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Abstract

There is a growing consensus that, in order to
serve as models of human language processing,
language models (LMs) need to be constrained
in their use of memory for context, the ana-
logue to human working memory (WM). Here
we take a novel yet simple approach to con-
straining WM in language models, in a way
that reflects models of human cognition where
memory is treated as a limited resource and
deployed strategically. In order to capture this
constraint on memory encoding, we inject noise
into the hidden representations of Transformer-
based LMs at tunable rates. Then we train
the models with a hybrid objective, such that
they learn to maximize the performance of next-
word prediction subject to explicit constraints
on the total encoding precision. We find that
explicit WM constraints improve the model’s
alignment with human reading times. More
importantly, we find that the need to manage
encoding precision reshapes the nature of the
models’ context representations, making them
more compressed and categorical. Our results
show how resource-rational models of WM al-
location can be implemented in neural models
simply and successfully, and point to a dissocia-
tion between WM retrieval mechanisms and the
underlying memory representations in models
of human sentence processing.

1 Introduction

Human sentence processing is incremental, contin-
uously integrating linguistic signals into contextual
representations as the sentence unfolds. This in-
cremental process requires the support of working
memory (WM), since a previous input is not per-
ceptually accessible anymore at a future time point.
However, our WM capacity is strikingly limited,
both in terms of how many items can be simultane-
ously stored (Miller, 1956; Lewis, 1996; McElree,
2006), and in terms of how long it can be faithfully
represented before being forgotten (Gibson, 1998;

Futrell et al., 2020). Despite considerable empiri-
cal support for this cognitive limitation in sentence
processing, theoretically, the exact representational
nature of WM constraints remains an open ques-
tion. This paper attempts to answer: What are WM
resource constraints? How can we simulate them
at the computational level? How do they shape the
representational space in sentence processing?

To answer these questions, we propose to inte-
grate WM constraints into Transformer language
models (LMs), in a way that allows us to gener-
ate and evaluate hypotheses for human WM pro-
cesses in a stimulus computable fashion (Frank
and Goodman, 2025). Previous work has proposed
numerous ad-hoc ways to constrain the memory
in LMs, including reduced size of the model or
training data (Warstadt et al., 2023) and locally bi-
ased attention (De Varda and Marelli, 2024; Clark
et al., 2025). Here we pursue a more principled
approach grounded in resource-rational cognitive
theories (Lewis et al., 2014; Lieder and Griffiths,
2020), aiming to advance understanding of both
psycholinguistic theories of WM constraint and the
impact of our psycholinguistically inspired archi-
tectural choice on LMs’ performance.

We conceptualize WM constraints focusing on
the representational quality of information (McEI-
ree, 2006). We argue that greater memory resources
result in lower representational uncertainty in mem-
ory encodings of linguistic inputs (Ma et al., 2014;
Bates and Jacobs, 2020; Bays et al., 2024; Xu
and Futrell, 2026). To capture representational
uncertainty, we inject noise into Transformer’s self-
attention value vectors, such that the encoding pre-
cision at a key position exponentially decays as
a function of its distance with the query position.
Given our conceptualization, models with greater
WM resources at their disposal can encode linguis-
tic inputs with greater precision in their value vec-
tors. We then train LMs with varying WM con-
straints in a resource-rational fashion: the models
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Figure 1: a. Greater WM resources result in lower representational noise for the encoded linguistic input. b. Injecting
Gaussian noise into Transformers’ self-attention value vectors v, whose precision decays as a function of query-key
distance controlled by 6. c. Precision decay rate 6 learned by models across attention heads per layer.

learn to maximize the performance of next-word
prediction task under the constraint of limited WM
resources for precise encoding (Hahn et al., 2022).

We first observe an asymmetrical decay of encod-
ing precision: lower-layer attention heads undergo
faster precision decay under the WM constraint.
We then evaluate our models by using their sur-
prisal estimates to predict human reading times
(RTs). Consistent with previous studies, we find
that explicit WM constraints can help the model’s
surprisal estimates to better predict RTs. More im-
portantly, the model’s output distributions reveal
that stronger constraints lead to a more compressed
representational space in next-word predictions, re-
sulting in more categorical predictions with less
fine-grained distinctions across different contextual
inputs, a novel prediction to be examined in future
experimental work of human sentence processing.

2 Background

2.1 WM constraints at the computational level

In order to understand WM processes (Oberauer,
2009), two questions must be addressed: (i) what
kinds of information are encoded in memorys; (ii)
how do we make use of such information? In sen-
tence processing, computational models and theo-
ries have focused primarily on the latter, targeting
the retrieval mechanism of WM (Lewis and Va-
sishth, 2005; Lewis et al., 2006). The former has,
however, long been the elephant in the room, until a
more recent and growing body of work has started

to address the representational nature of WM en-
coding (e.g., Smith and Vasishth, 2020; Hahn et al.,
2022; Kesheyv et al., 2025; Xu and Futrell, 2026).

WM resources, under retrieval-based models,
are often conceived as attentional resources, whose
distribution determines the extent to which a pre-
vious input is retrieved and incorporated into the
computation of representation at a future time point
(Lewis and Vasishth, 2005; Lewis et al., 2006; Ryu
and Lewis, 2021, 2025; Oh and Schuler, 2022). For
most studies applying these ideas in LMs, this WM
constraint has been interpreted as a locality bias in
attention (De Varda and Marelli, 2024; Clark et al.,
2025; Mita et al., 2025) or as limited length of con-
text window (Kuribayashi et al., 2022), a design
choice that is grounded in the empirical observa-
tion where information in the recent past is more
salient and better remembered (Gibson et al., 1996;
Gibson, 1998; Bartek et al., 2011).!

This retrieval-centered theorizing of WM con-
straint leaves unaddressed how such a constraint
influences what we have encoded in memory in the
first place. Here we pursue a different approach to
conceptualize WM resources and constraints: in-
stead of viewing them as attentional resources, we
focus on the representational nature of the encoded
information itself, and directly link WM resources
to representational quality (McElree, 2006).

'In an interesting exception, Timkey and Linzen (2023)
propose an implementation of WM constraint that is not
grounded in the locality bias. Instead, the constraint con-
sists in the limited number of computational modules (that is,
the number of attention heads).
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Human memory representations are noisy, as the
received information always undergoes a certain
degree of unavoidable perturbation during trans-
mission in the neural system (e.g., Ma et al., 2014;
Futrell et al., 2020; Hahn et al., 2022; Brady et al.,
2024; Bays et al., 2024). We thus interpret represen-
tational quality as representational uncertainty, or
the level of noise in memory encoding. As shown
in Figure 1a, we argue that greater resources result
in lower representational uncertainty, an assump-
tion entertained by more and more recent studies
(e.g., Ma et al., 2006; Bays et al., 2009; Ma et al.,
2014; Bates and Jacobs, 2020; Bays et al., 2024;
Xu and Futrell, 2026).

Our conceptualization of WM resource con-
straint attempts to address the first question raised
at the beginning of this section. That is, we aim to
understand the relationship between memory con-
straints and the content of information encoded in
memory, and we offer a computational-level anal-
ysis of this question (Marr, 1982).> This does not
stand in opposition to retrieval-focused work, in
that the emergence of retrieval bias may be shaped
by the representational quality of what is encoded
in the first place. We revisit this point in Section 7.

2.2 Efficient use of limited WM resources

What is the optimal strategy to efficiently use lim-
ited WM resources in language processing? The
answer to this question requires an explicitly de-
fined processing task (Anderson, 1990), and im-
plies a trade-off between the task performance and
the amount of available resources (Simon, 1955;
Lewis et al., 2014; Gershman et al., 2015; Lieder
and Griffiths, 2020). In other words, as a resource-
rational language user, the goal is to find what kinds
of representation for the encoding of linguistic in-

2One way to view cognitive resources is in terms of the
number of perceptual samples available: more perceptual sam-
ples are needed to form a more precise encoding distribution
(Norris, 2006). Moreover, at the neural level, from the perspec-
tive of probabilistic population coding, the overall amplitude
of the population activity is inversely proportional to the vari-
ance of the represented distribution (Ma et al., 2006), raising
a link between the cognitive resources and the lower-level
biological energy.

3Our use of the term “computational-level” slightly devi-
ates from the one posited by Marr (1982), and our approach is
situated at the boundary between the computational and algo-
rithmic levels under Marr’s three-level framework. Following
the resource-rational approach to cognition (Section 2.2), we
view our model as going beyond the computational level (i.e.,
idealized processing model shaped only by the cognitive func-
tion), pushing the theorizing towards the algorithmic level by
considering more and more realistic cognitive architecture and
resources (Lieder and Griffiths, 2020).

puts require the least amount of resources yet good
enough to accomplish certain processing task.
Following Hahn et al. (2022), we take next-word
prediction as one such processing task. Theoreti-
cally, next-word prediction has been argued to be a
causal bottleneck for the processing of both lexical
and structural features (Hale, 2001; Levy, 2008).
Empirically, the great success of language model-
ing suggests that complex linguistic features can
emerge simply from the prediction task (Mahowald
et al., 2024; Futrell and Mahowald, 2025). In the
resource-rational model of Hahn et al. (2022), in-
puts in the past are assigned a probability of erasure
dependent on their lexical identity and the distance
from the current time point. The model learns how
to assign this erasure probability to maximize the
performance of next-word prediction, subject to
a resource limit on how many words are retained.
However, this binary erasure in their model (either
erased or not) does not capture the intuition that
the representation of a past input is often subtly
distorted rather than being entirely forgotten.

2.3 The current study

To model the link between representational uncer-
tainty and WM resources, we inject Gaussian noise
into self-attention value vectors of Transformers.
This method lets us manipulate WM constraints:
models with greater WM resources have a lower
level of noise, allowing them to more precisely en-
code linguistic inputs. Compared to binary noise
manipulations (Futrell et al., 2020; Hahn et al.,
2022), Gaussian noise on the distributional rep-
resentational space of Transformers implements
more subtle perturbations on the encoded informa-
tion. From an information-theoretic perspective,
additive white Gaussian noise (AWGN) is a com-
monly used noise model for communication chan-
nels, whose capacity is determined by the signal-
to-noise power ratio (SNR). The Gaussian noise
we inject into Transformers can therefore be in-
terpreted in terms of modifying the SNR under
which the information in each layer is transmitted
to the next. In neuroscience, AWGN channels are
also widely used to model information encoding
in neurons (Stone, 2018). In addition to Gaussian
noise injection, we adopt a hybrid training objec-
tive: models learn to maximize the performance of
next-word prediction with explicit penalty on the
model’s encoding precision, so that they learn to
strike a balance on the trade-off between prediction
and memory (Still, 2014; Hahn and Futrell, 2019).
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3 Modeling framework

3.1 Injecting noise into self-attention

As illustrated in Figure 1b, we modify the self-
attention mechanism (Vaswani et al., 2017) in
Transformer-based LMs such that the noisy ver-
sion of the value vector of the token v, € R ata
previous key position k£ given the query position ¢
is sampled from a Gaussian distribution

Voo ~ N (v, 7 'T) (1)

where 7 is the encoding precision, which is the
inverse of variance 1/02.

We assume an exponential decay on the encod-
ing precision 7, such that the precision of a key
token k is a function of its distance with the query
position ¢ and is controlled by the decay rate 6

T =Tmoe 147H) 2

where 7( is the highest achievable precision in
memory encoding.* The maximal precision 7y is
a hyperparameter manually specified. The speci-
fication in Eq. 2 implies that linguistic inputs can
never be perfectly encoded without any noise, and
7o 1S the base level of irreducible noise, which in
our model is specified to be encoding precision of
the token at query position itself (when g — k& = 0).
This imperfect encoding is not necessarily a flaw
in our modeling strategy in that representations are
always noisy during neural transmission even at
the perceptual level as mentioned above.’

The output z of each attention head at query
position q is thus a weighted sum over noisy value
vectors of all previous key positions k

Zg =Y agiVar, 3)
k
whose weights a are given by

-
a, = softmax <K\/;> ) “4)

We then apply a reparameterization for this
weighted sum of Gaussian distributions for efficient
stochastic optimization. The attention head output

*A small value of 0.0001 is added to every Tqk 1N imple-
mentation to avoid numerical underflow.

5As mentioned earlier, what actually matters for WM con-
straint is the signal-to-noise ratio (SNR), which is currently
manipulated by 7 assuming constant power of the signal. Fu-
ture work can consider manipulating SNR more directly.

z is decomposed into two components, one deter-
ministic and one capturing the Gaussian noise®:

2q = 2 + 2. 5)

The deterministic part z4°* is computed as the

standard self-attention as if there were no noise.
The noisy part is a unit Gaussian distribution
€ ~ N (0,1) scaled by the standard deviation o of
Z:

Zg = Oy, (0)

Assuming that the noise components of all previous
tokens are independent of each other,’ the variance
of z, after rescaling is

9 _
02 = Z (agrogr)” = Z angqkl. @
k

k

We inject noise into self-attention instead of the
output embedding of Transformer blocks for two
reasons. First, theoretically, the mechanism of self-
attention better resembles WM processes, where
input representations at different time points com-
municate with each other. Second, for our purpose,
the noisy representation of a token depends on its
position relative to the query position of memory
retrieval. This design is naturally realized by self-
attention with parallelized computation.

3.2 Manipulating WM capacity constraint

In order to manipulate WM constraints, we train
the models with a hybrid loss function:

T
L = —ZZlogp(yt | y<t) +)\Z7—hltk z 1,

yeSs t=1 hltk
cross-entropy loss memory capacity
@)
where z is a normalization constant given by
T-1

This loss function consists of two components. The
first is the cross-entropy loss, which measures the
model’s performance in the next-word prediction

®Under our reparameterization, the attention scores a and
the deterministic component in the attention-head output z°*
are independent of noise in the forward pass. The influence of
noise on a and z%°* consists in the backward pass, where the
gradients flow into a and z9°* through the noisy version of z.

"This independence assumption is a simplification, and
is not necessarily the case in reality, especially given the
similarity-based memory interference where the representa-
tion of one memory object can be distorted by another one.
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task on training examples S. The second compo-
nent represents the average encoding precision 7 of
past tokens over all attention heads h and layers [,
which corresponds to the amount of WM resources.
WM constraint is represented by A: higher A means
stronger constraint, applying stronger penalty to
models with higher encoding precision.®

4 Experiment 1: Memory capacity and
encoding precision decay

4.1 Language Models

We train on the Wikitext-103 dataset (Merity
et al., 2016) a sequence of five noisy LMs adapted
from the architecture of GPT-2 small (Radford
et al., 2019), corresponding to five WM capacity
constraints A = [0, 0.001, 0.01, 0.1, 1]. The model
architecture is the same as GPT-2 small, except that
the block size is 512 (instead of 1024 in standard
GPT-2 small) and that the self-attention heads in-
clude noisy encoding as outlined in Section 3.1.°
Each attention head at each layer gets its own preci-
sion decay parameter 6 to be learned from training
data. The highest achievable encoding precision (7
in Eq. 2) is set to 10000 (equivalent to o = 0.01).
See Appendix A for model training details.

4.2 Results and discussion

Figure 1c shows the precision decay rate 6 learned
by each attention head per layer. With no constraint
on WM capacity (A = 0), all heads learn a decay
rate close to 0. Intuitively, this is consistent with
the memory-surprisal trade-off proposed in Hahn
et al. (2021), in the sense that it is useful to use
all the information from the preceding context to
maximize the accuracy of next-word prediction.
Importantly, as WM constraint gets stronger,
there is a clear pattern of asymmetrical decay. With
lower-to-mid memory constraint (0 < A < 0.01),
precision decay first begins among lower-layer
attention heads, which often take charge of pro-
cessing morphosyntactic features where informa-
tion dependency is more local (Vig and Belinkov,
2019). Then, when WM constraint further in-
creases (A > 0.01), the decay starts to diffuse to
other heads at higher layers, which is often con-
sidered to process longer discourse with deeply
contextualized representations (Kuribayashi et al.,

8Models and code are available at: https://github.com/
weijiexu-charlie/resource-rational-encoding

°Our implementation is based on nanoGPT (Karpathy,
2023), whose backbone reflects the architecture of GPT-2.

2025). This prioritization of higher layers mirrors
humans’ memory strategy, in the sense that humans
tend to remember the semantic or discourse gist
rather than the exact surface form (Sachs, 1974).

S Experiment 2: Psychometric predictive
power on human reading times

Experiment 2 examines the alignment between our
models and human reading behaviors. We assume
that models better aligning with human reading
behaviors should have higher psychometric pre-
dictive power for its surprisal estimates on read-
ing times (RTs). Following previous work, the
predictive power is quantified as the difference of
log-likelihood ALL between regression models fit
to RTs with and without surprisal terms (Wilcox
et al., 2023; Xu et al., 2023; Frank and Bod, 2011).
Higher ALL indicates better alignment.

5.1 Experiment setup

We evaluate the model predictive power on three
English reading-time corpora:

(1) Provo (Luke and Christianson, 2018): An eye-
tracking corpus with 55 short passages col-
lected from 84 participants.

(2) SPR Natural Stories Corpus (SPRNSC)
(Futrell et al., 2021): A self-paced reading cor-
pus with 10 long stories (approx 1000 words
each) collected from 181 participants.'®

(3) A-Maze Natural Stories (MazeNSC) (Boyce
and Levy, 2023): Same text material as
SPRNSC but collected from 100 participants
using A-Maze paradigm (Boyce et al., 2020).

RT measures. For Provo, we examine model pre-
dictive power on two eye-tracking RT measures
separately, namely the first fixation!! and the total
time'2. We exclude eye-tracking RTs that are faster
than 100ms or slower than 2000ms. For SPRNSC,
due to the strong spillover effect in the self-paced
reading paradigm, we use RTs of both the critical
region and the spillover region. For MazeNSC, we
focus on the critical region, and exclude RT obser-
vations where participants chose a wrong word in
their first try. We also exclude RTs that are shorter
than 100ms or longer than 3000ms in MazeNSC.'3

'The NSC corpus intentionally includes rare constructions.

"The duration of the first fixation on the word of interest.

2The sum of durations of all fixations on a word.

3We adopt a wider RT exclusion window for MazeNSC,
since the A-Maze paradigm often induces longer RTs com-
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Figure 2: a. Psychometric predictive power of word surprisal estimates on RTs (measured as ALL) across WM
constraints; Bar height is the mean ALL over 10 held-out folds with standard errors; Dashed lines are the result of
the baseline GPT-2. b. Model perplexity on RT corpora. c. Distribution of surprisal estimates over six bins for RT
corpora. d. Attention score over key tokens as a function of query-key distance, aggregated over all query tokens,
attention heads and layers; passages in Provo corpus have much shorter context than NSC corpus.

Surprisal estimates. Following Goldstein et al.
(2022), we use a sliding window paradigm to gen-
erate the surprisal estimate of each word in RT
corpora, with the maximal context window (511
preceding tokens). In addition to the five noisy LMs
trained in Experiment 1, we also train a baseline
GPT-2 model on the same dataset without noise
injection. All other hyperparameters and training
procedures are identical to the noisy models.'* We
examine the predictive power of all six models. '3

Regression models. In order to get ALL, for
each model, we fit two linear mixed-effects regres-
sion models (Baayen et al., 2008) to predict RTs:

My: Null model including word position in the
sentence, word length, and log-transformed
word frequency from Speer (2022)

M;: My plus terms of word surprisal

To account for the spillover effect typically ob-
served in reading experiments, we also include the
word length, word frequency, and the surprisal of
two previous words as control predictors. The pre-
dictive power is thus measured as the difference of

pared to other reading paradigms.

“Note that our noisy model with A = 0 is not the same as
the baseline GPT-2. For our noisy model, even when A = 0,
there is still a base noise 7, and the model still learns a small
but non-zero precision decay 6.

'SFor noisy models, due to their internal stochastic process,
we generate 100 surprisal estimates for each word and take
the average. We also exclude tokens that are punctuations.

log-likelihood ALL between M, and M. Regres-
sion models are fit using 10-fold cross validation,
with ALL calculated from the held-out set.'®

5.2 Results and discussion

Better alignment with human RTs with WM
constraint. As shown in Figure 2a, explicit
WM constraint in principle can improve the
model-generated surprisals’ psychometric predic-
tive power on human RTs. This is especially true
for the SPR NSC corpus, where an enhanced pre-
dictive power is observed with moderate WM con-
straint (A = 0.01) compared to the baseline GPT-2
without noise injection. We also observe a mild
increasing trend of predictive power for the first-
fixation durations of the Provo corpus.!” More-
over, as indicated by Figure 2b, models with ex-
plicit WM constraint yields higher perplexity on
RT corpora, echoing recent findings where models
that are exceedingly accurate in next-word predic-
tions tend to show worse alignment with human
reading behaviors (Oh and Schuler, 2023; Oh and
Linzen, 2025).'® Tt is also worth noting that we

!SWe only include random intercept for all regression mod-
els, which is the maximal random structure that allows all
models to converge without singular fit.

"Note that the length of each passage in the Provo corpus is
much shorter than in the NSC corpus, which may potentially
explain the divergent pattern of predictive power between
these two corpora.

"8 However, the enhanced predictive power is not observed
in eye-tracking total time, nor in Maze RT. For total time, the
lack of a clear pattern is possibly because total time mixes
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do not expect the RT alignment to necessarily in-
crease monotonically as a function of WM con-
straint, since realistically human WM must not be
infinitely constrained, a point we revisit in the Lim-
itations section.

Less extreme surprisal estimates with memory
constraint. As shown in Figure 2c, the model
generates fewer extreme surprisal estimates at the
lower end with stronger memory constraint A. In-
stead, more and more estimates with higher \ are
at the moderate level [5, 15). We speculate that the
memory constraint may have encouraged the model
to adopt a processing strategy that focuses more
on making next-word predictions based on general
semantic categories rather than on fine-grained dis-
tinctions, a hypothesis that we explore in Section 6.

Emergent but dissociable locality bias in atten-
tion. Figure 2d shows attention scores on key
tokens, aggregated over all heads and layers. Com-
pared to baseline GPT-2, all noisy models have
more locally biased attention, with higher weights
on local tokens. However, this locality bias does
not monotonically increase in WM constraint .
Although moderate constraint (A = 0.001) indeed
encourages the model to assign higher attention
scores on local tokens, this effect is weakened for

early and late (re-)reading of a word, potentially indexing
multiple different underlying processes (Clifton Jr et al., 2007;
Schotter and Dillon, 2025). For A-Maze, this experimental
paradigm is typically memory demanding, which potentially
explains the reduced predictive power in Maze RT.

mid-to-higher constraint (A > 0.01). We speculate
that the poorer representational quality due to faster
precision decay may have encouraged the model
to more uniformly distribute its attention weights
as it becomes less certain about which token to at-
tend to in the past context. This pattern potentially
points to a dissociation between WM encoding and
retrieval, suggesting that stronger WM resource
constraint does not necessarily lead to more locally
biased retrieval in all situations.

6 Experiment 3: Representational space
of next-word predictions

Previous studies have argued that LMs tend to make
sharper predictions than humans with more fine-
grained distinctions across contextual inputs, possi-
bly due to the models’ powerful superhuman mem-
ory (Oh and Linzen, 2025). This raises the expecta-
tion that models with more human-like constraints
should make predictions that are less fine-grained,
reflecting broader semantic categories. In Exper-
iment 3, we aim to examine this claim, looking
at how WM constraint shapes the model’s repre-
sentational space when making next-word predic-
tions. We hypothesize that stronger WM constraint
may result in: (i) more compressed representational
space, such that different linguistic inputs are en-
coded more similarly, with more similar linguistic
predictions across contexts; (ii) stronger categor-
ical bias, such that different categories of certain
linguistic feature (e.g., animate vs. inanimate) are
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represented more distinctly.

6.1 Experiment setup

As in Figure 3a, we first construct a set of 1000
items in English in the form of Det Noun1 Prep
Det Noun2 Adv. The animacy of Noun1 is manipu-
lated such that 500 items are animate and the other
500 are inanimate.!® We manipulate the animacy
feature for two reasons. First, it has been shown
to actively serve as a processing cue in language
comprehension (Trueswell et al., 1994). Second,
animacy is grammatically marked on pronominal
elements in English. Therefore, we consider the
animacy feature a potential candidate for the cate-
gorical bias to emerge with memory constraint.

Then, using the models trained in Experiment 1,
the initial representational space of next-word pre-
diction is constructed from the log probabilities
over possible continuations w41 generated at the
Adv.?0 In the end, we reduce the dimensionality on
this initial representational space using Principle
Component Analysis (PCA). The ultimate repre-
sentational space of next-word predictions is taken
from the first 50 PCs.?!

In order to evaluate this representational space,
for each pair of items ¢ and j, we calculate their
Euclidean distance d;; given by

dij = \/(Xz - Xj)T (xi — x;).

Higher item-to-item distance thus indicates that
their next-word predictions are less similar.

(10)

6.2 Results and discussion

More compressed representational space with
higher WM constraint. Figure 3b shows the rep-
resentational space of next-word predictions visual-
ized from the first 2 PCs, and Figure 3¢ summarizes
the item-to-item Euclidean distance based on all 50
PCs.?? Without explicit WM constraint (A = 0),
the representational space is more spread out, with
higher item-to-item distance, indicating that next-
word predictions are relatively distinct from each

!“Noun2 and Adv are kept identical across all items so these
tokens more local to the prediction site do not mask the effect
of our manipulation on earlier ones.

2Similar to Experiment 2, here for each item we took the
average of 100 samples of log probability distributions.

211t is worth noting that this is not the internal represen-
tational space encoded by the model. Instead, what we look
into here is the representational space implied by the language
modeling head output distributions for wyy .

22Small standard error in Fig. 3¢ due to the large number of
item pairs.
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Figure 4: Mean silhouette scores with standard error for
the subject-noun animacy (animate vs. inanimate) and
the preposition (temporal vs. spatial) categories.

other across different items. As WM constraint
gets stronger, the representational space becomes
increasingly concentrated with lower item-to-item
distance. This reduced representational distance
with higher A suggests that the model’s predictions
become more similar to each other across items.

Emergence of categorical encoding. Although
a categorical bias is not observed for the animacy
feature on the subject noun of our stimuli, in-
terestingly, there are indeed separate clusters of
next-word predictions that start to emerge with
stronger WM constraint A, as indicated in Figure 3b
(A > 0.01). Visual inspection reveals that models
start to tease apart noun phrases with prepositions
before and after from others.>*> Compared to other
prepositions in our stimuli, before and after tend to
function as temporal prepositions, which express
temporal relations semantically and more naturally
take clausal complements syntactically (Dubinsky
and Williams, 1995). This emergent categorical
encoding is corroborated by the result of silhouette
scores in Figure 4, which is a metric that quantifies
how well the two categories can be separated from
each other in the representational space (see Ap-
pendix C). This result indicates that at least some
linguistic features (e.g., prepositions in our case)
are encoded more categorically with stronger WM
constraint, shifting away from fine-grained seman-
tic distinctions towards higher-level generalization
(Alvarez, 2011; Bates and Jacobs, 2020; Brady and
Tenenbaum, 2013; Zaslavsky et al., 2018). Future
work may consider a more thorough investigation
on what kinds of linguistic features tend to be cate-
gorically encoded under WM constraints.

2See Appendix D for the PCA visualization with 200 ran-
domly sampled noun-phrase labels.
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7 General discussion

In this paper, we introduce a conceptualization of
WM constraint at the computational level. Focus-
ing on the task nature of information processing,
our model characterizes what kinds of represen-
tations would be encoded under WM constraint
in order to accomplish the processing task in a
good enough way. In information-theoretic terms,
we view memory as a communicative channel that
transmits information from the past to the future,
and its constraint as the information bottleneck dur-
ing this transmission (Still, 2014; Hahn and Futrell,
2019; Bates and Jacobs, 2020). Our model, there-
fore, is agnostic to how these representational prop-
erties and memory efficiency are realized at the
algorithmic level.

As noted above, one potential algorithmic-level
implementation of WM efficiency is locally biased
retrieval (De Varda and Marelli, 2024; Clark et al.,
2025). Intuitively, this retrieval bias may naturally
arise from locally biased encoding precision, in
that the model may prioritize the attention to more
precisely encoded input. In this sense, our focus
on representational quality for WM constraint does
not argue against accounts focusing on retrieval
bias. Instead, in our view, the emergence of locally
biased retrieval may be driven by locally biased
encoding precision, as what is retrieved ultimately
depends on what is encoded in the first place. How-
ever, our result also reveals a dissociation: while
moderate WM constraints indeed enhance the local-
ity bias in attention weights, this effect diminishes
with more stringent constraint. This dissociation
suggests that the locality bias in retrieval mecha-
nism alone is not sufficient to fully characterize
WM processes. In order to develop an explanatory
account for WM efficiency, it is important to target
the representational properties more directly, iden-
tifying what kinds of information are encoded and
why they are encoded for certain processing tasks.

Moreover, recent advances in mechanistic in-
terpretability (Arora et al., 2024), psycholinguis-
tically inspired probing (Hu et al., 2020), as well
as our own Experiment 3, all serve as potential
methods to examine how the interpretable linguis-
tic features are encoded in our models. We believe
that our computational-level manipulation of WM
constraints, powered by these methods, provides a
promising pathway for analyses on how different
interpretable linguistic features are encoded and
prioritized for more efficient processing. We be-

lieve such an analysis can provide more detailed
insight into human memory efficiency, establish-
ing closer connection to traditional linguistic and
cognitive theories.

Finally, our focus on the representational qual-
ity highlights a connection to model quantization
(e.g., Dettmers et al., 2022; Frantar et al., 2022;
Dettmers et al., 2023; Lin et al., 2024), which can
be viewed as another algorithmic-level realization
of WM constraint. As a technique developed to re-
duce GPU memory demand, quantization approx-
imates continuous values by mapping them to a
small set of discrete levels, preserving as much
task-relevant information as possible despite cer-
tain degree of degradation of precision. From this
perspective, stronger WM constraint corresponds
to more aggressive quantization: more fine-grained
distinctions in the original continuous space are
lost, making it increasingly difficult to reconstruct
detailed linguistic representations. This connection
to quantization thus points to a promising route
for translating WM constraint, a classic notion in
cognitive psychology, to its implementation in the
engineering of human-like artificial intelligent sys-
tems.

8 Conclusion

In this paper, we manipulate WM constraint at the
computational level in a resource-rational fashion,
such that models with greater WM resources en-
code linguistic inputs more precisely. We show
that explicit WM constraints improve the model’s
alignment with human RTs, a pattern that can be
possibly explained by more compressed and cat-
egorical representational space in next-word pre-
dictions. For psycholinguistics, our work provides
a new way to use LLMs as a tool to understand
WM processes in human sentence processing, high-
lighting a dissociation between WM retrieval and
the underlying representation of the encoded infor-
mation. For the engineering of human-like artifi-
cial intelligent systems, our conceptualization of
WM constraint highlights a connection between
this classic notion in psychological theories and
algorithmic-level techniques such as quantization.

Limitations

Although our theorizing of WM constraint focuses
on the representational nature of memory encoding
at the computational level, our model is adapted
from the architecture of Transformer-based LMs
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(GPT-2 small specifically), and therefore has com-
mitted to the algorithmic-level mechanisms imple-
mented in Transformers. For example, the internal
representations of Transformers are computed in a
parallel manner, a feature that makes model train-
ing more efficient. However, this parallel compu-
tation is not truly incremental. In human sentence
processing, rather than taking the entire sequence
as a whole, linguistic inputs are processed word by
word and the memory state is updated incremen-
tally at each time point, a process that resembles
the information flow in Recurrent Neural Networks
(RNNs) (Elman, 1990; Hochreiter and Schmidhu-
ber, 1997). Although traditional RNNs are not effi-
cient in terms of model training due to its sequential
nature, this issue has been addressed by recent ad-
vances such as State Space Models (SSMs) (Dao
and Gu, 2024), making it possible to efficiently
train the model while maintaining its sequential
nature. Future work may consider using SSMs to
model incremental human sentence processing in a
more realistic way.

Our model also assumes that the ordinal position
relative to the retrieval site is a primitive dimension
of attention and decay, an assumption that does
not fully align with human sentence processing.
Linguistic information is hierarchically structured,
where individual units are grouped into constituents
that in turn form larger constituents (Chomsky,
1957). As a result, units that are proximate in the
linear sequence order can actually take very differ-
ent hierarchical levels in mental representation. A
substantial body of work has established that such
hierarchical organization plays a crucial role in lan-
guage processing (e.g., Caucheteux et al., 2023;
Regev et al., 2024; Zhao et al., 2025; Gwilliams
et al., 2025). However, in our model, the decay of
encoding precision is specified purely as a function
of the linear distance between tokens, and there-
fore is insensitive to the hierarchical structure of
linguistic representations.

As mentioned in Section 5.2, the predictive
power on human RTs does not necessarily increase
monotonically as a function of the model’s WM
constraint A, since the WM capacity in humans
should still be powerful enough to support sentence
processing. Therefore, it is more likely for A to ex-
hibit the Goldilocks effect, where the predictive
power on human RTs peaks at a moderate level of
A (e.g., A = 0.01 for the SPR NSC corpus). How-
ever, there is a lack of linking hypothesis between
A and the actual level of human WM constraint,

making it difficult to predict which specific value
of )\ should best align with human behaviors.

In the end, the current work is based on GPT-
2 small trained on an English-biased dataset (i.e.,
wikitext-103). In order to argue for a domain-
general implementation of WM constraints, fu-
ture work may consider crosslinguistic examination
on our models, with more thorough investigation
across different model sizes and architectures.
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A Model training

Training procedure. Models are trained on
Wikitext-103 dataset (Merity et al., 2016) with
16000 training steps. The training procedure
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Figure 5: Learning trajectories of model training

largely follows nanoGPT (Karpathy, 2023). Each
batch contains 256 examples with sequences of
512 tokens randomly sampled from training data.
Models are trained using AdamW optimizer, with
a learning rate of 0.0006. The learning rate was lin-
early warmed up over the first 3% of the maximal
training steps (i.e., 500 steps), and was cosine an-
nealed to a minimum of 0.00006. The decay rates
are initialized randomly from Gaussian distribution
with 1 = 1 and 02 = 0.001.

Learning trajectories. Figure 5 shows the learn-
ing trajectories of model training for the cross-
entropy component. With stronger memory con-
straint A, cross-entropy loss decreases more slowly
and ends up with higher final cross-entropy loss.

B Per-layer attention scores for RT
corpora in Experiment 2

Figure 6 and 7 show the attention scores on key
tokens as a function of key-query distance for NSC
and Provo corpus respectively.

C Silhouette scores in Experiment 3

For each item, we calculate its silhouette score
(Rousseeuw, 1987) with respect to the categories
of interest. Taking the animacy feature as an ex-
ample (which only has two categories: animate vs.
inanimate), if item ¢ is from the animate category,
its silhouette score s; is given by

bi — ai
5= —r % (11)

max(a;, b;)

where a; is the mean distance with all other items
from the same animate category (i.e., within-
category distance), and b; is the mean distance

with all items from the inanimate category (i.e.,
cross-category distance).

Then, the separatability between the two cate-
gories of a linguistic feature is taken as the mean
silhouette score over all items. Higher mean silhou-
ette score thus indicates better separatability.

D PCA visualization with 200 NP labels
in Experiment 3

Figure 8 shows the representational space in Exper-
iment 3 visualized from the first two PCs with 200
randomly sampled noun-phrase labels (including
Noun1 and Prep). When A > (.01, there emerges
a separate cluster for items with temporal preposi-
tions before and after.
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Figure 6: Aggregated attention score per layer on NSC corpus
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Figure 7: Aggregated attention score per layer on Provo corpus
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Figure 8: Representational space of next-word prediction visualized from the first two PCs with 200 randomly
sampled noun-phrase labels including Noun1 and Prep.
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