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Abstract

We investigate the integration of human-like
working memory constraints into the Trans-
former architecture and implement several cog-
nitively inspired attention variants, including
fixed-width windows based and temporal de-
cay based attention mechanisms. Our mod-
ified GPT-2 models are trained from scratch
on developmentally plausible datasets (10M
and 100M words). Performance is evaluated
on grammatical judgment tasks (BLiMP) and
alignment with human reading time data. Our
results indicate that these cognitively-inspired
constraints, particularly fixed-width attention,
can significantly improve grammatical accu-
racy especially when when training data is
scarce. These constrained models also tend to
show a stronger alignment with human process-
ing metrics. The findings suggest that such con-
straints may serve as a beneficial inductive bias,
guiding models towards more robust linguis-
tic representations, especially in data-limited
settings.

1 Introduction

The dominant self-attention mechanism in
Transformer-based models (Vaswani et al., 2017)
diverges profoundly from established cognitive
theories of human language processing. A key area
of divergence lies in how information is accessed
and maintained over time. Human comprehenders
rely on working memory (WM), a short-term
mental buffer, in order to temporarily store and
manipulate information during cognitive tasks
such as language comprehension. This memory
system is understood to be capacity-limited (Miller,
1956; Cowan, 2001), subject to temporal decay
(Baddeley, 2000), and influenced by serial position
effects like primacy and recency (Glanzer and
Cunitz, 1966). In stark contrast, standard Trans-
former self-attention allows near-uniform access to
all tokens within a potentially very large context
window, lacking inherent architectural biases

that reflect these fundamental human cognitive
constraints. While LLMs like GPT-2 have proven
useful in cognitive modeling, correlating well with
measures such as reading times and neural activity
(Goodkind and Bicknell, 2018; Wilcox et al.,
2020; Madhyastha et al., 2023), this success may
occur despite, rather than because of, architectural
alignment with human processing limitations.

This discrepancy motivates the central research
question of our work where we investigate whether
integrating architectural constraints inspired by hu-
man working memory can produce models that
not only exhibit more human-like linguistic be-
haviour but also learn more effectively. To this
end, our contribution is threefold. First, we im-
plement and systematically compare four distinct,
cognitively-motivated attention mechanisms: (1)
a strict, fixed-width attention window to model
capacity limits; (2) exponential and (3) logistic de-
cay mechanisms to model recency bias; and (4) a
primacy-recency model to capture serial position
effects. Second, we train these models entirely
from scratch on developmentally plausible datasets
of 10 million and 100 million words, allowing these
constraints to shape the learning process from its
inception. Third, we conduct a multi-faceted evalu-
ation, assessing not only grammatical competence
on the BLiMP benchmark (Warstadt et al., 2020)
but also alignment with human processing data and
the nature of the internal representations learned by
the models.

Recent research in computational psycholinguis-
tics has begun to explore incorporating more cog-
nitively plausible mechanisms in Transformer-like
models. Studies leveraging pre-trained models like
GPT-2, (e.g. Ryu and Lewis (2021)), have shown
that these models can implicitly capture human-
like processing phenomena, for example similarity-
based interference, through their attention patterns
and surprisal outputs, thereby validating GPT-2 as
a tool for psycholinguistic analysis. However, the



inherent complexity of modern LLM architectures,
particularly their multiple attention heads, raises
questions about cognitive plausibility and may ob-
scure direct alignment with human memory con-
straints. For instance, Timkey and Linzen (2023)
advocate for simpler, more constrained models that
are closely based on cue-based retrieval theories
(Van Dyke and Lewis, 2003). In light of these con-
siderations, researchers have sought more direct
ways to integrate cognitive principles. A study by
De Varda and Marelli (2024) demonstrated that
applying a post-hoc exponential decay bias to GPT-
2’s attention weights improved its correlation with
human reading times. These efforts highlight the
ongoing investigation into how to better align LLM
processing with human cognition, motivating ap-
proaches that explicitly integrate cognitive princi-
ples into model training.

Building on these research threads, our work
moves beyond purely implicit learning or post-
hoc modifications by explicitly integrating working
memory constraints directly into the GPT-2 archi-
tecture from the outset of training. Specifically,
we investigate how imposing constraints inspired
by prominent findings in human working memory
including capacity limitations, temporal decay, and
serial position effects impacts model performance
and language processing.

Our results show that imposing these constraints,
particularly restrictive fixed-width attention win-
dows, serves as a powerful inductive bias that
yields significant benefits. In low-data settings,
constrained models substantially outperform the
standard GPT-2 baseline in grammatical accuracy,
confirming that such biases are highly effective
when data is scarce. We also see that these models
produce surprisal values that are markedly more
predictive of human processing data, suggesting
a closer alignment with the cognitive dynamics
of comprehension. While this performance gap
narrows with more training data, our analysis of
the models’ internal mechanisms reveals why these
constraints are so effective. We use attention visual-
isations and syntactic probing to show that limiting
the context forces the model to develop specialised,
linguistically interpretable attention heads and a
more explicit internal encoding of syntactic struc-
ture a level of specialisation not observed in the
diffuse patterns of the unconstrained baseline. Ul-
timately, this provides compelling evidence that
architectural constraints inspired by human cog-
nition are not merely a matter of plausibility, but

a robust method for building more data-efficient,
better-performing, and more interpretable language
models.

2 Methods

We implement four distinct attention mechanisms
directly into the GPT-2 architecture to simulate
human-like working memory constraints. Each of
these mechanisms is designed to model specific
features of human working memory. The follow-
ing sections detail the implementation of a fixed
window attention, as well as formulations based
on exponential/logistic decay and primacy-recency
biases.

2.1 Fixed Window Attention

In this approach, the attention calculation for each
token is restricted to a fixed-size window of a set
of fixed preceding tokens. For a token at posi-
tion ¢, attention is only computed over tokens in
the range [max(0,: — W + 1),i], where W is
the fixed window size. This is implemented us-
ing an attention mask M,,;nd0 that prevents ac-
cess to tokens outside the window: M%) —

window
0, if max(0,i —W+1) <j <1

—o0, otherwise

The attention weights are then calculated as:
a;j =a;j +M Sm]z)d o Where a;; are the original
attention weights. This sets the attention weights
for tokens outside the window to —oo (and thus
zero after softmax normalisation), while tokens
inside the window retain their original weights un-
changed. This hard windowing is a simplified ap-
proximation of working memory capacity limits
prominent in cognitive psychology literature dis-
cussed in Section 1, forcing the model to focus on
a local context.

The selection of fixed window sizes for our mod-
els is directly motivated by influential findings in
cognitive science concerning the capacity limits
of human working memory. A window size of
k = 4 is informed by contemporary research, such
as that of Cowan (2001), who hypothesised that
short-term memory has a capacity of approximately
four ‘chunks’ of information. The window sizes of
k € 5,7,9 are derived from Miller’s (1956) sem-
inal observation concerning “the magical number
seven, plus or minus two”, which represents the
classic estimate for the number of items an individ-
ual can hold in immediate memory. In the context



of our experiments, we treat a token as a fundamen-
tal information chunk.

In the context of NLP, a form of fixed window
attention is a core component of models designed
for long documents, such as Longformer (Beltagy
et al., 2020) and Block-Sparse Transformer (Child
et al., 2019). While these models are motivated by
efficiency, our fixed window attention is motivated
by mirroring the limited capacity of human work-
ing memory, suggesting a cognitive basis for such
architectural choices in NLP.

2.2 Primacy-Recency Attention

Human memory recall has been hypothesised to ex-
hibit primacy and recency effects (Glanzer and Cu-
nitz, 1966; Morrison et al., 2014, interalia). Items
presented at the beginning (primacy) and end (re-
cency) of a list are typically better recalled than
items in the middle. In the context of language pro-
cessing, this suggests that initial and final parts of a
sequence might hold disproportionate importance
in shaping the overall representation. We incor-
porate constraints of this kind through a primacy-
recency attention mechanism. This mechanism
adds a position-dependent bias to the attention
weights that emphasise both the initial and final
tokens in the sequence. It learns two parameters,
Wprimacy aNd Wrecency, Which are initialized to 0.5
during training. We calculate primacy weights p;
and recency weights r; for each position ¢ in a se-
quence of length L:

o—i/L |

i = W (D
o—(L—1-3)/L

= —g 2)

Sl et/

where ¢ is the position index (starting from 0). Pri-
macy weights decay exponentially from the begin-
ning of the sequence, while recency weights decay
exponentially from the end. Both sets of weights
are normalised to sum to one. The final bias b; for
each position is a weighted combination of primacy
and recency weights:

b; = Wprimacy * Pi T Wrecency " T'i where Wprimacy
and Wyeceney are learnable weights that control the
relative contribution of primacy and recency bi-
ases. These biases are then added to the attention
weights:

a;j = Qajj + bj

We note here that the bias b; is added based on
the key position j (i.e., the position of the token
being attended to in the attention mechanism). Our
intention with this position-dependent bias is to en-
courage the model to attend more strongly to tokens
at the beginning and end of the sequence, reflecting
primacy and recency effects from psycholinguistic
theories. We also separately run an ablation with
exclusively primacy and recency based attention
to understand the impact of each of these mech-
anisms. While less directly related to computa-
tional efficiency in long sequence processing, the
primacy-recency attention mechanism aligns with
the broader trend in NLP towards incorporating
positional information in more sophisticated ways
than simple positional embeddings. For instance,
relative positional embeddings (Shaw et al., 2018)
and complex positional encodings (Su et al., 2021)
aim to capture richer positional relationships. In
some way, this attention modification helps focus
on more positional information to emphasize the
structural importance of sequence beginnings and
endings.

2.3 Exponential Decay Attention

Inspired by recent psycholinguistic theories that
highlight the interplay between linguistic expecta-
tions and working memory constraints in human
language processing (see Smith and Levy, 2013;
Gibson, 1998; Hahn et al., 2022, interalia), we
also consider an exponential decay attention mech-
anism. This modification is directly motivated by
the work of De Varda and Marelli (2024), who
propose biasing Transformer models to prioritize
local linguistic context, simulating a lossy represen-
tation of distant contextual information in human
sentence processing. Here, the exponential decay
attention mechanism modulates the standard atten-
tion weights by incorporating a decay factor that
diminishes the influence of tokens based on their
temporal distance. The modified attention weight
a;; between token 7 and token j is calculated as:

al; = (1 - a)ag; + ae” i1 (3)

where a;; represents the original dot-product atten-
tion weight, A is the decay rate, and « is a mixing
parameter. The exponential term e~1“~7I'* intro-
duces a bias favouring attention to closer tokens,
effectively implementing a recency effect by expo-
nentially reducing the contribution of more distant
tokens. Following De Varda and Marelli (2024),



we adopt the hyperparameters A = 82.86 (corre-
sponding to decay_rate in our implementation)
and a = 0.37. These values were identified as
optimal in their grid search using GPT-2-small on
the Provo corpus (Luke and Christianson, 2018).
De Varda and Marelli (2024) demonstrated that
applying a post-hoc exponentially decaying atten-
tion bias to a pretrained GPT-2 model improved its
correlation with human reading times. While these
results are useful, this approach modifies an already
developed system rather than allowing constraints
to shape the learning process from the outset. To
remedy this, our methodology involves training
the customised GPT-2 model from scratch with
the exponential decay attention mechanism inher-
ently integrated into its architecture. This approach
will allow the model learns to process language
under the constraint of locality-biased attention
from the outset. We hypothesise that training with
this constraint from the beginning may lead to a
more concordant and effective integration of the
psycholinguistic principle, as the model architec-
ture is aligned with the intended processing mecha-
nism throughout the learning process, rather than
having the bias imposed after the model has already
learned with a different attention paradigm. This
approach has clear parallels within the field of NLP,
where locality-sensitive attention is explored for
efficiency reasons when handling long sequences.
This is evident in models such as Performer (Choro-
mansKki et al., 2020) and in Transformers that use
linear biases (Katharopoulos et al., 2020; Press
et al., 2021).

2.4 Logistic Decay Attention

The logistic decay mechanism modulates attention
weights based on the temporal distance between
tokens using a psychometric function. For tokens
at positions ¢ and j, the attention weight modifi-

cation is computed as: w;; = W where
7

dij = max(1,i — j + 1) reprelst:;ts the distance
between tokens, k is the steepness parameter con-
trolling the sharpness of the decay curve, and m is
the midpoint parameter determining the distance
at which attention weight equals 0.5. The final at-
tention weights are calculated by multiplicatively
combining the original attention scores with the
logistic prior: a;j = a;; - w;; We set k = 0.4 and
m = 12.0 as default parameters, establishing a
psychologically motivated attention profile where
tokens within approximately 5 positions maintain

relatively strong (high) attention weights, while
more distant tokens experience rapid attention de-
cay. The logistic decay attention mechanism ex-
hibits several key characteristics that distinguish
it from other approaches. First, it maintains rela-
tively stable attention weights for nearby tokens
(distance < m), followed by a rapid transition to
low attention weights for distant tokens (distance
> m). This creates a more pronounced boundary
between accessible and inaccessible memory, align-
ing with accounts of discrete WM span. Second,
unlike fixed window attention which implements a
hard cutoff, logistic decay provides a smooth but
steep transition, avoiding the potential discontinu-
ities associated with binary attention masking.

In the following sections, we will present the em-
pirical results where we test out the above methods.

3 Experimental Setup

This section details our experimental setup. We
introduce the set of models evaluated, the datasets
employed for training, and the overall framework
for our analysis, which focuses on training lan-
guage models from scratch with modified atten-
tion mechanisms. Our experiments are conducted
on the GPT-2-small architecture (Radford et al.,
2019). Our core models are based on the standard
GPT-2 configuration, but incorporate custom atten-
tion mechanisms implemented by modifying the
GPT2Attention module. We also train two base-
line models using the default GPT-2 configuration
provided by the Hugging Face transformers li-
brary (Wolf et al., 2019).

3.1 (Pre-)Training Corpora

Our primary interest lies in evaluating language
models under conditions that are more cognitively
plausible in terms of data scale than typical large
language model pretraining. Therefore, we utilize
the BabyLM dataset (Warstadt et al., 2023). The
BabyLLM Challenge itself drew inspiration from the
scale of data available during human language ac-
quisition. Specifically, we use the training portions
of "Strict-Small" (10 million words) and "Strict"
(100 million words) training subsets provided by
the BabyLM Challenge (Warstadt et al., 2023).
These datasets comprise text from sources consid-
ered potentially relevant to child language expo-
sure, including Simple English Wikipedia, chil-
dren’s books from Project Gutenberg, CHILDES
transcripts, the British National Corpus, Open-



Subtitles, and the Switchboard Dialog Act Cor-
pus. We note that all of our models also use
GPT2Tokenizers which are trained specifically on
10 million and 100 million words based corpora
separately.

3.2 Training Configuration

For all models, we used the GPT-2 small architec-
ture as a base. Training was performed using the
AdamW optimizer with a learning rate of 5e~,
a batch size of 64, and a weight decay of 0.01.
Models were trained for 5 epochs with a batch
size of 50. Gradient clipping was applied with a
maximum norm of 1.0. These settings were kept
consistent across all model variants to ensure a fair
comparison. These hyperparameters are similar to
the range of empirical setups common in Warstadt
et al. (2023).

3.3 Tasks

We evaluate the trained models on two distinct tasks
designed to probe different aspects of their linguis-
tic capabilities and cognitive plausibility.

BLiMP The first task assesses the sensitivity of
the models to English grammatical structure us-
ing the Benchmark of Linguistic Minimal Pairs
(BLiMP) (Warstadt et al., 2020). BLiMP consists
of numerous sub-tasks, each targeting a specific
linguistic phenomenon. Every example in BLiMP
presents a "minimal pair": one sentence that is
grammatically acceptable and another that is un-
acceptable, with the two differing only minimally
(often by a single word or morpheme). A language
model is considered correct on a given minimal
pair if it assigns a higher probability score (hence
low surprisal) to the acceptable sentence compared
to the unacceptable one. Success across BLiMP
tasks indicates that the model has learned represen-
tations consistent with fine-grained grammatical
distinctions in English.

Psychometric Benchmark The psychometric
data we use are drawn from established experi-
mental paradigms (detailed in de Varda et al. 2024)
with measurements averaged across several neu-
ral and behavioural indices of cognitive processing
on a set of 1725 sentences. This includes a) Eye-
Tracking Data with measures such as First Fixation
Duration, which reflects early lexical access, and
later-stage integrative measures like Gaze Duration,
Go-Past Time, and Right-Bounded Time; b) Self-
Paced Reading Time which is a controlled measure
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Figure 1: Performance comparison of GPT-2 self-
attention modifications on BLiMP tasks for 10M (left)
and 100M (right) parameter models. Dashed lines indi-
cate the performance of the baseline GPT-2 model (with-
out any attention modifications) trained from scratch on
the corresponding dataset size. All models show statisti-
cally significant differences from baseline (p < 0.001)
except where marked as not significant (n.s.).

of reading speed, influenced by a range of semantic
and syntactic factors; c) Event-Related Potentials
which are neural signals that provide a fine-grained
temporal view of language processing. These in-
clude the N40O component, which is modulated by
meaning processing; the P600, indicative of syn-
tactic reanalysis and integration; and various Left
Anterior Negativity components (LAN and ELAN)
associated with phrase structure building.

4 Results

4.1 Overall observations on grammaticality

We first examine the overall performance of our
modifications on attention mechanisms across 10
million and 100 million word corpora (Figure 1).
We observe a clear trend in the low-data setting.
We see that all models with our modified atten-
tion mechanisms demonstrate a substantial and sta-
tistically significant improvements (p<0.001) in
average BLiMP accuracy compared to the base-
line model. While the baseline scores approxi-
mately 61% average accuracy on the task, mod-
els with fixed attention windows, which impose
the most stringent constraints, achieve markedly
higher scores of around 68%. This result high-
lights the benefit of architectural inductive biases
derived from working memory principles, particu-
larly when training data is scarce.

However, this advantage diminishes when mod-
els are trained on the larger 100M-word dataset.
In this higher-data regime, the baseline’s perfor-
mance improves markedly to an accuracy of ap-



proximately 71%, narrowing the performance gap
considerably. Notably, models with exponential or
primacy-and-recency constraints on attention show
no statistically significant difference from the base-
line. With a sufficient volume of data, the standard
attention mechanism evidently recovers much of
the capability required for this task. Despite this,
the best-performing constrained models maintain a
small but statistically significant edge, indicating
that their inductive biases remain beneficial even at
a larger scale.
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Figure 2: Model performance across linguistic phenom-
ena evaluated on the BLiMP task. Models are sorted
by Overall score in a descending order; 50% indicates
chance performance. Best performing 10M and 100M
models are highlighted along with the corresponding
Baselines.

4.2 Performance across linguistic phenomena

In order to understand how our modifications to at-
tention influences performance on specific linguis-
tic tasks, we analysed the results across individual
BLiMP sub-tasks. In Figure 2, we categorise the
different tasks into a set of classes motivated by the
analyses in Warstadt et al. (2020). Consistent with
previous findings, our models perform best on phe-
nomena related to morphological agreement, which
often rely on local dependencies. Across both 10
million and 100 million data regimes, all models
achieve reasonably high accuracy on Determiner-
Noun Agreement (which focuses on number agree-
ment, e.g., that chair vs. that chairs), Subject-Verb
Agreement, and Anaphor Agreement (where the
focus is on reflexive pronoun agreement, e.g., girls
insulted themselves vs. herself). We note that the
fixed-window models, which explicitly enforce lo-

cality, excel here. We also find that most models
suffer on more abstract syntactic and semantic con-
straints. Performance on Island Effects (restrictions
on syntactic movement) and NPI Licensing (the re-
quirement for words like ever to be in a negative
context) is the lowest across the board, often only
marginally better than chance. This confirms that
these phenomena, which predominantly require
sensitivity to complex structural and logical scope,
represent a persistent challenge for language mod-
els, and our architectural modifications do not offer
a simple solution to assist models on these tasks.

On the other hand, the results for Argument
Structure, which governs a verb’s ability to appear
with certain arguments (e.g., disturbing a person
vs. boasting a person), are particularly interesting.
Performance is generally boosted by locality con-
straints across both data regimens. We see that
the models that have fixed window size of about
5 and exponentially decaying attention constraints
(which tend to promote highly local attention struc-
tures) seem to generally perform better'. We also
observe that Ellipsis emerges as a phenomenon
highly dependent on data scale. At 10M, all mod-
els perform exceptionally poorly, with accuracies
in the 30-51% range. However, at 100M words, per-
formance improves dramatically into the 65-75%
range across all models. This sharp increase sug-
gests that the generalisations required to correctly
resolve ellipsis are not readily captured with lim-
ited data, but indeed become accessible with more
exposure.

A striking overall finding is that highly con-
strained, simple models often outperform the less-
constrained baseline, particularly on complex syn-
tactic and semantic challenges. Our null hypoth-
esis before experimentation was that heavily con-
strained models may significantly hamper perfor-
mance in transformers, especially since a large
body of work in contemporary NLP looks into
methods for moving away from locality bias (Tay
et al., 2020; Zaheer et al., 2020, interalia). We find
the performance of small, rigid attention windows
on phenomena that are not strictly local to be the
most surprising result. For instance, fixed window
5 is broadly one of the best performing models in
complex sub categories. Especially in Argument
Structure where smaller fixed window models ob-
tain significantly higher performance, where the

'We also see that the performance on Argument Structure
especially is remarkably similar to GPT2-large pretrained
model (Warstadt et al., 2020).



sentences usually focus on structures which gov-
ern a verb’s relationship with its arguments. This
is noteworthy because these relationships can be
complex and are not solely determined by adjacent
words, yet this highly local model captures them
effectively. Similarly, these models perform ex-
ceptionally well on Binding, which involves the
structural relationship between a pronoun and its
antecedent. One might expect this to require a
wider context, but the small fixed window proves
highly effective, outperforming the baseline. On
the other hand, leaky models, both Exponential
and Logistic bias based models, which allow at-
tention to "leak" across the entire context while
prioritising recent information, show interesting
trends, however these models are inferior in per-
formance compared to stricter and smaller fixed
window based models.

Primacy/Recency Ablation We wanted to fur-
ther understand the efficacy of primacy and recency
based formulation and carried out an experiment
where we trained models separately with primacy
and recency biases. We present these results in
Figures 1 and 2. We notice, unsurprisingly, that
Recency based bias in attention tends to perform
better with local structures while Primacy tends
to have a slight edge on tasks with dependency
structures that require access to longer distances.
While both Primacy and Recency generally tend
to perform worse in comparison to the baseline
model, however, intriguingly the increasing data
tends to substantially help the model with Recency
based bias. This tends to correlate with fixed win-
dow models with strict local attention constraints.
Finally, while the model based on Primacy and Re-
cency is not among the best models, however in
most cases, it has a tendency to even out the di-
vergence between models trained separately with
Primacy or Recency.

4.3 Analysing the model behaviour with
human processing data

Would our cognitively inspired attention constraints
correlate with human processing data? To answer
this we examine the alignment of surprisal and
psychometric data using averaged difference of
log-likelihood (Figure 3). Here, ALog-Likelihood
measures the additional explanatory power offered
by surprisal values over a base model without sur-
prisal. We then average this across psychometric
corpora. That is, the difference in log-likelihood
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Figure 3: ALog-Likelihood averaged across psychome-
tric measures for each model.

(ALog-likelihood) represents the improvement in
statistical model fit when surprisal is added as a
predictor, compared to a base statistical model that
includes only covariates like word length and fre-
quency. Therefore, a higher ALog-likelihood indi-
cates that a language model’s surprisal values are
a better predictor of human cognitive effort during
sentence comprehension. The ‘Baseline’ bar in
the figure refers to the ALog-Likelihood achieved
by GPT-2 model with unmodified attention trained
on corresponding corpora, serving as our primary
model for comparison.

We observe a clear and compelling trend emerg-
ing in the low data regimen. Nearly all models with
modified attention mechanisms produce surprisal
values that are substantially more predictive of hu-
man processing data than the unmodified Trans-
former baseline. The baseline model achieves a
relatively low average ALog-Likelihood of approx-
imately 3.2, whereas the top-performing models
with fixed-window attention (especially 7 and 9),
as well as Primacy and Recency biases, achieve
scores nearly twice as high. This result suggests
that in data-constrained settings, architectural con-
straints that mimic principles of human working
memory serve as a powerful and effective induc-
tive bias, guiding the model to learn representations
that are more closely aligned with human cognitive
processes.

On the other hand, the advantage of these ex-
plicit architectural biases diminishes considerably
when the models are trained on the larger, 100M-
word dataset. The standard baseline model’s
performance improves, with its average ALog-
Likelihood increasing marginally. Consequently,
the performance gap between the baseline and the
modified models narrows significantly. This pat-
tern suggests that with an order of magnitude more
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Figure 4: Attention weights distributions for the sentence "The trophy would not fit in the brown suitcase because it
was too small." across individual heads in the first three layers of the 10M Baseline and Fixed Window 5 models.

data, the standard self-attention mechanism is bet-
ter able to approximate the necessary behaviours
and produce surprisal values that correlate well
with human processing metrics. However, we note
here that even for all the constrained attention mod-
els and the baseline (with unmodified attention) the
ALog-likelihood is lower in the 100M setting com-
pared to the 10M setting. A compelling hypothesis
for this seemingly counterintuitive trend relates to
the divergence between the language modelling
objective and the cognitive processes underlying
human comprehension. As models are trained on
more data, they become increasingly specialised at
predicting the statistical patterns of the training cor-
pus. This high degree of specialisation may cause
their expectations to diverge from the more gener-
alised predictions that humans make which is also
illustrated in previous work (Oh and Schuler, 2023;
de Varda et al., 2024; Shain et al., 2024, interalia).

4.4 Understanding attention distribution

To better understand the inductive biases developed
within our models, we analysed their internal atten-
tion distributions. In Figure 4, we present a compar-
ison of two models trained on the 10 million word
corpus: a baseline GPT-2 with standard unmodified
self-attention and a constrained model with a fixed-
window attention mechanism (here window size is
5). The visualisations render the attention patterns
for the sentence: "The trophy would not fit in the
brown suitcase because it was too small”, a classic
example used to test pronoun resolution. While we
focus in the figure on early layers, the pattern is
consistent across higher layers too. We primarily

observe how architectural constraints foster special-
isation. The fixed-window model demonstrates an
immediate and sharp focus on local context; even
in its initial layer, heads concentrate on the imme-
diately preceding token, unlike the diffuse patterns
of the baseline. This specialisation becomes highly
pronounced in later layers. For instance, heads
L2H@ and L2H1 learn to focus on the core subject-
verb-object structure of the sentence (‘trophy’, ‘fit’,
‘suitcase’), a pattern reminiscent of the telegraphic
speech observed in children between the ages of
18 and 36 months (Brown, 1973). Other heads de-
velop distinct roles, with L2H2 specialising in verbs
(e.g., ‘fit’, ‘was’) and L2H3 in nouns (e.g., ‘trophy’,
‘suitcase’). In stark contrast, the baseline model’s
attention remains diffused, with its heads struggling
to specialise on clear linguistic functions, focusing
instead on less interpretable combinations of func-
tion and content words. It is seemingly evident that
the fixed-window constraint acts as a potent induc-
tive bias, compelling a structured division of labour
amongst the attention heads to represent syntax in
a way not seen in the unconstrained model, at least
as explicitly as in fixed window models.

5 Conclusions

Our work demonstrates that imposing architectural
constraints inspired by human working memory
produces superior language models, particularly
when data is limited. These constraints, especially
fixed-width attention, act as a potent inductive bias,
leading to significantly improved grammatical ac-
curacy and a closer alignment with human process-
ing data.



6 Limitations

While our findings provide compelling evidence
for the utility of cognitive inductive biases in data-
constrained settings, we acknowledge several limi-
tations to the current study. Firstly, our investiga-
tion is explicitly confined to the developmentally
plausible regime (10M and 100M words); conse-
quently, it remains an open question whether the
architectural advantages of fixed-width and decay-
based attention persist or are subsumed by scale
in Large Language Models trained on trillions of
tokens. Secondly, our implementation of work-
ing memory constraints represents a simplified ab-
straction of human cognitive processes. While we
model capacity and decay, human working mem-
ory is also dynamic and content-addressable, fea-
tures not fully captured by our rigid, position-based
masks. Thirdly, our empirical evaluation is re-
stricted to English. Given that the efficacy of local-
ity constraints may vary depending on a language’s
morphosyntactic density and word-order flexibil-
ity, future work must verify these effects across
typologically diverse languages. Finally, while con-
strained models excel at local dependency tasks,
our results on Island Effects indicate that strict lo-
cality biases may hinder the acquisition of phenom-
ena requiring the tracking of dependencies over
extensive global contexts.
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A Appendix

A.1 Core Architectural Parameters

We rely on the GPT-2 Small model which is defined
by the following core parameters:

Number of Layers (7njayer): This parameter de-
fines the depth of the model, representing the num-
ber of stacked Transformer decoder blocks. Our
models have 12 layers.

Embedding Dimension (n¢mpg): This specifies
the dimensionality of the token embeddings and
the hidden states used throughout the model. It
essentially defines the "width" of the network’s
layers. The dimensionality in our setup is 768.

Number of Attention Heads (npeaq): In each
Transformer block, the multi-head self-attention
mechanism is split into a number of parallel
"heads," allowing the model to jointly attend to in-
formation from different representation subspaces.
All our models use 12 attention heads per layer.

Context Window Size (n.t): This specifies the
maximum number of tokens the model can process
in a single input sequence. The model’s positional
embeddings are trained for this length. The maxi-
mum context length for the baseline version is 1024
tokens.

A.2 Total Parameter Count

The combination of these architectural choices re-
sults in a model with approximately 124 million
trainable parameters. This is calculated based on
the dimensions of the weight matrices in the em-
bedding layer, the Transformer blocks (including
self-attention and feed-forward networks), and the
final output layer.

B Reproducibility Statement

We will release all code and accompanying data
for full reproducibility in the final version of this

paper.
C Semantic Probes

To further investigate the syntactic knowledge en-
coded within the models’ internal representations,
we use derivational probing (Someya et al., 2025),
a methodology which builds on top of Structural
Probing technique (Hewitt and Manning, 2019).
Derivational Probing assesses how explicitly a
model learns hierarchical linguistic structure by
training a simple diagnostic classifier which is
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a structural probe to reconstruct syntactic depen-
dency trees directly from the model’s word em-
beddings. The success of this reconstruction is
measured by the Unlabeled Unrooted Attachment
Score (UUAS), where a higher score indicates that
the model’s internal geometry of representations
more accurately reflects the grammatical relation-
ships between words in a sentence. This method
provides a fine-grained view of a model’s latent
syntactic knowledge, moving beyond surface-level
behaviour to an analysis of its learned represen-
tational space. We focus here again on the same
two models from above — the unconstrained base-
line and the fixed window model with a 5-window
constraint.

The results of this probing analysis reveal a pro-
nounced advantage for the fixed-window model
over the baseline in encoding core syntactic de-
pendencies. We observe that the fixed-window ar-
chitecture consistently achieves a higher UUAS
early on across all five relations tested, indicat-
ing a more robust and accessible representation
of syntax. The performance gap is particularly
pronounced for fundamental grammatical relations
such as nsubj (nominal subject) and dobj (direct
object), where the architectural constraint appears
to significantly aid in learning the relationship be-
tween a verb and its arguments. This suggests that
limiting or constraining the model’s attention to
a local context, the fixed-window mechanism not
only improves performance on tasks requiring am-
biguity resolution but also fosters the development
of more explicit and coherent internal representa-
tions of syntactic structure itself. We present these
results in the appendix (Figure 5).
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Figure 6: Model performance on BLiMP across individual tasks and models.

Configuration

13

06

04

Accuracy



	Introduction
	Methods
	Fixed Window Attention
	Primacy-Recency Attention
	Exponential Decay Attention
	Logistic Decay Attention

	Experimental Setup
	(Pre-)Training Corpora
	Training Configuration
	Tasks

	Results
	Overall observations on grammaticality
	Performance across linguistic phenomena
	Analysing the model behaviour with human processing data
	Understanding attention distribution

	Conclusions 
	Limitations
	Appendix
	Core Architectural Parameters
	Total Parameter Count

	Reproducibility Statement
	Semantic Probes

