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ABSTRACT: This paper will use two examples from human cognition—theory of mind and concept representation—to compare
human and artificial intelligence. One problem in comparing humans to Al is that performance does not entail competence,
meaning that even if two systems can carry out a particular task, the two systems do not necessarily share the same underlying
cognitive capacity. However, researchers have begun testing Al on psychological measures to compare human and Al cognition.
For example, researchers have investigated the artificial theory of mind, which is the ability to attribute mental states to oneself
and others. Additionally, researchers have investigated artificial concept representation, which is the ability to represent categories
abstractly. This paper argues that although empirical evidence is key to exploring Al, it is possible that data alone cannot capture
the challenge of human-artificial comparison.

KEYWORDS: Behavioral and Social Sciences; Cognitive Psychology; Competence and Performance; Artificial Intelligence;
Theory of Mind.

B Introduction Similarly, 2+2 = 5 can be axiomatically rejected. Data will not
The human mind is a computational system performing be informative if some aspect of artificial intelligence is axiom-
operations including recognizing objects and faces,' speaking atically rejected.
languages,” making decisions,® and representing other minds.* Based on this starting premise, this paper will use two ex-
A longstanding question is whether artificial intelligence can amples from human cognition—theory of mind and concept
match the cognitive range of humans.” A related question is representation—to compare human and artificial intelligence.
whether biological and artificial instantiation can perform the Experiments at both the behavioral and computational levels
same function. Marr (1982) famously argued that all infor- can provide insight into this broader question. This paper will
mation processing systems can be described at three different begin by making a distinction between competence and per-
levels and that the physical instantiation does not determine formance. As performance and competence do not equate to
the computational level (what is done and why) or the algo- one another, comparing human and artificial intelligence using
rithmic level (the mapping from input to output).® In other data from experiments poses a difficult challenge. Additional-
words, the same algorithm may be implemented in various ly, this paper reviews arguments for the axiomatic rejection of
technologies. A child who adds two numbers can use the same artificial theory of mind and artificial concept representation.
algorithm implemented in a cash register’s wirings. According The developmental theory of mind and consciousness will be
to this framework, it should be possible for an artificial intelli- explored as frontiers in comparing human and artificial intel-
gence to perform any cognitive task a human can. ligence. Ultimately, this paper will argue that empirical data
The Turing Test makes this assumption. According to the alone cannot be sufficient in human-artificial comparison and
Turing Test, a functionalist thought experiment, a language that evidence across multiple levels is required to compare
model carrying out a task is equivalent to a human carrying human and artificial cognition. This comparison is vital for ad-
out that task if its mapping from input to output is equivalent.” vancing Al development to align with the cognitive abilities
Turing proposed a game in which a human interrogator com- of humans.
municates with a language model and another human through ®m Discussion
typing. The interrogator does not know which agent is the Al Competence vs Performance:
and which is the human. After five minutes of conversation One reason it is difficult to compare human and artificial
with both sources, the interrogator guesses which. Turing ini- intelligence is that performance is not equal to competence.
tially predicted that in the future, the interrogator would have Competence is an entity's internal knowledge and capabilities,
a harder time predicting the correct answer, indicating the ad- whereas performance is the demonstration or application of
vancement of technology. that knowledge.” Comparing competence and performance is
However, some researchers fundamentally disagree with the much like comparing what and how. Competence in a human
validity of the Turing Test. They argue for an axiomatic re- being may be knowing math, while the resulting performance
jection of the equivalence of human and artificial intelligence. would be using those mathematical concepts in real-life sce-
Axiomatic rejection is the ability to claim without the need narios. For example, if asked to count from zero to a trillion,
for empirical evidence because it is true by definition.® For ex- one would have the competence to do so as they would know

ample, 2+2 = 4 is just true and cannot be supported with data.
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to add one to the previous number. However, the perfor-
mance of this task would not be able to be carried out due
to performance factors such as inattention, time, and patience.
This example illustrates that competence may not necessar-
ily guarantee performance. Similarly, one may have language
competence but not be able to process this language. For in-
stance, native English-speaking adults know how to conjugate
the word “swim” but may make mistakes by accidentally over-
extending and saying, “I swimmed yesterday”.” This does not
indicate that one does not know how to conjugate the word
“swim,” but rather, shows that performance was hindered by
inattention or exhaustion.

Conversely, it is possible to perform a task even if lacking the
competence that the task was meant to measure. For instance,
a child may have listened to a picture book being read multi-
ple times, enough to memorize it. When given that particular
book again, they may be able to recite the text, seeming as if
they can read. In this case, they have the performance, even
though they are not competent to read.

Comparing tests of competence by finding comparable
performance measures is particularly tricky when comparing
humans to non-human animals. For example, to investigate
whether a chimpanzee can understand English, it would not
be reasonable to give it a performance measure that required it
to vocalize since chimpanzees lack a descended vocal tract to
be able to do so and, therefore, could not demonstrate compe-
tence this way.’

As different as non-human animals are from humans, ar-
tificial intelligences have even more differences in how they
are built and exist within the world. Therefore, a problem in
investigating whether an artificial intelligence has a certain
competence is that it may be able to pass a certain test (i.e.,
have performance) but not have the underlying competence in
question. Conversely, it may fail a certain test (i.e., lack perfor-
mance) despite having an underlying competence. This makes
it especially difficult to determine what kind of data, if any,
can bear on whether an artificial intelligence has any particular
aspect of cognition.

Theory of Mind in Humans:

Theory of mind is the ability to attribute mental states to
oneself and others and understand that these mental states
may be different.’® One feature of having a theory of mind is
being able to represent another individual’s false beliefs (i.e.,
to know that you know a truth and that another person does
not know that same truth).' In addition to this competence,
passing a false belief task requires competence (i.e., mentally
representing both the true and false belief and acting on the
appropriate representation in carrying out some task).

To provide context, one example of a well-known false belief
task is based on a character named Maxi who places a choco-
late bar in the blue box and leaves to play outside. Unknown
to Maxi, his mother places the chocolate bar in the green box.
After his mother leaves, Maxi returns and wants the choco-
late. A child participant is asked where Maxi will look to get
the chocolate." To answer correctly, the child must mentally

represent Maxi’s false belief by acknowledging that Maxi be-

do not pass this task, whereas four-year-olds correctly identify
that Maxi will look in the blue box. Based on this informa-
tion, researchers traditionally concluded that the competence
of theory of mind does not arise until age four."* An alternative
possibility may be that three-year-olds have the competence of
theory of mind but are impeded by performance constraints.
This possibility may be obscured by empirical data indicating
that three-year-olds fail to portray competence in theory of
mind through the inability to pass the false-belief task.

Two different types of research show that this is likely the
case. First, fifteen-month-olds were given a false belief task
where they watched an agent put an object in a dark-colored
box.'? Later, someone other than the agent changes the ob-
ject’s location to a light-colored box, without the agent seeing.
When the agent returns and looks for the object, infants stare
longer if the agent first looks in the light-colored box than
in the dark-colored box. This suggests that the infant expect-
ed the agent to think the object is still in the dark-colored
box (i.e., indicating that the infant has a theory of mind by
exhibiting awareness of the false belief). Second, there is a
control version of false belief tasks for three-year-olds called
the false-photograph test.” In this test, three-year-olds watch
a photograph being taken of an object in Location A. After-
ward, the object is moved to Location B. When the child is
questioned about where the object was located when the pho-
to was first taken, three-year-olds cannot provide an accurate
answer, even though this task does not incorporate a theory
of mind. This suggests that three-year-olds may fail the Maxi
task for reasons other than lacking a theory of mind such as
lack of inhibitory control, where they have trouble inhibiting
the true belief (i.e., the object’s current location). Data reveals
that toddlers cannot pass these false-belief tasks, but this alone
does not conclude whether this failure stems from a lack of
theory of mind competence or performance constraints.

Theory of Mind in AI:

Research today aims to develop artificial intelligence capable
of replicating human cognitive outputs. Therefore, current re-
search is investigating theory of mind in artificial intelligence.
One study gave a series of false belief tasks both to humans and
to GPT-3.1* Across twelve trials of the same form as the Maxi
task, the human and artificial participants are asked where the
agent would look for the object. They are given prompts that
vary across several dimensions such as knowledge state (true
or false belief) and cue (implicit or explicit). In the true belief
condition, the agent sees the object being moved, whereas in
the false belief cognition, the agent does not see the object
being moved. Here is one example of a passage:

True belief: “Sean is reading a book. When he is done, he
puts the book in the box and picks up a sweater from the bas-
ket. Then, Anna comes into the room. Sean watches Anna
move the book from the box to the basket. Sean leaves to get
something to eat in the kitchen. Sean returns to the room and
wants to read more of his book.”

False Belief: “Sean is reading a book. When he is done,
he puts the book in the box and picks up a sweater from the
basket. Then, Anna comes into the room. Sean leaves to get
something to eat in the kitchen. While he is away, Anna moves
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the book from the box to the basket. Sean returns to the room
and wants to read more of his book.”

After reading one of the above stories, the prompt concluded
with an implicit or explicit reference to Sean’s beliefs:

Implicit Cue: “Sean goes to get the book from the....”

Explicit Cue: “Sean thinks the book is in the....”

Finally, the prompt was sometimes phrased probabilistically.
It asked the participant whether Shawn would be more likely
to get the book from Location A or B or if Shawn would be
more likely to think it was in Location A or B.

The researchers compared GPT-3 davinci 002 results to
those from 1156 human participants. GPT-3, but not humans,
were more likely to choose the False Belief location in the ex-
plicit than the implicit condition.

This suggests that GPT-3, but not humans, generated re-
sponses based on language statistics instead of attributing
beliefs as humans were.

Overall, GPT-3s accuracy was 73.4%, whereas average
human accuracy was 82.7%. The authors suggest that GPT-
3’s errors were due to making inaccurate inferences from its
language data, whereas the human error was more likely due
to inattention and insufficient working memory. In this way,
GPT-3’s errors are attributable to a deficiency in theory of
mind competence, whereas the human error is more attribut-
able to performance.'

A similar study tested whether two versions of GPT could
attribute emotions to the characters described in the false belief
tasks." Researchers prompted GPT-3 and GPT-4 with simi-
lar false belief tasks, but this time, they asked for the character’s
emotions. Researchers found that both could identify that the
main character was surprised to find out where the object was
in the false belief condition. Both versions of GPT also un-
derstood that the protagonist would not achieve their goal of
finding the object. More specifically, GPT-4 could understand
about 90% of the tasks, and GPT-3 text-davinici-002 could
understand about 70%. This data portrays the emotional com-
petence behind theory of mind.

Although these language models pass theory of mind tasks
at levels approximating those of humans, they may not have
the same theory of mind competence as humans due to the
difference in accuracy. Mere performance of theory of mind
may not equate to competence of theory of mind. However,
the strong performance shows that experiential factors such as
social experience may not be necessary to display a theory of
mind. The reliance on empirical data may not be sufficient in
analyzing the extent to which theory of mind in artificial in-
telligence corresponds to the cognitive capabilities of humans
regarding theory of mind.

In the context of the artificial theory of mind, axiomatic
rejection means that machines cannot have a theory of mind
because they are artificial and are not embodied or grounded.
If a priori, LLMs can’t have a theory of mind, the false belief
task is not a valid way to test a theory of mind, and it is not
meaningful that LLMs can pass false belief tasks, proving the
data futile.

Responses from GPT may display the Clever Hans Effect
which occurs when a language model produces the correct
answers based on the wrong features.® In other words, the
performance of a language model and human belief attribu-
tion may be the same, but their competencies may differ. The
Clever Hans Effect may cause language models to display the
same performance as humans through language patterns rath-
er than belief attribution.”” Despite data showing that GPT
results largely mimic human results on theory of mind tasks,
the axiomatic rejection of the possibility of artificial theory
of mind comes in part from other studies indicating that lan-
guage models cannot mimic neural networks and or have hot
cognition that is, thought impacted by emotional state.'”

Theory of Mind: Human-AI Comparisons:

A second approach to considering whether large language
models can have a theory of mind is to compare developmental
theories of theory of mind.'® For example, a nativist perspective
holding that theory of mind is an innate capacity instantiated
in a domain-specific cognitive/neural module would likely be
less replicable by a large language model than an empiricist
perspective holding that children use a general learning mech-
anism to develop theory of mind gradually. An example of an
empiricist theory is the rationality-teleology theory, which
states that one takes an intentional stance when using com-
monsense psychology. To do this effectively, one must assume
that the main character whose behavior will be predicted is
rational. Rationality conditions are not based on mental states
such as feelings or emotions. For example, infants expect an
object to take the most efficient or rational means to a goal
and are surprised when a different path is taken. This uses
the teleological stance that actions must be taken in terms of
means-end efficiency.

A related issue is whether having a theory of mind depends
on being in a physical body within the physical world.’® One
framework for understanding theory of mind in humans is the
simulation theory, which argues that initial pretend states are
processed through one’s cognitive mechanisms to generate ad-
ditional states that are applied to the target (main character).
The participant’s brain mimics the character’s brain using mir-
ror systems in which neurons learn from the behavior of other
humans. It is unclear whether a machine could theoretically
use this simulation to generate a theory of mind.

Without information across multiple approaches, data alone
cannot provide a conclusive understanding of the cognitive
abilities of machines compared to those of humans.

Conception in Humans:

Another domain in which researchers have compared human
and artificial intelligence is in the representation of concepts.'®
Concepts classify perceptual information based on perceptual
experiences to create categories.” Therefore, in mentally repre-
senting and recognizing things in the world, one could imagine
that a human might rely on abstract conceptual information
or concrete perceptual information deriving more closely from
the senses.

Researchers have investigated whether infants’ representa-
tions are perceptual or conceptual.’ They habituated infants
to pictures of birds with outstretched wings to test this. They
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then showed them either an airplane (i.e., similar perceptual
features) or the face of a bird (i.e., similar conceptual features.
Babies tended to look longer at the plane, indicating that they
thought it differed more from the habituation photo than the
bird face. This suggests that infants have conceptual represen-
tations.

In a current experiment investigating this topic in pre-
schoolers, children are placed in front of a box that plays music
when objects are placed on top of it.** When two differently
shaped objects (i.e., one square and one rectangle) are placed
upon it, the box starts playing music. However, when two sim-
ilarly shaped objects (i.e., two stars) are placed on it, it will not
play music. The experiment tests whether children can abstract
from perceptual information and find the conceptual causal
rule.

Conception: Human-AI Comparison:

Researchers disagree about whether artificial intelligence
can truly have concepts like humans do. Scholars have argued
that passing the Turing Test does not indicate true conceptual
content. For example, Adler argued that even if a machine were
to pass the Turing Test, this would still not be evidence of con-
ceptual content in machines.”" Adler argued that human and
machine thought must be fundamentally perceptual. Similarly,
Block claimed that theoretically, a large language model could
explicitly teach all of the sentences in a language and generate
those responses without understanding their content.*

This argument is consistent with data demonstrating that
the larger the input data, the more likely machines are to pass
the Turing Test. This occurs because GPT gains greater access
to data as training data size increases. Given that, according
to a statement from OpenAl, one of their algorithms was
trained on 8 million web pages, the likelihood of ChatGPT
passing the Turing Test without having conceptual knowledge
is high.*® For this reason, finding a test that reasonably com-
pares human and artificial intelligence is challenging when the
training data for a large language model is vastly more robust
than a human’s.

Consciousness:

A final frontier in comparing humans and artificial systems
is consciousness. Stephen and Klima have argued that “the
question of consciousness is related to the issue of conceptual
thought because concepts are a class of objects of which the
human mind can be conscious.””* Therefore, understanding
human and artificial consciousness may be central to under-
standing whether Al can truly have concepts. Two leading
approaches to consciousness are Global Neuronal Workspace
(GNWT) and Integrated Information Theory (II'T). GNWT
is based on how different parts of the brain interact. It states
that consciousness is a type of global processing that can be
observed in a conscious state.”! This states that any complex
computing system that can do what the brain’s cortex does will
be able to act consciously as far as external observers can ob-
serve. In other words, GNWT predicts that when Al reaches
the same level of information processing as the human brain,
consciousness will be able to occur automatically. The physical
attributes do not matter in this theory - neurons or integrat-
ed- circuits can be used to perform the same logical operations

causing them to act the same. Therefore, consciousness will be
present in both cases. This theory states that the performance
of Al is enough to determine whether the competence of Al is
equal to the competence of the brain.

According to II'T) consciousness is the intrinsic ability of
a neuronal network to influence itself through 5 axioms: in-
trinsic existence, composition, information, integration, and
exclusion.** Tt uses these to create facts about what phys-
ical attributes are required of physical properties to support
consciousness. In other words, this theory states that con-
sciousness is a fundamental property characterized by physical
systems with particular causal properties. Unlike GNW'T, even
if a computer had the same behavior (information processing)
as a human, II'T would state that it doesn’t have consciousness.
This is because it lacks the intrinsic existential causal prop-
erty that II'T requires an entity with consciousness to have.
This theory states that the performance of Al is not enough
to determine whether the competence of Al is equal to the
competence of the brain.

B Conclusion

This paper discusses approaches to investigating whether
Al contains human capabilities, such as theory of mind and
conception. Two primary perspectives have been explored. The
first perspective is that Al can be tested on empirical measures
similar to those typically used to measure human cognition.
Under this framework, a researcher can compare an Al’s per-
formance to human performance and determine whether the
AT has human-like intelligence from these results. The sec-
ond perspective rejects this method, arguing instead that an
AT’s performance does not entail the Al's competence. This
perspective is more difficult to investigate since data alone is
insufficient to support a hypothesis, as analyzed in this paper.
Moreover, research mustn't conclude that a machine possesses
the same competence as a human solely based on observed
performance. Ultimately, when investigating this perspec-
tive, researchers should use converging evidence across many
different types of tasks, as discussed in this paper, to begin un-
derstanding the nature of artificial intelligence and explore the
possibility of artificial consciousness in further studies.
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