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Abstract

What does it mean for LLMs to replace human participants
in psychological research? My analysis of this question is
structured around two central philosophical problems: scien-
tific representation and epistemic opacity. By examining how
these issues shape trustful and distrustful stances toward us-
ing LLMs as models of the human mind, I describe tenden-
cies in the scientific literature and their relation to emerging
interpretability and elicitation techniques. In this regard, my
primary contributions are, first, a philosophical framework
for understanding the conceptual tensions that shape the de-
bate, and second, a taxonomy that maps stances in empirical
literature to their corresponding methodological innovations.
I show that both trustful and distrustful positions, despite
their disagreements, foster the methodological innovations
necessary for building a more robust epistemological founda-
tion for LLM-based simulations. Accordingly, empirical re-
search stances must be responsive to the pressures and con-
straints implied by their underlying philosophical intuitions.
This means, for instance, that trustful stances should explore
protocols leveraging fine-tuning and prompt design to evalu-
ate correspondence and consistency in more complex behav-
ioral patterns—thereby working around model opacity—
while distrustful stances should further develop parallels at
the algorithmic and implementational levels between LLMs
and the human mind through XAI techniques and computa-
tional cognitive science—to probe the representational rela-
tionship.

A recent debate has centered on whether large language
models (LLMs) can replace human participants in psycho-
logical research. Optimists argue that LLMs offer cost-ef-
fective and rapid behavioral simulations that reflect the psy-
chology embedded in their training data. Skeptics, however,
question the representational relationship between computa-
tional language models and the human mind. Even if LLMs
can mimic linguistic behavior, this does not entail that they
are scientific representations of human psychology; they
may resemble aliens or zombies.
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In this paper, I argue that positions in the debate over re-
placing human participants are shaped by underlying as-
sumptions about two philosophical issues: scientific repre-
sentation and epistemic opacity. I also highlight the chal-
lenges raised by these perspectives, as well as the techniques
employed to address them. Then, I map these philosophical
insights onto the conditions proposed in the scientific litera-
ture for a simulation to be considered a valid representation
of human behavior.

While LLMs can be valuable exploratory tools in psy-
chology, they are constrained by the epistemic opacity in-
herent in their technical design. Accordingly, they should be
understood as heuristic models of human behavior that re-
quire complementary methods of analysis and enhancement.
However, this debate is fostering the development of novel
supplementary methodologies, which will nourish the scien-
tific ecosystem and advance the epistemological founda-
tions of LLM-based simulations. Therefore, it is crucial to
situate empirical research stances within their philosophical
commitments and methodological context, in order to rec-
ognize productive lines of inquiry.

1. Philosophical Problems

The debate over replacing human participants with LLMs
touches upon two distinct yet interconnected issues in the
philosophy of science: the problem of scientific representa-
tion and the problem of epistemic opacity.

1.1 Scientific Representation

In the philosophy of science, a model is a scientific tool used
to investigate a much broader or more complex phenome-
non. But what does it mean for a model to represent a target
phenomenon? The foundation of scientific representation
lies in surrogative reasoning—the possibility that a scientist
may gain knowledge about the target through the analysis of



the model (Frigg and Nguyen 2020). Identifying the condi-
tions that make surrogative reasoning possible is central to
our debate, since LLM-based simulations aim to yield
knowledge about human psychology as if they were actual
participant data. In other words, justifying the representa-
tional nature of the model requires demonstrating that hu-
man psychology can be studied through LLM-based simu-
lations. In this sense, the idea of replacing human partici-
pants hinges on the question of whether LLMs represent hu-
man behavior well enough to function as scientific models
of the mind.

Two common views on the problem of scientific repre-
sentation can be distinguished. Naturalist positions hold that
representation is a factual or objective relation that depends
directly on the properties of both the model and the target
phenomenon, rather than on the agents’ scientific intentions
(Suarez 2003). Within this tradition, proposals based on
similarity or isomorphism argue that a model represents its
target by sharing properties with it, or more specifically, by
mirroring its abstract structure (Frigg and Nguyen 2020).
For instance, a scale model of a bridge represents the bridge
insofar as it resembles it in the relevant features. Likewise,
validating a representational relation between an LLM and
the human mind requires justifying their connection—be it
resemblance, analogy, or any other proposed relation—and
this justification must refer to the properties of the systems
in question.

In contrast, non-naturalist positions conceive of represen-
tation as an artificial relation that includes the agent, the con-
text, and the scientific practice, such that what constitutes
representation goes beyond the model’s properties. A cen-
tral view within this tradition is inferentialism, which pro-
poses that scientific intention and the model’s inferential ca-
pacity are necessary conditions for representation (Suarez
2004). Another noteworthy view is artifactualism, which
holds that the process of model construction underpins the
justification for its representational character. Emphasizing
the scientific practice broadens the range of possible repre-
sentational means and focus the concerns on the correspond-
ing methodological questions for each case. These ap-
proaches seek to dissolve the problem by no longer requir-
ing an independent foundation for the model’s representa-
tional status beyond its actual use. From this perspective, the
use of LLMs as models of the human mind could be justified
by their crafting process and the inferences they allow, de-
pending on the methodological details of each case.

1.2 Epistemic Opacity

The concept of epistemic opacity was originally introduced
in the early 2000s in the context of computational simula-
tions, but it remains relevant—and arguably even more
pressing—in the case of deep learning (DL) models. A pro-
cess is epistemically opaque when its epistemically relevant
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elements are unknown (Humphreys 2009 4). “The problem
arises from the lack of an explicit algorithm linking the ini-
tial inputs with the final outputs, together with the inscruta-
bility of the hidden units that are initially trained” (Hum-
phreys 2004 149). Since DL models—including LLMs—
operate and learn through large-scale, autonomous, and sto-
chastic computations that elude human understanding (per-
haps even by their very nature), they are considered opaque
and are often compared to black boxes. Not only are the
step-by-step processes that generate outcomes unclear; in
DL models, the internal representations instantiated in the
neural network parameters—i.e., what the model “learned”
during training—are entirely unknown (Boge 2022). In this
sense, the issue diverges from the conditions of surrogative
reasoning but highlights the inherent complexity of these
models, and it often fuels the critique that black-box systems
lack scientific utility.

One proposed response to this problem is reliabilism. Ac-
cording to this view, an opaque computational simulation
may be justified if it is reliable, meaning that the simulation
process has an objectively high likelihood of functioning
properly, based on prior observations of its performance
(Duran and Formanek 2018). What counts as proper func-
tioning and what the sources of reliability are may vary de-
pending on the methodological context. Still, this idea di-
rectly suggests predictive accuracy as a criterion for the rep-
resentational legitimacy of an opaque computational model
(Lenhard 2009). Even if the internal mechanisms remain un-
known, one may rely on the model’s representational value
based on its results. Therefore, the justification for using
LLM:s as replacements for human participants in psycholog-
ical research would depend on how effectively they replicate
human data.

Conversely, a non-reliabilist position would argue that
the justification for an opaque computational simulation
cannot rest solely on the alignment of its outputs with real
data. It must also appeal to the model’s processing mecha-
nisms. This view may be motivated by the concern that one
can arrive at the correct results through flawed procedures—
even though, again, what counts as “flawed” is debatable.
This focus on internal processing makes the non-reliabilist
stance more sensitive to the problems posed by epistemic
opacity, as it is unwilling to accept a model without also ex-
amining how it works. In other words, for this position, ep-
istemic opacity is something to be tackled—not sidestepped.
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In summary, the first problem questions what kind of rela-
tion scientific representation is, and gives rise to a distinc-
tion between natural relations, based solely on the proper-
ties of the model and the target, and non-natural ones, which
depend on contextualized scientific practice. The second



problem addresses the grounds for justifying the representa-
tional value of an opaque model and leads to a distinction
between reliabilist justifications, based solely on results,
and non-reliabilist ones, which appeal to the model’s inter-
nal processing.

2. Mapping the Debate Space

Broadly speaking, in the debate on replacing human partic-
ipants, one can distinguish between trustful and distrustful
stances. Distrustful positions are less willing to accept
LLM-based simulations without epistemic guarantees,
while trustful positions are more open to endorsing a repre-
sentational relationship between language models and the
human mind. This description functions as a map of the de-
bate space in the following sense: the earlier philosophical
problems define axes of discussion, the positions outlined
below are demarcated by their representational conditions—
that is, by how they respond to those philosophical prob-
lems—and the typical stances illustrate concrete tendencies
within the debate.

2.1. Distrustful Criteria

Distrustful stances tend to endorse stricter conditions for sci-
entific representation. The stricter these conditions, the
harder it is to accept that a computational model can replace
a human participant. Such criteria may be stricter in two
ways: by attempting to warrant a natural relationship be-
tween the LLM and the mind, or by requiring a justification
of the model that appeals to its internal processing. Justify-
ing a natural relationship is, in principle, more challenging
because it requires engaging with the properties of both the
model and the target, and must therefore be grounded in the-
oretical frameworks and empirical evidence—something
particularly difficult given our limited understanding of, and
lack of consensus about, the mind. Appealing to internal
processing is likewise difficult, as it requires overcoming
the epistemic opacity inherent to DL models.

A typical distrustful position expects the representational
character of an LLM to be justified through its internal pro-
cessing, since this could establish a relationship with the
mind in terms of the model’s properties. In other words, the
driving force behind skepticism is that epistemic opacity
hinders model validation. There are different positions on
what would validate the model in terms of its properties. A
weaker naturalism might accept a less detailed interpretation
of the algorithm, while a stronger naturalism might argue
that an LLM cannot scientifically represent the human mind
unless its internal processing also simulates biological pro-
cessing. In turn, even if a distrustful stance does not require
the representational relationship to be fully grounded in its
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properties (a non-naturalist position), it may still be dissat-
isfied with a justification that completely disregards the
model’s internal processing.

From a distrustful perspective, addressing epistemic
opacity requires some form of understanding of the algo-
rithm computed by the language model. The underlying in-
tuition is that an LLM is a good representation—at least par-
tially—insofar as its algorithm corresponds to human men-
tal processes. These skeptical concerns motivate technical
interpretations based on architecture and training, efforts to
identify parallels between the human mind and LLMs, and
the use of eXplainable Al (XAI) techniques to provide evi-
dence for interpretation. For example, if LLMs are con-
ceived as reproducing linguistic and semantic patterns from
their training data, one could attempt to relate that mecha-
nism to human cognitive processes of linguistic comprehen-
sion or production; or given that ANNs are inspired by bio-
logical neural networks, one could argue that this algorith-
mic design simulates the human processing. However, these
generic interpretations neither explains why reproducing
linguistic patterns or fundamental cognitive architecture
should capture causal relationships in human psychology
nor accounts for the model’s internal representations. More
fine-grained interpretative hypotheses would instead be spe-
cific to concrete use cases and more demanding to empiri-
cally validate.

2.2. Trustful Criteria

On the other hand, trustful stances adopt more flexible con-
ditions of representation—for instance, methodological pre-
cautions and their related predictive accuracy. These condi-
tions may be more flexible either because they consider the
scientific context in which the LLM is constructed and used
as a model of the mind, or because they accept justifications
based exclusively on the model’s outputs. Accounting for
the scientific practice in which the model is embedded facil-
itates its justification by shifting the problem toward con-
text-specific methodological or logical issues, thereby
avoiding theoretical presuppositions. In turn, appealing ex-
clusively to the model’s results facilitates justification by
evading the limitations posed by epistemic opacity.

A typical trustful position holds that its justification need
not go beyond the model’s results, since representational
character does not depend exclusively on the model’s inter-
nal properties but rather on its inferential (or predictive) ca-
pacity. Thus, if LLM-based simulations match psychologi-
cally relevant patterns of human behavior, this is considered
evidence that they represent the human mind—at least
within the concrete circumstances of the simulation. That
said, there are various interpretations of what counts as
matching or enabling inference: from the Turing test, to
opinion alignment, to background coherence or behavioral
pattern reproduction. Alternatively, a trustful variant might



even accept that a natural relationship is necessary for sci-
entific representation, while still taking predictive accuracy
as an indication of such a connection with the target.

Underlying this view is the idea that predictive success
implies that the algorithm instantiated by the model captures
causal-explanatory relationships of the phenomenon (Pi-
etsch 2016; Lenhard 2009). This idea has led to several con-
sequences. First, the race for higher predictive accuracy has
driven the development of novel elicitation techniques.
However, these techniques have shown that LLM-based
simulations are not always as cost-effective and rapid as in-
itially expected. Second, the lack of understanding of imple-
mentation details (i.e., the step-by-step of opaque computa-
tions) does not necessarily preclude grasping the structure
of the computed algorithm (Sullivan 2022). Third, this view
raises important questions about whether and why detailed
algorithmic interpretation is needed to justify a model’s rep-
resentational value, and thus how threatening epistemic
opacity really is. Still, one might ask: why is it compelling
to claim that nothing can be explained by an unexplained
model?

3. Scientific Literature

To illustrate, consider how the stances characterized in the
previous section map onto the scientific literature address-
ing our debate. Current research aims to interpret the inner
representations of LLMs and to assess the reliability of their
simulations. In general, experiments tend to compare LLMs
and elicitation techniques, while attempting to correlate sim-
ulations with actual human behavior in a given task and, in
some cases, employ interpretability XAI techniques (fre-
quently post-hoc, attribution methods).

3.1. Distrustful Literature

The relationship between computational language models
and human cognitive processing has sparked debates at both
the algorithmic and implementational levels. To tackle the
epistemic opacity of LLMs (i.e., to interpret their internal
processing) researchers often rely on available information
about model architecture and training, as well as XAl tech-
niques. These interpretations vary in both generality—from
addressing the processing of language itself in comprehen-
sion or production tasks, to focusing on specific cognitive
capacities or patterns (e.g., reasoning or priming)—and
methodology—from applying psychological tests or exper-
iments to LLMs to compare known human effects or traits,
to postulating computational analogies or correlating pro-
cessing patterns with brain measurements.

Studies aiming to establish algorithmic-level relation-
ships between LLMs and the human mind argue for inter-
pretations of the algorithm computed by the LLM and com-
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pare it with what is known about human cognition. Such dis-
cussions may compare processing in terms of the conceptual
representations involved (Yetman 2025; Xu et al. 2025), its
computational principles, functional properties, or features
of cognitive architecture (Mischler et al. 2024; Niu et al.
2024; Caucheteux and King 2021, 2022; Goldstein et al.
2022). These studies typically include empirical evidence,
conclude with a partial parallel, and are often accompanied
by technical recommendations to refine the similarity.

Other studies aim to demonstrate implementation-level
relationships between the computations carried out by these
cognitive systems. A popular methodology consists in meas-
uring the alignment between LLM embeddings and human
brain activity in regions relevant to the task at hand. Using
this approach, researchers have drawn parallels between ac-
tivity patterns in certain layers of LLMs (represented by
their internal embeddings) and neural activity patterns in
specific regions and layers of the cortex—in relation to lan-
guage comprehension and production tasks across different
modalities, as well as more specific capacities such as The-
ory of Mind (ToM) (Ren et al. 2025; Caucheteux and King
2021, 2022; Mischler et al. 2024; Rahimi, Yaghoobzadeh,
and Daliri 2025; Cai et al. 2025; Goldstein et al. 2025; Ja-
mali, Williams, and Cai, 2023).

Clearly, XAl plays a significant role in this body of liter-
ature on similarity between LLMs and the human mind and
brain. Even though these interpretability techniques have
been strongly criticized, show substantial limitations, and
remain under development (Sullivan 2024; Longo et al.
2024), they have garnered attention for their potential as
methodologies for cognitive science and neuroscience
(Zednik and Boelsen 2022; Cai et al. 2025; Caucheteux and
King 2021, 2022; Goldstein et al. 2022; Mischler et al. 2024;
Niu et al. 2024; Rahimi, Yaghoobzadeh, and Daliri 2025;
Ren et al. 2025). It is worth noting that, within the debate on
taking LLMs as models of the mind, these emerging tech-
niques are motivated by skeptical discomfort with epistemic
opacity in DL models and/or by a naturalistic drive to com-
pare their properties with those of the brain.

3.2. Trustful Literature

Trustful stances tend to focus on the model’s predictive ca-
pacity and the scientific practice in which it is embedded.
This brings into play several factors involved in the con-
struction, use, and evaluation of the model. Since LLMs are
DL models, LLM-based simulations must be evaluated to
verify, for example, that they genuinely extrapolate seman-
tic connections from training data, avoiding memorization
or overfitting (Eigenschink et al. 2023). Regarding use and
construction, key methodological factors include prompting
and fine-tuning techniques. Additional variables involved in
LLM use are generation parameters such as temperature,
max-length, top-p or top-k sampling, etc. Furthermore, part



of the model’s construction involves the curation and justi-
fication of training or tuning datasets. This is accompanied
by methodological concerns, for example, about the replica-
bility of experiments or the diversity of simulated data
(Niszczota, Janczak, and Misiak 2025; Wang, Morgenstern,
and Dickerson 2025; Abdurahman et al. 2024a, 2024b;
Demszky et al. 2024; Santurkar et al. 2023; Park, Schoeneg-
ger, and Zhu 2023).

Still, to evaluate predictive accuracy—and hence inferen-
tial capacity—the primary representational criteria are cor-
respondence and consistency, and the main evaluation meth-
ods are comparison with real data and human evaluation.
Several studies propose specific lists of criteria, but they can
generally be reduced to these two categories.

Correspondence refers to the emulation of human behav-
ioral patterns, which may include opinions, decisions, per-
formance, or cognitive and behavioral biases (Strachan et al.
2024; Rossi, Harrison, and Shklovski 2024; Wang et al.
2024; Aher, Arriaga, and Kalai 2023; Guo 2023; Binz and
Schulz 2023a, 2023b; Santurkar et al. 2023; Loconte et al.
2023; Sap et al. 2022). Consistency refers to the coherence
of behavior over the course of an interaction (Suzuki and
Arita 2024; Sreedhar and Chilton 2024; Jiang et al. 2024;
Horton 2023; Xiao et al. 2023; Simmons and Hare 2023;
Argyle et al. 2022). This criterion encompasses several di-
mensions: a model is a) robust if its behavior maintains a
consistent identity (Xiao et al. 2023), b) sensitive if it adapts
to the interaction (Simmons and Hare 2023), and c¢) coherent
(or continuous, realistic, or simply consistent) if it aligns
with the simulated profile (Eigenschink et al. 2023; Sim-
mons and Hare 2023; Xiao et al. 2023; Argyle et al. 2022).

For instance, the Turing test, via human evaluation, aims
to determine whether a model behaves like a human (corre-
spondence) over the course of a conversation (consistency).
Likewise, researchers directly compare human responses to
simulated data from the same test or survey, or analyze as-
pects of the generated text (e.g., vocabulary, connotation,
tone), or test predictors of whether a human would classify
a post as belonging to a given demographic group, or assess
the likelihood of a given decision given a specific profile.

As with criteria and methodology, results have varied.
Some studies have shown high correlation (= 0.9) between
simulated data and average human results in experiments
(Dillon et al. 2023; Aher, Arriaga, and Kalai 2023; Argyle
et al. 2022; Binz and Schulz 2023a; Hewitt et al. 2024). In
contrast, others have reported inconsistencies not only in
opinion alignment but also in capabilities and other behav-
ioral patterns (Santurkar et al. 2023; Gao et al. 2024; Binz
and Schulz 2023b; Loconte et al. 2023; Sap et al. 2022;
Tjuatja et al. 2024; Salecha et al. 2024; Park, Schoenegger,
and Zhu 2023). This latter evidence points, at the very least,
to limitations concerning the appropriate use cases for LLM-
based simulations.
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Ultimately, the most significant advances in this literature
concern the ongoing development of elicitation techniques,
including prompting and fine-tuning. Prompting techniques
are a core element of LLM usage. In addition to being cor-
related with predictive accuracy, they underpin the simula-
tion of social interactions through multi-agent design
(Sreedhar and Chilton 2024; Simmons and Hare 2023; Park
et al. 2023, 2022; Argyle et al. 2022), and even enable the
extraction of additional information from simulations (e.g.,
justifications or chains of thought) (see Xu et al. 2024; Guo
2023). Similarly, fine-tuning techniques have consistently
proven useful for enhancing LLM performance in specific
domains and, thus, predictive accuracy in research contexts
(Lu, Luu, and Buehler, 2025; Liu et al. 2025; Zhang et al.
2025; Abdurahman et al. 2024a; Gao et al. 2024; Binz and
Schulz 2023a; Horton 2023). Nowadays, for example, re-
searchers can tune a commercial LLM at a relatively low
cost with data specific to the behavior being modeled.
Within the debate on taking LLMs as models of the mind,
these emerging techniques are motivated by an interest in
refining the symmetry between the simulation and human
behavior.

4. Methodological Implications

Both trustful and distrustful stances should remain aware of
the constraints imposed by their respective philosophical in-
tuitions about scientific representation and epistemic opac-
ity. These controversies drive innovation in interpretability
and elicitation techniques. In turn, empirical research must
also stay informed about methodological innovations in the
field, as this is essential for contributing effectively to the
debate.

For instance, distrustful stances should be aware of the
extensive effort required to empirically justify a natural re-
lationship between cognitive systems that are still poorly un-
derstood. While efforts in this direction are promising, they
remain incipient and depend on significant advances in cog-
nitive science and neuroscience, making such a requirement
unfeasible in the short term. As such, it would be overly
rigid to reject all scientific uses of LLM-based simulations
because of the absence of sufficient epistemic guarantees.
Instead, in addition to continuing the comparative analysis
between the internal processes of LLMs and the human
mind/brain, researchers should integrate XAI techniques
into simulation protocols that use the latest advances in fine-
tuning and prompt design.

Likewise, trustful stances should recognize the unease
generated by unexplainable models and the domain-specific
justification of the representational character of LLMs, as
well as the technical difficulties involved in tuning and ma-
nipulating LLMs. On the one hand, it is understandable that



simple correlations between model outputs and human opin-
ions may not be compelling enough. Hence, it is advisable
to refine experimental protocols to demonstrate the predic-
tive accuracy of simulations in relation to a broad range of
behavioral features, especially those that are harder to
mimic. On the other hand, the epistemic foundation for this
methodology is piecemeal, depending not only on how the
model is deployed, but also on the specific subfield of psy-
chology and the mental trait or process being modeled. By
contrast, it would be careless to assume that an off-the-shelf
commercial LLM can yield insight into human psychology
without any control or knowledge regarding its architecture,
training, tuning, or underlying data. Similarly, it would be
careless to extrapolate predictive success in one mental do-
main to others without further scrutiny.

Conclusion

To recap, in the debate on replacing human participants with
LLMs, trustful and distrustful positions are structured
around two central philosophical issues: scientific represen-
tation and epistemic opacity. The first concerns the condi-
tions under which surrogative reasoning from an LLM is
warranted, while the second underscores the model’s inher-
ent complexity that hinders its validation. These axes have
been used to map the debate space, describing the motiva-
tions behind stances and tendencies in the discussion. It is
typical, for instance, to find perspectives that either appeal
to the model’s internal processing to probe its link with the
mind or brain, or emphasize its predictive capacity and focus
on methodological aspects of model deployment. Accord-
ingly, trustful stances tend to prioritize empirical evalua-
tions of simulation performance and elicitation techniques,
whereas distrustful stances demand more transparent inter-
nal explanations (often through interpretability methods).
Both lines of research should be interconnected, as they
address interdependent questions and their methodological
innovations can be mutually reinforcing. A key recommen-
dation is the widespread integration of interpretability meth-
odologies—including, but not limited to, post-hoc attribu-
tion XAI techniques—when testing elicitation methods and
simulations more broadly. Further recommendations in-
clude considering more sophisticated representation criteria
that measure various aspects of the simulated linguistic be-
havior and “cognitive process”; proposing more challenging
mental capacities or phenomena to simulate; and verifying
the correspondence of simulations on a case-by-case basis
for each field of psychology. Other issues may also be ad-
dressed in future research, such as the replicability of simu-
lated data and the generalization of models to new data.
However, none of this suggests that language models will
eliminate the need to collect human data. On the contrary,
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training and elicitation techniques reaffirm the value of (up-
to-date and well-curated) data.

The controversies and concerns currently fueling the de-
bate can be better understood by identifying deeper philo-
sophical motivations and considering emerging computa-
tional techniques. Since contemporary research applies di-
verse criteria to evaluate the representational relationship
between LLMs and the mind, the aforementioned philo-
sophical discussions serve as a framework for understanding
the conflicting positions as differing in their requirements
for representation. Furthermore, interpretability and elicita-
tion methods play a key role in the methodological ground-
ing and development of LLM-based simulations, as they
push back against the empirical limitations imposed by ep-
istemic opacity. Therefore, contributing to research on mod-
eling the mind with LLMs also requires being informed
about the technical details of these models and about XAI,
prompting, and fine-tuning methods.

In short, LLMs are valuable exploratory tools for psycho-
logical research, but they need to be supported by interpret-
ability and elicitation methods. This debate concerns deep
philosophical questions and intuitions, and provides fertile
ground for the development of novel supplementary meth-
odologies. As part of the effort to build an epistemic foun-
dation for LLM-based simulations of human behavior, it is
necessary to identify the underlying assumptions and com-
mitments of the research, as well as the broader challenges
they entail. This article seeks to contribute to that effort.
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