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ABSTRACT

Large language models (LLMs), such as ChatGPT, have shown remarkable abilities in
natural language processing, opening new avenues in psychological research. This
study explores whether LLMs can predict human memory performance in tasks
involving garden-path sentences and contextual information. In the first part, we
used ChatGPT and Google Gemini to rate the relatedness and memorability of
garden-path sentences preceded by either fitting or unfitting contexts. In the second
part, human participants read the same sentences, rated their relatedness, and
completed a surprise memory test. The results demonstrated that ChatGPT and
Google Gemini’s relatedness ratings closely matched those of the human

participants, and their memorability ratings effectively aligned with human memory
performance. Both LLM and human data revealed that higher relatedness in the
unfitting context condition was associated with better memory performance, aligning
with probabilistic frameworks of context-dependent learning. These findings suggest
that LLMs, despite lacking human-like memory mechanisms, can model aspects of
human cognition and serve as valuable tools in psychological research. The field of
machine psychology explores this interplay between human cognition and artificial
intelligence, offering a bidirectional approach where LLMs can both benefit from and
contribute to our understanding of human cognitive processes.
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are no models of cognitive processes (Editorial, 2023), studies in this field explore the
capabilities of LLMs and the degree to which they align with human behavior and
cognitive processes (Aher, Arriaga ¢» Kalai, 2023; Binz & Schulz, 2023; Buschoff et al., 2023;
Dhingra et al., 2023; Dillion et al., 2023; Gilardi, Alizadeh ¢ Kubli, 2023; Horton, 2023;
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Michelmann et al., 2025; Ritter et al., 2017; Tak & Gratch, 2023). Taken together, these
studies emphasize a remarkable congruity between human cognition and LLMs, indicating
the potential of LLMs to play a meaningful role in psychological research. Although prior
research has shown that LLMs mirror many classic findings in psychology, comparatively
less attention has been directed toward their potential to test targeted theoretical accounts
of human memory. In particular, the probabilistic cue-integration framework (Heald,
Wolpert & Lengyel, 2023), provides predictions that have not yet been examined in LLMs:
How contextual fit modulates memory through cue-accumulation processes. The present
study addresses this gap by integrating the established psycholinguistic paradigm of
garden-path sentences with LLM-derived ratings of relatedness and memorability, to
examine whether models capture the cue-accumulation dynamics proposed by the
framework. In this article, we go beyond the current understanding of LLMs by
investigating their potential for approximating human memory performance. To ensure
the robustness of our findings concerning ChatGPT, our investigation also incorporates
analyses of one additional LLM.

Machine psychology: exploring the intersection of human and artificial
coghnition

Following their launch, LLMs have exhibited exceptional capabilities in natural language
processing (NLP) and production (Manning et al., 2020). Ranging from the simplest
interactions as chatbots to their implementation in various areas such as education
(Kasneci et al., 2023), healthcare (Thirunavukarasu et al., 2023), and information search
(Stadler, Bannert ¢ Sailer, 2024), these models have woven themselves into human
experiences with their remarkable advantages and the convenience they provide. Beyond
their expertise in NLP and practical applications, LLMs reveal significant alignment with
human cognitive functions and behaviors in psychological tests where they are evaluated
as subjects, despite not being fundamentally developed for this purpose. To effectively
utilize LLMs, and to better understand the increasing harmony between them and humans,
it is crucial to examine the strengths and limitations of these models. Nonetheless, the lack
of transparency in how exactly LLMs function poses a challenge (Schwartz, 2022; Zubiaga,
2024). To address this challenge and to open up these “black boxes”, psychology offers a
strong framework with its multidisciplinary perspective. This article contributes to
machine psychology, an area dedicated to explore the interplay between human cognition
and behavior, as well as the capabilities of LLMs. In the field of machine psychology, LLMs
are perceived as a distinct yet analogous “second mind” that is yet to be uncovered,
focusing on their resemblance to human cognitive functions while acknowledging their
artificial nature. This emerging field adopts a bidirectional approach, integrating the
unique capabilities of LLMs and the rich and profound knowledge of psychology to
deepen the understanding of both artificial and human cognition. On the one hand,
psychological knowledge and methodologies can be applied to understand LLMs through
examining them as participants in assessments and experiments. This approach enables
the systematic exploration of their internal processes, behavioral tendencies, and
cognitive patterns, as well as the extent to which these models mirror human cognition
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! A fitting context is a preceding utterance
that activates an appropriate mental
model in the receiver’s mind, making it
easier to comprehend the present phrase.

(Binz & Schulz, 2023; Mei et al., 2024; Webb, Holyoak & Lu, 2023). On the other hand,
LLMs possess significant potential to advance the study of human cognition. Their distinct
information processing mechanisms open new avenues for research and provide the
opportunity to use LLMs as proxies/simulations for investigating human cognitive
processes, thereby broadening our understanding of the human mind (Binz ¢ Schulz,
2023; Horton, 2023). Drawing from the concept of symbiotic autonomy in human-robot
interaction studies, which focuses on the reciprocal cooperation between humans and
robots (Vanzo et al., 2020), we propose a similar bidirectional approach of machine
psychology, where humans and LLMs mutually contribute to advance the understanding
of the complexities of both human and artificial cognition. Our focus in this article is on
the latter direction, utilizing LLMs as a proxy to investigate human cognitive processes.
Here, we evaluate whether LLMs can approximate human memory performance through
testing the correspondence between human memory performance and the outputs of
LLMs. We achieve this by conducting a language-based memory task that incorporates
garden-path sentences and contextual information. In the following sections, we examine
the implications of LLMs’ ability to approximate the memory performance of humans,
despite their absence of a human-like memory mechanism.

Context-driven memory: a framework for evaluating LLMs’ predictions
Our investigation into the potential of LLMs to approximate human memory performance
is centered on the critical role of context in the formation of memories. A fitting prior
context' is important in resolving ambiguity (Szewczyk ¢ Federmeier, 2022), the pervasive
and fundamental element of the natural language, which poses a challenge to
comprehension (MacGregor et al., 2020). Resolving ambiguity is a demanding cognitive
procedure that involves considering the context, background knowledge, and making
inferences from other important linguistic cues to determine the intended meaning. The
recognized detrimental impact of ambiguity on language processing is not exclusive to
humans, it also constitutes a significant impediment for LLMs (Irwin, Wilson & Marantz,
2023; Liu et al., 2023). While generative pre-trained transformer (GPT) employs an
autoregressive design with the sequential generation process, bidirectional encoder
representations from Transformers (BERT) builds upon this approach by utilizing a
bidirectional architecture, considering both preceding and following contexts (Naveed

et al., 2024). Despite possessing advanced linguistic processing capabilities, both models
encounter difficulties in effectively managing the ambiguity inherent in language,
mirroring the challenges present in human cognitive processing during comprehension
(Irwin, Wilson & Marantz, 2023; Liu et al., 2023). This shared challenge of managing
ambiguity is particularly evident in the interpretation of complex sentence structures, such
as garden-path sentences (Fujita, 2021; Li et al., 2024). Although grammatically correct,
these sentences introduce temporary ambiguity due to flawed parsing which can lead to
misinterpretation and hinder comprehension (Christianson et al., 2001). While
garden-path sentences present serious challenges for understanding due to inherent
ambiguity, a fitting prior context is acknowledged to reduce those complications (Grodner,
Gibson & Watson, 2005; Kaiser ¢» Trueswell, 2004). The beneficial impact of fitting prior
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context on comprehending garden-path sentences can be explained through the
structure-building framework (Gernsbacher, 1997). This framework suggests that
comprehension involves constructing mental representations by linking incoming
information to an established structure. In this case, the fitting prior context sentence
provides a foundation for the mental structure, onto which the garden-path sentence can
be integrated. Being part of the same mental representation, the context sentence fitting the
garden-path sentence aids in clarifying ambiguity enabling the cohesive processing of both
sentences and improving comprehension (Brich et al., 2024).

The help of prior context is not only important for facilitating understanding, but also
plays a key role for memory formation. Successful comprehension is achieved by
extracting the meaning of sentences (Kaup et al., 2023). As outlined in the
structure-building framework, comprehension is achieved by creating coherent mental
structures through integrating incoming fitting information (Gernsbacher, 1997). This
process involves envisioning the situations described in the text (Gernsbacher ¢» Robertson,
1995; Schiitt et al., 2023), which contributes to deeper understanding. As a result,
well-understood content is more likely to be retained over time (Kintsch et al., 1990). In the
case of not being able to comprehend the sentence (e.g., being provided with prior unfitting
information), readers make use of the surface form of information (Schnotz ¢ Bannert,
2003), known to be forgotten well before the meaning of the text (verbatim effect)
(Poppenk et al., 2008). By facilitating the construction of coherent mental representations,
as described by the structure-building framework (Gernsbacher, 1997), a fitting prior
context aids comprehension. This, in turn, enhances the encoding of garden-path
sentences into memory, establishing a critical link between comprehension and retention.

Recent work frames context-dependent learning as a form of probabilistic cue
integration, where memory improves as a function of the accumulation of relevant cues
(Heald, Wolpert ¢ Lengyel, 2023). In a fitting context, cues are abundant, leading to robust
memory. However, in an unfitting context, the relationship between even weak contextual
cues (i.e., residual relatedness) and memory should be more pronounced. Although
classically applied to studies of sentence processing, garden-path sentences are well-suited
for probing the probabilistic cue-integration account of memory, and offer distinctive
advantages. During encoding, their temporary ambiguity introduces a dynamic change in
the availability of semantic cues as the sentence unfolds, enabling systematic manipulation
of cue strength. This balance of naturalistic comprehension with precise experimental
control makes garden-path sentences powerful tools for testing whether LLMs capture the
cue-accumulation observed in humans, that is, whether LLM predictions align with human
memory performance under conditions of varying contextual support. Beyond simple
comprehension, the processing of the ambiguous garden-path sentences thus provides a
unique testbed for models of memory. LLMs, which excel at learning probabilistic
relationships in language, offer a novel way to model this process. The central theoretical
question of this article is whether the behavior of LLMs, when faced with these sentences,
aligns with the predictions of a probabilistic framework of human memory. This alignment
would suggest that these models, despite their different architecture, capture core statistical
principles that may also underlie human context-dependent memory.
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% Note, those responses were independent
because each API call initiated a new
LLM context.

EXPERIMENTAL OVERVIEW AND HYPOTHESES

Despite lacking a foundation in human cognition, LLMs achieve near-human performance
across various tasks (Binz ¢ Schulz, 2023). This begs the question: can LLMs, if not simply
“stochastic parrots” (Digutsch ¢» Kosinski, 2023), reveal insights into the underlying
mechanisms of human cognition? Here, we investigate this by harnessing generative Al to
predict human memory performance. Specifically, we test if LLMs can estimate how well
humans remember garden-path sentences prefaced by fitting or unfitting contexts. This
study probes the potential of LLMs to shed light on human information processing, even
while operating on different principles.

In the first part of this study, we submitted the garden-path sentences (Sentence 2 in the
prompt) with a preceding sentence (Sentence 1 in the prompt) that matched (fitting) or
mismatched (unfitting) the context of the garden-path sentence to ChatGPT and Google
Gemini (Table 1). We collected 100 responses for each prompt (relatedness of Sentences 1
and 2, and memorability of Sentence 2; including a robustness check with synonyms). In
the second part of this study, we used the LLM responses to estimate human performance,
in which we presented participants with the same material and asked them about the
relatedness of the two sentences. After that, we presented participants with a surprise
memory test in which we presented only the garden-path sentences and measured
recognition memory. We hypothesize that LLMs’ and humans’ relatedness values are
higher in the fitting than the unfitting condition. Further, we hypothesize LLMs’
memorability ratings to be higher in the fitting than the unfitting condition. Eventually, we
hypothesize that LLM memorability responses would approximate participants’ memory
performance in a surprise memory test.

METHOD

We report how we determined our sample size, all data exclusions (if any), all data
inclusion/exclusion criteria, whether inclusion/exclusion criteria were established prior to
data analysis, all manipulations, and all measures in the study. Portions of this text were
previously published as part of a preprint (Huff ¢» Ulak¢i, 2024). The experiment was
approved by the local ethics committee of the Leibniz-Institut fiir Wissensmedien (LEK
2023/051).

Data sources

LLM

We used OpenAI’s API to access ChatGPT (OpenAl et al., 2023) (model: GPT-4; June
2023) to collect 100 responses (consisting of the relatedness and the memorability values)
for each sentence pair. We set the temperature value to 1 to increase the variability in the
answers. This resulted in 4,500 independent responses in the fitting and 4,500 in the
unfitting condition and resulted in a total of 9,000 independent responses”. Furthermore,
to perform the aforementioned robustness check of our Al-generated data, we performed a
validation step using one more LLM for the same task with the same prompts: Google
Gemini 2.0 Flash (Google Cloud, 2025), accessed through the Google API.
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Table 1 An exemplary representation of the prompts and sentence pairs submitted to ChatGPT and Google Gemini.

Context Relatedness prompt Memorability prompt
Fitting  Read Sentence 1 and Sentence 2 and answer the following Read sentence 1 and sentence 2 and answer the following question. How
question. How related are the two sentences from 1 (not at all) ~ do you rate the memorability of Sentence 2 from 1 (not at all) to 10
to 10 (highly)? (excellent)?
Sentence 1: “Bill has chronic alcoholism.” Sentence 1: “Bill has chronic alcoholism.”

Sentence 2: “Because Bill drinks wine is never kept in the house.” Sentence 2: “Because Bill drinks wine is never kept in the house.”

Unfitting Read Sentence 1 and Sentence 2 and answer the following Read Sentence 1 and Sentence 2 and answer the following question.
question. How related are the two sentences from 1 (not at all) How do you rate the memorability of Sentence 2 from 1 (not at all) to
to 10 (highly)? 10 (excellent)?

Sentence 1: “Bill likes to play golf.” Sentence 1: “Bill likes to play golf.”

Sentence 2: “Because Bill drinks wine is never kept in the house.” Sentence 2: “Because Bill drinks wine is never kept in the house.”

Participants

We recruited 100 English-only speaking participants via Prolific. A total of 15 participants
indicated that their vision was not normal or not corrected-to-normal during the
experiment (i.e., they did not wear lenses or glasses). Thus, the resulting sample consisted
of 85 participants (57 female, 27 male, 1 w/o response), mean age was M = 45.34 years
(SD = 13.95). All participants provided informed consent by explicitly clicking the
relevant button to indicate their agreement.

Material

Garden-path sentences

We compiled a list of 45 garden-path sentences (e.g., “Because Bill drinks wine is never
kept in the house.”). For each garden-path sentence, we constructed a sentence matching
the context of the garden-path sentence (fitting context; e.g., “Bill has chronic alcoholism.”)
and a sentence not matching its context (unfitting context; e.g., “Bill likes to play golf.”; for
the complete list, see Table S1). For the machine data, we used all 45 garden-path
sentences; for the human data, we omitted the sentence with ID 8 for counter-balancing
reasons. ID 8 was chosen for omission because its sentence structure closely resembles that
of ID 45, making its exclusion less critical compared to omitting other sentences.

Prompts

We submitted zero-shot prompts to ChatGPT regarding relatedness and memorability,
which we presented before both sets of sentence pairs, one with a fitting context and the
other with an unfitting context sentence preceding the garden-path sentence. First, we gave
the prompt based on the category. Then, we provided the two sentences separately in an
order as “Sentence 1”7 and “Sentence 2,” respectively, with “Sentence 1” being the prior
context sentence and “Sentence 2” being the garden-path sentence (Table 1). By the
relatedness prompt, we requested ChatGPT to rate the relatedness of the sentences by
giving a value from 1 (not at all) to 10 (highly). Afterward, we requested a value from
ChatGPT to indicate the memorability of Sentence 2 (i.e., garden-path sentence) from 1
(not at all) to 10 (excellent).
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Human experiment

The experiment was programmed with PsychoPy (Peirce et al., 2019). All instructions and
stimuli appeared in white on a gray background. The stimulus material consisted of
sentence pairs, which included a garden-path sentence and its preceding context sentence.
Each pair was arranged in a visually specific format, with each sentence starting on a new
line, one below the other.

PROCEDURE AND DESIGN HUMAN DATA

In the learning phase, participants read 22 sentence pairs comprised of a prior context
sentence and a garden-path sentence. Half of the sentences shown were in the fitting
condition, the other half were in the unfitting condition. Participants read pairs of
sentences at their own pace and proceeded to the next pair by pressing the spacebar. The
response button (i.e., spacebar) was activated three seconds after stimulus onset to ensure
that the sentences were not skipped and were read by the participants. After each sentence
pair, participants rated the relatedness of the two sentences by clicking on a value on the
10-point rating scale presented to them (1: “not at all” to 10: “highly”). After completing
the learning phase of the experiment, participants completed a surprise old/new
recognition memory test, including 44 garden-path sentences (22 targets from the learning
phase and 22 distractors) without their contexts. Participants indicated whether they
remembered the sentence shown on screen from the learning phase by pressing the right
arrow key for “yes” and the left arrow key for “no” allowing for the calculation of sensitivity
(d') from signal detection theory (Green ¢» Swets, 1966). The study employed a
one-factorial design with context (fitting, unfitting) as the within-subjects factor. Four
counter-balancing conditions ensured that the garden-path sentences were assigned
equally to the conditions (fitting vs. unfitting context, target vs. distractor) across
participants. The experiment lasted approximately 15 min.

RESULTS

Machine data

Relatedness as a function of context

We fitted a linear mixed-effect model with context (fitting, unfitting) as fixed effect and
sentence ID as random intercept. We submitted the resulting model to a type-2 Analysis of
Variance (ANOVA) (Fox & Weisberg, 2010). The relatedness of the two sentences is higher
in the fitting than the unfitting condition, y*(1) = 44,843.00, p < 0.001, constituting a
successful manipulation check of the context manipulation (Fig. 1A).

Memorability as a function of context

Similar to the relatedness analysis, we fitted a linear mixed-effect model with context
(fitting, unfitting) as fixed effect and sentence ID as the random intercept. Submitting the
resulting model to a type-2 ANOVA showed a significant main effect of context,

7*(1) = 2,660.00, p < 0.001. In the fitting context condition, the memorability of the
garden-path sentence was rated higher than in the unfitting context condition (Fig. 1B).
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Figure 1 Relatedness (A, C) and memorability (B, D) measures of the machine data and relatedness
(E) and memory (F) of the human data as a function of context.
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Robustness check

First, because LLMs are sensitive to small changes in the prompts (Binz ¢ Schulz, 2023), we
repeated the relatedness and the memorability analysis with the following prompts: How
closely are the two sentences linked from 1 (not at all) to 10 (highly)? and How do you rate
the recognizability of Sentence 2 from 1 (not at all) to 10 (excellent)? In particular, we
changed the term related with linked and memorability with recognizability. Results
resembled the main analysis (see also Fig. S1). In the fitting condition, the two sentences
were judged to be more linked, M = 6.67(SD = 2.25), than in the unfitting condition,
M = 1.12(SD = 0.59), 7*(1) = 43,731.60, p < 0.001. Further, the recognizability values
were higher in the fitting, M = 2.67 (SD = 1.34), than in the unfitting condition,

M = 1.00 (SD = 0.02), z*(1) = 43,731.60, p < 0.001. We thus conclude that the observed
effects are stable.

Second, to assess generalization across models, we replicated the main relatedness and
memorability analyses (using the original prompts) with Google Gemini 2.0 Flash (Fig. 1C,
1D) as mentioned in the Methods. The further LLM demonstrated the same significant
effects of context. For Google Gemini 2.0 Flash, relatedness was significantly higher in the
fitting condition, M = 5.71 (SD = 1.92), than the unfitting condition, M = 1.07
(SD = 0.26), z*(1) = 51,111, p<0.001, and the same was true for memorability in the
fitting, M = 5.80 (SD = 1.73) and unfitting condition, M = 4.90 (SD = 2.20),

%*(1) = 1,414.5, p<0.001. Taken together, these checks suggest that the observed effects
of context on relatedness and memorability are robust to variations in prompt wording for
ChatGPT and generalize across different LLMs.

Human data (human experiment)

Relatedness as a function of context

Analysis was similar to the machine data with the exception that we additionally included
participant as random intercept. The relatedness of the two sentences is higher in the
fitting than the unfitting condition, y*(1) = 4,087.60, p <0.001, again constituting a
successful manipulation check and replicating the machine data (Fig. 1E).

Recognition memory as a function of context

To assess participants’ memory, we calculated d’ from signal detection theory (Green ¢

Swets, 1966), which corrects for response bias. We corrected for perfect performance. In
particular, in case of no false alarms, we added 0.5 (i.e., a half trial), and in case of all hits,
we subtracted 0.5 (i.e., a half trial). A t-test for repeated measures showed a significantly
higher recognition performance in the fitting context than in the unfitting context,

t(84) = 5.75, p<0.001, Cohen’s d = 0.62 (Fig. 1F).

Response bias (c)
Participants’ responses were more liberal in the fitting (M = —0.08, SD = 0.22) than in
the unfitting condition (M = 0.13, SD = 0.29), t(84) = —5.78, p<0.001, Cohen’s
d = —0.63.

Our concluding analysis explored a potential mechanism underlying the observed
effect, grounded in a probabilistic framework of context-dependent learning and stochastic
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Note that the nature of this analysis—

linking relatedness and memory perfor-
mance data—required an analysis on the
item level. Thus, we used the proportion
correct data and not sensitivity (i.e., d’).

reasoning. This framework posits that memory performance improves as a function of the
probabilistic accumulation and integration of retrieval cues, with context acting as a latent
variable that organizes and constrains memory processes (Heald, Wolpert ¢ Lengyel,
2023). More precisely, in the fitting condition, where a significant, uniform segment of
information spans two sentences, memory performance likely peaks. Thus, relatedness and
memory performance should be less related as compared to the unfitting condition, where
the relatedness of the two sentences is lower and potentially more heterogeneous. In the
latter condition, there is more room for improvement in memory performance.
Consequently, in this condition, we expect a significant positive relation, with increases in
relatedness of the two sentences leading to noticeable improvements in memory
performance. If this is true, we should observe a significant interaction between context
(fitting vs. unfitting) and the degree of relatedness, with higher relatedness values,
approximating higher memory performance in the unfitting condition but not necessarily
in the fitting condition.

To test this framework on the machine data, we fitted a linear mixed-effect model with
memorability as the dependent variable, context (fitting, unfitting) as a categorical fixed
effect, relatedness as a continuous fixed effect, and sentence id as a random intercept
(Fig. 2A). Submitting this model to a type-2 ANOVA showed a significant interaction of
context and relatedness, Xz(l) = 86.37, p<0.001. As predicted, in the unfitting condition,
higher relatedness values estimate higher memory performance. This effect is weaker in the
fitting condition. Further, the main effects of condition, *(1) = 259.51, p<0.001, and
relatedness, y*(1) = 31.23, p<0.001, were significant.

For the analysis of the human data, we aggregated the proportion correct data’ and the
relatedness data at the sentence and context level. We fitted a linear mixed-effect model
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with proportion correct as the dependent variable, context (fitting, unfitting) as a
categorical fixed effect, relatedness as a continuous fixed effect, and sentence id as a
random intercept (Fig. 2C). Submitting this model to a type-2 ANOVA showed a
significant interaction of context and relatedness, 7*(1) = 9.39, p = 0.002. As predicted, in
the unfitting condition, higher relatedness values estimate higher memory performance,
whereas we did not observe such an effect in the fitting condition. Further, the main effects
of condition, y*(1) = 1.13, p = 0.289, and relatedness, z*(1) = 1.39, p = 0.239, were not
significant.

Consistent with the proposed stochastic reasoning framework, a significant interaction
between context and relatedness emerged for machine and human data. While higher
relatedness boosted memory in the unfitting condition, this effect was weaker in the fitting
condition. These findings across machine and human data emphasize how the link
between relatedness and memory hinges on context and available retrieval cues.

DISCUSSION

This study investigated whether LLMs could serve as a model for a probabilistic account of
human context-dependent memory. Our findings strongly support this possibility. The
results showed that the relatedness ratings of ChatGPT and Gemini collected prior to
human testing closely corresponded with those of the human participants. Additionally,
the memorability ratings of these models, also generated before testing humans,
approximated human memory performance in the surprise memory test. This alignment,
while not indicative of human-like memory systems, suggests that ChatGPT and Gemini
capture statistical regularities that mirror human semantic behavior under structured
conditions. An analysis to check the robustness of the findings with one further LLM and
synonyms (recognizable and linked for memorable and related) confirmed the results.

Importantly, these results provide clear support for the probabilistic cue-integration
framework (Heald, Wolpert ¢» Lengyel, 2023), which proposes that memory strength
depends on the accumulation of contextual cues during encoding. By contrasting sentences
in fitting vs. unfitting contexts, we systematically varied cue availability: fitting contexts
enriched encoding with abundant cues, while unfitting contexts offered fewer, weaker cues,
thereby restricted encoding to weaker residual overlap. The fact that LLM predictions
tracked human performance across these conditions indicates that these models, despite
their distinct architecture, reproduce the cue-integration dynamics central to this
framework.

The findings from this study provide strong evidence that LLMs, such as ChatGPT and
Google Gemini, have significant potential to be utilized as experimental tools for the
investigation of human cognition in the context of machine psychology. The ability of the
models used in approximating human memory performance even in the absence of a
human-like memory system highlights its potential to represent cognitive patterns
observed in humans. Particularly, the significant alignment between the relatedness ratings
of human subjects and those of the models employed underscores the model’s competence
in processing and analyzing the linguistic information in a manner similar to humans.
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Moreover, the accuracy of the model in approximating the performance of humans on the
memory test also highlights the potential of LLMs as proxies for investigating the human
memory processes. The results also indicate that, even though LLMs are built on a
fundamentally different architecture, they display outcomes that parallel human cognitive
processes, particularly in tasks that involve the understanding of contextual reasoning.
Corroborated through analyses using synonyms, the robustness of our findings
strengthens the soundness of this approach and demonstrates the great possibility of LLMs
functioning as effective tools in psychological research.

The outcomes of this study emphasize the bidirectional benefits of machine psychology:
not only LLMs benefit from psychological approaches for deeper evaluation, but
researchers also gain a new perspective to examine the complexities of human cognition.
We described one potential mechanism based on the interaction of context and relatedness
observed in both the machine and human data, which can be effectively explained through
a stochastic reasoning framework grounded in the principles of context-dependent
learning and probabilistic cue integration (Heald, Wolpert ¢ Lengyel, 2023). This
framework posits that memory performance is influenced by the probabilistic
accumulation of retrieval cues during encoding and retrieval processes, as context serves as
a latent variable that organizes and constrains memory representations over time. In the
fitting context condition, in which sentences share high semantic relatedness, the
abundance of overlapping cues enhances encoding strength and facilitates retrieval,
resulting in consistently high memory performance (Polyn, Norman ¢ Kahana, 2009).
Consequently, variations in relatedness within this condition have a minimal impact
because the retrieval cues are already robust. Conversely, in the unfitting context
condition, which begins with lower relatedness and fewer available cues, any increase in
relatedness significantly boosts the availability of retrieval cues, leading to noticeable
improvements in memory performance (Jonker, Seli ¢ MacLeod, 2013). This aligns with
the encoding specificity principle, which posits that memory retrieval is most effective
when the context at encoding matches the context at retrieval (Tulving & Thomson, 1973).
By modeling how variations in contextual relatedness influence the stochastic processing
of retrieval cues, this framework provides a theoretical basis for understanding how both
humans and LLMs process linguistic structures (Bhatia ¢» Richie, 2024; Binz & Schulz,
2023). Heald, Wolpert ¢» Lengyel (2023) further highlight that the probabilistic nature of
context inference, reliant on dynamically evolving distributions of context-specific cues,
contributes significantly to the robustness and adaptability of memory systems. An
expanding body of research demonstrates that LLMs can capture human-like judgements
on psycholingustic measures such as word relatedness, syntactic ambiguity, and cloze
probability (Brysbaert, Martinez ¢ Reviriego, 2024; Martinez et al., 2024; Riviére,
Beatty-Martinez ¢ Trott, 2025; Trott, 2024). These advancements that build on earlier
developments in word embedding models (Thompson ¢ Lupyan, 2018; Utsumi, 2020),
highlight the growing utility of LLMs in norming experimental stimuli. Our contribution
builds on this trend by examining whether LLM outputs generated under controlled
experimental conditions align prospectively with human performance, thereby bridging
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normative modeling with cognitive theories of semantic encoding. This broader
perspective enriches our understanding of how relatedness and contextual variability
interact to influence memory processes in both humans and machine learning models.
These results provide a foundation for further study of LLMs as proxies and experimental
tools in psychology, offering novel possibilities to discover and represent human cognition
and behavior.

Taken together, these results provide evidence that LLMs are not only capable of
predicting human memory performance but do so in a manner that reflects core
principles of the probabilistic cue-integration framework (Heald, Wolpert & Lengyel, 2023),
revealing sensitivity to how contextual fit shapes encoding strength. LLMs convergence
with human memory patterns across fitting and unfitting contexts demonstrates their
sensitivity to the statistical regularities that shape memory, underscoring their potential to
be useful tools for probing theoretical accounts of memory despite their distinct
architectures.

LIMITATIONS

Despite our thorough approach to conducting this research, there are a few limitations that
should be considered. First, there can be a potential interplay between fluency and context,
particularly in terms of relatedness (Oppenheimer, 2008). Participants might have
processed sentences in the fitting condition easier, increasing the familiarity for those
items, therefore making the fluency heuristic a potential contributor to the memory
process during the recognition test as the relatedness of sentences increases. Second, LLMs
are trained based on extensive datasets, which most probably also include the garden-path
sentences we used in our study, and this could be a factor influencing their behavior
(performativity problem) (Horton, 2023). When creating the stimuli, we deliberately chose
not to create them entirely independently. Instead, we compiled a diverse set of
garden-path sentences with various types of linguistic ambiguities from a wide range of
sources within the literature (see Table S1). This approach allowed us to expose both
humans and GPT to these sentences in a manner that reflects the way LLMs encounter and
process information—through diverse and heterogeneous datasets created by a variety of
contributors. By gathering input from multiple perspectives, we sought to enhance the
representativeness of our stimuli, thereby establishing a realistic and comprehensive
foundation for our investigation.

Lastly, our study is based on the investigation of how context influences the
memorability of linguistically challenging input (i.e., garden-path sentences)
through facilitating understanding. Our findings are situated within this specific
paradigm of context-driven memory, and do not generalize to all types of memory
formations. Future studies may extend these findings by investigating how context
facilitates the memorability of other linguistic structures, and assess how contextual
facilitation interacts with different memory systems. Importantly, given their alignment
with human performance, LLMs show potential as instruments for simulating and
extending such investigations.
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CONCLUSIONS

LLMs are at the forefront of research in the area of machine psychology, owing to their
remarkable language processing capabilities. Our research revealed ChatGPT and Google
Gemini’s ability to approximate human memory performance despite not possessing it. It
carries important potential for utilizing LLMs in studying human cognition.
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