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Abstract001

We investigate the integration of human-like002
working memory constraints into the Trans-003
former architecture and implement several cog-004
nitively inspired attention variants, including005
fixed-width windows based and temporal de-006
cay based attention mechanisms. Our mod-007
ified GPT-2 models are trained from scratch008
on developmentally plausible datasets (10M009
and 100M words). Performance is evaluated010
on grammatical judgment tasks (BLiMP) and011
alignment with human reading time data. Our012
results indicate that these cognitively-inspired013
constraints, particularly fixed-width attention,014
can significantly improve grammatical accu-015
racy especially when when training data is016
scarce. These constrained models also tend to017
show a stronger alignment with human process-018
ing metrics. The findings suggest that such con-019
straints may serve as a beneficial inductive bias,020
guiding models towards more robust linguis-021
tic representations, especially in data-limited022
settings.023

1 Introduction024

The dominant self-attention mechanism in025

Transformer-based models (Vaswani et al., 2017)026

diverges profoundly from established cognitive027

theories of human language processing. A key area028

of divergence lies in how information is accessed029

and maintained over time. Human comprehenders030

rely on working memory (WM), a short-term031

mental buffer, in order to temporarily store and032

manipulate information during cognitive tasks033

such as language comprehension. This memory034

system is understood to be capacity-limited (Miller,035

1956; Cowan, 2001), subject to temporal decay036

(Baddeley, 2000), and influenced by serial position037

effects like primacy and recency (Glanzer and038

Cunitz, 1966). In stark contrast, standard Trans-039

former self-attention allows near-uniform access to040

all tokens within a potentially very large context041

window, lacking inherent architectural biases042

that reflect these fundamental human cognitive 043

constraints. While LLMs like GPT-2 have proven 044

useful in cognitive modeling, correlating well with 045

measures such as reading times and neural activity 046

(Goodkind and Bicknell, 2018; Wilcox et al., 047

2020; Madhyastha et al., 2023), this success may 048

occur despite, rather than because of, architectural 049

alignment with human processing limitations. 050

This discrepancy motivates the central research 051

question of our work where we investigate whether 052

integrating architectural constraints inspired by hu- 053

man working memory can produce models that 054

not only exhibit more human-like linguistic be- 055

haviour but also learn more effectively. To this 056

end, our contribution is threefold. First, we im- 057

plement and systematically compare four distinct, 058

cognitively-motivated attention mechanisms: (1) 059

a strict, fixed-width attention window to model 060

capacity limits; (2) exponential and (3) logistic de- 061

cay mechanisms to model recency bias; and (4) a 062

primacy-recency model to capture serial position 063

effects. Second, we train these models entirely 064

from scratch on developmentally plausible datasets 065

of 10 million and 100 million words, allowing these 066

constraints to shape the learning process from its 067

inception. Third, we conduct a multi-faceted evalu- 068

ation, assessing not only grammatical competence 069

on the BLiMP benchmark (Warstadt et al., 2020) 070

but also alignment with human processing data and 071

the nature of the internal representations learned by 072

the models. 073

Recent research in computational psycholinguis- 074

tics has begun to explore incorporating more cog- 075

nitively plausible mechanisms in Transformer-like 076

models. Studies leveraging pre-trained models like 077

GPT-2, (e.g. Ryu and Lewis (2021)), have shown 078

that these models can implicitly capture human- 079

like processing phenomena, for example similarity- 080

based interference, through their attention patterns 081

and surprisal outputs, thereby validating GPT-2 as 082

a tool for psycholinguistic analysis. However, the 083
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inherent complexity of modern LLM architectures,084

particularly their multiple attention heads, raises085

questions about cognitive plausibility and may ob-086

scure direct alignment with human memory con-087

straints. For instance, Timkey and Linzen (2023)088

advocate for simpler, more constrained models that089

are closely based on cue-based retrieval theories090

(Van Dyke and Lewis, 2003). In light of these con-091

siderations, researchers have sought more direct092

ways to integrate cognitive principles. A study by093

De Varda and Marelli (2024) demonstrated that094

applying a post-hoc exponential decay bias to GPT-095

2’s attention weights improved its correlation with096

human reading times. These efforts highlight the097

ongoing investigation into how to better align LLM098

processing with human cognition, motivating ap-099

proaches that explicitly integrate cognitive princi-100

ples into model training.101

Building on these research threads, our work102

moves beyond purely implicit learning or post-103

hoc modifications by explicitly integrating working104

memory constraints directly into the GPT-2 archi-105

tecture from the outset of training. Specifically,106

we investigate how imposing constraints inspired107

by prominent findings in human working memory108

including capacity limitations, temporal decay, and109

serial position effects impacts model performance110

and language processing.111

Our results show that imposing these constraints,112

particularly restrictive fixed-width attention win-113

dows, serves as a powerful inductive bias that114

yields significant benefits. In low-data settings,115

constrained models substantially outperform the116

standard GPT-2 baseline in grammatical accuracy,117

confirming that such biases are highly effective118

when data is scarce. We also see that these models119

produce surprisal values that are markedly more120

predictive of human processing data, suggesting121

a closer alignment with the cognitive dynamics122

of comprehension. While this performance gap123

narrows with more training data, our analysis of124

the models’ internal mechanisms reveals why these125

constraints are so effective. We use attention visual-126

isations and syntactic probing to show that limiting127

the context forces the model to develop specialised,128

linguistically interpretable attention heads and a129

more explicit internal encoding of syntactic struc-130

ture a level of specialisation not observed in the131

diffuse patterns of the unconstrained baseline. Ul-132

timately, this provides compelling evidence that133

architectural constraints inspired by human cog-134

nition are not merely a matter of plausibility, but135

a robust method for building more data-efficient, 136

better-performing, and more interpretable language 137

models. 138

2 Methods 139

We implement four distinct attention mechanisms 140

directly into the GPT-2 architecture to simulate 141

human-like working memory constraints. Each of 142

these mechanisms is designed to model specific 143

features of human working memory. The follow- 144

ing sections detail the implementation of a fixed 145

window attention, as well as formulations based 146

on exponential/logistic decay and primacy-recency 147

biases. 148

2.1 Fixed Window Attention 149

In this approach, the attention calculation for each 150

token is restricted to a fixed-size window of a set 151

of fixed preceding tokens. For a token at posi- 152

tion i, attention is only computed over tokens in 153

the range [max(0, i − W + 1), i], where W is 154

the fixed window size. This is implemented us- 155

ing an attention mask Mwindow that prevents ac- 156

cess to tokens outside the window: M
(i,j)
window = 157{

0, if max(0, i−W + 1) ≤ j ≤ i

−∞, otherwise
158

The attention weights are then calculated as: 159

a′ij = aij +M
(i,j)
window where aij are the original 160

attention weights. This sets the attention weights 161

for tokens outside the window to −∞ (and thus 162

zero after softmax normalisation), while tokens 163

inside the window retain their original weights un- 164

changed. This hard windowing is a simplified ap- 165

proximation of working memory capacity limits 166

prominent in cognitive psychology literature dis- 167

cussed in Section 1, forcing the model to focus on 168

a local context. 169

The selection of fixed window sizes for our mod- 170

els is directly motivated by influential findings in 171

cognitive science concerning the capacity limits 172

of human working memory. A window size of 173

k = 4 is informed by contemporary research, such 174

as that of Cowan (2001), who hypothesised that 175

short-term memory has a capacity of approximately 176

four ‘chunks’ of information. The window sizes of 177

k ∈ 5, 7, 9 are derived from Miller’s (1956) sem- 178

inal observation concerning “the magical number 179

seven, plus or minus two”, which represents the 180

classic estimate for the number of items an individ- 181

ual can hold in immediate memory. In the context 182
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of our experiments, we treat a token as a fundamen-183

tal information chunk.184

In the context of NLP, a form of fixed window185

attention is a core component of models designed186

for long documents, such as Longformer (Beltagy187

et al., 2020) and Block-Sparse Transformer (Child188

et al., 2019). While these models are motivated by189

efficiency, our fixed window attention is motivated190

by mirroring the limited capacity of human work-191

ing memory, suggesting a cognitive basis for such192

architectural choices in NLP.193

2.2 Primacy-Recency Attention194

Human memory recall has been hypothesised to ex-195

hibit primacy and recency effects (Glanzer and Cu-196

nitz, 1966; Morrison et al., 2014, interalia). Items197

presented at the beginning (primacy) and end (re-198

cency) of a list are typically better recalled than199

items in the middle. In the context of language pro-200

cessing, this suggests that initial and final parts of a201

sequence might hold disproportionate importance202

in shaping the overall representation. We incor-203

porate constraints of this kind through a primacy-204

recency attention mechanism. This mechanism205

adds a position-dependent bias to the attention206

weights that emphasise both the initial and final207

tokens in the sequence. It learns two parameters,208

wprimacy and wrecency, which are initialized to 0.5209

during training. We calculate primacy weights pi210

and recency weights ri for each position i in a se-211

quence of length L:212

pi =
e−i/L∑L−1

j=0 e−j/L
(1)213

ri =
e−(L−1−i)/L∑L−1

j=0 e−(L−1−j)/L
(2)214

where i is the position index (starting from 0). Pri-215

macy weights decay exponentially from the begin-216

ning of the sequence, while recency weights decay217

exponentially from the end. Both sets of weights218

are normalised to sum to one. The final bias bi for219

each position is a weighted combination of primacy220

and recency weights:221

bi = wprimacy ·pi+wrecency ·ri where wprimacy222

and wrecency are learnable weights that control the223

relative contribution of primacy and recency bi-224

ases. These biases are then added to the attention225

weights:226

a′ij = aij + bj227

We note here that the bias bj is added based on 228

the key position j (i.e., the position of the token 229

being attended to in the attention mechanism). Our 230

intention with this position-dependent bias is to en- 231

courage the model to attend more strongly to tokens 232

at the beginning and end of the sequence, reflecting 233

primacy and recency effects from psycholinguistic 234

theories. We also separately run an ablation with 235

exclusively primacy and recency based attention 236

to understand the impact of each of these mech- 237

anisms. While less directly related to computa- 238

tional efficiency in long sequence processing, the 239

primacy-recency attention mechanism aligns with 240

the broader trend in NLP towards incorporating 241

positional information in more sophisticated ways 242

than simple positional embeddings. For instance, 243

relative positional embeddings (Shaw et al., 2018) 244

and complex positional encodings (Su et al., 2021) 245

aim to capture richer positional relationships. In 246

some way, this attention modification helps focus 247

on more positional information to emphasize the 248

structural importance of sequence beginnings and 249

endings. 250

2.3 Exponential Decay Attention 251

Inspired by recent psycholinguistic theories that 252

highlight the interplay between linguistic expecta- 253

tions and working memory constraints in human 254

language processing (see Smith and Levy, 2013; 255

Gibson, 1998; Hahn et al., 2022, interalia), we 256

also consider an exponential decay attention mech- 257

anism. This modification is directly motivated by 258

the work of De Varda and Marelli (2024), who 259

propose biasing Transformer models to prioritize 260

local linguistic context, simulating a lossy represen- 261

tation of distant contextual information in human 262

sentence processing. Here, the exponential decay 263

attention mechanism modulates the standard atten- 264

tion weights by incorporating a decay factor that 265

diminishes the influence of tokens based on their 266

temporal distance. The modified attention weight 267

a′ij between token i and token j is calculated as: 268

a′ij = (1− α)aij + αe−|i−j|·λ (3) 269

where aij represents the original dot-product atten- 270

tion weight, λ is the decay rate, and α is a mixing 271

parameter. The exponential term e−|i−j|·λ intro- 272

duces a bias favouring attention to closer tokens, 273

effectively implementing a recency effect by expo- 274

nentially reducing the contribution of more distant 275

tokens. Following De Varda and Marelli (2024), 276
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we adopt the hyperparameters λ = 82.86 (corre-277

sponding to decay_rate in our implementation)278

and α = 0.37. These values were identified as279

optimal in their grid search using GPT-2-small on280

the Provo corpus (Luke and Christianson, 2018).281

De Varda and Marelli (2024) demonstrated that282

applying a post-hoc exponentially decaying atten-283

tion bias to a pretrained GPT-2 model improved its284

correlation with human reading times. While these285

results are useful, this approach modifies an already286

developed system rather than allowing constraints287

to shape the learning process from the outset. To288

remedy this, our methodology involves training289

the customised GPT-2 model from scratch with290

the exponential decay attention mechanism inher-291

ently integrated into its architecture. This approach292

will allow the model learns to process language293

under the constraint of locality-biased attention294

from the outset. We hypothesise that training with295

this constraint from the beginning may lead to a296

more concordant and effective integration of the297

psycholinguistic principle, as the model architec-298

ture is aligned with the intended processing mecha-299

nism throughout the learning process, rather than300

having the bias imposed after the model has already301

learned with a different attention paradigm. This302

approach has clear parallels within the field of NLP,303

where locality-sensitive attention is explored for304

efficiency reasons when handling long sequences.305

This is evident in models such as Performer (Choro-306

manski et al., 2020) and in Transformers that use307

linear biases (Katharopoulos et al., 2020; Press308

et al., 2021).309

2.4 Logistic Decay Attention310

The logistic decay mechanism modulates attention311

weights based on the temporal distance between312

tokens using a psychometric function. For tokens313

at positions i and j, the attention weight modifi-314

cation is computed as: wij = 1

1+ek·(dij−m) where315

dij = max(1, i − j + 1) represents the distance316

between tokens, k is the steepness parameter con-317

trolling the sharpness of the decay curve, and m is318

the midpoint parameter determining the distance319

at which attention weight equals 0.5. The final at-320

tention weights are calculated by multiplicatively321

combining the original attention scores with the322

logistic prior: a′ij = aij · wij We set k = 0.4 and323

m = 12.0 as default parameters, establishing a324

psychologically motivated attention profile where325

tokens within approximately 5 positions maintain326

relatively strong (high) attention weights, while 327

more distant tokens experience rapid attention de- 328

cay. The logistic decay attention mechanism ex- 329

hibits several key characteristics that distinguish 330

it from other approaches. First, it maintains rela- 331

tively stable attention weights for nearby tokens 332

(distance < m), followed by a rapid transition to 333

low attention weights for distant tokens (distance 334

> m). This creates a more pronounced boundary 335

between accessible and inaccessible memory, align- 336

ing with accounts of discrete WM span. Second, 337

unlike fixed window attention which implements a 338

hard cutoff, logistic decay provides a smooth but 339

steep transition, avoiding the potential discontinu- 340

ities associated with binary attention masking. 341

In the following sections, we will present the em- 342

pirical results where we test out the above methods. 343

3 Experimental Setup 344

This section details our experimental setup. We 345

introduce the set of models evaluated, the datasets 346

employed for training, and the overall framework 347

for our analysis, which focuses on training lan- 348

guage models from scratch with modified atten- 349

tion mechanisms. Our experiments are conducted 350

on the GPT-2-small architecture (Radford et al., 351

2019). Our core models are based on the standard 352

GPT-2 configuration, but incorporate custom atten- 353

tion mechanisms implemented by modifying the 354

GPT2Attention module. We also train two base- 355

line models using the default GPT-2 configuration 356

provided by the Hugging Face transformers li- 357

brary (Wolf et al., 2019). 358

3.1 (Pre-)Training Corpora 359

Our primary interest lies in evaluating language 360

models under conditions that are more cognitively 361

plausible in terms of data scale than typical large 362

language model pretraining. Therefore, we utilize 363

the BabyLM dataset (Warstadt et al., 2023). The 364

BabyLM Challenge itself drew inspiration from the 365

scale of data available during human language ac- 366

quisition. Specifically, we use the training portions 367

of "Strict-Small" (10 million words) and "Strict" 368

(100 million words) training subsets provided by 369

the BabyLM Challenge (Warstadt et al., 2023). 370

These datasets comprise text from sources consid- 371

ered potentially relevant to child language expo- 372

sure, including Simple English Wikipedia, chil- 373

dren’s books from Project Gutenberg, CHILDES 374

transcripts, the British National Corpus, Open- 375
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Subtitles, and the Switchboard Dialog Act Cor-376

pus. We note that all of our models also use377

GPT2Tokenizers which are trained specifically on378

10 million and 100 million words based corpora379

separately.380

3.2 Training Configuration381

For all models, we used the GPT-2 small architec-382

ture as a base. Training was performed using the383

AdamW optimizer with a learning rate of 5e−5,384

a batch size of 64, and a weight decay of 0.01.385

Models were trained for 5 epochs with a batch386

size of 50. Gradient clipping was applied with a387

maximum norm of 1.0. These settings were kept388

consistent across all model variants to ensure a fair389

comparison. These hyperparameters are similar to390

the range of empirical setups common in Warstadt391

et al. (2023).392

3.3 Tasks393

We evaluate the trained models on two distinct tasks394

designed to probe different aspects of their linguis-395

tic capabilities and cognitive plausibility.396

BLiMP The first task assesses the sensitivity of397

the models to English grammatical structure us-398

ing the Benchmark of Linguistic Minimal Pairs399

(BLiMP) (Warstadt et al., 2020). BLiMP consists400

of numerous sub-tasks, each targeting a specific401

linguistic phenomenon. Every example in BLiMP402

presents a "minimal pair": one sentence that is403

grammatically acceptable and another that is un-404

acceptable, with the two differing only minimally405

(often by a single word or morpheme). A language406

model is considered correct on a given minimal407

pair if it assigns a higher probability score (hence408

low surprisal) to the acceptable sentence compared409

to the unacceptable one. Success across BLiMP410

tasks indicates that the model has learned represen-411

tations consistent with fine-grained grammatical412

distinctions in English.413

Psychometric Benchmark The psychometric414

data we use are drawn from established experi-415

mental paradigms (detailed in de Varda et al. 2024)416

with measurements averaged across several neu-417

ral and behavioural indices of cognitive processing418

on a set of 1725 sentences. This includes a) Eye-419

Tracking Data with measures such as First Fixation420

Duration, which reflects early lexical access, and421

later-stage integrative measures like Gaze Duration,422

Go-Past Time, and Right-Bounded Time; b) Self-423

Paced Reading Time which is a controlled measure424
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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 425

and syntactic factors; c) Event-Related Potentials 426

which are neural signals that provide a fine-grained 427

temporal view of language processing. These in- 428

clude the N400 component, which is modulated by 429

meaning processing; the P600, indicative of syn- 430

tactic reanalysis and integration; and various Left 431

Anterior Negativity components (LAN and ELAN) 432

associated with phrase structure building. 433

4 Results 434

4.1 Overall observations on grammaticality 435

We first examine the overall performance of our 436

modifications on attention mechanisms across 10 437

million and 100 million word corpora (Figure 1). 438

We observe a clear trend in the low-data setting. 439

We see that all models with our modified atten- 440

tion mechanisms demonstrate a substantial and sta- 441

tistically significant improvements (p≤0.001) in 442

average BLiMP accuracy compared to the base- 443

line model. While the baseline scores approxi- 444

mately 61% average accuracy on the task, mod- 445

els with fixed attention windows, which impose 446

the most stringent constraints, achieve markedly 447

higher scores of around 68%. This result high- 448

lights the benefit of architectural inductive biases 449

derived from working memory principles, particu- 450

larly when training data is scarce. 451

However, this advantage diminishes when mod- 452

els are trained on the larger 100M-word dataset. 453

In this higher-data regime, the baseline’s perfor- 454

mance improves markedly to an accuracy of ap- 455
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proximately 71%, narrowing the performance gap456

considerably. Notably, models with exponential or457

primacy-and-recency constraints on attention show458

no statistically significant difference from the base-459

line. With a sufficient volume of data, the standard460

attention mechanism evidently recovers much of461

the capability required for this task. Despite this,462

the best-performing constrained models maintain a463

small but statistically significant edge, indicating464

that their inductive biases remain beneficial even at465

a larger scale.466
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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 phenomena467

In order to understand how our modifications to at-468

tention influences performance on specific linguis-469

tic tasks, we analysed the results across individual470

BLiMP sub-tasks. In Figure 2, we categorise the471

different tasks into a set of classes motivated by the472

analyses in Warstadt et al. (2020). Consistent with473

previous findings, our models perform best on phe-474

nomena related to morphological agreement, which475

often rely on local dependencies. Across both 10476

million and 100 million data regimes, all models477

achieve reasonably high accuracy on Determiner-478

Noun Agreement (which focuses on number agree-479

ment, e.g., that chair vs. that chairs), Subject-Verb480

Agreement, and Anaphor Agreement (where the481

focus is on reflexive pronoun agreement, e.g., girls482

insulted themselves vs. herself). We note that the483

fixed-window models, which explicitly enforce lo-484

cality, excel here. We also find that most models 485

suffer on more abstract syntactic and semantic con- 486

straints. Performance on Island Effects (restrictions 487

on syntactic movement) and NPI Licensing (the re- 488

quirement for words like ever to be in a negative 489

context) is the lowest across the board, often only 490

marginally better than chance. This confirms that 491

these phenomena, which predominantly require 492

sensitivity to complex structural and logical scope, 493

represent a persistent challenge for language mod- 494

els, and our architectural modifications do not offer 495

a simple solution to assist models on these tasks. 496

On the other hand, the results for Argument 497

Structure, which governs a verb’s ability to appear 498

with certain arguments (e.g., disturbing a person 499

vs. boasting a person), are particularly interesting. 500

Performance is generally boosted by locality con- 501

straints across both data regimens. We see that 502

the models that have fixed window size of about 503

5 and exponentially decaying attention constraints 504

(which tend to promote highly local attention struc- 505

tures) seem to generally perform better1. We also 506

observe that Ellipsis emerges as a phenomenon 507

highly dependent on data scale. At 10M, all mod- 508

els perform exceptionally poorly, with accuracies 509

in the 30-51% range. However, at 100M words, per- 510

formance improves dramatically into the 65-75% 511

range across all models. This sharp increase sug- 512

gests that the generalisations required to correctly 513

resolve ellipsis are not readily captured with lim- 514

ited data, but indeed become accessible with more 515

exposure. 516

A striking overall finding is that highly con- 517

strained, simple models often outperform the less- 518

constrained baseline, particularly on complex syn- 519

tactic and semantic challenges. Our null hypoth- 520

esis before experimentation was that heavily con- 521

strained models may significantly hamper perfor- 522

mance in transformers, especially since a large 523

body of work in contemporary NLP looks into 524

methods for moving away from locality bias (Tay 525

et al., 2020; Zaheer et al., 2020, interalia). We find 526

the performance of small, rigid attention windows 527

on phenomena that are not strictly local to be the 528

most surprising result. For instance, fixed window 529

5 is broadly one of the best performing models in 530

complex sub categories. Especially in Argument 531

Structure where smaller fixed window models ob- 532

tain significantly higher performance, where the 533

1We also see that the performance on Argument Structure
especially is remarkably similar to GPT2-large pretrained
model (Warstadt et al., 2020).
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sentences usually focus on structures which gov-534

ern a verb’s relationship with its arguments. This535

is noteworthy because these relationships can be536

complex and are not solely determined by adjacent537

words, yet this highly local model captures them538

effectively. Similarly, these models perform ex-539

ceptionally well on Binding, which involves the540

structural relationship between a pronoun and its541

antecedent. One might expect this to require a542

wider context, but the small fixed window proves543

highly effective, outperforming the baseline. On544

the other hand, leaky models, both Exponential545

and Logistic bias based models, which allow at-546

tention to "leak" across the entire context while547

prioritising recent information, show interesting548

trends, however these models are inferior in per-549

formance compared to stricter and smaller fixed550

window based models.551

Primacy/Recency Ablation We wanted to fur-552

ther understand the efficacy of primacy and recency553

based formulation and carried out an experiment554

where we trained models separately with primacy555

and recency biases. We present these results in556

Figures 1 and 2. We notice, unsurprisingly, that557

Recency based bias in attention tends to perform558

better with local structures while Primacy tends559

to have a slight edge on tasks with dependency560

structures that require access to longer distances.561

While both Primacy and Recency generally tend562

to perform worse in comparison to the baseline563

model, however, intriguingly the increasing data564

tends to substantially help the model with Recency565

based bias. This tends to correlate with fixed win-566

dow models with strict local attention constraints.567

Finally, while the model based on Primacy and Re-568

cency is not among the best models, however in569

most cases, it has a tendency to even out the di-570

vergence between models trained separately with571

Primacy or Recency.572

4.3 Analysing the model behaviour with573

human processing data574

Would our cognitively inspired attention constraints575

correlate with human processing data? To answer576

this we examine the alignment of surprisal and577

psychometric data using averaged difference of578

log-likelihood (Figure 3). Here, ∆Log-Likelihood579

measures the additional explanatory power offered580

by surprisal values over a base model without sur-581

prisal. We then average this across psychometric582

corpora. That is, the difference in log-likelihood583
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Figure 3: ∆Log-Likelihood averaged across psychome-
tric measures for each model.

(∆Log-likelihood) represents the improvement in 584

statistical model fit when surprisal is added as a 585

predictor, compared to a base statistical model that 586

includes only covariates like word length and fre- 587

quency. Therefore, a higher ∆Log-likelihood indi- 588

cates that a language model’s surprisal values are 589

a better predictor of human cognitive effort during 590

sentence comprehension. The ‘Baseline’ bar in 591

the figure refers to the ∆Log-Likelihood achieved 592

by GPT-2 model with unmodified attention trained 593

on corresponding corpora, serving as our primary 594

model for comparison. 595

We observe a clear and compelling trend emerg- 596

ing in the low data regimen. Nearly all models with 597

modified attention mechanisms produce surprisal 598

values that are substantially more predictive of hu- 599

man processing data than the unmodified Trans- 600

former baseline. The baseline model achieves a 601

relatively low average ∆Log-Likelihood of approx- 602

imately 3.2, whereas the top-performing models 603

with fixed-window attention (especially 7 and 9), 604

as well as Primacy and Recency biases, achieve 605

scores nearly twice as high. This result suggests 606

that in data-constrained settings, architectural con- 607

straints that mimic principles of human working 608

memory serve as a powerful and effective induc- 609

tive bias, guiding the model to learn representations 610

that are more closely aligned with human cognitive 611

processes. 612

On the other hand, the advantage of these ex- 613

plicit architectural biases diminishes considerably 614

when the models are trained on the larger, 100M- 615

word dataset. The standard baseline model’s 616

performance improves, with its average ∆Log- 617

Likelihood increasing marginally. Consequently, 618

the performance gap between the baseline and the 619

modified models narrows significantly. This pat- 620

tern suggests that with an order of magnitude more 621

7
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(b) 10M Fixed Window 5

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-622

ter able to approximate the necessary behaviours623

and produce surprisal values that correlate well624

with human processing metrics. However, we note625

here that even for all the constrained attention mod-626

els and the baseline (with unmodified attention) the627

∆Log-likelihood is lower in the 100M setting com-628

pared to the 10M setting. A compelling hypothesis629

for this seemingly counterintuitive trend relates to630

the divergence between the language modelling631

objective and the cognitive processes underlying632

human comprehension. As models are trained on633

more data, they become increasingly specialised at634

predicting the statistical patterns of the training cor-635

pus. This high degree of specialisation may cause636

their expectations to diverge from the more gener-637

alised predictions that humans make which is also638

illustrated in previous work (Oh and Schuler, 2023;639

de Varda et al., 2024; Shain et al., 2024, interalia).640

4.4 Understanding attention distribution641

To better understand the inductive biases developed642

within our models, we analysed their internal atten-643

tion distributions. In Figure 4, we present a compar-644

ison of two models trained on the 10 million word645

corpus: a baseline GPT-2 with standard unmodified646

self-attention and a constrained model with a fixed-647

window attention mechanism (here window size is648

5). The visualisations render the attention patterns649

for the sentence: "The trophy would not fit in the650

brown suitcase because it was too small”, a classic651

example used to test pronoun resolution. While we652

focus in the figure on early layers, the pattern is653

consistent across higher layers too. We primarily654

observe how architectural constraints foster special- 655

isation. The fixed-window model demonstrates an 656

immediate and sharp focus on local context; even 657

in its initial layer, heads concentrate on the imme- 658

diately preceding token, unlike the diffuse patterns 659

of the baseline. This specialisation becomes highly 660

pronounced in later layers. For instance, heads 661

L2H0 and L2H1 learn to focus on the core subject- 662

verb-object structure of the sentence (‘trophy’, ‘fit’, 663

‘suitcase’), a pattern reminiscent of the telegraphic 664

speech observed in children between the ages of 665

18 and 36 months (Brown, 1973). Other heads de- 666

velop distinct roles, with L2H2 specialising in verbs 667

(e.g., ‘fit’, ‘was’) and L2H3 in nouns (e.g., ‘trophy’, 668

‘suitcase’). In stark contrast, the baseline model’s 669

attention remains diffused, with its heads struggling 670

to specialise on clear linguistic functions, focusing 671

instead on less interpretable combinations of func- 672

tion and content words. It is seemingly evident that 673

the fixed-window constraint acts as a potent induc- 674

tive bias, compelling a structured division of labour 675

amongst the attention heads to represent syntax in 676

a way not seen in the unconstrained model, at least 677

as explicitly as in fixed window models. 678

5 Conclusions 679

Our work demonstrates that imposing architectural 680

constraints inspired by human working memory 681

produces superior language models, particularly 682

when data is limited. These constraints, especially 683

fixed-width attention, act as a potent inductive bias, 684

leading to significantly improved grammatical ac- 685

curacy and a closer alignment with human process- 686

ing data. 687
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6 Limitations688

While our findings provide compelling evidence689

for the utility of cognitive inductive biases in data-690

constrained settings, we acknowledge several limi-691

tations to the current study. Firstly, our investiga-692

tion is explicitly confined to the developmentally693

plausible regime (10M and 100M words); conse-694

quently, it remains an open question whether the695

architectural advantages of fixed-width and decay-696

based attention persist or are subsumed by scale697

in Large Language Models trained on trillions of698

tokens. Secondly, our implementation of work-699

ing memory constraints represents a simplified ab-700

straction of human cognitive processes. While we701

model capacity and decay, human working mem-702

ory is also dynamic and content-addressable, fea-703

tures not fully captured by our rigid, position-based704

masks. Thirdly, our empirical evaluation is re-705

stricted to English. Given that the efficacy of local-706

ity constraints may vary depending on a language’s707

morphosyntactic density and word-order flexibil-708

ity, future work must verify these effects across709

typologically diverse languages. Finally, while con-710

strained models excel at local dependency tasks,711

our results on Island Effects indicate that strict lo-712

cality biases may hinder the acquisition of phenom-713

ena requiring the tracking of dependencies over714

extensive global contexts.715
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A Appendix888

A.1 Core Architectural Parameters889

We rely on the GPT-2 Small model which is defined890

by the following core parameters:891

Number of Layers (nlayer): This parameter de-892

fines the depth of the model, representing the num-893

ber of stacked Transformer decoder blocks. Our894

models have 12 layers.895

Embedding Dimension (nembd): This specifies896

the dimensionality of the token embeddings and897

the hidden states used throughout the model. It898

essentially defines the "width" of the network’s899

layers. The dimensionality in our setup is 768.900

Number of Attention Heads (nhead): In each901

Transformer block, the multi-head self-attention902

mechanism is split into a number of parallel903

"heads," allowing the model to jointly attend to in-904

formation from different representation subspaces.905

All our models use 12 attention heads per layer.906

Context Window Size (nctx): This specifies the907

maximum number of tokens the model can process908

in a single input sequence. The model’s positional909

embeddings are trained for this length. The maxi-910

mum context length for the baseline version is 1024911

tokens.912

A.2 Total Parameter Count913

The combination of these architectural choices re-914

sults in a model with approximately 124 million915

trainable parameters. This is calculated based on916

the dimensions of the weight matrices in the em-917

bedding layer, the Transformer blocks (including918

self-attention and feed-forward networks), and the919

final output layer.920

B Reproducibility Statement921

We will release all code and accompanying data922

for full reproducibility in the final version of this923

paper.924

C Semantic Probes925

To further investigate the syntactic knowledge en-926

coded within the models’ internal representations,927

we use derivational probing (Someya et al., 2025),928

a methodology which builds on top of Structural929

Probing technique (Hewitt and Manning, 2019).930

Derivational Probing assesses how explicitly a931

model learns hierarchical linguistic structure by932

training a simple diagnostic classifier which is933

a structural probe to reconstruct syntactic depen- 934

dency trees directly from the model’s word em- 935

beddings. The success of this reconstruction is 936

measured by the Unlabeled Unrooted Attachment 937

Score (UUAS), where a higher score indicates that 938

the model’s internal geometry of representations 939

more accurately reflects the grammatical relation- 940

ships between words in a sentence. This method 941

provides a fine-grained view of a model’s latent 942

syntactic knowledge, moving beyond surface-level 943

behaviour to an analysis of its learned represen- 944

tational space. We focus here again on the same 945

two models from above – the unconstrained base- 946

line and the fixed window model with a 5-window 947

constraint. 948

The results of this probing analysis reveal a pro- 949

nounced advantage for the fixed-window model 950

over the baseline in encoding core syntactic de- 951

pendencies. We observe that the fixed-window ar- 952

chitecture consistently achieves a higher UUAS 953

early on across all five relations tested, indicat- 954

ing a more robust and accessible representation 955

of syntax. The performance gap is particularly 956

pronounced for fundamental grammatical relations 957

such as nsubj (nominal subject) and dobj (direct 958

object), where the architectural constraint appears 959

to significantly aid in learning the relationship be- 960

tween a verb and its arguments. This suggests that 961

limiting or constraining the model’s attention to 962

a local context, the fixed-window mechanism not 963

only improves performance on tasks requiring am- 964

biguity resolution but also fosters the development 965

of more explicit and coherent internal representa- 966

tions of syntactic structure itself. We present these 967

results in the appendix (Figure 5). 968
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Figure 5: UUAS Score comparison between the Baseline and Fixed Window 5 models trained on 10M words.
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Figure 6: Model performance on BLiMP across individual tasks and models.
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