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Abstract
Transformer language models trained solely for next-token prediction provide strong expectation-based predictors
of human reading behaviour via surprisal. A growing literature suggests that additional signals derived from the
internal structure of these models — especially from self-attention — may capture memory-related processing difficulty.
This paper uses a range of attention-derived structural costs, specifically attention entropy, attention-weighted
distance, attention-based activation and attention-based memory-focus difference, that are intended to model
memory-related processing costs. We define two aggregation schemes for attention patterns across all heads
and layers: global metrics computed from an attention distribution aggregated across heads, and head-averaged
metrics computed per head and then averaged. For these metrics, we test whether they predict human reading
times beyond surprisal: We outline a methodology to evaluate these metrics using linear mixed-effects models
on the Provo eye-tracking dataset, controlling for standard predictors such as word length and frequency
and including surprisal as a baseline. As a result, we find that unnormalised head-averaged metrics consis-
tently improve prediction beyond surprisal, while this is not the case for globally aggregated and context-scaled variants.
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1. Introduction

Human reading times (RTs) are strongly influenced
by expectation: less predictable words in context in-
cur greater processing difficulty. This relation is for-
malised as surprisal (Hale, 2001; Levy, 2008), and
transformer language models (LMs) provide sur-
prisal estimates (negative log probabilities) that ro-
bustly predict human reading behaviour. However,
expectation-based accounts do not fully explain pro-
cessing difficulty (van Schijndel and Linzen, 2021;
Arehalli et al., 2023). Memory-based theories at-
tribute additional costs to limitations in encoding
and retrieving representations, such as similarity-
based interference during retrieval (Lewis, 1993,
1996) and costs associated with long-distance de-
pendencies (Gibson, 2000).

Transformer self-attention offers a potential
bridge between these perspectives. Because at-
tention distributes weight over prior tokens, struc-
tural properties of attention distributions — such
as entropy (Ryu and Lewis, 2021, 2022) or differ-
ence in attention distributions between consecutive
timesteps (Oh and Schuler, 2022) — have been pro-
posed as proxies for memory-related processing
costs. Yet two key issues remain unclear. First,
much of the work has focused on attention en-
tropy, omitting formalisations of important theories
in the field of sentence processing, questioning
the uniqueness of the contribution of entropy. Sec-
ond, attention in transformers is multi-headed: stud-
ies have opted to analyse individual syntactically
specialised attention heads or small selections of

heads. It is unknown whether all attentional spread
in transformer models is associated with process-
ing difficulties (Ryu and Lewis, 2025). We address
these issues by asking the following question: How
well do attention-derived structural costs ex-
tracted from transformer LMs trained with a
pure language-modelling objective predict hu-
man reading times beyond surprisal?

Concretely, we evaluate four memory-motivated
attention metrics — entropy, distance, activation,
and attention difference — under a unified frame-
work. For each metric, we compare head-averaged
and globally aggregated variants, as well as context-
length-scaled versions. Using a transformer lan-
guage model trained solely for next-token predic-
tion, we test whether these metrics predict go-past
RTs in the Provo eye-tracking corpus beyond a
baseline including frequency, length, surprisal, and
spillover effects.

Our main findings are that unnormalised head-
averaged metrics consistently improve prediction
beyond surprisal, whereas globally aggregated
and context-scaled variants show weaker or no
effects. Much of the predictive signal overlaps
with sentence position, indicating that attention-
derived costs are closely tied to expanding con-
textual memory demands. These findings suggest
that transformer attention encodes structural sig-
nals aligned with memory-related difficulty, but that
their behavioural relevance depends critically on
aggregation choices.
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2. Related Work

Recent work has used LMs to connect theories
of human sentence processing with measurable
RT predictors. Two lines of theory motivate this:
expectation-based (Hale, 2001; Levy, 2008) and
memory-based accounts (Gibson, 2000).

Expectation-based theories propose that pro-
cessing difficulty is driven by the unexpectedness
of the next word, which can be opertionalised by
surprisal. Transformer LMs (Vaswani et al., 2017)
yield state-of-the-art estimates of surprisal and re-
produce robust correlations between surprisal and
human reading behaviour (Wilcox et al., 2023).

Memory-based theories instead attribute diffi-
culty to limitations in encoding and retrieving rep-
resentations during incremental comprehension.
These theories vary in their assumed mechanisms
and therefore make different predictions about read-
ing patterns. Two influential approaches are partic-
ularly relevant here. First, cue-based retrieval the-
ories (Van Dyke and Lewis, 2003) assume that in-
coming material provides cues that probe memory
for previously processed items (words, constituents,
referents). When multiple candidates match the
cues, retrieval suffers from similarity-based interfer-
ence, yielding increased processing time (Gordon
et al., 2002, 2006). Second, Dependency Locality
Theory (DLT) proposes that integrating new mate-
rial into an evolving dependency structure incurs
higher integration costs when the relevant depen-
dencies are long (Gibson, 2000).

Beyond interference and locality, memory-
based processing theories also motivate activa-
tion/recency effects, where representations de-
cay unless reactivated, making later retrieval more
costly (Lewis and Vasishth, 2005) , and costs asso-
ciated with state change or reallocation of process-
ing resources, linked in modelling work to shifts in
attention focus across time (Oh and Schuler, 2022).

A growing set of studies relates transformer self-
attention to memory-based mechanisms. Ryu and
Lewis (2021) connect attention to cue-based re-
trieval and use an attention-based entropy measure
to model interference effects. Entropy and distance-
based metrics on transformer attention predict RTs
across both eye-tracking and self-paced reading
datasets (Oh and Schuler, 2022; Ryu and Lewis,
2022). Ryu and Lewis (2025) show that attention
entropy aggregated over a subset of heads remains
predictive, interpreting heads as parallel retrieval
operations.

The present work differs from prior studies by
(i) evaluating a broader set of attention-derived,
psycholinguistically motivated structural cost mea-
sures under unified definitions and (ii) systemati-
cally comparing head-wise vs. globally aggregated
computation (and corresponding normalisations).

3. Psycholinguistically Inspired
Processing Metrics

In the following, starting from attention distributions,
we devise measures that are intended to model
memory-related psycholinguistic processing fac-
tors, which in turn are assumed to explain RTs.

3.1.

Let the matrices Q;, contain the queries and K},
the keys of an input sequence at the h-th attention
head. Furthermore, let d; denote the query/key
vector dimensionality. At the i-th position in the
sequence, we get the following distribution:

Attention Distribution

il VK],
A" = softmax +M (1)
h /dk
where M is a causal mask with M!"/] = —«o for

j > i and 0 otherwise (Vaswani et al., 2017).

Raw attention A"/ indicates how much token i
attends to token j in attention head h but the quan-
tities combined in multi-head attention are actually
weighted sums of Aﬁf] and a matrix of values gen-
erated from the input representations V. Further-
more, the output transformation W© applied to the
concatenated head outputs can be decomposed
into per-head subcomponents. This means that
the contribution to the output of head / which atten-
tion from i to j provides crucially also depends on
the magnitude of V;, and W©9,, (Kobayashi et al.,
2020). Therefore, following Oh and Schuler (2022),
we take the norm of the weighted value vectors from
the attention mechanism. Let b® be the optional
output transform bias term and m the number of
attention heads:

i,j = 7]
AL 7 ||V;Z Hz
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with VY = VWO, 4 1;-1p0.

N[Z’j] =

Oh and Schuler (2022) also test a variant nor-
malised with respect to residual connections and
layer normalisations. However, since they report no
improvement for entropy over the simpler version
above, we do not adopt it.

A transformer model can consist of a large num-
ber of individual attention heads spread over layers
and multi-head attention modules. Inspired by At-
tanasio et al. (2022), we will quantify the contribu-
tion of token j to the transformer output at position ¢

by defining a global attention distribution N7 that
is simply the average attention token ¢ assigns to
token ; taken over all heads in the model.

< [i,j 1 & i
N[ i -~ ZNL 7] 3)
h=1
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3.2. Attention Metrics

The attention-based measures we introduce can be
computed in conceptually distinct ways (local/global
and normalised/not normalised): First, they can be
calculated separately for each attention head us-
ing the per-head attention distribution (Equation
2) and then averaged across heads (called local).
We hope that this approach preserves potential
functional specialisation across heads, which has
been documented in transformer models (e.g. Voita
et al., 2019; Clark et al., 2019). Alternatively, the
measures can be computed from the globally aggre-
gated attention distribution (see Equation 3). We
refer to this as the global variant. Secondly, our
attention-derived quantities can be expected to in-
crease with the size of the left context. Thus, we
also explore normalised measures that control for
trivial sentence-length effects.

Attention Entropy and Similarity-Based Interfer-
ence Cue-based retrieval theories predict similarity-
based interference effects: when several memory
representations partially match the retrieval cues,
retrieval becomes noisy and slower (Van Dyke and
Lewis, 2003; Lewis et al., 2006). If attention imple-
ments a soft retrieval mechanism, a sharply peaked
attention distribution corresponds to selective re-
trieval of a single dominant candidate, whereas
a diffuse distribution reflects competition among
multiple candidates.

We operationalise similarity-based interference
as the entropy of the attention distribution based
on Ryu and Lewis (2021). For the global attention
matrix N for input sequence s, attention entropy at
position i is defined as

Hgﬂob = — Z Nl log, N (4)
J=1
For the local variant, entropy is computed sepa-
rately for each head h and then averaged:

H = — > NI og, NI -
HE)]C = %n Z;anl Hh(iv 5)

Higher entropy reflects greater competition
among partially matching items and is therefore
predicted to correlate positively with reading times.

Distance and Dependency Locality Dependency
Locality Theory (Gibson, 2000) (DLT) proposes
that integration cost increases with the distance
between dependent elements measured by the
number of intervening referents (usually nouns and
verbs). Establishing longer dependencies requires
maintaining representations across more interven-
ing material, leading to greater processing cost.
Since attention assigns continuous weights to
prior positions, it does not provide a discrete set

of retrieved items. Furthermore, transformer LMs
do not overtly distinguish between referents and
non-referents. Rather than imposing a threshold
to identify “retrieved” tokens and classifying depen-
dents, we define a continuous proxy for integration
distance via the expected backward distance under
the attention distribution:

DI = "Nl — ). (6)
j=1

Larger values indicate longer-distance retrieval
and are predicted to correlate with increased pro-
cessing cost under DLT.

Because expectation is linear, averaging head-
wise expected distances yields the same value as
computing the expectation from the globally aver-
aged distribution. We do not distinguish two ver-
sions for this measure.

Activation and Memory Decay In models of sen-
tence processing based on the cognitive architec-
ture ACT-R (Anderson et al., 2004; Vasishth and
Lewis, 2004), activation decreases as a function of
time since last retrieval, raising subsequent retrieval
cost (Lewis and Vasishth, 2005). Representations
decay over time unless they are reactivated.

To approximate this, we define a recency trace
over attention matrices: For an matrix X, the degra-
dation function degr is defined recursively as:

degr(X)1 =0

degr(X)[”] = (]_ — X[l_LJ]) degr(x)[z_lﬂ] (7)
(1 - X,

Intuitively, if position j is not attended to at i — 1,
its recency trace increases at i; otherwise, the trace
is partially reset. The activation-based cost at i is
then defined as the expected recency under the
current attention distribution (Equation 8). We com-
pute W o1, Using N and W, by computing W,
per head and averaging across heads.

wlil — 2321 N[i,j]degr(N)[i,j] 8)

This predictor is large when attention is allocated
to items that have not been recently attended, cor-
responding to retrieval of low-activation represen-
tations. Importantly, it captures temporal recency
rather than purely structural distance: a represen-
tation may be linearly close yet inactive, or distant
yet frequently refreshed.

Attention Difference and Reallocation If contex-
tual representations are stored sequentially in mem-
ory, reallocating attention across distant positions
may incur additional processing cost. In attention-
based models, each timestep redistributes retrieval
weight over prior tokens, effectively shifting a soft
pointer along a linear memory. We quantify this
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shift as the expected displacement between con-
secutive attention distributions.

For positions i > 1, we define the reconfigura-
tion cost as the expected absolute displacement
between the attention distributions at i — 1 and i:

i—1 2
JE= 3N ONEVEING kL (9)

k=1 j=1

For completeness, we set J1! .= 0.

Intuitively, this quantity is small when attention
remains concentrated on similar memory positions
across timesteps, and increases as attention shifts
toward more distant tokens. Unlike Earth Mover’s
Distance (EMD) as used by Oh and Schuler, 2022,
our formulation captures overall dispersion in re-
trieval focus rather than the minimal work required
to transform one distribution into the other. In par-
ticular, it assigns non-zero cost to dispersed but
identical distributions, penalising diffuse attention.

As with our other attention-based metrics, we
compute both local and global variants.

3.3. Normalisation

Since all proposed metrics increase with larger left
contexts assuming uniform attention distributions,
we define length-normalised variants that divide
each measure at position ¢ by its maximal attainable
value. This maps each metric to the interval [0, 1].

For attention entropy, we adopt the method of Oh
and Schuler (2022): the maximum occurs under a
uniform distribution over { 1, ...,7 } and is therefore
logi. For expected backward distance, the maxi-
mum occurs when all attention is on the leftmost
position, yielding a cost of i« — 1. For activation-
based cost, the degradation trace of a position that
has never been attended grows linearly with its
distance from the current position. The maximal
activation cost is thus likewise obtained by attend-
ing fully to the oldest, maximally degraded position,
yielding 7 — 1. Finally, for the difference metric, the
maximum occurs when attention shifts between
opposite extremes of memory in consecutive steps.
In this case, the absolute displacement equals i — 1.
Thus, in all three cases, the normalised metric is
gained by dividing the measure by i — 1 (analogous
to Oh and Schuler, 2022’s normalisation of EMD).
We call the normalised measures H, D, W and J.

4. Methodology

41.

We trained a transformer LM comparable in
architecture and parameter count to GPT-2
medium'(Radford et al., 2019) and based on the
implementation of Mielczarek et al. (2025).

Language Model Training

'Generative Pretrained Transformer
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| Value

parameter count | 482590464
dmodel 768
vocab size 222319
JFR 9
dropout

— embedding 0.14

— feed-forward 0.32

— residual 0.17
learning rate 1.92 x 1074

Table 1: Selection of hyperparameters for training
the final model.

Split Train Validation
loss 2.93 3.45
perplexity 18.70 (70.39) | 31.45 (72.96)
final epochs 8.8

Table 2: Benchmarks on the final model. In paren-
theses, the corresponding perplexities of GPT-2
medium on the sentence-level are provided).

Prior research on attention patterns for RT predic-
tion has focused on the GPT-2 small transformer
variant (Ryu and Lewis, 2022; Oh and Schuler,
2022; Ryu and Lewis, 2025) and it remains unclear
whether the reported effects generalise to trans-
formers with more attention heads. This motives
our use of a larger model. The rationale for training
a new model was to take into account only intra-
sentential contexts, whereas GPT-2 was trained
using a wide context window that crosses sentence
boundaries. Since the theories motivating our at-
tention measures predominantly make predictions
with respect to sentence processing and are eval-
uated on the sentence level in prior literature, we
aimed to control for extra-sentential confounders.

The same motivation underlies the use of word-
level tokenisation instead of Byte Pair Encoding
(Gage, 1994) where psycholinguistic theory often
employs the simplifying assumption that whole
words constitute cognitive units. Punctuation is
removed and all words are uncapitalised. Embed-
ding dimensionality is reduced from 1024 to 768
due to the restricted availability of computational
resources. Note that our model has a larger over-
all dimensionality than GPT-2 medium (483M vs
355M) due to our large embedding matrix. Further-
more, a hyperparameter search was performed
prior to full training. The key hyperparameters that
differ from GPT-2 medium are listed in Table 1.

All training was conducted on the pre-processed
Wikitext-103-v1 dataset (Merity et al., 2016) con-
sisting of over 100 million tokens from Wikipedia.
Since we investigate sentence processing, the train-
ing contexts are reduced to the sentence-level and
a beginning-of-sequence token is included. We en-



force a maximum sentence length of 60. The final
model was trained until convergence using early
stopping based on validation performance. The se-
lected checkpoint minimised validation perplexity.
Table 2 contains information on the final model.

4.2. Psycholinguistic Evaluation

For answering the research question, we will extract
the memory-based measures defined in Section 3
from attention scores generated by our language
model on a psycholinguistic dataset. Then, we
will test whether these measures have an effect
on human reading times for that dataset, above
and beyond baseline factors that are well-known to
influence sentence processing.

Dataset We evaluate predictors on the Provo eye-
tracking corpus (Luke and Christianson, 2018). It
is based on eye-measurements of 84 native En-
glish speakers who were instructed to read 55 para-
graphs from diverse sources such as news articles,
science magazines and fiction. The paragraphs
were presented to the participants in a random or-
der and contained 2.5 sentences each (Luke and
Christianson, 2018). From the available metrics
in Provo, we use go-past time (GPT), which is the
sum of all fixation durations including regressive
fixations starting with the first fixation on that word
up to the point of leaving to the right (Radach et al.,
2008). We choose this measure since it is the
standard for investigations of high-level meaning in-
tegration processes (Radach and Kennedy, 2013)
which we assume to be most indicative of any type
of memory effects.

Words that were skipped by the participant are
not included in the analysis since we assume that
they do not cause integrative processes. Where
items in Provo correspond to several tokens in our
language model, they are tokenised correspond-
ingly and the extracted measures are averaged
afterwards.

Linear Mixed-Effects Models We investigate the
potential effect of attention-based metrics on GPT
with linear mixed-effects models (LMEMSs), using
the 1me4 implementation in R (Bates et al., 2015).
To assess the significance of a predictor, we com-
pared two nested linear mixed-effects models using
a likelihood ratio test (LRT). The full model included
the predictor as a fixed effect, whereas the reduced
model omitted it. Random effects for the predictor
to test are included in both models. This allows us
to test whether its effect significantly exceeds ran-
dom group-level variability. Model comparison was
conducted via a x? test on the likelihood ratio. The
p-value quantifies the probability of obtaining a like-
lihood ratio statistic at least as large as observed,
assuming the reduced model (i.e. no effect of the
predictor). We adopt standard practice in rejecting

the null hypothesis if p is below the significance
threshold of @ = 0.05.

We also provide the delta in Akaike Information
Criterion (AIC) and Bayesian information criterion
(BIC) (see Chapter 2 in Burnham and Anderson,
1998) and the estimated effect sizes.

To maintain generalisability of our models and
prevent Type | error inflation (false positives), we
aim for a maximal random effects structure, fol-
lowing Barr et al. (2013). However, as a maximal
structure is not supported by our data and we en-
counter issues with the fitting process, we employ
the simplification method from Bates et al. (2018).

Baseline Effects We establish a baseline model
structure motivated by known factors contributing to
RTs. Word frequency and word length are known to
be strong predictors (Rayner, 1998). We calculate
log frequency using the wordfreg Python mod-
ule Speer (2022). We also include surprisal, i.e.
the negative log probability of the respective word
given its left context restricted to the sentence-level
generated by our LM as a base predictor and we
check whether to include features tracking tempo-
ral reading progression: sentence and word posi-
tion inside the paragraph and word position inside
the sentence. All predictors are standardised (z-
transformed) to allow for faster model fitting.

For the grouping variables, besides the per-
participant effects, we consider two hierarchies
for nested effects: lemma — word (form) and
paragraph — sentence — abs.pos. Here
abs.pos corresponds to one specific token.

After finding a maximal model for the three base-
line predictors and the given grouping variables, we
check for possible spillover/lag-effects. Process-
ing slowdown is often delayed in reading time data
(Ehrlich and Rayner, 1983). We need to account for
this in order to ensure that our analysis is not com-
promised by spurious correlations. Therefore, we
consider shifted versions of the predictors, e.g. for
the word at position ¢, we check if we need to take
into account word length, frequency and surprisal
at i — 1 (or further). This is done according to the
standard procedure: Given spillover window s for a
variable, we not only use the value assigned to the
current word but also those of the s preceding ones.
s is chosen by iteratively performing LRTs for larger
spilled-over variants as long as significance is given
(cf. Xu et al., 2023). We do this separately for each
baseline predictor to prevent overspecification.

5. Reslults

First, we will outline the results of the LMEM selec-
tion process. Then, we will discuss the results of
the likelihood ratio tests for the attention measures.
Finally, a follow-up analysis will investigate the ro-
bustness of our results against spurious effects due
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Estimate | SE
intercept 282.01 | 5.36
frequency -7.77 | 1.95
length 23.11 | 2.12
surprisal 8.07 | 1.21
length.1 -7.30 | 1.23
surprisal.1 4.65 | 1.22
surprisal.2 2.34 | 0.85

Table 3: Baseline LMEM effect estimates and stan-
dard errors.

to word position.

5.1. Baseline Model

In the following, we describe the baseline effects
structure resulting from the model selection pro-
cess. The complete dataset has 212436 observa-
tions. Conservative cleaning, following standard
practices as in Eskenazi (2024); Marsden et al.
(2018) (removal of skipped-over words, cut-offs 80—
3000 ms, outlier removal by 2.5 SD, removal of sen-
tences with words unknown to the LM tokeniser),
leads to 130 151 remaining observations.

Temporal features are not included because
the significance threshold was not reached. The
lemma grouping variable was also discarded due
to singularity issues when including random coeffi-
cients and non-significance of its random intercept.

Visual inspection confirms that the assumptions
that the LRT relies on (linearity of the relationship
between predictors and dependent variable, nor-
mality of the residuals, homogeneity of variances
and normality of the random effects) are met to an
acceptable degree. The QQ-plot reveals that the
residuals are somewhat right-skewed. We suspect
that we could mitigate this by applying a log trans-
formation to the dependent. However, this would
reduce interpretability of the model and contradict
prior knowledge about the linearity of our base ef-
fects, e.g. the linear relationship between surprisal
and RTs. Therefore, we rely on the relatively large
amount of data to allow reliable estimates.

Additionally, the analysis reveals some irregular-
ities for very low log frequencies. Manual inspec-
tion indicates that these extreme values are likely
caused by character encoding errors. Therefore,
we remove items with values <2 (= occurring less
than 100 times per 1 billion words) from the analy-
sis, removing another 550 data points.

The spillover identification process suggests the
inclusion of length up to a window of 1 and surprisal
with a window of 2. This excludes the first two words
per sentence (9240 data points).

Table 3 shows the effect estimates of the base-
line model. Correlations are accounted for in the
subject grouping variable.

Model Designs Including attention measures re-
quired additional simplifications of the random ef-
fects structure. In all cases, correlations were not
supported by the data. Furthermore, for some can-
didates, specific random coefficients had to be omit-
ted. The estimated models are given in Table 4 with
the first row containing the baseline model without
subject-level correlations.

Repeated Testing For each dataset, four candi-
dates are tested with modes weighted/unweighted
each and three with global/local features, resulting
in 14 statistical tests on the same dataset. This
increases the probability of us reporting at least
one false positive result and falsely reporting that
attention patterns predict RTs. Therefore, we cor-
rect the p-values via the Benjamini-Hochberg (BH)
procedure (Benjamini and Hochberg, 1995).

5.2. Attention-Based Predictions

Overview Table 5 summarises fixed-effect es-
timates (5; per 1 SD increase), likelihood-ratio
tests, raw p-values, BH-corrected g-values, and
information-criterion differences (AAIC, ABIC) for
attention-based predictors of go-past time (GPT)
relative to their respective baseline models.

Across specifications, three patterns emerge:
(i) head-averaged (local), unnormalised metrics
consistently improve fit beyond surprisal and lexi-
cal controls; (ii) globally aggregated metrics show
weaker and less reliable improvements; (iii) context-
length scaling largely removes (and sometimes re-
verses) effects.

Head-Averaged (Local) Metrics All four unnor-
malised head-averaged metrics — entropy, distance,
activation, and difference — significantly improved
fit relative to the baseline (q < 0.05). Fixed effects
were positive and similar in magnitude across pre-
dictors (8 =~ 3ms per SD), indicating that higher
attention-derived memory cost is associated with
longer go-past times.

Improvements in AlIC were modest but consistent
across predictors, suggesting small but systematic
gains in explanatory power beyond surprisal, word
length, frequency, and their spillover terms. Effect
sizes are less than half the estimated effect of sur-
prisal (see Table 3). Notably, this contrasts with
findings on self-paced reading where attention en-
tropy can exceed surprisal in predictive strength
(Oh and Schuler, 2022).

Table 7 provides correlation coefficients for the
baseline predictors and the unscaled local atten-
tion measures. Correlations for the other predictor
candidates can be found in Appendix A. Based on
these values, multicollinearity in the LMEMSs is not
a concern. The attention measures (not included
together in a joint LMEM) are strongly correlated,

193



Candidates Formula

Hioe, D, Wioc, Jioc, GPT ~ 1 + freq + len + surp + len.l + surp.l + surp.2 + cand +

Wiob, Jglob (1 + freqg + len + len.1l 4+ surp + cand || subject) + (1 + cand
|| word) + (1 + surp + surp.l || paragraph) + (1 + cand || sen-—
tence) + (1 + freq + len.l + cand || abs.pos)

Hgion, Wloc, ngob - (cand | abs.pos)

ﬂloc - (cand | word)

]f)7I:Ig101D —(cand | word) - (cand | sentence)

j]gg —-(cand | word) - (surp.l | paragraph) - (cand | abs.pos)

jglob —(cand | word) - (cand | abs.pos)

Table 4: |dentified LMEMs for testing the attention-based measures. The second column supplies the
LME model descriptions used for individually testing the candidate metrics given in the first column. The
term cand stands for the respective candidate metric. Rows 2—6 contain the components removed from
the maximal model fitted for LRT given in row 1. The notation is explicit — intercepts were not removed.
Given in 1me4 syntax. freq = frequency, len = length, surp = surprisal. “. 1” and “. 2” signify lagged
versions of predictors. “| |” means that correlations between random effects are not accounted for.
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Figure 1: Example attention measures for the sen-
tence “When a nucleus has all of its proton shells or neutron shells
loaded to full capacity, the layers can align so well that each shell can
spoon intimately with its attractive neighbors, forming a more compact
sphere that fits well within the strong nuclear force’s area of influence.”

with the highest correlations of 0.99 occurring be-
tween attention distance and activation, and be-
tween difference and activation. This suggests that
these measures capture closely related aspects of
attention structure.

Globally Aggregated Metrics When metrics were
computed from the globally averaged attention dis-
tribution, results were less consistent. Activation
and attention difference remained significant af-
ter correction (q < 0.05), with positive coefficients
comparable to the local variants, whereas global
entropy did not reach significance and showed a
smaller effect size than local entropy (2.29 vs 2.97).

Inspection of the distributions suggests a mecha-
nistic reason for the weaker global results: after av-
eraging heads, the attention distribution becomes
highly diffuse, pushing entropy toward its maximum,
thereby reducing variability. Fig. 1 illustrates this for
a long sentence: local metrics vary substantially,
while global entropy closely tracks its maximum.

These observations indicate that averaging at-
tention before metric computation can wash out
head-specific structure that is informative for GPT.
If attention is interpreted as a retrieval-like mecha-
nism, the contrast between local and global variants
suggests that a single pooled “retrieval process” is
an oversimplification of how transformers allocate
attention. Additionally, our global attention distribu-
tion N may be influenced by noisy uninformative
attention heads whose contribution to the model
is actually low following their output weight W©.
However, our measure takes all attention heads
into account equally, without weighing them with
respect to their overall magnitude. This may mani-
fest in semi-static noise when computing attention
measures on a per-head basis in the local setting
(possibly being a contributor to the linear trend ob-
served in Fig. 1), but destroy the global distribution.

At the same time, these findings do not war-
rant the strong claim that attention is cognitive re-
trieval. A more conservative linking hypothesis is
supported: certain attention-derived structural prop-
erties correlate with GPT in a direction consistent
with memory-based accounts, but the behaviourally
relevant signal appears concentrated in specific
components as evidenced by the success of Ryu
and Lewis (2021, 2022) in using only specific heads,
rather than the fully pooled distribution. Architec-
turally, this suggests that some retrieval-like oper-
ations contribute to internal computation without
behavioural consequences. It remains a challenge
to unify the cognitively plausible view of a single
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retrieval mechanism (cf. Timkey and Linzen, 2023)
with the multiple parallel and hierarchical attention
operations in transformers if we want to explore
psycholinguistic hypotheses using these models.

Context-Length Scaling In contrast to the un-
normalised predictors, none of the context-length-
scaled variants produced significant improvements
beyond the baseline after correction. Moreover,
several scaled predictors exhibited negative coef-
ficients, indicating shorter predicted GPT with in-
creasing scaled memory cost. The bottom plots
in Fig. 1 hint towards a recency bias in attention
with the measures declining throughout the sen-
tence (i.e. sublinear growth with word position for
distance, activation and difference). The absence
of positive scaled effects suggests that GPT aligns
more with absolute growth in contextual demands
than with proportional attention allocation within an
expanding window as suggested by Oh and Schuler
(2022).

Magnitude of Improvement Across significant
models, AAIC values (Table 5) indicate modest but
consistent improvements over the baseline. Given
the large number of observations, small AAIC re-
ductions correspond to systematic likelihood gains;
nevertheless, the overall magnitude of improve-
ment remains small relative to the dominant contri-
bution of surprisal. Thus, attention-based metrics
explain additional variance in eye-tracking GPT be-
yond expectation-based and lexical factors, but sur-
prisal remains the dominant predictor, consistent
with the findings of Ryu and Lewis (2025).

Robustness to Sentence Position Because the
unnormalised attention metrics increase with sen-
tence position, we tested whether their improve-
ments reflect shared variance with word position
rather than an independent contribution. Adding
position (linear) and log(position) to the maximal
baseline model (first row in Table 2) yielded signifi-
cant positive effects (linear effect: 3.35, p=0.011;
log effect: 2.51, p=0.015), confirming a general in-
crease in GPT across sentences not captured by
surprisal, length or frequency. Now, controlling for
position, the improvements of the attention-based
metrics were substantially reduced: only entropy
showed a marginal improvement in raw p-values
for log(position) resulting in a flipped position effect
of -6.85 and an entropy effect of 9.64. However, no
effects survived multiple-testing correction (sepa-
rate correction under the new stricter specification,
Table 6).

This suggests that part of the predictive signal
in the unnormalised metrics overlaps with generic
context growth. Note that this does not imply that
attention metrics are spurious. Increased memory
costs caused by a larger context might be the cause
of the position effect in the first place.

Dependency length Lastly, we correlate D with de-

pendency lengths extracted from the annotated UD
EWT corpus (Silveira et al., 2014). For each word,
we computed the sum of distances to all tokens in its
left context that are in a dependency relation with it
(i.e. its dependents and, where applicable, its head).
We find a modest Pearson correlation of 0.22. Man-
ual inspection shows that a large number of short
dependency length items were assigned high atten-
tion distances (see Appendix B). This could reflect
contextualisation needed for next-token prediction
in the absence of a recurrent representation.

6. Discussion

In summary, attention-derived structural metrics
over all transformer heads provide modest but sys-
tematic improvements in predicting reading times
beyond surprisal. However, their explanatory con-
tribution depends critically on aggregation choices
and overlaps substantially with sentence position.
These results support a cautious view: trans-
former attention patterns exhibit properties consis-
tent with memory-related processing difficulty, but
they should not be equated directly with human re-
trieval mechanisms. Current results lack evidence
for sufficiently distinguishing the precise nature of
this effect. Understanding how architectural biases
and training objectives give rise to these correlates
remains an important direction for future research.
Moreover, additional analyses are necessary to
disentangle the contribution of sentence position
to RTs from potential memory effects. As the esti-
mated attention effects are already very small and
given that our measures seem to naturally correlate
strongly with sentence position, reliably detecting
a memory effect beyond sentence position might
be difficult to achieve with corpus-based methods
and require significantly larger amounts of data.
On the other hand, our choice of eye-tracking
metric might have contributed to this correlation.
GPT includes the duration of regressions to pre-
ceding words. If regressions are used to reread
words that have been imperfectly detected or forgot-
ten (see Booth and Weger, 2013), a large context
would imply the existence of more items of this kind
and thus lead to more regressions, increasing the
GPT measure.? Against this backdrop, reconduct-
ing the analysis for lower-level features such as
first fixation duration and gaze duration might be
advisable. Alternatively, moving-window self-paced
reading times would provide a measure that is not
confounded by regressive eye movements.
Second, the aggregation choice should be re-
visited: rather than uniformly averaging heads,
weighting heads by their functional contribution
(e.g. via output projections) may better preserve

2We thank an anonymous reviewer for this hint.
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Metric | Variant | Scaling | Effect | SE | x* | p | q | AAIC | ABIC
entropy local no 297 | 1.14 | 6.51 | 0.011 | 0.033 -5 5
yes 1.96 | 1.13 | 2.97 | 0.085 | 0.099 -1 9

global no 229 | 1.13 | 2.97 | 0.041 | 0.072 -2 7

yes -1.90 | 1.04 | 3.35 | 0.073 | 0.093 -1 9

distance no 3.17 | 1.26 | 6.07 | 0.014 | 0.033 -4 5
yes 1.96 | 0.98 | 4.39 | 0.036 | 0.072 -2 8

activation local no 3.15 | 1.25 | 6.13 | 0.013 | 0.033 -5 5
yes -2.04 | 1.08 | 3.45 | 0.063 | 0.088 -2 9

global no 3.16 | 1.26 | 6.04 | 0.014 | 0.033 -4 6

yes -2.09 | 1.04 | 3.97 | 0.046 | 0.072 -2 8

difference local no 321|124 | 6.43 | 0.011 0.033 -4 5
yes -1.67 | 1.06 | 2.38 | 0.123 | 0.133 0 9

global no 3.51 | 1.28 | 7.20 | 0.007 | 0.033 -5 5

yes -0.47 | 0.98 | 0.00 | 0.935 | 0.935 2 11

Table 5: Effects of attention-based predictors on GPT in LMEMs. For each metric, we report the fixed-
effect estimate (;3; per 1 SD increase), standard error (SE), likelihood-ratio 2, raw p-value, BH-corrected
g-value, and information-criterion differences relative to the corresponding baseline model (AAIC, ABIC).
Highlighted g-values indicate effects surviving multiple-testing correction (q<0.05).

Metric | Baseline | p | ¢
entropy position 0.898 | 0.898
log(position) | 0.029 | 0.208
distance position 0.424 | 0.484
log(position) | 0.086 | 0.208
activation | position 0.224 | 0.358
log(position) | 0.104 | 0.208
difference | position 0.332 | 0.443
log(position) | 0.086 | 0.208

Table 6: p-values and BH-corrected g-values for the
effect of local unnormalised predictors controlled
for word position.

freq -0.16

len 0.18 -0.76

surp 0.13 -0.61 0.49

Hioc 0.02 -0.06 0.09 0.03

D 0.00 0.03 0.02 -0.07 0.93

Wi | 001 000 0.04 -0.03 0.94 0.99

Jioc 0.01 -0.02 0.06 -0.01 093 0.98 0.99
GPT  freq len surp  Hie D Wi

Table 7: Pearson correlations between baseline
predictors and local unscaled metrics computed for
the observations included in the LMEM analysis.

behaviourally relevant structure. Third, to reduce re-
liance on post-hoc linking assumptions and maybe
to disentangle position effects and various can-
didates for memory costs, a possible path for-
ward would be to incorporate memory-relevant con-
straints into modelling itself — either by training ob-
jectives that penalise costly attention patterns, by
developing process-level models that predict RT
as a function of model-internal computation or by

developing dynamic models of memory access as
discussed by Ryu and Lewis (2025).

Finally, caution is advised when generalising our
results to the broad class of transformer-based LMs.
Previous work relating attention patterns with RTs
has predominantly focused on the GPT-2 small
variant (Oh and Schuler, 2022; Ryu and Lewis,
2022, 2025). However, given that the predictive
power of next-word surprisal decreases for larger
transformers (Oh et al., 2022), this raises the ques-
tion of how model size and architecture influence
the predictiveness of other metrics, such as atten-
tion entropy. To our knowledge, this question re-
mains unexplored, with the notable exception of
Timkey and Linzen (2023), who successfully model
interference effects using a single-head architec-
ture. Although we observe modest effects beyond
surprisal for a larger model than those used in prior
work, these findings do not support strong general-
isations. Our differences in results might be due to
aggregation scheme or architecture.

However, taken together with the reliable effects
reported in previous research, our findings are con-
sistent with the possibility that the predictiveness of
aggregate metrics decreases as the number of at-
tention heads increases, potentially due to a grow-
ing proportion of heads whose computations do
not resemble the retrieval operations posited by
psycholinguistic theory. Whether these heads play
other cognitively interpretable roles or capture lin-
guistic regularities in alternative ways remains un-
clear, as does whether increases in the number
of heads arising from additional layers and those
due to a greater number of parallel heads have
comparable effects.
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7. Limitations

Several limitations should be acknowledged.

First, the analysis is correlational and conducted
on a single eye-tracking dataset. It does not demon-
strate a causal role of attention mechanisms in hu-
man sentence processing and generalisation to
other corpora is not guaranteed.

Second, attention weights as computed here are
only indirect proxies for representational contribu-
tion and may not fully capture the functional role
of information flow within the model due to not ac-
counting for residual connections and layer norms.

Third, the transformer architecture permits par-
allel retrieval operations via multi-head attention,
whereas traditional cue-based retrieval theories as-
sume strong constraints for human memory that
allow for only a very limited number of elements to
be retrieved when processing a word. The cogni-
tive interpretation of multi-head attention therefore
remains speculative.
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A. Predictor Correlations

length.1 -0.03 0.07 -0.03 -0.07 0.00 0.03 0.04 0.05

surprisal.1 -0.00 0.06 -0.07 0.00 -0.07 -0.05 -0.04 -0.02 0.55

surprisal.2 0.01 0.04 -0.04 0.05 -0.08 -0.06 -0.06  -0.06 -0.07 -0.00
| GPT  frequency length surprisal Hio. D Wioe Jioc length.1 surprisal.1

Table 8: Pearson correlations between spillover versions of baseline predictors and the remaining
predictors for the likelihood ratio tests of the local unscaled attention metrics, computed for the observations
included in the tests.

Hi. 0.05 -0.24 0.13 0.27 -0.16 -0.13 -0.07

D -0.04 0.16 -0.15 -0.13 -0.08 -0.06 -0.01 0.31

Wioe -0.02 0.04 -0.08 0.00 -0.02 -0.02 -0.00 0.51 0.86

Jioc 0.02 -0.19 0.09 0.22 0.02 0.01 -0.03 0.39 0.51 0.68

Hioe D Wi

Hgion 0.01 -0.01 0.06 -0.04 0.03 -0.05 -0.07

D 0.00 0.03 0.02 -0.07 0.03 -0.05 -0.06 0.95

Wiiob 0.00 0.03 0.03 -0.06 0.04 -0.04 -0.06 0.95 1.00

Jglob 0.01 -0.00 0.05 -0.03 0.04 -0.02 -0.05 0.93 0.99 0.99

B Hgiob D Wgib

Hgiob 0.00 -0.08 0.03 0.02 -0.11 -0.12 -0.06

D -0.04 0.16 -0.15 -0.13 -0.08 -0.06 -0.01 0.82

ngob -0.04 0.17 -0.16 -0.15 -0.06 -0.04 0.01 0.86 0.97

jglob 0.02 -0.13 0.06 0.16 0.00 0.01 -0.06 0.50 0.51 0.42
GPT  frequency length  surprisal length.1  surprisal.i  surprisal2  Hgop D Wb

Table 9: Pearson correlations between candidate metrics (local scaled, global unscaled and global scaled)
and the other predictors for the observations included in the LMEM analyses.

B. Dependency length correlations
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Figure 2: Dependency lengths extracted from the UD English Web Treebank train split plotted against
local attention distance generated by our LM. Left plot: dependency length for a token was calculated by
summing the surface distances to all items left of it that are connected to it via a relation (both dependents
and head). Right plot: distance for a relation was estimated by the number of intervening nouns/verbs
and only nouns/verbs were assigned a cost. A few outliers are not shown. Pearson correlation coefficient
for the second setting: 0.13.
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C. Model Training

Epochs
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Figure 3: Development of the loss on the training and the development split of the Wikitext corpus
during training. The gray vertical bar at 8.8 epochs indicates the region of minimal validation loss which
determines the model checkpoint used for psycholinguistic evaluation. One epoch consists of 3574 204
training sentences. Training was only performed on sentences with a minimum of 3 and a maximum of 60
words. The validation split contains 15312 sentences.

Resources | Value

batch size 1920 (160 - 12 gradient accumulation)
evaluation interval every 500 batches

resources HHU HPC Hilbert

devices 4 Nvidia A100 GPUs

threads (dataloader workers) 8 per process

processor AMD EPYC 75F3, 2.95 GHz

Peak RAM usage 89.98 Gb DDR4

duration until minimum validation loss reached | 10.53 h

Table 10: Model training resources
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D. Marginal Effects Plots

Binned prediction plots
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Figure 4: Population-level predicted go-past times as a function of the attention measures (x-axis), based
on fixed effects from the mixed-effects models, with other covariates held constant at typical values. Points
show mean observed go-past times within evenly spaced bins of the predictor. Shaded areas and error
bars indicate 95% confidence intervals.
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