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Summary Transformer-based language models (LMs) are used widely as models of human lan-
guage processing. But their memory mechanisms differ markedly from those in humans, as their
attention heads allow lossless access to a full preceding context. We hypothesize that adding bi-
ases into LMs limiting their attention can improve their ability to model human language processing
data. While previous work has explored individual biases [14, 1] in this context, we conduct a sys-
tematic assessment of seven variants to the vanilla attention mechanism. We categorize variants
as either corresponding to distance-based or interference-based constraints on memory, and find
that the latter leads to improved ability for modeling human reading times.
Methods All of our proposed interventions limit Transformers by changing their attention mecha-
nism. The attention mechanism is learned as part of training and determines howmuch each previ-
ous word contributes to predicting the next word. It has been argued to resemble proposedmemory
architectures in humans [11]. We implement seven variants of attention (Table 1), which we group
into two broad buckets: Distance-based mechanisms constrain attention based on the distance
between words, restricting access to distant context. Interference-based mechanisms constrain
attention between two words based on lexical features of the words that occur between them. Our
distance-based attention variants include (1) ALiBi [10], which adds a linear distance penalty to at-
tention scores; (2) Dynamic ALiBi [9], which gradually relaxes this penalty during training; and (3-5)
N -gram Attention, which restrict attention to fixed windows of 2, 3, or 5 tokens. Our interference-
based mechanisms include (6) Forgetting Gate Attention [7], similar to ALiBi but data-dependent:
each token computes a learned forget probability based on its content, and these accumulate to
down-weight attention to earlier positions; and (7) Stick-Breaking Attention [13], which starts with
one budget of attention and distributes it to past words according to their content similarity so that
giving more to an important earlier word leaves less for the later ones. We also include, as a
baseline, (8) Vanilla Transformer [15], in which attention scores between words are learned during
training without any bias being imposed. Training Procedure: We train models from scratch on
three corpora: (1) BabyLM-10M and (2) BabyLM-100M [16], both human-scale corpora of devel-
opmentally plausible input; and (3) a 2-billion-word subset of The Pile [5], a large-scale corpus of
web text. For each corpus, we train 2-layer (4 heads) and 4-layer (6 heads) models. Evaluation:
We evaluate on six English naturalistic reading datasets, including two self-paced reading (Brown
[12], Natural Stories [4]); three eye-tracking (GECO [2], Dundee [6], and Provo [8]); and one with
both (UCL [3]). We measure a model’s psychological predictive power by assessing how well a
linear regression fit with its surprisal values predicts word-by-word reading times over a baseline
model. This difference is reported as Delta Log-Likelihood (∆llh), where higher values are taken to
indicate better psychological fit of the proposed attention mechanism. For regressions, baseline
features include word length, sentence position, unigram surprisal, and previous word’s unigram
surprisal; eye-tracking models additionally control for whether the previous word was fixated. All
regressions include by-subject and by-item random effects.
Results Figure 1 reports the summed ∆llh for each model across all reading time datasets.
We test whether ∆llh is significantly above baseline with a paired permutation test. We find that
interference-based attention mechanisms consistently achieve higher alignment with human read-
ing times. Although previous work [1] has found that ALiBi produces higher ∆llh than the vanilla
model, we find that this is sensitive to hyperparameters, and only replicate this result for its orig-
inal settings. Figure 2 shows the relationship between LMs’ ability to predict text (measured in
perplexity) and ∆llh. Lower perplexity is correlated with higher ∆llh (r = −.69, p < .001), how-
ever, Forgetting Gate and Stick-breaking consistently perform above the trend line, suggesting
they capture aspects of human processing beyond what perplexity alone predicts.
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Table 1: Attention mechanisms, their formulations, and types of bias. Aij : attention from position i to j;
qi, kj : query and key vectors; d: hidden dimension; mh, mt: head/epoch-specific slopes with decay rate r
and initial slope m0; fk = σ(w⊤

f xk + bf ): content-dependent forget gate; gij : sigmoid-transformed attention
scores.

Mechanism Formula Type of bias∗

Forgetting Gate Aij = softmaxj
(
q⊤
i kj√
d

+
∑i

k=j+1 log fk
)
, Bij =

∑i
k=j+1 log fk Interference

Stick-breaking Aij = gij
∏

j<k<i(1− gik), gij = σ
(
q⊤
i kj√
d

)
Interference

N(2,3,5)-gram Aij = 1[i− j < N ] Strict capacity limit

Dynamic ALiBi Aij = softmaxj
(
q⊤
i kj√
d

+mt(i− j)
)
, Bij = mt(i− j), mt = m0 · rt Less-is-more

ALiBi Aij = softmaxj
(
q⊤
i kj√
d

+mh(i− j)
)
, Bij = mh(i− j) Recency Effect

Vanilla Aij = softmaxj
(
q⊤
i kj√
d

)
, Bij = 0 Unlimited capacity
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Figure 1: Total ∆llh and rank across training settings. Out-
line boxes indicate mechanism type: solid = baseline, dashed =
distance-based, dotted = interference-based. The ∗s indicate the
significance of a permutation test (p < .05) against vanilla ∆llh
scores within each setting.
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Figure 2: Perplexity vs.∆llh (r = −.69, p < .001). Lower per-
plexity (better language modeling) is associated with higher ∆LL
(better psychometric fit), but the correlation is imperfect, suggest-
ing attention mechanisms affect both differently.
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