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Abstract

A core aspect of language comprehension is predictive
processing, which supports real-time inferences under
uncertainty. Real-time prediction is constrained by the mind’s
limited working memory (WM) resources, which are required
for maintaining the context that supports prediction, and for
reallocating degrees of belief across inferred interpretations as
new pieces of information (e.g., words) are perceived. What is
the nature of this WM resource? Is it language-specific or
shared between language and other cognitive domains? Do
both domain-general and domain-specific resources support
prediction? Here, we study this question using an individual
differences approach. We collected self-paced reading times of
naturalistic paragraphs in English and measured, for each
participant, their domain-general WM (backwards digit span)
and linguistic WM (reading span). We quantified predictive
processing as the relationship between surprisal and reading
time. We found that surprisal influenced reading times more
strongly in participants with (1) stronger domain-general WM,
but (2) weaker linguistic WM, although the latter relationship
was less reliable. Our results indicate that domain-general WM
could contribute to predictive processing during language
comprehension. We discuss several theoretical interpretations
of this finding, we well as potential reasons for the discrepancy
between our results and past studies.
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executive functions; predictive processing

Introduction

Language comprehension is incremental: we do not wait for
the end of an utterance to start extracting its meaning. While
an utterance unfolds, the mind must deal with uncertainty due
to incomplete input, and thus makes predictive inferences
about potential meanings prior to receiving all the relevant
evidence (Kuperberg & Jaeger, 2016; Ryskin & Nieuwland,
2023). With every new piece of information (e.g., each
additional word), the mind reallocates probabilities between
potential meanings, i.e., their degrees of activation change.
This costly reallocation is a major determinant of processing
difficulty (Hale, 2001; Levy, 2008): it registers behaviorally,
as slowed-down reading (Shain, 2024; Smith & Levy, 2013)
and neurally, as increased brain activity (Michaelov et al.,
2024; Shain et al., 2020). Predictive processing is robustly
evident across a variety of languages (Wilcox et al., 2023).
Generating predictions requires working memory
resources: the mind must maintain the prior context (Futrell

et al., 2020), as well as parallel potential interpretations, and
continuously update their probabilities. Yet the exact nature
of these WM resources is under-specified in theories of
predictive processing. This is the focus of the current study.

Traditional models of WM resources posit a WM resource
for all phonological material, i.e., the phonological loop,
which is distinct from the visuospatial sketchpad for visual
processing (Baddeley & Hitch, 1974), and from the episodic
buffer (Baddeley, 2000). The phonological loop is assumed
to process both linguistic representations (e.g., sentences,
which have structure and compositional meaning) and other,
non-linguistic but phonologically-encoded representations
(e.g., lists of unconnected words or digits, which have neither
structure nor compositional meaning). However, later models
have introduced a distinction between this domain-general
phonological (or “verbal”) WM and a separate, language-
specific WM system (Martin, 2021). This linguistic (or, in
some accounts, “semantic”’) resource is recruited during
comprehension and production, but not during processing of
other phonologically-encoded material.

Evidence for this distinction comes from studies finding
that reading comprehension correlates more strongly with
performance on tasks of WM that include sentence materials
(“reading span”, see below), and less strongly with tasks of
WM for lists of digits or unrelated words (digit / word span)
(Daneman & Carpenter, 1980; Daneman & Merikle, 1996).
Moreover, brain damage can cause selective deficits on tasks
that tap phonological vs. semantic demand (Caplan &
Waters, 1999; Martin, 2021; Martin & Schnur, 2019).
Finally, neuroimaging studies have demonstrated a
dissociation between the two types of WM. On the one hand,
WM tasks involving digits recruit a set of domain-general
brain regions that are also recruited by a variety of other
cognitively demanding stimuli and tasks (Fedorenko et al.,
2013); in contrast, WM load during story listening (as
measured by the length of syntactic dependencies) recruits a
distinct set of language-specific brain regions (Shain et al.,
2022). Therefore, language-specific vs. general WM
resources are implemented in dissociated neural mechanisms
(Fedorenko & Shain, 2021).

Language comprehension (as measured using both scores
on standardized tests and performance on experimental tasks)
correlates with (Daneman & Merikle, 1996). However, these
effects are inconsistent (e.g., Roberts & Gibson, 2002; Van
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Dyke et al., 2014), and the contributions of the two WM
resources specifically to predictive processing remain
unclear. Some studies have found that when reading isolated
sentences, individuals with higher (vs. lower) linguistic WM,
as measured by reading span, show increased sensitivity to
word predictability in their reading times (Farmer et al.,
2017), eye-movements towards semantically predictable
visual referents in a visual word paradigm (Li & Qu, 2023),
and EEG/ERP markers of prediction and integration (Ding et
al., 2023; Van Patten et al,, 1997; Yang et al., 2020).
However, other studies did not find such effects (Cutter et al.,
2023; Nieuwland & Van Berkum, 2006) (perhaps because
their tasks did not sufficiently tax predictive mechanisms).
Similarly, whereas some studies have found that predictive
processing benefits from higher non-linguistic WM (Huettig
& Janse, 2016; Koch et al., 2023; Nicenboim et al., 2015),
these effects might not be robust (Hintz et al.,, 2024).
Moreover, fMRI studies suggest that linguistic prediction
recruits language-specific brain regions, rather than regions
that implement domain-general WM (Shain et al., 2022).
Finally, studies implicating either kind of WM in predictive
processing have been challenged by alternative explanations
(MacDonald & Christiansen, 2002; Ryskin et al., 2020).

Given these inconsistent findings, here we test which WM
resources—language-specific  and/or  domain-general—
support predictive language processing. We use an individual
differences approach, asking whether people vary in their
predictive processing as a function of their linguistic and/or
domain-general WM. We measured each type of WM using
tasks that are sufficiently reliable in capturing individual
differences: reading span (Daneman & Carpenter, 1980;
Waters, 1996) for linguistic/semantic WM, and backwards
digit span (Wechsler, 2012) for domain-general/phonological
WM. We measured predictive processing during real-time
comprehension via self-paced reading of real, multi-sentence
paragraphs from the internet, which are more naturalistic than
materials in most previous studies. Specifically, we
quantified how each participant’s reading times were
influenced by the unpredictability of each word given its
context, as quantified by surprisal (see below). We predicted
that, if a certain WM resource supports predictive language
processing, we would find an interaction between span scores
on the corresponding task and the effect of surprisal: namely,
participants with higher span would exhibit reading times that
are more strongly modulated by surprisal.

Methods

All tasks were administered online, using PsychoJS (Peirce
et al., 2019) hosted on Pavlovia.org, in a 120min session that
included forced 1 min breaks every 5 paragraphs and optional
breaks between tasks as needed. For all tasks, text was
presented in white, monospace font on a dark grey
background. Participants were instructed to complete the
tasks in a distraction-free environment.

Participants
We recruited English speaking undergraduate students at the

University of California, Los Angeles (N=78). Following
exclusions, our final sample had 62 participants (51 women,
mean age=20.7). To avoid potential differences in domain-
general WM resources (and, more generally, executive
functions) between monolingual and bilingual populations
(Lehtonen et al., 2018), we screened participants using the
Language Experience and Proficiency Questionnaire (Marian
et al., 2007), excluding those who reported second language
exposure before the age of 7. All participants received course
credit for participation.

Self-Paced Reading Task

Materials. Self-paced reading materials were created from
paragraphs from English Wikipedia articles on a wide range
of topics. Based on subjective judgment, articles were
selected to be (1) engaging, and (2) devoid of highly technical
concepts or terminology. Paragraphs were edited by a native
English speaker to ensure that the majority of the text was
words (not, e.g., numbers, links, or citations). The resulting
stimulus set included 20 paragraphs, with an average of 200
words each, for a total of 4,001 tokens per participant.

Procedure. Paragraphs were presented one sentence at a
time. When a sentence first appeared, all words (including
spaces) were masked with the character “#”°. When the
participant pressed the spacebar, the first word was revealed;
upon each successive key press, the previously presented
word was masked again, and the next word was revealed. The
times between key-presses served as the dependent variable.
Participants were told to read carefully, and were informed
that they would be answering comprehension questions.
Each paragraph was followed by a four-alternative, forced-
choice comprehension question. If a participant did not
correctly answer a question, all self-paced reading times
(SPRTs) for the corresponding paragraph were excluded. We
also excluded 11 participants whose accuracy across
paragraphs was lower than 50% (chance accuracy = 25%).

Individual Differences Measures

Both WM span tasks required storage of items as well as
manipulation of information in WM. They differed in terms
of the stimuli presented and their required manipulations.

Domain-general Working Memory: Backwards Digit
Span. Each trial began with a fixation cross (1000ms), after
which participants were presented with a list of digits, each
for 1s (ISI = 1ms). They were instructed to retain the digits
and, at the end of the list, type them backwards. Participants
were given three practice trials. Test trials started at a span of
3. If participants successfully completed 3 trials with a given
span, the span was increased by 1; the task terminated when
they performed incorrectly on 2 out of 3 trials in a given span.
A participant’s digit span was calculated as the maximum
span recalled correctly for 2 trials during the task.

Linguistic Working Memory: Reading Span. We
administered a modified version of the reading span task,
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following Waters (1996). On each trial, participants were
presented with a series of 2-6 sentences, one by one. After
each sentence, participants made a binary plausibility
judgment (e.g., plausible: “The message was delivered by the
helper”; implausible: “The helper was delivered by the
message”). In addition to these judgements, participants were
also asked to retain the final word of each sentence in the trial
and, at the end of the trial, to list the sentence-final words they
recalled in any order. Across trials, each participant saw a
total of 100 sentences, with 5 trials of each span . The order
of span lengths was randomized. A participant’s reading span
was calculated as the total number of words recalled across
all 100 trials (Friedman & Miyake, 2005). We note that this
task is not a “pure” measure of linguistic WM (similarly to
any other task); it includes artificial demands, and such
demands are known to recruit cognitive systems that do not
support language comprehension in more natural
circumstances (e.g., Diachek et al., 2020). Nonetheless,
compared to backwards digit span, reading span appears to
recruit linguistic computations more heavily.

Analysis

Quantifying Linguistic (Un)predictability via Surprisal.
A theoretical measure of processing difficulty associated
with updating probabilistic inferences (predictions) during
online language comprehension is surprisal—the negative
log probability of a word given its preceding context (Hale,
2001; Levy, 2008). We computed surprisal for each word in
our paragraphs, given the entire preceding context of its
paragraph, based on GPT2-small (Radford et al., 2019).
Surprisal metrics from GPT2 and similar models correlate
with human language processing difficulty (including during
naturalistic reading) as reflected in both behavioral (Oh &
Schuler, 2023; Shain, 2024; Wilcox et al., 2023) and neural
(Michaelov et al., 2024) measures.

Control Variables. We included three control metrics
known to influence reading time: (1) word length in
characters; (2) word position in a sentence; and (3) word
frequency, from the SUBTLEXus corpus (Brysbaert & New,
2009), which was log-transformed following White et al.,
(2018) (words with 0 frequency were smoothed to 1).

Reliability of Predictive Processing. Our measure of a
participant’s predictive processing was the relationship
between surprisal and SPRTs. We tested the reliability of
individual differences in this measure, which is an upper-
bound for correlating it with other individual differences
measures (the span tasks). To this end, we split the
paragraphs in two (odd vs. even) and, for each participant and
data split, estimated a fixed-effects model that predicted
SPRTs from surprisal of the current word w (surprisalw),
surprisal of the previous word w-/ (surprisalw-1), and the
control variables. Each data split thus yielded one beta
coefficient per participants for the effect of surprisalw and one
coefficient for the effect of surprisalw-1.

We correlated the beta coefficients from the two data splits

across participants, which showed moderate reliability for of
surprisalw (7=0.58), but sufficiently high reliability for
surprisalw-1 (¥=0.80). For each participant, we also computed
the absolute difference between their two beta coefficients of
surprisalw from the two data splits, and removed 5
participants for whom this difference was more than 2.5 SDs
away from the average difference in the sample.

Statistical Model. We excluded the first word in each
sentence and all SPRTSs that were £2.5 SD away from each
participant’s mean. We then analyzed SPRTs in a linear,
mixed effects model, using the Ime4 (Bates et al., 2015)
package in R. We included fixed effects of (1) surprisalw , (2)
surprisalw-1, to quantify spillover effects, (3) backwards digit
span (BDS; z-scored across participants), (4) reading span
(RS; z-scored), and (5) control variables. To test our main
question about the relationship between WM resources and
predictive processing, we included interaction terms between
BDS and surprisalw, between RS and surprisalw, and between
each span and surprisalw.1. We included both surprisal
measures because effects of surprisal on SPRTs are often
found on subsequent words (Smith & Levy, 2013), and
because our participant-wise estimate of predictive
processing was more reliable at word w-1. If a certain WM
resource supports prediction, then participants with higher
span would show a stronger surprisal-SPRT relationship, i.e.,
a stronger effect of contextual predictability on reading
behavior (see also Discussion). Random intercepts were
included by participant and by paragraph (Baayen et al.,
2008). For a word w, the overall formula is therefore:

SPRT ~ Surprisalw + Surprisaly-1 + BDS + RS +
BDS*Surprisaly + RSxSurprisal,, +
BDSxSurprisaly-1 + RSxSurprisaly.1 +
LogFrequency + WordLength + WordPosition +
(1 | Participant) + (1 | Paragraph)

Effects of WM on Offline Comprehension. We attempted
to replicate findings that reading span scores correlated with
reading comprehension measures (Daneman & Carpenter,
1980; Waters, 1996). Whereas SPRTs were analyzed only for
paragraphs whose comprehension questions were answered
correctly, we also analyzed individual differences in
comprehension accuracy across all paragraphs. To this end,
we regressed participants’ accuracy on the comprehension
questions (% correct) against both their BDS and RS.

Results

The main results are presented in Table 1. As a validation of
our SPRT measure, we replicated the well-known slowdowns
for longer words and for less frequent words (Kapteijns &
Hintz, 2021; Rayner, 1998; Shain, 2024). We also found a
significant effect of surprisal of the current word, and a
stronger spillover effect from the surprisal of the previous
word, as has been previously reported (Shain et al., 2024;
Smith & Levy, 2013). The difference between these two
surprisal effects was not significant (fc0=-1.027, p=0.5446).

Our measures of domain-general WM (backwards digit
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span) and linguistic WM (reading span, which had a split-half
correlation of 7=0.82 in our sample) showed a weak-to-
moderate  correlation of 7=0.3 (p=0.0085)! across
participants. To account for this collinearity, fixed effects and
interactions were tested by ablative model comparisons in
likelihood ratio tests. Neither span reliably affected SPRTs
overall, likely because any such effects were absorbed into
the by-participant random intercept. However, our main
interest was in their influence on predictive processing, i.c.,
on the relationship between surprisal and SPRTs. At the
critical word, we found an interaction between backwards
digit span and surprisal ($=0.88, x,=59.56, p<10""), such
that participants with Aigher span showed stronger effects of
surprisal on SPRTs (Fig. 1A). We also found an interaction
of reading span and surprisal, but in an unexpected direction
(B=-0.33, )((21) = 8.851, p=0.0029): participants with higher
span showed weaker effects of surprisal on SPRTs (Fig. 1B).
Because difference in significance does not indicate a
significant difference, we directly compared the difference in
absolute magnitude between these two interaction effects,
which was significant (z=4.05, p=0.0001). The interaction
between BDS and surprisal remained significant in the
spillover region ($=0.37, )((21):10.93, p=0.0009), but the one
between RS and surprisal did not ($=0.02, )((21):0.0287,

p=0.86) (Fig. 1C-D). These two interaction terms
significantly differed from one another (z=2.65, p=0.016).

Table 1: Linear, mixed-effects model predicting SPRTs

Estimate SE p
(Intercept) 270.50 15.250 <101
Word length 1.59 0.195 <105
Word position 0.0009 0.034  0.975
Log frequency -1.12 0.158 <10t
Surprisalw 0.81 0.127 <10
Surprisalw-1 3.27 0.106 <101
BDS 8.92 12.250 0.469%4
RS 12.65 12.250  0.3059
BDSxSurprisalw 0.88 0.115 <1013
RSxSurprisalw -0.33 0.112 0.0029
BDSxSurprisalw.1  0.37 0.113 0.0009
RSxSurprisalw-1 0.02 0.110 0.8655

The analysis of offline comprehension accuracy revealed
that participants with higher backwards digit span showed
higher accuracy ($=0.03, SE=0.01, p=0.02, one-tailed test),
but reading span did not influence accuracy (f=0.02,
SE=0.013, p=0.14). However, the difference between these
two effects was not significant (#s8=0.526, p=0.601).

Discussion
This study asked what types of WM resources support

! Reading span showed a weak correlation with performance on the
Simon task, which indexes inhibitory control r=0.22, p=0.044),
although this test does not survive correction for multiple

predictive processing during incremental comprehension. We
measured self-paced reading times of natural texts, quantified
prediction as the relationship between word surprisal
(extracted from GPT2) and SPRTs, and tested how this
relationship was influenced by individual variation in two
WM resources: a more domain-general/phonological WM,
estimated using a backwards digit span task, and a more
linguistic/semantic WM, estimated with a reading span task.
We found that individuals with higher domain-general WM
capacity showed stronger effects of surprisal on SPRTs, i.e.,
exhibit “better” prediction and/or rely more strongly on
predictive processes. We also found a puzzling pattern,
whereby participants with weaker linguistic WM capacity
showed stronger effects of surprisal on SPRTs. However, this
effect occurred only at the critical word—where overall
signatures of predictive processing were descriptively
weaker, and not at the spillover word—where predictive
processing was more strongly evident. Finally, we found that
domain-general but not linguistic WM capacity significantly
predicted offline comprehension accuracy.

Our findings support the hypothesis that the main WM
resources supporting linguistic prediction are domain-general
in nature, as some accounts of language processing posit
(either explicitly or implicitly) (Abney & Johnson, 1991;
Huettig & Mani, 2016; Pickering & Gambi, 2018; Rasmussen
& Schuler, 2018; Resnik, 1992; Smith & Levy, 2013; van
Schijndel et al., 2013). They are consistent with past reports
that individuals with higher domain-general (“phonological”
/ “verbal”) WM show stronger signatures of predictive
processing (Huettig & Janse, 2016; Koch et al., 2023;
Nicenboim et al., 2015). Nonetheless, our results are
inconsistent with more recent claims that predictive
processing is a “canonical” cognitive computation that, for
many domains, is carried out by specialized systems (Bastos
et al., 2012; Bubic et al., 2010; Keller & Mrsic-Flogel, 2018;
Singer et al., 2018; Wacongne et al., 2011)—in our case, a
language-specific system with its own pool of WM resources
(Fedorenko & Shain, 2021). Indeed, in contrast to our
findings, several prior studies investigating reading of
isolated sentences found stronger signatures of predictive
processing in individuals with higher linguistic WM as
measured by reading span (Ding et al., 2023; Farmer et al.,
2017; Li & Qu, 2023; Ness & Meltzer-Asscher, 2018; Van
Patten et al., 1997; Yang et al., 2020) although this pattern
was not observed by other studies (Cutter et al., 2023;
Nieuwland & Van Berkum, 2006). Moreover, neuroimaging
studies have suggested that the domain-general brain system
that is recruited during tasks that tax WM for digit strings
(Fedorenko et al., 2013) does not support language
prediction: its activity does not closely track the unfolding
linguistic input during story listening (Blank & Fedorenko,
2017), and does not correlate with SPRTs (Wehbe et al.,
2021) or with GPT2 surprisal during listening (Shain et al.,
2022). Instead, these effects all arise in a language-specific

comparisons. Backwards digit span was not significantly correlated
with performance on this task (=0.09, p=0.24).
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Figure 1: Interaction between measures of WM and predictive processing. In each panel, the x-axis shows participant scores
on either the backwards digit span (panels A, C) or reading span (panels B, D). The y-axis shows each participant’s beta
coefficient of the relationship between surprisal of the current word (panels A, B) or previous word (panels C, D) and
SPRTs. Each participant’s coefficient was estimated in a separate model regressing their SPRTs against surprisal and the
control variables as fixed effects.

brain system, which also registers WM costs during
incremental building of linguistic structure, and thus
putatively implements linguistic WM (Shain et al., 2022).

Across individuals in our study, domain-general WM
capacity co-varied with the relationship between surprisal
and SPRTs. The strength of this relationship is typically taken
to index predictive processing. What does it mean for some
individuals to show “stronger” predictive processing?
Several interpretations are possible. First, the incremental
probabilistic inferences of these individuals might consider
(i.e., activate) a wider array of potential sentence
interpretations (e.g., possible but very unlikely ones). Thus,
upon encountering a new word, more potential interpretations
would have to be pruned (under some formulations of this
idea). The greater updating of the probability distribution
over interpretations—which is the cognitive mechanism
underlying linguistic prediction (Levy, 2008)—would incur
a higher processing cost, leading to a steeper slope for the
relationship between surprisal and SPRTs. Under this view,
higher WM capacity allows one to entertain a larger number
of potential interpretations.

Second, when combining incoming bottom-up linguistic
signals with top-down predictions, individuals who are
“stronger predictors” may weigh the latter more heavily than
“weaker predictors”. In other words, predictions would more
strongly “bias” linguistic representations by being more
informative, i.e., with lower entropy (unlike “weaker”
predictors, who assign more uniform probabilities to
interpretations, resulting in higher entropy). Whereas this is a
sensible cause of individual differences, the ability of
domain-general mechanisms to “bias” representations in
other cognitive systems is typically thought of as dependent

on cognitive control, not WM capacity (but see Engle, 2002).

The third interpretation stems from the fact that predictions
must derive from a mental model of the statistical properties
of linguistic strings. Because we quantify predictive
processing as the relationship between SPRTs and surprisal
extracted from GPT2-small, individuals who show stronger
signatures of predictive processing might have a mental
model that is more aligned with the statistics learned by
GPT2-small. Thus, individuals differ not in how “strongly”
they rely on predictions, but in their mental model (e.g.,
Ryskin et al., 2020). To the extent that GPT2-small captures
rich and detailed information about the statistics of language,
individuals whose mental model is more aligned with our
surprisal measure make predictions that are more accurate.
Those individuals would have likely had more exposure to
the type of statistics relevant for this experiment, i.e., written
texts. However, reading experience has been linked not to
performance on backwards digit span, but to performance on
reading span (MacDonald & Christiansen, 2002), and we did
not find that higher reading span modulated the surprisal-
SPRT relationship in the expected direction.

Perhaps differences in (domain-general) WM capacity are
not related to the amount of reading experience, but to the
ability to extract language statistics and integrate them into
one’s mental model. For example, a larger WM buffer may
be able to store a less noisy context, a longer context, and/or
context that combines more information sources (e.g.
Boudewyn et al., 2013; Caplan & Waters, 1999; Nicenboim
etal., 2015, 2016; Waters & Caplan, 1996), and thus compute
statistics about the distributional patterns of language that are
more accurate. Moreover, maintaining longer or more
complex contexts aides not only learning but also real-time
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predictions, because
intertwined.

In addition to a positive relationship between backwards
digit span and surprisal in SPRTs, our results suggested a
negative relationship between reading span and surprisal
effects. There is at least one account by which higher WM
capacity could lead to a weaker relationship between
surprisal and SPRTs. Here, WM capacity (perhaps with
processing speed) influences the efficiency with which
processing resources are re-allocated between potential
interpretations when a new word is encountered. If two
individuals make the same predictions but differ in WM
capacity, the one with the higher capacity would be able to
shift cognitive resources more quickly, leading to a lower
processing cost per unit of surprisal (i.e., a smaller beta
coefficient relating surprisal and SPRTs). The reading span
task does require the ability to control interference between
reading a new sentence to judge its plausibility and rehearsing
a list of sentence-final words, and such linguistic control may
be important for recovering from cases of high surprisal (for
a similar explanation, see Nicenboim et al., 2015). However,
this is unlikely. It would not be parsimonious to conclude that
one WM resource (domain-general) supports certain aspects
of the prediction process (e.g., generating or maintaining
predictions) whereas another WM resource (language-
specific) supports a different aspect (e.g., updating).

We emphasize that the negative relationship between
reading span and surprisal effects on SPRTs might not reflect
a true effect. This relationship did not emerge in the spillover
region, where estimates of individual differences in
predictive processing were most reliable.

Our findings that domain-general WM supports predictive
processing, but linguistic WM does not, contradicts strong
evidence that a language-specific cognitive system—but not
domain-general ones—stores linguistic knowledge and
processes linguistic input. One way to reconcile our findings
with those theories is to challenge the construct validity of
the span tasks used here.

First, both backwards digit span and reading span tasks
might capture not only phonological and semantic WM
respectively, but also parts of an individual’s capacity that
apply across cognitive systems, such as neural efficiency, or
attentional control (Draheim et al., 2022). Such properties
would affect language-specific mechanisms, among other
systems, and could support linguistic prediction. Second,
reading span might not capture linguistic WM but, rather,
reading experience (MacDonald & Christiansen, 2002).
Whereas reading experience could support predictive
processing, our study might not be ideal for revealing it,
because (1) individuals in our homogeneous sample (college
students, mostly in a Psychology Department) might not
sufficiently differ from one another in their experience, and
(2) effects of reading experience on predictive processing
might be easier to detect in stimuli that are explicitly
manipulated to be highly unpredictable (very surprising
words or structures are, by definition, rare in real texts such
as ours). Alternatively, if the negative relationship we found

“learning” and “processing” are

between reading span and prediction is real, perhaps reading
experience improves visual word recognition (e.g., Gordon et
al.,, 2020), leading to weaker reliance on predictive
processing. Indeed, surprisal effects on reading times could
reflect top-down support for visual word recognition
(Carpenter & Williams, 1995; Norris, 2006; Norris, 2009).
To address concerns about construct validity, a larger battery
of tasks is needed to measure each type of WM resource, with
composite scores that are more likely to reflect the shared
mechanisms across each set of tasks (e.g., James et al., 2018).

Third, whereas surprisal estimates from GPT2 correlated
with human reading times, GPT2 does not suffer from the
same memory constraints when performing predictions. It
can store a maximum context of 1024 tokens—much longer
than the longest tokenized paragraph in our self-paced
reading stimuli. Therefore, GPT2’s estimates of a word’s
surprise in context might leave out aspects of a word’s
(un)predictability that depend on decaying activation of
context in WM (Futrell et al., 2020). Instead, our surprisal
estimates may capture predictions that are WM-independent,
like those based in common sense or local word co-
occurrences. Future studies could estimate surprisal using
models that explicitly implement a WM-like mechanism.

An alternate (but, in our opinion, unlikely) interpretation of
the interaction between reading span and surprisal is that
linguistic WM capacity supports the incremental building of
an accurate sentence representation, i.e., a process of
“integration” (Futrell et al., 2020). Perhaps individuals who
are better at bottom-up representation building do not need to
rely as strongly on top-down predictive processing. However,
these two processes are highly related, and might not “trade-
off” against each other, because syntactic dependencies
correspond to words that are highly predictive of one another
(Futrell et al., 2019); therefore, better integration of words
into a sentence can support more accurate predictions.

In sum, our findings provide evidence that domain-general
working memory (WM)), as indexed by backwards digit span,
may play an important role in supporting predictive
processing during incremental language comprehension. At
the same time, our results appear inconsistent with the notion
that a linguistic WM resource supports predictive processing,
although future work should improve the measurement of this
domain-specific capacity (whatever abilities are measured by
the reading span task do not appear to correlate with
predictive processing as quantified here). By characterizing
the cognitive mechanisms that support linguistic prediction,
our work contributes to broader theories of how memory and
expectation interact in real-time language processing.
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