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Abstract

Human comprehenders have greater difficulty
forming pairwise grammatical dependencies in
cases where the earlier word competes with a
"distractor” to which it is similar. Cue-based
retrieval theories (see e.g., Lewis et al., 2006)
address this "interference" phenomenon with
explicit quantifications of memory retrieval dif-
ficulty. We propose a computational model,
consistent with Cue-based retrieval, that sep-
arately quantifies two different kinds of simi-
larity. A linear combination of the two repro-
duces the graded interference pattern reported
in Van Dyke (2007). This simple account of-
fers a more straightforward mechanistic inter-
pretation than Attention-based predictors from
opaque Transformer based models.

1 Introduction

A longstanding question in human language pro-
cessing is how comprehenders retrieve previously
encountered words from memory to establish de-
pendencies with the current word. Cue-based
retrieval theory proposes that memory access is
content-addressable: morphological, syntactic, and
semantic cues from the current word probe mem-
ory for matching candidates, while partially match-
ing distractors create similarity-based interference
during retrieval (for an overview, see Lewis et al.,
2006).

Recent work has drawn an analogy between this
retrieval process and the attention mechanism in
Transformer language models. Under this view, a
word’s features act as queries that retrieve match-
ing keys from the preceding context, and attention
patterns provide candidate predictors of retrieval
success and competition (Ryu and Lewis, 2021; Oh
and Schuler, 2022; Ryu and Lewis, 2025). While
such predictors often correlate with human process-
ing difficulty, their interpretability remains limited:
attention signals are distributed across many layers
and heads, and there is no foolproof way to identify
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Thecoach near the stadium was frustrated.
The €oach of the player was frustrated.

High interference

The 6@ who the BIEJER hated was frustrated.

Figure 1: Retrieval of the subject coach becomes harder
as the distractor increasingly matches the target in rele-
vant linguistic features, producing a gradient from low
to high interference. The full model computation for
this example is shown in Appendix Figure 9.

which components correspond to specific linguistic
operations (Clark et al., 2019; Voita et al., 2019;
Jain and Wallace, 2019).

One response has been to build smaller models
that parameterize retrieval computations more ex-
plicitly. For example, Timkey and Linzen (2023)
implement query—key—value—style retrieval oper-
ations while constraining model capacity to ap-
proximate human working-memory limits. How-
ever, because retrieval signals are still implemented
through distributed neural dynamics, the mapping
between model parameters and specific linguistic
properties remains difficult to characterize mecha-
nistically.

In this spirit, we ask whether the interaction be-
tween syntactic structure and semantic plausibility
can be explained using a simple, explicitly parame-
terized model rather than opaque neural architec-
tures. To investigate this possibility, we develop
a lightweight linear model that factors syntactic
and semantic contributions to interference while
remaining close to the cue-based retrieval theory.
Our approach treats each dependency arc as a re-
trieval trace and models retrieval as an asymmet-
ric linear transformation from a cue representa-
tion into the target’s representational space. The
syntactic component (Grammar-bilinear model)
uses supertags from Combinatory Categorial Gram-
mar (CCGQ), a lexicalized syntactic theory whose
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word-level supertags provide fine-grained syntac-
tic descriptions that has been argued to align well
with human sentence comprehension (Steedman,
2001; Steedman and Baldridge, 2011; Stanojevic¢
et al., 2023). The semantic component (Asymw2v)
adapts dependency-based embeddings (Levy and
Goldberg, 2014) to learn distinct input (cue) and
output (context-bound target) spaces. By separat-
ing these two sources of competition, the model
provides a transparent parameterization of inter-
ference that can be analyzed directly in terms of
syntactic structure and lexical compatibility. We
evaluate the model on the interference materials of
Van Dyke (2007), which manipulate syntactic simi-
larity and semantic plausibility in a 2 x 2 design.
Our results show that: (1) the syntactic and seman-
tic submodels produce independent interference
signals corresponding to structural similarity and
thematic plausibility; (2) a simple linear combina-
tion of these signals yields graded retrieval predic-
tions across the four experimental conditions; and
(3) the resulting mixed model outperforms atten-
tion heads within GPT-2 that are putatively special-
ized for grammatical subjecthood, both in retrieval
accuracy and in alignment with human reading dif-
ficulty.

2 Background

Cue-based memory retrieval theory Cue-based
retrieval theory proposes that sentence comprehen-
sion involves retrieving information that was intro-
duced by earlier words using features of the current
words as memory cues. Morphological, syntactic,
and semantic properties of the cue probe a content-
addressable memory store to retrieve the most com-
patible candidate (Lewis et al., 2006; Parker et al.,
2017; Vasishth and Engelmann, 2021). Interference
arises when multiple items partially match these
cues, leading to slower processing and increased
comprehension difficulty. Computational imple-
mentations such as Lewis and Vasishth (2005) char-
acterize retrieval latency and accuracy as a func-
tion of cue—target similarity and competition. In
syntactic dependency processing, each dependency
arc can be viewed as a retrieval event: when en-
countering a verb such as frustrated, the processor
must retrieve its subject (e.g., coach) from preced-
ing context. Interference occurs when distractors
(e.g., player) share syntactic or semantic features
with the intended target, producing measurable ef-
fects on reading times and comprehension accuracy

(Van Dyke, 2007; Oberauer and Lewandowsky,
2008).

Distributional representations Cue-based re-
trieval theory distinguishes between lexical infor-
mation that serves as a memory cue and working-
memory elements that are retrieved. In this work,
we operationalize both cues and candidate mem-
ory elements as word embeddings, making distri-
butional representations a natural way to model
lexical retrieval. Distributional embedding models
learn vector representations in which words that
occur in similar contexts occupy nearby regions
of a shared space. Saussure (1916) distinguishes
between syntagmatic relations, in which words are
associated with the words that surround them, and
paradigmatic relations, in which words are related
because they can substitute for one another. Build-
ing on this distinction, Kelly et al. (2020) show
that higher-order distributional associations can in-
duce syntactic lexical categories, such as part-of-
speech and CCG syntactic types. Our approach
instead focuses on the syntagmatic side of lexical
knowledge: retrieval is modeled as an asymmet-
ric relation between a cue and a role-bound tar-
get. Dependency-based word embeddings (Levy
and Goldberg, 2014) provide a natural implementa-
tion of this idea by defining contexts not as linear
windows but as syntactic dependency relations ex-
tracted from parsed text. Each training instance
pairs a word with a relation-labeled context (e.g.,
coach/nsubj represents coach when appearing as
a candidate word to be retrieved in a nsubj re-
lation), allowing the model to capture functional
relations (e.g., dog <> bark) between words rather
than topical co-occurrence (dog <> paw). As in
the Skip-Gram framework (Mikolov et al., 2013),
the model learns two parameter matrices: an in-
put matrix representing words when they serve as
cues (queries) and an output matrix representing
relation-bound contexts.

LLMs as psycholinguistic predictors Recent
work has used autoregressive language models to
derive predictors of human sentence processing
difficulty, typically operationalized as next-word
surprisal. Transformer-based models such as GPT-
2 reliably capture well-known effects in reading
behavior and have been shown to predict reading
times and neural responses during language com-
prehension (Shain, 2024; Caucheteux et al., 2022).
However, several studies report an inverse scaling
effect: smaller models often correlate better with
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human reading-time data than larger ones, possibly
because larger models form overly confident expec-
tations for rare or unpredictable words (Arehalli
et al., 2022; Oh and Schuler, 2023b,a; Steuer et al.,
2023). This observation has motivated approaches
that derive psycholinguistic predictors from inter-
nal model representations rather than output prob-
abilities alone. For example, attention-based en-
tropy and distance metrics (Oh and Schuler, 2022)
and analyses of syntactically specialized attention
heads (Ryu and Lewis, 2021, 2025) attempt to link
model components more directly to retrieval-like
processes in human sentence comprehension. More
broadly, recent work emphasizes cognitively con-
strained or lightweight architectures as potentially
better aligned with human incremental process-
ing mechanisms (Clark et al., 2025; Timkey and
Linzen, 2023).

3 Model

We model interference during cue-based retrieval
in sentence processing. Retrieval is treated as the
operation that links the current word (the cue) to a
previously encountered word (the target) in mem-
ory, corresponding to dependency relations in the
sentence (Van Dyke and McElree, 2006; Hofmeis-
ter and Vasishth, 2014). We formalize retrieval as
an asymmetric transformation that projects a cue
representation into the representational space of
candidate targets and produces a probability distri-
bution over preceding words, reflecting their rela-
tive retrieval scores.

The model separates syntactic and semantic
sources of interference using two components. Sec-
tion 3.1 introduces the grammar-bilinear model,
which approximates syntactic compatibility using
CCG-based features. Section 3.2 presents the
Asymw2v lexical model, which models seman-
tic selectional preferences using dependency-based
embeddings. Section 3.3 then combines these sig-
nals into a mixed model. While the present study
focuses on the nsubj dependency as a case study,
the framework naturally extends to other depen-
dency relations.

3.1 Grammar-bilinear model

The grammar-bilinear model captures syntactic in-
terference by scoring the compatibility between a
cue word and candidate targets in its left context.
Retrieval is formulated as a bilinear similarity be-
tween cue and candidate representations, producing

frustrated
(S[dcl)\NP)/(S[adj]\NP)  S|adj]\NP

(NP\NP)/NP NP/N N

Figure 2: Example of CCG supertags assigned to a sen-
tence. Each word is annotated with a lexical category en-
coding its combinatory behavior. For example, the verb
was receives the category (S[dcl]\NP)/(S[adj]\N P),
indicating that it combines with an adjectival predicate
on the right to form a verb phrase that in turn combines
with a subject noun phrase on the left.

a probability distribution over preceding words.

Representation The model’s syntactic informa-
tion is limited to CCG supertags. These tags encode
combinatory potential including subcategorization.
Because these categories are highly informative
about syntactic composition, assigning supertags
is often described as “almost parsing” (Bangalore
and Joshi, 1999). An example of supertag assign-
ments is shown in Figure 2, where each word in
the sentence is annotated with a lexical category
describing how it combines with neighboring con-
stituents. Supertag therefore provide a rich feature
space for modeling fine-grained combinatory con-
straints in machine-learning models (Kasai et al.,
2019).

Motivated by these properties, we approximate
the syntactic environment of a word & as the con-
catenation of the supertags of the current word and
its two preceding words:

hi, = [Gr—2; Gr—1; G

where G is a one-hot vector over the supertag vo-
cabulary. Training data are drawn from the English
Web Treebank, using CCG supertags from ccg-
tools' and dependency relations from the Universal
Dependencies annotations (Silveira et al., 2014).

Retrieval scoring Given cue representation hy,
a trainable matrix W projects the cue into the can-
didate space. If the supertag vocabulary has size
V, then h € R3V and W € R3V>*3V_ For each
candidate c in the preceding context, the retrieval
score is

¢ = hd Why,

Scores are normalized over all preceding words
using a softmax:

ehj Why,

—_
Zi<k ehi Why,

"https://github.com/stanojevic/ccgtools

ﬁ(wc’wk) =
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The model is trained to maximize the likelihood of
retrieving the correct subject specified by the de-
pendency parse. Because supertags encode detailed
combinatory constraints, the model learns to assign
higher scores to candidates occupying syntactically
compatible positions, while structurally incompati-
ble candidates receive lower retrieval probabilities.

3.2 Asymw2v

The Asymw?2v model captures semantic interfer-
ence through dependency-based distributional rep-
resentations. It models the compatibility between a
cue word and candidate targets using embeddings
trained on dependency-labeled contexts, allowing
the model to encode selectional preferences associ-
ated with particular grammatical relations.

Representation and parameters Following the
dependency-based embedding framework intro-
duced in Section 2, each training pair includes a
word and a relation-labeled context derived from
the dependency arcs (e.g., frustrated, coach/nsuby).
The model learns two sets of embeddings: an input
embedding v,, € RY for each word w, and an out-
put embedding u. € RY for each relation-bound
context c. If the word vocabulary has size |V | and
the set of dependency contexts has size |C|, the
model contains d(|V| 4 |C|) parameters.

Embeddings are trained using the Skip-gram ob-
jective on a dependency-parsed Wikipedia corpus?.
After training, the input embedding of the current
word serves as the cue vector, while the output
embeddings of relation-labeled candidates (e.g.,
coach/nsubj) serve as role-specific target represen-
tations.

Retrieval scoring Given cue embedding vy, the
compatibility between the cue and a candidate con-
text c is computed using a dot product

Sc = U,;ruc

and normalized across candidate targets using a
softmax over all preceding words in the sentence.
Because contexts are tied to specific dependency
relations, the model learns graded preferences for
plausible fillers of each relation. For example,
verbs that frequently take animate subjects assign
higher scores to animate nsubj candidates than
to inanimate distractors, providing a distributional
signal for semantic interference during retrieval.

2https ://huggingface.co/datasets/wikimedia/
wikipedia

3.3 Mixed model

The mixed model combines syntactic and lexical
retrieval signals by linearly combining their scores
before normalization. For each candidate i,

s = stV 4 Bsler

where 5" and s!°® are the scores produced by the

grammar-bilinear and Asymw?2v models respec-
tively. The resulting scores are converted into re-
trieval probabilities using a softmax over all pre-
ceding candidates:
P = softmax (s™%)

This late-fusion formulation reflects cue-based re-
trieval accounts in which syntactic constraints pro-
vide the primary retrieval cues while semantic com-
patibility contributes graded competition among
candidates (Van Dyke and Lewis, 2003; Van Dyke
and McElree, 2011). By combining the two signals
at the scoring stage, the model preserves strong
syntactic filtering while allowing lexical-semantic
similarity to modulate retrieval interference.

4 Experiments

We evaluate whether the proposed mixed model (as
well as its two subcomponents) derive the inference
patterns that we would expect under cue-based re-
trieval theory. Specifically, we ask whether the
grammar-bilinear component captures syntactic in-
terference, whether Asymw2v captures semantic
interference, and whether their combination recov-
ers the full human-like interaction between the two.

4.1 Experimental Materials

We evaluate the model using the sentence materials
from Tan et al. (2017), adapted from Van Dyke
(2007). These stimuli implement a 2 x 2 facto-
rial design crossing syntactic interference (Low vs.
High) and semantic interference (Low vs. High).
Each item set contains four sentences correspond-
ing to the conditions LoSynLoSem, LoSynHiSem,
HiSynLoSem, and HiSynHiSem.

In these materials, the retrieval cue occurs at
the main verb (e.g., will forget), which retrieves
its grammatical subject (the hostess). Syntactic in-
terference is manipulated by varying whether the
intervening noun phrase occupies subject or object
position in the embedded clause. Semantic interfer-
ence is manipulated by varying the plausibility of
the distractor noun as the subject of the main verb

414


https://huggingface.co/datasets/wikimedia/wikipedia
https://huggingface.co/datasets/wikimedia/wikipedia

(e.g., toddler vs. room). High interference arises
when the distractor overlaps with the retrieval cues
in syntactic or semantic features.

Table 1 illustrates the structure of the stimuli.

Sentence Region Example Stimulus

Introduction The hostess

Intervening region

LoSyn/LoSem  who had yelled about the dirty room loudly
LoSyn/HiSem who had yelled about the dirty toddler loudly
HiSyn/LoSem who yelled that the room was dirty loudly
HiSyn/HiSem who yelled that the toddler was dirty loudly

Critical region will forget

Spillover region about the

Last word mess

Table 1: Experimental materials from Tan et al. (2017).
Interference words are bold and differ in their syntac-
tic/semantic compatibility to the verb.

4.2 Experimental Setup

The mixed model introduced in Section 3.3 com-
bines the syntactic and lexical components with
fixed weights o = 0.4 and 5 = 0.6, which are se-
lected without an extensive hyperparameter search
for a reason to provide a simple, fixed combination
of the two components.

To quantify retrieval competition, we compute
the relative retrieval score Relret of the correct
subject. Following Timkey and Linzen (2023), this
measure represents the proportion of retrieval prob-
ability assigned to the correct target relative to the
distractor:

Ret (v, s)

RelRet(v, 5) = Ret(v, s) + Ret(v,d)
where Ret(v, s) denotes the model’s retrieval score
from cue v to the correct subject s, and d denotes
the distractor candidate. Given the balanced 2 x 2
design, a two-way repeated-measures ANOVA is
also performed to assess main effects of syntactic
and semantic interference and their interaction.

4.3 Experiment 1: Component Validation

We first test whether the two model components
independently capture their intended interference
dimensions. The grammar-bilinear model should
exhibit sensitivity to syntactic interference, while
the Asymw2v model should respond primarily to
semantic interference.

Figure 3 shows the relative retrieval scores pre-
dicted by the two models across the experimen-
tal conditions. As expected, the grammar-bilinear

(A) Grammar-bilinear model (B) Asymw2v

o o
5 &
8 &
° ° °
> Y 3
3 3 3

w
S

Rel. attention
o
&
a

o o o o
W
&

o
&
Rel. attention

°
N
S

0.50

LoSyn HiSyn LoSem HiSem
Syntactic interference Semantic interference

Figure 3: Separate validation of the two components.
Mean relative retrieval scores predicted by the grammar-
bilinear model and Asymw2v. The grammar-bilinear
model (A) is sensitive to syntactic interference, whereas
the Asymw2v model (B) is sensitive to semantic inter-
ference.

model shows a strong effect of syntactic interfer-
ence, with significantly lower retrieval scores in
HiSyn conditions than LoSyn conditions, remain-
ing insensitive to semantic interference. In contrast,
the Asymw2v model shows that retrieval scores
decrease under high semantic interference but re-
main unaffected by syntactic interference. The
paired t-test statistics for these contrasts demon-
strate that all predicted effects are statistically sig-
nificant (p < 0.05), confirming that the two com-
ponents capture distinct sources of retrieval inter-
ference.

4.4 Experiment 2: Mixed Model Evaluation

Table 2 compares retrieval accuracy for the mixed
model, two GPT-2-small attention heads, and hu-
man data. A prediction is correct when the highest
retrieval or attention score is assigned to the in-
tended subject. The GPT-2 heads are identified
by Ryu and Lewis (2021) as nsubj-sensitive using
the head-specialization diagnostic of Voita et al.
(2019).

Our model captures the human-like accuracy hi-
erarchy, with highest accuracy in LoSynLoSem and
lowest accuracy in HiSynHiSem. The Transformer
heads fail in complementary ways: head4_3 ro-
bustly attends to the correct subject under low syn-
tactic interference but shows little semantic sen-
sitivity, whereas head3_6 produces more graded
condition-wise relative-attention scores but often
assigns attention to the wrong item, yielding near-
zero retrieval accuracy.

Figure 4 shows the same contrast in relative re-
trieval or attention scores, calculated following
Timkey and Linzen (2023). The mixed model
shows significant syntactic and semantic interfer-
ence effects, with all pairwise comparisons signif-
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Condition Mixed model Attention heads (Ryu and Lewis, 2021) Human (Van Dyke, 2007)
head4_3 head3_6

LoSynLoSem 0.5625 0.4250 0.0250 0.90

LoSynHiSem 0.4500 0.4625 0.0375 0.82

HiSynLoSem 0.4875 0.2375 0.0000 0.86

HiSynHiSem 0.2750 0.2250 0.0000 0.73

Table 2: Accuracy across conditions for the mixed model GPT-2-small attention heads, and human data

from Van Dyke (2007).

(A) Mixed model

1.0 LoSyn HiSyn 1.0

0.8 0.8 1

® 000

Q
Q
o

0.6 0.6

Rel. attention
Rel. attention

0.4 4

0.2 4 0.29 o
o

(B) GPT-2 head4_3

?LoSyn ?

(C) GPT-2 head3_6
HiSyn 1.0 LoSyn HiSyn

o
0.8 B
0.6 1
o
0.4 -
o
021 8

Rel. attention

IS

0.0 T T T T 0.0
LS/LS LS/HS HS/LS HS/HS

Condition

LS/LS LS/HS
Condition

0.0 T = T T
LS/LS LS/HS HS/LS HS/HS

Condition

HS/LS HS/HS

Conditions: LS/LS = LoSynLoSem, LS/HS = LoSynHiSem, HS/LS = HiSynLoSem, HS/HS = HiSynHiSem

Figure 4: Comparison of relative retrieval score patterns across models and human data. Boxplots display model-
predicted relative attention to the correct subject across the four interference conditions from Tan et al. (2017).

icant (p < 0.05), consistent with the qualitative
human pattern (Van Dyke, 2007).

In contrast, head4_3 exhibits near-ceiling rela-
tive attention to the correct subject under low syn-
tactic interference and show minimal semantic in-
terference effects, which is consistent with results
from Timkey and Linzen (2023). head3_6 shows
more balanced and separable retrieval-score distri-
butions across all four conditions; however, its low
retrieval accuracy indicates that these condition-
level effects do not correspond to reliable retrieval
of the intended subject.

4.5 Error Analysis

To diagnose this mismatch between condition-level
separation and target-level accuracy, we compute
each model’s average output distribution over six
linguistically interpretable regions preceding the
verb. The regions include: (1) the determiner of
the subject noun phrase, (2) the real subject that
should agree with the main verb, (3) introductory
elements preceding the subject, (4) the distractor
noun within the embedded clause that creates inter-
ference, (5) the remainder of the embedded clause
following the distractor, and (6) the token imme-
diately preceding the verb (typically the auxiliary
"was" in our stimuli). By aggregating attention
weights within these syntactic regions, we can bet-
ter assess whether attention heads are tracking lin-

guistically relevant dependencies or responding to
other structural patterns.

Figure 5 shows that head3_6 allocates its at-
tention mostly to the auxiliary that immediately
precedes it, rather than on the words that are possi-
ble as the retrieval cue’s intended target. This pat-
tern contrasts sharply with head4_3 and our mixed
model, which shows stronger attention to the real
subjects and distractors. Importantly, when the
mixed model makes retrieval errors, these errors
tend to favor the interference distractor manipu-
lated in Van Dyke’s human experiment rather than
linguistically irrelevant tokens, suggesting that the
model’s failures are themselves aligned with the
intended cue-based competition.

This observation raises a broader interpretive
question: if a psycholinguistic effect appears in a
model component not designed for that function,
should we treat it as meaningful evidence of the
underlying cognitive mechanism, or does it instead
point to a different kind of specialization within
the network? This is discussed in greater detail in
Section 5.
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A) head4_3
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Det SubJ Intro Dlstr Rest u Det Subj
Sentence component

) head3_6 ) Mixed model
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Sentence component

Sentence component
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0 '
0.3 0.4 0.5

Mean attention weight

Figure 5: Error analysis from this paper (C) as well as two previously-proposed models of retrieval (A,B). Mean
attention weights from the main verb to preceding tokens for mixed model, head4_3, and head3_6. Rows indicate
the syntactic region before the verb cue, columns represent syntactic-semantic interference conditions. Color
intensity corresponds to attention weight magnitude (see individual colorbars).

5 Discussion

5.1 Relation to attention-based accounts of
retrieval

In our modeling with Tan et al. (2017)’s materi-
als, the attention head proposed by Ryu and Lewis
(2021) as syntactically specialized for nsubj re-
trieval (head4_3) shows a strong effect of syntac-
tic interference but little sensitivity to semantic
interference. This pattern is consistent with the
observations of Timkey and Linzen (2023). Rather
than contradicting prior work, it suggests that such
heads may track structural compatibility cues rele-
vant to subject dependencies while failing to cap-
ture the broader combination of syntactic and se-
mantic competition implicated in human interfer-
ence effects.

At the same time, another head (head3_6) ex-
hibits interference-like patterns in its relative at-
tention scores across both syntactic and semantic
dimensions. However, its retrieval accuracy is close
to zero (Table 2), and the attention-distribution anal-
ysis in Figure 5 shows that it allocates most atten-
tion to the auxiliary preceding the verb rather than
to plausible subject candidates. As noted by Ryu
and Lewis (2025), this head is primarily associ-
ated with relations such as nmod: poss and nummod,
rather than nsubj. The interference pattern there-
fore arises even though the head’s attention is not
primarily directed toward the candidates that a
subject-retrieval account would identify as rele-
vant. Taken together, these observations highlight
a broader challenge for attention-based explana-
tions: neural architectures distribute linguistic com-

putations across many interacting components, and
there is currently no foolproof method for identi-
fying which internal units correspond to particular
linguistic operations.

5.2 TImplications for computational
psycholinguistic modeling

These results suggest that relatively simple compu-
tational mechanisms may be sufficient to capture
key interference phenomena in sentence process-
ing. Syntax and semantics may not be as hopelessly
entangled as they appear from the perspective of
opaque pretrained neural networks.

More broadly, the findings highlight a trade-off
between fit to human data and mechanistic trans-
parency in computational psycholinguistic model-
ing. In the search for scientific insight into human
language comprehension, neural language models
can provide strong predictors of human behavior,
but the relationship between internal model compo-
nents and cognitive mechanisms is often difficult
to establish. By contrast, explicitly parameterized
models such as the one proposed here can transpar-
ently identify the source of interference.

From this perspective, the goal of computational
psycholinguistics is not only to identify predictors
that correlate with human behavior, but also to
develop models that clarify the mechanisms gener-
ating those effects (Hale, 2017). The present model
contributes to this effort by providing a simple for-
malization of cue-based retrieval in which syntactic
and semantic interference arise from independently
interpretable computations. Such models can serve
as a useful bridge between symbolic accounts of
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memory retrieval and distributional representations
learned from large corpora.

6 Conclusion

This study presents a computational model of cue-
based retrieval interference. By combining these
two components within a simple linear retrieval
framework, the model captures the graded inter-
ference patterns observed in experimental materi-
als manipulating structural similarity and semantic
plausibility.

Our comparison with attention-based predictors
from GPT-2-small highlights the difficulty of in-
terpreting neural model components as direct im-
plementations of linguistic retrieval mechanisms.
While some attention heads exhibit partial interfer-
ence patterns, their behavior does not consistently
align with the retrieval targets predicted by cue-
based theory.

More broadly, the results show that key interfer-
ence effects in sentence processing can be modeled
using a transparent and explicitly parameterized ar-
chitecture. This approach provides a computational
bridge between symbolic psycholinguistic theories
of memory retrieval and distributional representa-
tions learned from large corpora, offering a clearer
mechanistic account of how syntactic and semantic
similarity interact during comprehension.
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A Appendix

A.1 Training details

The grammar-bilinear model is trained for 20
epochs using a learning rate of 0.01 without L2
regularization.

For the asymmetric word2vec (Asymw2v) com-
ponent, we follow the general training configura-
tion of Li et al. (2017). Negative sampling uses 5
negative samples and a distribution smoothing pa-
rameter of 0.75. The model is trained for 2 epochs
with a learning rate of 0.005 and a batch size of
2048. No dynamic context sampling or subsam-
pling is applied.

The word and context vocabularies include to-
kens and dependency-labeled contexts with a mini-
mum frequency threshold of 100.

A.2 First word bias

We observe the first word bias in attention heads
of GPT-2 Small layer 4, head 3 indicated in (Ryu
and Lewis, 2025), as illustrated in Figure 6. In this
phenomenon, the attention mechanism dispropor-
tionately assigns the highest weight to the initial
token of the sequence, regardless of its syntactic or
semantic relevance to the current token.

[
At At
a a
glance glance
I I
can can
distinguish - distinguist
China China
from from
Arizona Arizona

Figure 6: First word bias shown in GPT-2-small
head4_3

A.3 Ablation of the Grammar-Bilinear Model
with CCG Context Windows

We further investigate the impact of the CCG su-
pertag convolution window size k£ on the model’s
capacity to identify the correct subject among
words preceding a verb. As illustrated in Figure 7,

expanding the context window k results in a mono-
tonic increase in prediction accuracy and a con-
comitant decrease in entropy. The performance
gains begin to saturate beyond k = 4. This trend
confirms that enriching representations with local
syntactic history (via concatenated previous su-
pertags) significantly reduces uncertainty and aids
in resolving subject-verb dependencies relative to
the context-agnostic baseline (k = 0). Further-
more, the observed stabilization suggests a theoret-
ical upper bound on the model’s performance when
using purely local syntactic context.

3 3 ) 5
Window Size K

Figure 7: Accuracy and entropy of grammar-bilinear
models on the English Web Treebank test set across
varying convolution window sizes k. Here, k represents
the number of previous tokens’ supertags concatenated
to the current token’s supertag; £ = 0 denotes a base-
line where each token is represented solely by its own
supertag without contextual information.

A.4 Probing for Semantic Animacy

To demonstrate that the learned Asymw2v vec-
tors reflect animacy through vector distance in the
high-dimensional space, we conduct a linear probe
study. We use WordNet to construct a robust ani-
macy lexicon, resulting in a dataset of 9,336 items
(Nanimate = 47 336, Ninanimate = 57 000) after
removing OOV. Using these labels, we train a lo-
gistic regression classifier as a linear probe on the
300-dimensional frozen embeddings to determine
if animacy is linearly separable in the vector space.

As shown in Table 3, the results indicate a strong
alignment between the learned vector geometry and
semantic animacy. The linear probe achieves an
overall accuracy of 91.33% and a ROC-AUC score
of 0.9674. The high precision and recall across
both classes suggest that the embedding space ef-
fectively clusters entities based on agency without
explicit semantic supervision.

Figure 8 visualize the separation by project-
ing test-set embeddings onto the normal vector
of the learned decision boundary, yielding a one-
dimensional representation along the discrimina-

420


https://doi.org/10.18653/v1/P19-1580
https://doi.org/10.18653/v1/P19-1580

Metric/Class Precision  Recall F1-Score  Support A5
Inanimate 0.94 0.90 0.92 1000

Animate 0.89 0.93 0.91 868

Overall Accuracy 0.9133

ROC-AUC 0.9674

Table 3: Linear probe results for animacy classification
using logistic regression on 300-dimensional embed-
dings. The model demonstrates high separability be-
tween animate and inanimate classes.

tive axis. The resulting histogram shows two dis-
tinct, largely non-overlapping distributions. The
inanimate terms (blue) cluster around a negative
mean projection value, while animate terms (or-
ange) cluster around a positive mean. The minimal
overlap between the two densities corroborates the
high ROC-AUC score reported in Table 3, demon-
strating that the semantic distinction between an-
imate and inanimate tokens is geometrically real-
ized linearly in the embedding space.

02004 01 = inanimate

0175

0150

0125

0.100

Density

0075

0.025

!

ET)

0.000

s 0 5
Projection value (w - x)

Figure 8: Histogram of projection values (w - x) for the
test set vocabulary on the learned animacy axis. Dashed
lines indicate the mean projection value for each class.
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bounded dependency context

Figure 9: Architecture of the proposed retrieval model. The grammar-bilinear component (A) represents syntactic
context using CCG supertags and computes cue—target compatibility through a bilinear transformation to produce a
syntactic retrieval distribution. The lexical-semantic component (B) uses dependency-based word embeddings to
model semantic compatibility between the cue and candidate targets. The two distributions are combined linearly
and normalized to produce the final retrieval probability over candidate subjects.
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