible/Responsible, Foolish/Sen-
sible) seem unrelated to the evaluation of perceived intelligence but are more
relevant to ethical considerations. Dichotomies such as Intelligent/Unintel-
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ligent and Ignorant/Knowledgeable align better with the general concept
of perceived intelligence, as they reflect stereotypical conceptions of intelli-
gence. This makes us think that this list can be restricted or enlarged at
will, also because the authors did not give any explanation for having cho-
sen these terms and no others. The second issue to emphasize is that the
Godspeed test alone may not adequately capture the overall quality of HRI.
As previously mentioned, the embodied factor plays a crucial role in robot
interactions and is not considered in this test. Therefore, the integration
of implicit measures of perceived intelligence, which assess the bodily atti-
tudes people exhibit during robot interactions, could enhance the evaluation
process. Such measures have been adopted in various experimental settings
[56][57] and would contribute to a more comprehensive framework for assess-
ing interactions while also enhancing internal test validity.
In relation to the impact of expectations on human-robot interaction, Rosén
et al. [58] developed an evaluation framework aimed at providing a com-
prehensive understanding of the social robot expectation gap. This term
describes a disparity in which expectations, whether excessively high or too
low, can result in disconfirmation. The authors illustrate this phenomenon
by considering two scenarios: firstly, when individuals interact with a so-
cial robot and hold the belief, influenced by depictions in science fiction
movies, that the robot could feel and express pain when it falls, yet it does
not, leading to a contradiction of expectations and the emergence of high
expectations; secondly, when users do not assume the robot to be able to
engage in verbal communication, but it initiates a conversation, leading to
a contradiction of expectations and the development of low expectations.
Consequently, for the authors it is possible to say that the quality of inter-
action can be perceived as high, irrespective of the robot’s capabilities, as
long as expectations are confirmed. To assess the implications of high and
low expectations on social robots prior to, during, and after interaction, the
authors proposed an evaluation framework encompassing a�ect, cognitive
processing, and behavior and expectations. Moreover, they highlighted that
expectations are dynamic and change over time - in line with our previous
proposal - but they do not provide experimental evidence for the e�ective-
ness of this evaluation model.
However, it is crucial to develop a means of evaluating robotic intelligence
in order to facilitate suitable human-robot interactions and design e�ective
robot behaviors. To gain a comprehensive understanding of the extent to
which robots can exhibit intelligence, Winfield [59] proposed a framework
in which robotic intelligence arises from the integration and interaction of
four distinct types: morphological intelligence, swarm intelligence, individ-
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ual intelligence, and social intelligence. Using a star diagram, the author
compared di�erent organisms based on their exhibited intelligence. For ex-
ample, humans may demonstrate high levels of individual and social intelli-
gence, surpassing other animal species, but exhibit a lower degree of swarm
intelligence, in contrast to certain animal species like ants. This framework
can also be applied to robots, allowing for an analysis of their diverse forms
of intelligence. Winfield further suggested that one possible reason for hu-
man disappointment in terms of robotic intelligence is that “none of the
intelligence graphs for the robots score on more than two axes, whereas all
of the exemplar animals score on at least three” ([59]: 6). This highlights a
distinction between the types of intelligence exhibited by living beings and
those demonstrated by artificial artifacts.
Despite the fundamental di�erence that Whitfield’s conclusions highlight
between living beings and artificial artifacts, the disparity in terms of the
intelligence exhibited by these entities appears to be once again focused on
restricted aspects of intelligence. In the majority of cases, intelligence is con-
ceptualized as a quality demonstrated through abstract reasoning for specific
tasks and subsequently evaluated by comparing it to the best possible out-
comes, which are ultimately determined by how humans accomplish such
tasks.
These examples taken from HRI show how the problem of expected intelli-
gence is widely present in interactive robotics, a field in which intelligence
can be assessed on multiple dimensions including physical ones (performance
in specific tasks, acting in the real world, verbal and non-verbal interactions
with human users, etc.). Every test shows some of the characteristics that we
have included in our general list, although not all at the same time. However,
it should appear evident, by means of the HRI, as a general tool for assess-
ing expected intelligence and for drawing up a shared and aware metric, is
a theoretical and a practical problem that can no longer be postponed.

7 Conclusions
In conclusion, two final considerations can be made. The first pertains to
the often inadequate consideration of expectations in most tests aimed at
assessing or evaluating intelligence in artificial artifacts. These tests often
fail to fully acknowledge the role of expectations held by both human users
and scientists regarding their overall understanding of the interaction and
the task at hand. While expectations may sometimes be examined from
the perspectives of anthropomorphism or cultural background, the assess-
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ments rarely, if ever, take into account the variety of expectations that users
may have when engaging with artificial artifacts. Furthermore, in the case
of robots, apart from the factors we have previously discussed as influenc-
ing expectations, issues concerning the attribution of intentionality [57] and
perceived agency [60] are also considered to be influential factors that a�ect
the actual interaction with robots and consequently impact the evaluation
of their intelligence.
At the same time, these attempts for assessing and evaluating intelligence
strive to break it down into subsections, thereby seeking to simplify the
problem. Indeed, mainstream methods separate di�erent abilities and eval-
uate them individually, subsequently aggregating the singular evaluations.
Consequently, the overall evaluation of the artificial artifact’s intelligence
is understood as the sum of the separate evaluations of its performances,
whether accomplished or not. As emphasized by Anzalone and colleagues
[61], the challenge in evaluating AI lies not in reducing it to the e�cacy of
individual algorithms, but in o�ering a more comprehensive account that
encompasses broader forms of intelligence, namely social and interactive in-
telligence [62]. Therefore, what we propose is to complement this purely
methodological evaluation approach with aspects derived directly from in-
teraction studies, in order to facilitate a more robust evaluation that takes
into consideration various factors that we have observed to contribute to the
assessment of a robot’s intelligence to varying extents, such as expectations
and the overall quality of interaction.
Finally, if the conception of intelligence that we wish to apply to artificial
artifacts is derived from or must be comparable to human intelligence, it
is imperative to carefully consider the precise basis on which we are align-
ing them. The response to the question “how can an artificial artifact be
deemed intelligent?” will always be influenced by the particular concept of
intelligence that is embraced.
It is not possible to say whether a final answer will ever be given on what
intelligence is and on what intelligence is from the point of view of the arti-
ficial. However, we can consider it reasonably certain that the attribution of
intelligence by the human user is an unavoidable characteristic, both from a
cognitive and a practical point of view. This also has positive motivations
and implications, as we have tried to argue. The proposal we have made is
that taking into account the intelligence expected in artificial artifacts and
attempting to measure it through metrics based on the various aspects of
user interaction or use can lead to better results in understanding the reality
of the artificial and, at the same time, to better designs of artificial artifacts.
And perhaps to a more well-structured answer to the question of intelligence

108



Artificial Intelligence as Expected Intelligence

in AI. The list of characteristics proposed to measure expected intelligence
is in line, as we have tried to show, with the measurement attempts made
in social robotics, a field that seems to exemplify more than others in AI
the strong implications that the question on the intelligence brings with it,
constituting an area of investigation whose results can also be extended to
the interaction and use with other AI systems which are more distant from
an embodied configuration.
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