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Abstract

The self-attention mechanism used in trans-
former language models implements a form of
associative, cue-based memory retrieval, which
has been argued to resemble human sentence
processing. However, while it is well estab-
lished that surprisal estimates from transform-
ers are predictive of human comprehension dif-
ficulty, it has been less clear how these mod-
els’ internal memory operations might relate
to human sentence processing. We propose
to connect the two by measuring transformers’
associative memory updates, which are calcu-
lated as the difference between each word’s
predicted and actual representation within self-
attention. We compute memory updates from
three types of language models: (1) standard
transformers; (2) CBR-RNN, a cognitively mo-
tivated model using a single self-attention head;
and (3) CBR-RNN-M, a novel architecture that
replaces the self-attention in CBR-RNN with a
bounded-size memory cell. Associative mem-
ory updates are found to predict naturalistic
human reading times over and above surprisal
baselines on several psycholinguistic corpora,
with evidence for more consistent effects from
CBR-RNN and CBR-RNN-M than from stan-
dard transformers.

1 Introduction

An important goal in psycholinguistic research is
to develop robust broad-coverage models of human
sentence processing. Such models are helpful for
understanding the steps humans use to incremen-
tally build complex mental representations as they
read text passages or listen to speech.

In recent years, autoregressive language models
(LMs) such as transformers (Vaswani et al., 2017)
have become important tools for this task. Surprisal
theory (Hale, 2001; Levy, 2008) posits that the dif-
ficulty of comprehending a word wi is proportional
to its surprisal or negative log probability given the
preceding context, − log P(wi | w1, . . . , wi−1).

Because autoregressive LMs directly estimate sur-
prisals, this creates a natural interface between their
outputs and measures of human sentence process-
ing difficulty such as self-paced reading times, gaze
durations from eye tracking, or blood oxygena-
tion level–dependent signals from functional mag-
netic resonance imaging. A wide range of studies
have shown strong predictions of these measures
from LM-based surprisal measures (e.g., Wilcox
et al., 2023; Shain et al., 2024) with many of the
strongest estimates coming from transformer-based
models (Wilcox et al., 2020; Merkx and Frank,
2021, though cf. Michaelov et al., 2024).

Surprisal theory is intended to describe human
sentence processing on the computational level
(Marr, 1982), meaning that it characterizes the
inputs, outputs, and goals of comprehension but
does not try to describe the cognitive representa-
tions or operations that achieve these goals (Marr’s
algorithmic level). Despite strong evidence for
a computational-level connection, the degree to
which transformers or other LMs characterize
broad-coverage sentence processing on an algorith-
mic level remains less certain. The strongest case
for an algorithmic connection between transform-
ers and human sentence processing involves the at-
tention mechanism in transformers, which has been
argued to implement a form of cue-based memory
retrieval similar to independently motivated theo-
ries of human sentence processing (Ryu and Lewis,
2021, 2025; Oh and Schuler, 2022; Timkey and
Linzen, 2023). Still, the link between cue-based
retrieval in transformers and human comprehen-
sion difficulty is not entirely clear, despite some
progress towards establishing a link in these prior
works.

This paper introduces a new linking hypothe-
sis between memory retrieval in transformers and
humans based on the idea of associative memory
updates. Sentence processing in both humans and
transformers involves updates to associations be-



tween cues and targets in memory; we propose that
processing difficulty in humans is connected to the
magnitude of these updates, and that transformer-
like models can be used to measure this. While
surprisal can also be understood as a measure of
each word’s memory update, our proposal differs
in that we measure memory updates at the level of
transformers’ internal representations, i.e., key and
query vectors. This may be a useful stepping stone
toward connecting transformer-like language mod-
els with algorithmic-level psycholinguistic models
involving associative memory (e.g., Rasmussen and
Schuler, 2018; Keshev et al., 2025).

The experiments in this paper compute associa-
tive memory updates from three types of models:
(1) standard transformers; (2) CBR-RNN (Timkey
and Linzen, 2023), a model which combines a
single transformer-style self-attention head with
simple recurrent network; and (3) CBR-RNN-M,
a model we introduce which replaces the self-
attention in CBR-RNN with a fixed-size associative
memory cell. Predictors based on memory updates
are used to predict human reading times from natu-
ralistic self-paced reading and eye tracking corpora,
to test whether the memory updates predict these
measures over and above standard baseline predic-
tors such as surprisal. Significant effects on many
corpora are observed across all three types of mod-
els, with evidence for more consistent effects when
memory updates are taken from CBR-RNN and
CBR-RNN-M.1

2 Related Work

As mentioned in the previous section, Ryu and
Lewis (2021, 2025) and Oh and Schuler (2022)
are previous works that examine potential connec-
tions between transformers’ self-attention mech-
anism and human sentence processing difficulty.
These authors propose psycholinguistic predictors
based on attention entropy, i.e., the diffuseness
of attention to previous tokens, which can poten-
tially serve as an index of memory interference.
Oh and Schuler (2022) additionally introduce sev-
eral distance-based predictors quantifying the shift
in attention weights over successive tokens. The
memory update measure proposed in the present
work also measures memory shifts over succes-
sive tokens; however, our measure differs in being
computed over the actual memory items (key and

1Code used for this paper’s experiments will be released
upon publication.

value vectors) instead of attention weights, and in
being straightforwardly extensible to LMs that use
a bounded memory cell (see Experiment 3).

The present work is also similar in spirit to re-
cent work applying models of predictive coding
to human sentence processing (Rao and Ballard,
1999; Millidge et al., 2024; Ohams et al., 2026).
We propose that memory updates in LMs like trans-
formers, defined according to their word-by-word
prediction error, can be linked to processing diffi-
culty.

3 Associative Memory Updates

This section introduces the associative memory up-
date measure which is used as a psycholinguistic
predictor in the experiments. To motivate the def-
inition of this predictor, we first give a general
background on associative memory models.

3.1 Background: Outer-Product Models of
Associative Memory

Models of associative memory describe how cues
are connected to targets in the brain, capturing
the familiar idea from Hebbian theory that “neu-
rons that fire together, wire together” (Hebb, 1949;
Shatz, 1992). A common method for implementing
such a model involves representing cues and tar-
gets as vectors, and then defining encoding and
retrieval operations in terms of vector and ma-
trix products. For example, given a memory cell
M ∈ Rdv×dk storing current cue-target associa-
tions, the encoding of a new association between
cue vector k ∈ Rdk and target vector v ∈ Rdv can
be described by a Hebbian learning rule:2

M′ = M+ vk⊤ (1)

The target v associated with a cue k can later be
retrieved via multiplication with the memory cell:

v = Mk (2)

If k is orthogonal to other cue vectors, v will be
recovered perfectly. Otherwise, interference with
other stored memories will occur, resulting in a
partially distorted target. In psycholinguistics, in-
terference from cues with overlapping features has
been used to give associative memory–based ac-
counts of surprisal and center embedding effects
(Rasmussen and Schuler, 2018), and of item distor-
tion and confusion effects (Keshev et al., 2025).

2The variables k and v are used to draw attention to the
analogy with key and value vectors in transformer attention.



The definition of associative memory updates
used in the following experiments is related to an
alternative learning rule to Equation (1), known
as the Widrow-Hoff delta rule (Widrow and Lehr,
1990):

M′ = M+ β(v −Mk)k⊤ (3)

This learning rule, which can be interpreted as a
form of gradient descent, updates the memory cell
based on a computed prediction error: the differ-
ence between the desired target v and the cell’s
current prediction Mk, which is the target cur-
rently associated with the cue k. The parameter β
is used to weight the memory update. The delta
rule has been used in classic cognitive modeling
frameworks like Parallel Distributed Processing
(Rumelhart et al., 1986) and the Temporal Context
Model (Howard and Kahana, 2002).

We define the associative memory update from
Equation (3) as

MemUpdate(k,v) = ∥(v −Mk)k⊤∥F, (4)

where ∥·∥F is the Frobenius norm. This is a scalar
value measuring magnitude of the necessary update
to M in order to pair v with k.

3.2 Measuring Associative Memory Updates
in Transformers

Although standard transformers do not explicitly
maintain a memory cell like M, it is possible to
compute an associative memory update value, sim-
ilar to Equation (4), from each attention head at
each new token wi. Specifically, if ki ∈ Rdk and
vi ∈ Rdv are the current token’s key and value vec-
tors and K<i ∈ R(i−1)×dk and V<i ∈ R(i−1)×dv

are matrices containing the key and value vectors
of all tokens preceding the current token index i,
the memory update at token wi can be computed as

MemUpdate(ki,vi) = (5)

∥(vi −V⊤
<i σ(

K<i ki√
d

))k⊤
i ∥F,

where σ(·) is the softmax function. This memory
update measures the gap between wi’s actual value
vector v and the predicted value vector based on
the contents of the key-value cache before wi was
observed. We hypothesize that larger values of this
memory update will be associated with increased
comprehension difficulty in humans.

4 Experiment 1: Memory Updates in
Standard Transformers

Experiment 1 tests whether associative memory up-
dates derived from two standard transformer mod-
els are predictive of human reading times. The lan-
guage models used for these experiments are GPT2-
small (Radford et al., 2019), which has 124M pa-
rameters, and OPT-125M (Zhang et al., 2022).
GPT2-small was chosen because previous work
shows that its surprisal measures make stronger
reading time predictions than surprisal from larger
models (Oh et al., 2022; Oh and Schuler, 2023);
OPT-125M was used to test whether results ob-
served from GPT2-small replicate in another model
instance of similar scale. Both models include 12
layers with 12 attention heads per layer.

4.1 Psycholinguistic Corpora

Five English-language psycholinguistic corpora
were used in this experiment: Brown (Smith and
Levy, 2013) and Natural Stories (Futrell et al.,
2021), which contain self-paced reading (SPR)
times; and Dundee (Kennedy et al., 2003), GECO
(Cop et al., 2017) and Provo (Luke and Christian-
son, 2018), which contain eye tracking measures in-
cluding first-pass (FP) and go-past (GP) durations.
Natural Stories includes data from 181 subjects
who read a collection of 10 naturalistic stories with
a total of 10,256 words. Brown includes data from
35 subjects who read a collection of 13 passages
from the Brown corpus with a total of 7,188 words.
Dundee includes data from 10 subjects who read a
collection of 67 newspaper editorials with a total
of 51,501 words. GECO includes data from 14 sub-
jects who read an Agatha Christie novel (Christie,
1920) with a total of 56,441 words. Lastly, Provo in-
cludes data from 84 subjects who read a collection
of 55 passages including news articles, magazines,
and fiction with a total of 2,746 words.

Each corpus was split into fit, exploratory, and
held-out partitions, respectively containing 50%,
25%, and 25% of the data points. Fit partitions
were used to fit regression models; exploratory par-
titions were used to select the layers or individual
heads that make the strongest reading time predic-
tions; and held-out partitions were used for the final
evaluation and significance testing.

4.2 Memory Update Predictors

The memory update predictor introduced in Sec-
tion 3.2 is defined for a single attention head, but



GPT2-small and OPT-125M each have 144 atten-
tion heads. Three methods were therefore consid-
ered for deriving memory update predictors from
these models. First, an average memory update
was computed by averaging the updates of all 144
attention heads. Second, a per-layer memory up-
date was computed for each layer by averaging
over its 12 attention heads. Third, memory updates
of the individual attention heads were computed.
For the latter two methods, memory updates from
each layer or individual head were evaluated on
the exploratory partitions of the psycholinguistic
corpora, and then the best-performing layer or head
was tested on held-out data.

4.3 Procedures

Linear mixed-effects (LME Bates et al., 2015) mod-
els were fit to each corpus to evaluate whether each
memory update measure predicted human read-
ing times above and beyond standard baseline pre-
dictors. For SPR corpora, the baseline predictors
were word length, word position, unigram surprisal,
transformer surprisal (from either GPT2 or OPT,
depending on which model’s memory updates were
being evaluated), surprisal from CBR-RNN, and
surprisal from CBR-RNN-M. The latter two sur-
prisal predictors were included to allow a fair com-
parison between the results from this experiment
and those from Experiments 2 and 3, which eval-
uate memory updates from CBR-RNN and CBR-
RNN-M. Evaluations on eye-tracking corpora in-
cluded all of these baseline predictors plus a predic-
tor marking whether the previous word was fixated.
Unigram surprisal was estimated using the KenLM
toolkit (Heafield et al., 2013) on the OpenWeb-
Text corpus (Gokaslan and Cohen, 2019), which
contains 6.5 billion words. All predictors were
centered and z-scaled prior to fitting regression
models. Models included per-subject random in-
tercepts; random slopes were initially included but
removed to prevent convergence issues. The fi-
nal regression formulas for self-paced reading and
eye-tracking measures are given in Appendix A.

The evaluation metrics we report are the change
in per-datapoint log likelihood (∆LL) and the
change in mean squared error (∆MSE) between
the baseline and main LME models. To evalu-
ate whether improvements were significant, per-
mutation tests were performed on the per-datapoint
squared errors.

4.4 Results

Table 1 presents the main results from the GPT2
and OPT memory update predictors. Along with
∆LL and ∆MSE, this table reports effect sizes,
which are the predicted increase in reading times
(measured in ms) per standard deviation of the
memory update predictors. Although the specific
results vary to some degree by LM (GPT2 or OPT)
and aggregation method (average over all attention
heads, per-layer average, or single attention head),
statistically significant improvements are seen in
the majority of cases.

When memory updates averaged over all atten-
tion heads are used (Tables 1a and 1d), significant
effects on Dundee (GP and FP), Provo (GP and
FP), and GECO (GP) are seen from both LMs,
with OPT’s memory update also showing signifi-
cant effects for the two self-paced reading corpora.

The layers with the best (lowest) average MSE
were layer 1 in GPT2 and layer 2 in OPT. Tables 1b
and 1e show the results from these layers. Mem-
ory updates from both models’ best layers make
stronger predictions on the Natural Stories corpus
than the memory updates from the full-model aver-
age. Other results are mixed, with some improve-
ments on the Provo corpus but weakened effects on
other eye-tracking corpora.

The best individual attention head from GPT2
(Table 1c), which is in the model’s seventh layer,
shows a different pattern of results from the other
predictors, with strong effects on Brown, Natural
Stories, Dundee, and GECO GP, but no significant
effects on other corpora. The best head from OPT
(Table 1f), located in the second layer, makes es-
pecially strong predictions on Natural Stories and
Provo GP.

Although our experiments were motivated by the
hypothesis that larger memory updates should be
associated with increased processing difficulty in
humans, the tables show a mix of positive and neg-
ative effects. To show how these effects vary over
attention heads in the models, Figure 1 plots the
effect sizes of all the per-layer predictors. An inter-
esting trend is visible across GPT2 layers: middle
and late layers tend to have more positive effects
than early layers.3 OPT shows this trend for some
corpora (e.g., Dundee GP), but with less consis-
tency. One hypothesis for the positive trend in
effect sizes across GPT2 layers is that the layers’

3Linear regression curves fit to the effect sizes over layers
in Figure 1a have positive slopes in 8/8 cases.



Corpus Effect ∆LL ∆MSE

Brown SPR 1.74 5.31× 10−6 −0.53
NS SPR 1.75 −6.03× 10−5 2.31

Dundee FP 2.94 1.74× 10−4 −5.87 **
Dundee GP 3.99 1.65× 10−4 −21.03 ***
GECO FP −1.92 −7.99× 10−6 0.37
GECO GP 0.49 6.89× 10−6 −2.18 ***
Provo FP −4.66 4.74× 10−4 −34.71 ***
Provo GP −0.38 1.20× 10−5 −3.68 ***

(a) GPT2, Update averaged over all heads

Corpus Effect ∆LL ∆MSE

Brown SPR −0.85 2.65× 10−6 −0.14
NS SPR −5.25 5.76× 10−4 −24.00 ***

Dundee FP 1.16 −1.64× 10−5 0.56
Dundee GP 1.76 2.25× 10−5 −2.82 +
GECO FP −2.32 −3.72× 10−5 1.89 *
GECO GP −0.84 −1.13× 10−5 3.52 ***
Provo FP −6.62 6.12× 10−4 −43.82 ***
Provo GP −3.38 6.53× 10−5 −21.00 ***

(b) GPT2, Strongest layer (Layer 1)

Corpus Effect ∆LL ∆MSE

Brown SPR 6.29 6.43× 10−4 −31.15 ***
NS SPR 9.03 1.10× 10−3 −44.85 ***

Dundee FP 6.91 9.99× 10−4 −33.56 ***
Dundee GP 9.57 7.02× 10−4 −87.42 ***
GECO FP −0.46 3.86× 10−6 −0.21
GECO GP 4.58 6.94× 10−5 −22.56 ***
Provo FP 1.27 −8.56× 10−5 6.29
Provo GP 10.91 −1.16× 10−4 38.14

(c) GPT2, Strongest individual head (Layer 7, Head 10)

Corpus Effect ∆LL ∆MSE

Brown SPR 3.45 9.82× 10−5 −5.33 *
NS SPR 5.89 1.38× 10−4 −5.92 **

Dundee FP 2.93 1.94× 10−4 −6.47 ***
Dundee GP 4.15 1.85× 10−4 −23.59 ***
GECO FP −2.01 9.92× 10−6 −0.55
GECO GP 1.01 1.35× 10−5 −4.28 ***
Provo FP −6.67 6.12× 10−4 −43.88 ***
Provo GP −4.64 1.17× 10−4 −37.25 ***

(d) OPT, Update averaged over all heads

Corpus Effect ∆LL ∆MSE

Brown SPR 5.21 4.22× 10−4 −20.37 ***
NS SPR 11.94 1.46× 10−3 −58.66 ***

Dundee FP 2.09 1.33× 10−4 −4.40 **
Dundee GP 2.14 7.75× 10−5 −9.98 ***
GECO FP −1.37 −9.65× 10−6 0.45
GECO GP 1.28 1.65× 10−5 −5.30 **
Provo FP −6.72 5.41× 10−4 −38.27 ***
Provo GP −5.91 1.52× 10−4 −49.73 ***

(e) OPT, Strongest layer (Layer 2)

Corpus Effect ∆LL ∆MSE

Brown SPR 4.86 2.38× 10−4 −11.72 **
NS SPR 14.94 3.00× 10−3 −121.27 ***
Dundee FP −0.60 −2.50× 10−5 0.83
Dundee GP −1.67 −2.87× 10−5 3.88
GECO FP 0.13 −2.76× 10−7 0.01
GECO GP 4.53 3.78× 10−5 −11.91 **
Provo FP −7.11 6.91× 10−4 −50.59 ***
Provo GP −10.36 2.58× 10−4 −89.82 ***

(f) OPT, Strongest individual head (Layer 2, Head 8)

Table 1: Regression results using memory update predictors from GPT2 and OPT results. NS is short for Natural
Stories. Significance levels are * p < 0.05, ** p < 0.01, *** p < 0.001, with marginally significant results
(p < 0.1) marked with +.

LM Source of Update Predictor χ2

GPT2 Average over all heads 70.51 ***
GPT2 Strongest layer 49.37 ***
GPT2 Strongest individual head 73.69 ***
OPT Average over all heads 90.20 ***
OPT Strongest layer 97.30 ***
OPT Strongest individual head 62.54 ***

Table 2: Significance results from each transformer-
derived memory update predictor, aggregated over psy-
cholinguistic corpora using Fisher’s method.

memory updates are sensitive to different types of
information—possibly lexical information in ear-
lier layers and structural or semantic information
in later layers.4 There is evidence from other work

4See Kuribayashi et al. (2025) for evidence that LM layers

that surprisal predictors are oversensitive to dif-
ferences in surface form (Holtzman et al., 2021;
Giulianelli et al., 2023) and not sensitive enough to
structural updates (Van Schijndel and Linzen, 2021;
Huang et al., 2024), so it is possible that memory
updates from different model layers compensate
for surprisal in different ways.

To give a bird’s-eye view of the main results,
Fisher’s method was used to compute a single test
statistic for each of the six GPT2- and OPT-derived
memory update predictors, based on the combined
significance results across all the psycholinguistic
corpora. Table 2 presents the χ2 statistic for each
predictor; each was significant at the Bonferroni-
corrected α level of 0.001/8 = 0.000125.5

correspond to different processing stages in humans.
5Dividing by 8 accounted for the six memory update pre-
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Figure 1: Effect sizes of per-layer memory update predictors from GPT2 and OPT.

5 Experiment 2: Memory Updates in an
LM with a Single Attention Head

This experiment tests the effects of memory up-
dates from the Cue-Based Retrieval Recurrent
Neural Network (CBR-RNN; Timkey and Linzen,
2023), a cognitively motivated architecture that
only uses a single self-attention head. Working
with a single attention head brings this model closer
to cognitive models of cue-based retrieval such as
the Lewis and Vasishth (2005) ACT-R model. It
also circumvents the potential issue of attention
heads learning specialized, idiosyncratic functions
like attention sinks which are seen in larger LMs
(Xiao et al., 2024). Because of the relative sim-
plicity of CBR-RNN, its memory updates are pre-
dicted to map to human sentence processing diffi-
culty more transparently than updates from stan-
dard transformers.

5.1 CBR-RNN Language Model
CBR-RNN combines a simple recurrent neural net-
work (Elman, 1990) with a self-attention mecha-
nism similar to standard transformers. Only one

dictors tested in this experiment plus the two additional pre-
dictors from Experiments 2 and 3.

model layer with a single attention head is used,
in order to mirror cognitive models of cue-based
retrieval such as the Lewis and Vasishth (2005)
ACT-R model.

Given the current token wi, CBR-RNN first cal-
culates an embedding xi = WEδwi , where WE is
an embedding matrix and δwi is a one-hot vector
representation of wi. To compute the query vector
qi, the current word embedding and previous hid-
den state vector hi−1 are multiplied by the weight
matrix WQ and then rotary position embeddings
(RoPE Su et al., 2024) are applied:6

qi = RoPE(WQ[xi hi−1]) (6)

The attention output ai is computed by taking a
weighted average of all previous value vectors V<i

based on the similarity of previous key vectors K<i

to qi:

ai = V⊤
<i σ(

K<i qi√
dk

), (7)

6The original CBR-RNN model does not use RoPE. We
include it because it slightly improves perplexity, and includ-
ing positional information in memory vectors is common in
cognitive models like the Temporal Context Model (Howard
and Kahana, 2002).



Note that this differs from standard transformer
attention in that the key and value vectors for the
current token are not attended to.7

The concatenated word embedding, query, at-
tention output, and hidden state are then passed
through multiple layers to determine the current
key, value, and hidden state vectors:

oi = tanh(LN(WO[xi qi ai hi−1])) (8)

ki = RoPE(WK oi) (9)

vi = WV oi (10)

hi = tanh(LN(WH oi)) (11)

Here, LN denotes layer normalization, and WO,
WK, WV, and WH are additional weight matrices.
The new key and value vectors are appended to the
key-value cache. Finally, the updated hidden state
and weight matrix WY are used to calculate the
output distribution over tokens in the vocabulary:

yi = σ(WY hi) (12)

The implementation of CBR-RNN tested in this
experiment uses a vocabulary of 30,000 subword
tokens based on byte-pair encoding (Sennrich et al.,
2016).8 Five randomly initialized instances of this
model were trained on Wikitext-103 (Merity et al.,
2017) for a maximum of 20 epochs; training each
model took approximately three days on a single
V100 GPU. The model used a hidden dimension of
256 and included a total of 17.4M parameters.

5.2 Procedures
Five pairs of LME models were fit to each cor-
pus following the Experiment 1 procedures. Each
model pair used surprisal and memory update pre-
dictors from a different randomly initialized in-
stance of CBR-RNN, along with the baseline pre-
dictors from Experiment 1.9 To evaluate whether
improvements were significant, a permutation test
was performed on the per-datapoint squared errors
concatenated over the five pairs of models.

5.3 Results
The results from Experiment 2 are presented in
Table 3. Effects, changes in log likelihood, and

7In other words, standard attention replaces K<i and V<i

with K≤i and V≤i in Equation (7).
8The use of BPE also differs from the original CBR-RNN

implementation, which uses a word-level model; shifting to
a subword-based model improved perplexity on preliminary
experiments and also made it possible to avoid using an <unk>
token for unknown words, which can distort surprisal and
memory update estimates.

9This experiment and Experiment 3 use GPT2 surprisal
rather than OPT surprisal as a baseline predictor.

Corpus Effect ∆LL ∆MSE

Brown SPR 3.69 3.37× 10−4 −16.16 ***
NS SPR 2.73 8.31× 10−6 0.00

Dundee FP 9.10 1.49× 10−3 −50.47 ***
Dundee GP 10.73 6.68× 10−4 −83.91 ***
GECO FP 3.52 5.15× 10−5 −2.76 *
GECO GP 2.46 3.31× 10−5 −10.89 ***
Provo FP 1.48 2.70× 10−5 −2.05
Provo GP 9.84 8.86× 10−5 −28.39 +

Table 3: Regression results using memory update pre-
dictors from CBR-RNN.

changes in mean squared error are averaged over
the five pairs of LME models. Significant MSE
reductions are seen on Brown, Dundee (FP and
GP), and GECO (FP and GP). ∆MSE values are
generally of a comparable magnitude to those from
GPT2 and OPT memory updates (Table 1). No-
tably, all effects from CBR-RNN memory updates
are positive, meaning that larger associative mem-
ory updates are consistently associated with in-
creased reading times beyond the baseline predic-
tors. This contrasts with the effects seen from
GPT2- and OPT-based predictors, suggesting that
CBR-RNN memory updates reflect distinct sources
of reading time difficulty beyond surprisal.

6 Experiment 3: Memory Updates in a
Bounded-Memory LM

A potential concern about using transformer-style
self-attention to model human sentence processing
is that self-attention operates on lossless represen-
tations of a large number of previous tokens in the
context window. This has been noted as a potential
mismatch between transformer memory and human
working memory (Kuribayashi et al., 2022; Clark
et al., 2025; Oh and Linzen, 2026), as human work-
ing memory is known to be tightly constrained. To
address this mismatch, Experiment 3 evaluates a
model that replaces the self-attention mechanism
in CBR-RNN with a bounded associative memory
cell; we call the bounded-memory model CBR-
RNN-M. The implementation of this the memory
cell in CBR-RNN-M is inspired by the associa-
tive memory models described in Section 3.1, and
resembles linear transformers and state space mod-
els that have been developed to reduce memory
overhead in natural language processing applica-
tions (e.g., Katharopoulos et al., 2020; Dao and Gu,
2024; Yang et al., 2024).

Directly implementing an associative memory



cell in CBR-RNN-M also creates a stronger align-
ment between the models’ internal computations
and the memory update measure studied in this
work. Whereas associative memory updates from
GPT2, OPT, and CBR-RNN are extracted as a post-
hoc measure, memory updates in CBR-RNN-M are
explicitly computed within the model as a step in
next-word predictions.

6.1 CBR-RNN-M Language Model

The CBR-RNN-M architecture replaces the
softmax-based attention in CBR-RNN (Eq. 7) with
a memory access resembling Equations (2) and (3).
Specifically, given the current token’s query vector
qi, the attention output is calculated as

ai = Mi−1qi, (13)

where Mi−1 is a memory cell storing associations
between the key and value vectors of previous to-
kens. Later, once ki and vi have been calculated
(Eqs. 9 and 10), the memory cell is updated using
a Widrow-Hoff learning rule:

Mi = Mi−1 + β(vi −Mi−1ki)k
⊤
i (14)

The other processing steps in CBR-RNN-M follow
CBR-RNN (Section 5.1). Memory update scores
can be straightforwardly computed from this model
using Equation (4).

A grid search over values for β parameter in
Equation (14), using a subset of the Wikitext-103
data, showed that β = 0.0005 attained the best
perplexity, so this value was used for subsequent
LM training on the full corpus. Similarly to Ex-
periment 2, five randomly initialized instances of
CBR-RNN-M were trained. Results from alterna-
tive β values are given in Appendix B.

6.2 Procedures

The procedures for regression modeling closely
followed Experiment 2.

6.3 Results

Table 4 presents the results from Experiment 3. Sig-
nificant reductions in MSE were observed on all
corpora except Provo GP. Similarly to the results
from CBR-RNN (Table 3), all effect sizes are pos-
itive. Compared to the CBR-RNN results, larger
MSE and LL improvements are seen on the two
self-paced reading corpora, while improvements
on the three eye-tracking corpora are in a similar

Corpus Effect ∆LL ∆MSE

Brown SPR 8.25 1.30× 10−3 −60.35 ***
NS SPR 7.12 3.94× 10−4 −10.94 ***

Dundee FP 8.34 1.11× 10−3 −37.36 ***
Dundee GP 9.71 6.31× 10−4 −79.63 ***
GECO FP 2.05 2.81× 10−5 −1.48 *
GECO GP 1.63 1.87× 10−5 −6.03 ***
Provo FP 2.07 1.16× 10−4 −8.75 ***
Provo GP 6.66 4.35× 10−5 −13.46

Table 4: Regression results using memory update pre-
dictors from CBR-RNN-M.

1000 1200 1400 1600 1800
Memory Update

2

3

4

5

6

7

8

9

Su
rp

ris
al

 CC DT

 IN

 JJ

 MD

 NN
 NNP

 NNS

 PRP PRP$

 RB

 RP

 TO

 VB  VBD

 VBG

 VBN

 VBP

 WDT

Figure 2: Comparison of average surprisal and memory
update values across parts of speech in the Natural Sto-
ries corpus.

range. The generally strong reading time predic-
tions from CBR-RNN-M suggest that replacing
softmax-based attention with a bounded memory
cell resembling linear transformer models (e.g.,
Katharopoulos et al., 2020) could be a promising
direction for psycholinguistic modeling.

7 Analysis of Predictors

To illustrate the similarities and differences be-
tween the memory update predictor and surprisal,
Figure 2 plots the two predictors’ average values for
the most frequent parts of speech (POS) in the Nat-
ural Stories corpus (Futrell et al., 2021). Surprisal
and memory update measures in this plot were
both averaged over the five CBR-RNN-M models,
and POS labels are from the Penn Treebank tagset
(Marcus et al., 1993). In general, there is a strong
association between the two predictors’ per-POS
averages. However, the memory update predictor
shows relatively high values for several classes of
function words including prepositions (IN, TO),
coordinating conjunctions (CC), wh-determiners
(WDT), and particles (RP). To test whether this re-



flects a general trend toward larger memory updates
for function words, the average difference between
z-scaled memory update and surprisal predictors
was computed separately for function words and
content words.10 The average difference was sig-
nificantly higher for the memory update predictor
than for surprisal (p ≪ 0.001, one-tailed Welch’s
t-test). This is evidence that memory updates are
relatively sensitive to words carrying structural in-
formation in comparison to surprisal.

The memory update predictors tested in this
work typically show correlations of between 0.4 to
0.7 with surprisal predictors, suggesting that the
predictors overlap but also may be sensitive to dif-
ferent factors. See Figure 3 in Appendix C for a
full comparison of correlations between predictors.

8 Conclusion

We explore a novel connection between LMs and
human sentence processing based on associative
memory updates. Memory updates are measured
both from standard transformers and from models
that combine transformer attention with cognitively
motivated constraints—including a new model ar-
chitecture that implements a bounded-size asso-
ciative memory. Evidence for effects on reading
times is found on a range of datasets, with espe-
cially promising results from the cognitively mo-
tivated models. Focusing on associative memory
as a bridge between language models and humans
may be helpful for achieving further progress in the
development of broad-coverage, algorithmic-level
models of human sentence processing.

Limitations

The evaluations in this work are limited to corpora
in English containing self-paced reading times and
eye-tracking measures. Further work will be nec-
essary to verify the effects of associative memory
updates across other languages and measures of
processing difficulty (e.g., neural measures from
fMRI or EEG). We also restrict our evaluations to
two pretrained transformer models and two cog-
nitively motivated architectures; it is possible that
different effects will be observed from models with
different architectures (e.g., alternative implemen-
tations of bounded memory) or of different scales.

10The Penn treebank tags classified as function words were
DT, IN, PRP, CC, TO, PRP$, MD, WDT, and RP; the tags
classified as content words were NN, VBD, JJ, RB, NNS, VB,
NNP, VBN, VBG, and VBP. Other tags were not considered
due to their low frequency in Natural Stories.
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B Additional CBR-RNN-M Evaluations

Table 5 shows results from CBR-RNN-M models
with varying values for the β parameter; a higher β
means that a larger memory update is made at each
incoming word. These evaluations used the same
baseline predictors as Experiment 3. A single in-
stance of CBR-RNN-M was trained and evaluated
for each β value.

C Correlations Between Predictors

Figure 3 shows the correlations between all pre-
dictors that were included in the mixed-effects re-
gression models (except for the predictor indicat-
ing whether the previous word was fixated, which
was only used in eye-tracking corpora). Correla-
tions were computed on the Natural Stories corpus
(Futrell et al., 2021).

Corpus Effect ∆LL ∆MSE

Brown SPR 8.30 1.31× 10−3 −61.62 ***
NS SPR 7.86 4.21× 10−4 −16.77 ***
Dundee FP 10.46 1.73× 10−3 −58.19 ***
Dundee GP 12.72 9.41× 10−4 −118.33 ***
GECO FP 0.98 2.76× 10−6 −0.18
GECO GP 1.40 9.65× 10−6 −3.48
Provo FP 6.09 4.32× 10−4 −32.59 *
Provo GP 15.52 2.33× 10−4 −71.82

(a) β = 0.01

Corpus Effect ∆LL ∆MSE

Brown SPR 8.31 1.22× 10−3 −57.43 ***
NS SPR 7.75 4.31× 10−4 −16.97 ***
Dundee FP 8.92 1.31× 10−3 −43.96 ***
Dundee GP 10.31 7.50× 10−4 −94.99 ***
GECO FP 2.46 1.38× 10−5 −0.69
GECO GP 1.39 1.52× 10−5 −4.92 *
Provo FP 2.27 9.76× 10−5 −7.70 +
Provo GP 8.42 4.50× 10−5 −14.92

(b) β = 0.001

Corpus Effect ∆LL ∆MSE

Brown SPR 7.32 9.68× 10−4 −45.35 ***
NS SPR 6.19 2.18× 10−4 −8.08 **
Dundee FP 7.76 8.67× 10−4 −29.13 ***
Dundee GP 8.96 5.43× 10−4 −68.85 ***
GECO FP 2.55 4.00× 10−5 −2.15
GECO GP 1.43 1.24× 10−5 −4.26 +
Provo FP 2.51 6.76× 10−5 −5.59
Provo GP 6.83 1.50× 10−5 −4.51

(c) β = 0.0001

Corpus Effect ∆LL ∆MSE

Brown SPR 7.02 9.88× 10−4 −46.16 ***
NS SPR 6.81 3.95× 10−4 −15.10 ***
Dundee FP 7.36 8.59× 10−4 −28.73 ***
Dundee GP 9.09 5.39× 10−4 −67.93 ***
GECO FP 1.44 2.48× 10−5 −1.36
GECO GP 1.33 1.65× 10−5 −5.35 +
Provo FP 0.65 1.50× 10−5 −1.35
Provo GP 4.74 −4.50× 10−5 13.66

(d) β = 0.00001

Table 5: Regression results using memory update pre-
dictors from CBR-RNN-M with varying values for the
β parameter.
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Figure 3: Correlations between predictors used in the regression models. Surp and MU refer to surprisal and
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layer 1) or individual attention heads (L7H10 = layer 7, head 10) for Experiment 1.
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