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Abstract

This work proposes an extension to the cue-based retrieval
theory of sentence processing: memory retrieval and predic-
tion processes during sentence comprehension take place at the
morpheme level instead of at the word level. We illustrate this
proposal by extending an existing cue-based retrieval model
from word-level to morpheme-level processing, and show that
our model better captures the interactions between memory re-
trieval and predictive processing. Specifically, we extend the
model reported in Patil and Lago (2021), which accounted for
the interaction between retrieval and prediction during the pro-
cessing of German possessive pronouns, but failed to general-
ize to structures involving determiners (Oltrogge, Verı́ssimo,
Patil, & Lago, accepted). Our results show that modeling at
the morpheme level captures retrieval-prediction interactions
more precisely. The model successfully predicts the pattern
of prediction onsets across German possessive pronouns and
determiners. The proposed morpheme-by-morpheme model is
further supported by psycholinguistic evidence suggesting that
humans naturally decompose words into their constituent mor-
phemes.
Keywords: cue-based retrieval modeling; prediction; posses-
sive pronoun; determiner

Introduction
Sentence processing relies on at least two key mechanisms:
memory retrieval and predictive processing. Memory re-
trieval is involved in resolving retrospective linguistic depen-
dencies. For instance, in the sentence Martin is looking for his
friend the possessive pronoun his triggers a memory search
to identify its gender-matching antecedent, Martin. Predic-
tive processing, on the other hand, is essential for forming
prospective dependencies. For example, in the French trans-
lation Martin cherche sa copine, the possessive pronoun sa is
gender-marked to match the upcoming noun, copine. Upon
encountering sa comprehenders use this feminine cue to pre-
dict that the following noun will also be feminine.

Typically, memory retrieval and prediction are studied sep-
arately. However, recent studies suggest that memory re-
trieval and predictive processing can interact (Campanelli,
Van Dyke, & Marton, 2018; Chow, Momma, Smith, Lau,
& Phillips, 2016; Schoknecht, Roehm, Schlesewsky, &
Bornkessel-Schlesewsky, 2022; Stone et al., 2021). This
highlights the need for a model that can account for both
processes. While memory retrieval is often modeled within
frameworks such as cue-based retrieval theory (Lewis & Va-
sishth, 2005), these frameworks typically focus only on ret-
rospective dependencies. Patil & Lago (2021) extended this

framework to incorporate predictive processing, positing that
predictions also rely on memory. Like retrieved antecedents,
predictions must be stored in memory until they are either
confirmed or disconfirmed. Their model focused on the pro-
cessing of German possessive pronouns which present a com-
pelling test case for investigating the interaction of these
mechanisms, because processing them requires both retriev-
ing an antecedent and generating a gender-based predictions.

German possessive pronouns
German possessive pronouns like ihre encode two agree-
ment dependencies: the stem (ihr−) refers to a preceding
feminine possessor, and the suffix (−e) signals an upcom-
ing feminine possessee noun. Consequently, processing Ger-
man possessive pronouns requires resolving an antecedent
dependency and predicting an upcoming noun. Crucially,
the retrieval-prediction interaction has also been found for
German pronoun resolution. In a visual-world study, Stone
et al. (2021) investigated whether the time course of noun
prediction could experience interference from the preceding
antecedent-retrieval—a process that should be grammatically
irrelevant to the prediction process. Participants listened to
instructions that contained a possessive pronoun (such as in
1) while seeing two gender mismatching objects on a screen
(e.g., a target such as bottleFEM and a competitor such as
buttonMASC). Participants were told at the beginning of the
experiment that these objects were belonging to one of two
fictional characters, Martin or Sarah. Stone et al. (2021) an-
alyzed participants’ prediction onsets, defined as the point in
time when participants began to look significantly more at the
target object than at the competitor object. Their analysis re-
vealed two key findings: first, participants predicted the target
object before hearing its name, suggesting they used the pro-
noun’s suffix to generate predictions; second, a match advan-
tage such that predictions were faster when the gender fea-
tures in the possessive matched (as in 1a) compared to when
they mismatched (as in 1b).

(1) a. MATCH condition
Klicke auf ihre blaue Flasche!
Click on her f eminine blue f eminine bottle f eminine

b. MISMATCH condition
Klicke auf seine blaue Flasche!
Click on hismasculine blue f eminine bottle f eminine5757
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Predictions as memory retrievals – past modeling
work
Patil & Lago (2021) created a model that accounted for the ef-
fects observed by Stone et al. (2021) by conceptualizing pre-
dictive processing as a form of memory retrieval within a cue-
based retrieval framework. This framework, the cue-based
retrieval theory (Lewis & Vasishth, 2005), models memory
retrievals in sentence processing based on the principles of
ACT-R (Adaptive Control of Thought-Rational, Anderson et
al. (2004)). It conceptualizes sentence processing as a se-
ries of activation-based skilled memory retrievals. Declar-
ative memory stores lexical knowledge and partial sentence
representations in the form of chunks, while procedural mem-
ory encodes psycholinguistic processes as production rules.
These rules facilitate the retrieval and integration of informa-
tion, enabling the incremental construction of sentence mean-
ing.

In Patil & Lago’s (2021) model, predicting the possessee
noun based on a possessive pronoun uses the same cue-based
mechanism as retrieving the pronoun’s antecedent. Since
both processes rely on the same architecture, they can in-
teract, leading to similarity-based interference. The model
explains the match advantage as follows: upon encounter-
ing a possessive pronoun, an antecedent retrieval is initi-
ated, guided by cues like gender (e.g. f eminine) and animacy
(animate). The chunk for Sarah matches both cues, while the
bottle partially matches f eminine, receiving some spreading
activation. In the subsequent prediction step, the bottle chunk
gains further activation. Since it fully matches the expected
features (being f eminine and animate) and has already been
boosted, prediction is facilitated in the match condition. In
the mismatch condition, the competitor object (e.g., the but-
ton) receives spreading activation during antecedent retrieval
due to its match with one of the retrieval cues (masculine).
As a result, predictions for the target object are only triggered
during the picture prediction step.

Patil & Lago (2021) could successfully model the fixation
patterns observed in Stone et al. (2021). However, this model
was fitted post hoc to the empirical data. To address this lim-
itation, recent work (Oltrogge et al., accepted) extended the
model to test its ability to account for a new configuration:
a determiner condition (as in 1c). To ensure comparability
across conditions, all possessive pronouns and determiners
were aligned to begin at the same time point, and word length
was controlled by using indefinite forms instead of definites.
The determiner configuration was intended to provide a base-
line measure of prediction speed in the absence of antecedent
retrieval. Therefore, the antecedent retrieval step was absent.
Despite these adjustments, the extended model failed to ac-
count for the empirical data collected subsequently.

(1) c. DETERMINER condition
Klicke auf eine blaue Flasche!
Click on a blue f eminine bottle f eminine

The model predicted a two-way split, with predictions be-

ing equally speeded in both the match and the determiner con-
ditions compared to the mismatch condition (match = deter-
miner < mismatch). This result stemmed from the absence
of an antecedent retrieval step in the determiner condition, al-
lowing the model to proceed directly to the picture prediction
step. As a result, target fixations in the determiner condition
increased at the same time as the antecedent retrieval boosted
the activation of the target object in the match condition, in-
creasing target fixations. However, the empirical data showed
a three-way split or a staircase pattern, with the determiner
condition falling between the match and mismatch conditions
in prediction speed (match < determiner < mismatch). This
discrepancy highlights the limitations of the extended model
in capturing the nuanced time course of predictive processing
in this new configuration.

Morpheme-by-morpheme model
We propose a model that processes sentences on a morpheme-
by-morpheme level rather than on a word-by-word level, as
proposed by the classic cue-based retrieval theory (Lewis &
Vasishth, 2005). This increased granularity of input pro-
cessing is well-supported by robust psycholinguistic evidence
showing that humans naturally decompose words into their
constituent morphemes during language processing (Gafni,
Yablonski, & Ben-Shachar, 2019; Rastle, Davis, & New,
2004; Taft & Nguyen-Hoan, 2010). Visual masked prim-
ing experiments, in particular, have demonstrated that mor-
phological decomposition occurs very early and facilitates
faster recognition of morphologically complex words, with
a morphologically related prime boosting processing speed
(Diependaele, Sandra, & Grainger, 2009; Marslen-Wilson,
Bozic, & Randall, 2008). Neural evidence from MEG stud-
ies (Solomyak & Marantz, 2010) supports the early decom-
position of morphologically complex words. ERP findings
(Regel, Opitz, Müller, & Friederici, 2019; Leminen & Clah-
sen, 2014; Smolka & Eulitz, 2015; Marslen-Wilson & Tyler,
2007) and fMRI data (Marslen-Wilson & Tyler, 2007) further
demonstrate that even inflected words undergo morphological
decomposition. Although these studies do not specifically fo-
cus on inflected determiners or pronouns, the general pattern
of decomposition observed in inflected words likely applies
to these forms as well.

The granular processing approach is also seen in other do-
mains of cognitive science, such as visual processing. In vi-
sual processing, information is first decomposed by small re-
ceptive fields into basic features such as lines. These sim-
ple features are then combined step by step at higher levels,
forming larger patterns and eventually more complex shapes
such as objects. This kind of hierarchical processing helps
the brain efficiently interpret complex visual information by
decomposing it (for an overview of hierarchical models, see
Ricci and Serre (2022).

Importantly, the current data also suggest that such a mor-
phemic decomposition occurs: participants showed early di-
vergence between the target and competitor fixations even
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before the pronoun suffix was heard. Specifically, in the
match condition, a fixation preference for the target emerged
at around 400 ms, whereas in the mismatch condition, such
a preference was observed for the competitor. These early
and opposite divergence patterns, which are consistent with
findings from Stone et al. (2021), indicate that partici-
pants reacted to the gender information in the pronoun stem
(e.g. ihr− or sein−) prior to hearing the full pronoun. Adopt-
ing a morpheme-by-morpheme processing model should bet-
ter capture this behavior by simulating antecedent retrieval
during stem processing, with retrieval interference driving the
divergence between target and competitor curves. We eval-
uate whether this morpheme-based model generates a more
accurate fit to the observed three-way split pattern, providing
further insights into the underlying cognitive processes.

Model assumptions
The model presented in this paper refines and extends the as-
sumptions proposed by Patil & Lago (2021), which are as
follows:

(1) The smallest unit of processing linguistic input is the mor-
pheme, rather than a whole word. Words are processed in-
crementally, morpheme-by-morpheme, and then combined
to form a whole word.

(2) At each morpheme, the model attempts to predict the tar-
get object based on the linguistic input available up to that
point. This reflects the participant’s task of clicking on the
target object, and assumes that participants incrementally
use every piece of information to perform the task.

(3) All objects on screen are stored as referents in declarative
memory which includes, for instance, bottle, button but
also Martin and Sarah. Thus, these memory representa-
tions can be accessed during sentence processing.

(4) Predictions are implemented as memory retrievals.

(5) The probability of fixating on an object depends on its ac-
tivation in memory: the object with higher activation is as-
sumed to be the one that is fixated.

The key assumption of the morpheme-by-morpheme
model is Assumption (1). It introduces morphemes as the
smallest unit of sentence processing, refining the traditional
approach of modeling sentence processing as a word-by-
word process (e.g. cue-based retrieval theory (Lewis & Va-
sishth, 2005), Dependency Locality Theory (Gibson, 2000),
self-organized parsing (Smith, Franck, & Tabor, 2018),
expectation-based parsing (Levy, 2008)). All morphemes are
treated equally, with no effect of morpheme-level frequency.
Assumption (2) adapts the incremental prediction mechanism
from the Patil & Lago (2021) framework to align with the
morpheme-by-morpheme approach. This is task-dependent:
in tasks without a selection component, predictions for the
target would likely be less frequent. Assumptions (3–5) align
with Patil & Lago (2021), reflected in the processing steps
across the three conditions.

Match/mismatch condition The model of processing pos-
sessive pronouns included the following key steps (as illus-
trated in Figure 1a). First, the stem initiates lexical process-
ing, antecedent retrieval and picture prediction. During lexi-
cal processing, the model retrieves the stem morpheme and its
features from declarative memory, simulating the auditory in-
put of the morpheme. The antecedent retrieval step performs
the pronoun resolution. It carries out a search in memory, as
a cue-based retrieval process, for the possessor using the re-
trieval cues: gender (either masculine for the stem sein- or
f eminine for the stem ihr−), animacy (animate) and num-
ber (singular). In the subsequent picture prediction stage,
a search for the upcoming noun is initiated, again as a cue-
based retrieval process. The retrieval is carried out using
the cues: gender (neuter), animacy (inanimate), and number
(singular). The gender cue is neuter, reflecting the gram-
matical property of the morpheme, assuming it forms a com-
plete word, such as in sein Auto (his carneuter) or ihr Auto(her
carneuter). The picture prediction step based on the stem is a
reflection of Assumption (2) above. Next, the suffix initiates
lexical processing and picture prediction. To simulate the au-
ditory input of the morpheme, the model retrieves the suffix
morpheme and its features from declarative memory during
lexical processing. During picture prediction, the search in
memory for the upcoming noun is driven by a gender cue (ei-
ther masculine for the suffix -en or f eminine for the suffix
-e), an animacy cue (inanimate) and number cue (singular).
Finally, the stem and suffix are combined to form a possessive
pronoun.

Determiner condition For the model of processing indefi-
nite determiners, the antecedent retrieval step is absent which
reduces the number of processing steps (see Figure 1b). The
stem handles lexical processing and picture prediction us-
ing memory retrieval cues: gender (neuter), animacy (inani-
mate), and number (singular). The gender cue is derived from
interpreting the stem morpheme as a full determiner such as
in ein Auto (a carneuter). Subsequently, the suffix performs
the same steps, using the same cues during picture prediction
as in possessive pronouns. Finally, the stem and suffix com-
bine to form the determiner. Thus, the model posited fewer
processing steps for the determiner condition compared to the
match and mismatch conditions. This reduction in steps led to
an earlier processing of the suffix in the determiner condition,
as illustrated in Figure 1. Note that the process of attaching
the suffix to the stem to form the whole word was modeled
in an under-specified manner using the explicit morphemes
as retrieval cues to access the full word from memory. A
more comprehensive approach would be to implement mor-
pheme buffers in ACT-R for maintaining currently processed
morphemes, which would allow for the attachment of the two
morphemes by using them as retrieval cues and then combin-
ing them to form the word. This approach would be similar
to the lexical buffer and lexical-retrieval buffer implemented
in Lewis & Vasishth (2005). However, since the process of
attaching morphemes was the same across all conditions and
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Figure 1: Schematic illustration of the model steps in the match and mismatch conditions vs. the determiner condition.

occurred after the second picture prediction process, it did
not influence the picture prediction process. Therefore, the
key difference between the models was the absence of the
antecedent retrieval step in the determiner condition, which
captured the main difference between the experimental de-
sign in Oltrogge et al. (accepted) with respect to the Patil &
Lago (2021) model.

We used the same values for all ACT-R parameters as in
Patil & Lago (2021) except for the creation-time parameter
for the chunks Martin and Sarah. We set the value to −0.1.
This parameter stores the time-point at which a chunk is cre-
ated with respect to the beginning of the model run (which is
time = 0). This sets the time for the creation of two chunks
prior to the model’s start time, resulting in a lower base-level
activation compared to other chunks that are created after the
start time. This adjustment is intended to reflect the fact that
the pictures of Martin and Sarah are presented in the instruc-
tions before the experimental trial begins.

Model Predictions
We generated the predictions of the model by running 10,000
simulations for each condition. We obtained activation values
for the target and the competitor object before each produc-
tion fired and after each memory retrieval event. This yielded
9 activation values for each object for the match and mis-
match condition and 7 for the determiner condition. To reflect
Assumption (5), the object with the higher activation at each
time-point is assumed to be fixated.

Results
Figure 2 shows the model predictions for prediction onsets–
the time-point when the target is fixated significantly more
often than the competitor–across three conditions. To analyze
the prediction onset in the model predictions, we followed a
procedure similar to that used in Patil & Lago (2021). Their
approach involved conducting binomial t-tests on the target
vs. competitor fixation predictions at each processing step

(with the null hypothesis of fixation probability on the target
being 0.5 and the alternative hypothesis of it being greater
than 0.5). The prediction onset was identified as the first
step showing a significant number of target fixations, which
needed to be followed by at least four consecutive significant
steps. Since our model sampled fewer activation values than
those used in Patil & Lago (2021) (10 and 13 in P&L vs. 7
and 9 in ours), we adopted a more lenient criterion: we de-
fined prediction onset as the first step with a significant t-test
result, followed by at least one consecutive significant step.

The model successfully captures two key effects observed
in the empirical data. First, in all three conditions, the model
predicts predictive fixations on the target: higher fixations
on the target compared to the competitor while processing
the possessive pronoun or indefinite determiner (see Table 1).
This captures the predictive effect seen in the empirical data,
where participants show preferential fixations on the target.
Second, the model predicts the staircase pattern observed in
the empirical data for prediction onsets (match < determiner
< mismatch). It predicts the earliest onsets in the match con-
dition, later onsets in the determiner condition compared to
the match condition, and the most delayed onsets in the mis-
match condition (see Fig. 1 middle panel & right panel).

The model accounts for the predictive fixation patterns
through similarity-based interference in both the match and
mismatch conditions. During antecedent retrieval based on
the possessive’s stem, the gender cue boosts activation of
gender-matching objects in memory. In the match condi-
tion, the retrieval cue (e.g., f eminine for the stem ihr) boosts
the activation of the target object (bottle f eminine), resulting
in more fixations on the target during stem processing. In
contrast, in the mismatch condition, the retrieval cue (e.g.,
masculine for the stem sein-) boosts the activation of the com-
petitor object (buttonmasculine), leading to more fixations on
the competitor during stem processing. The model predicts
above-chance target fixations only when picture prediction
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Table 1: Predicted fixations on the target and competitor objects by the morpheme-by-morpheme model across conditions and
model steps. A ‘✓’ indicates a fixation preference, ‘×’ no preference and ‘NA’ a missing step. Fixations were sampled based
on the current activation of the object chunk before the production rule fired. For antecedent retrieval and picture prediction,
activation was sampled before and after chunk retrieval with the first instance of the model step representing the fixation before
and the second after retrieval.

Model Step MATCH DETERMINER MISMATCH
Target Competitor Target Competitor Target Competitor

St
em

Lexical Processing × × × × × ×
Antecedent Retrieval (before) × × NA NA × ×
Antecedent Retrieval (after) ✓ × NA NA × ✓
Picture Prediction (before) ✓ × × × × ✓
Picture Prediction (after) ✓ × × × × ✓

Su
ffi

x

Lexical Processing ✓ × × × × ✓
Picture Prediction (before) ✓ × × × × ✓
Picture Prediction (after) ✓ × ✓ × ✓ ×
Attachment of morphemes ✓ × ✓ × ✓ ×

based on the suffix occurs, as this retrieval cue (e.g., f eminine
for the suffix -e) boosts the activation of the gender-matching
target object (bottle f eminine).

In the determiner condition, the model does not perform
antecedent retrieval. When processing the determiner’s stem,
the model moves directly to picture prediction. Since this pre-
diction process is driven by the gender retrieval cue neuter, it
does not significantly boost the activation of either the target
or the competitor and fixations remain at chance levels for
both. However, when the suffix is processed, the model pre-
dicts an increase in target fixations because the retrieval cue
used for the picture prediction (e.g., f eminine for the suffix
-e) boosts the activation of the gender-matching target object
(bottle f eminine).

The staircase pattern in prediction onsets in the model
prediction emerges as a combined effect of similarity-based
retrieval interference and the timing of the picture predic-
tion step across three conditions. The prediction onset in
the match condition occurs earlier during antecedent retrieval
based on the stem, whereas in the determiner and mismatch
conditions it is triggered by the picture prediction based on
the suffix. Since the determiner condition involves fewer pro-
cessing steps, the model processes the suffix and initiates the
picture prediction earlier than in the mismatch condition.

Discussion
This study addresses the interaction between memory re-
trieval and predictive processing in sentence comprehension,
focusing on German possessive pronouns. These pronouns
require both antecedent retrieval and prediction of an upcom-
ing noun based on gender-marked morphemes. The study
builds on the computational framework proposed by Patil &
Lago (2021), which modeled predictions as a form of mem-
ory retrieval within a cue-based retrieval theory. This frame-
work posits that both antecedent retrieval and noun prediction
rely on shared memory mechanisms, allowing for interactions

that influence the timing of predictions. The primary objec-
tive of this study was to refine and test the Patil & Lago (2021)
model by implementing morpheme-by-morpheme processing
as the fundamental unit of analysis instead of word-by-word
processing. This shift is motivated by psycholinguistic ev-
idence suggesting that humans naturally decompose words
into their constituent morphemes during language processing.
By processing possessive pronouns at the morpheme level,
the current model seeks to better capture the nuances of pre-
dictive processing and its interaction with memory retrieval.

The morpheme-by-morpheme model reveals several key
findings. First, consistent with Patil & Lago (2021), it ac-
curately replicates the speed-up in prediction onsets observed
in matching configurations compared to mismatching ones,
as reported by Stone et al. (2021). Second, in contrast to
the Patil & Lago model, when extended to the determiner
condition, the model successfully accounts for the staircase
pattern observed in prediction onsets in Oltrogge et al. (ac-
cepted) data, highlighting that a more granular approach can
better capture the nuanced timing of these effects. Further-
more, the morpheme-based processing strategy is supported
by the early divergence between target and competitor fixa-
tions, which occurs before the pronoun suffix is heard–a pat-
tern observed in both Stone et al. (2021) and Oltrogge et al.
(accepted).

However, the model struggles to capture certain finer de-
tails of the staircase pattern. The data show that the difference
in prediction onset between conditions is more pronounced:
the difference between the mismatch and determiner condi-
tions is considerably larger than the difference between the
determiner and match conditions. The model, however, pre-
dicts a smaller difference between the determiner and mis-
match conditions, with a more pronounced difference be-
tween the determiner and match conditions.

Moreover, the model operates in time frame that does
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Figure 2: Left panel: Plot shows the median prediction onsets by Condition across 10,000 simulations. This data stem from
Oltrogge et al. (accepted) who extended the Patil & Lago (2021) model by the determiner condition. Middle panel: Plot shows
the median prediction onsets by Condition and their respective 95% highest-density intervals in the empirical data by Oltrogge
et al. (accepted). Right panel: Plot shows the median prediction onsets by Condition across 10,000 simulations in the new
morpheme-by-morpheme model.

not reflect real-time processing. For example, as shown in
Figure 2, the median onset in the match condition appears
around 380 ms in the empirical data, but much earlier (around
100 ms) in the model. The model’s shorter onset times are
likely a result of assumed durations individual processes in
the model which are constrained by the duration for produc-
tion rule firings and retrieval processes in ACT-R. This dis-
crepancy in temporal resolution could be addressed in future
work by fitting a free parameter to map model time onto em-
pirical time—for instance, by adjusting ACT-R’s latency fac-
tor to lengthen retrieval times or by introducing an external
scaling factor.

An additional limitation is that we are not yet able to
capture the variability around the prediction onset in the
model data. This is due to the fact that we could not ap-
ply the GAMM-based onset detection method by Verı́ssimo
and Lago (under review) to the model predictions that has
been used to analyze the empirical data in Oltrogge et al. (ac-
cepted). The method requires grouping data by participants
and items, which is not possible with the ACT-R model’s in-
dependent simulations. Additionally, the model’s discontinu-
ous sampling process, compared to the continuous sampling
in the behavioral data, further complicates the application of
this method to the model data.

Another limitation of the model is its inability to capture
the empirical pattern of incremental fixations. Instead of
the stable or rising target fixations observed during picture
prediction from the pronoun stem, the model predicts a de-
cline—likely due to the weak activation from the neuter cue
at that point. It also anticipates a sharp decrease in fixations
after the suffix, which does not match empirical trends. This
may reflect how morpheme attachment is implemented. In-
troducing a morpheme buffer, similar to the lexical buffer in
Lewis & Vasishth (2005), could offer a more accurate account
of incremental processing.

Further exploration is needed regarding the model’s as-
sumption that prediction relies on memory retrieval. While
this aligns with the empirical design, where upcoming refer-
ents are limited and known, it contrasts with surprisal-based
approaches that account for a broader range of continuations.
Future work should explore whether retrieval-based predic-
tion generalizes to less constrained contexts. Finally, since
the model was fitted post hoc to the dataset of Oltrogge et
al. (accepted), its generalizability remains uncertain. Future
research should therefore empirically test the model in novel
configurations.

Conclusion
By adopting a morpheme-by-morpheme approach to sentence
processing, this study demonstrates that refining a psycholin-
guistic model to a more granular level–morphemes instead
of words–enhances its ability to capture psycholinguistic ef-
fects more accurately. This refinement better accounts for
morphosyntactic complexity, where cues used for memory
retrieval are linked to the stem and cues used for prediction
to the suffix. These findings not only have implications for
cue-based models, but also help refine our understanding of
when exactly prediction and retrieval take place by providing
a working model of the two processes unfolding during sen-
tence comprehension. Additionally, the observed limitations
highlight the challenges of modeling real-time language com-
prehension, emphasizing the need for further refinements to
capture incremental response patterns.
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Appendix
An ACT-R trace with a single simulation of each condition is
available on OSF: https://osf.io/7epu2.
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