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Abstract
Bilingual speakers show cross-lingual activation during reading, especially for words with shared surface form.
Cognates (friends) typically lead to facilitation, whereas interlingual homographs (false friends) cause interference or
no effect. We examine whether cross-lingual activation in bilingual language models mirrors these patterns. We train
Dutch-English causal Transformers under four vocabulary-sharing conditions that manipulate whether (false) friends
receive shared or language-specific embeddings. Using psycholinguistic stimuli from bilingual reading studies, we
evaluate the models through surprisal and embedding similarity analyses. The models largely maintain language
separation, and cross-lingual effects arise primarily when embeddings are shared. In these cases, both friends and
false friends show facilitation relative to controls. Regression analyses reveal that these effects are mainly driven
by frequency rather than consistency in form-meaning mapping. Only when just friends share embeddings are
the qualitative patterns of bilinguals reproduced. Overall, bilingual language models capture some cross-linguistic
activation effects. However, their alignment with human processing seems to critically depend on how lexical overlap
is encoded, possibly limiting their explanatory adequacy as models of bilingual reading.
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1. Introduction

Compared to speakers of a single language, bilin-
gual speakers process some linguistic phenomena
differently during reading, a notable example being
words with the same surface form in multiple lan-
guages. For cognate words, the surface form as
well as the meaning is equivalent or very similar
across languages (e.g. winter in Dutch and En-
glish). For interlingual homographs (henceforth,
false friends) the surface form is the same, but the
meaning is not (e.g. brand means ‘fire’ in Dutch).

Empirical studies of human reading find that
bilinguals process cognate words faster than non-
cognate control words (Libben and Titone, 2009;
Bultena et al., 2014; Lauro and Schwartz, 2017).
This cognate facilitation effect has not been ob-
served in monolinguals, suggesting that it arises
specifically from the coexistence of two languages
within a single speaker.

For reading of false friends, studies report either
slower reading of false friends than control words
or no difference in bilingual speakers (Libben and
Titone, 2009; Titone et al., 2011; Pivneva et al.,
2014; Hoversten and Traxler, 2016). Slower read-
ing of false friends in bilinguals is thought to reflect
interference caused by diverging form-meaning
mappings across languages.

Both facilitation and interference effects have
been attributed to cross-language activation (e.g.
Dijkstra and van Heuven, 2002; Kroll et al., 2012).
Explaining these cross-lingual interactions requires
explicit and testable computational models of how
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Figure 1: Vocabulary conditions. Full overlap (A):
All identical surface forms that appear in Dutch and
English are shared between the two languages,
each represented by a single embedding. Friends
Overlap (B): Only cognates and loan words are
shared. False Friends Overlap (C): Only false
friends are shared. Minimal Overlap (D): Only
punctuation and named entities are shared, while
other tokens have language-specific embeddings.
Across all conditions, punctuation and named enti-
ties are shared (denoted as ∗).

the two languages interact within a single cognitive
system (Frank, 2021). Neural language models
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(LMs) are strong candidates as computational mod-
els of second language learning and bilingual read-
ing (Yadavalli et al., 2023; Oba et al., 2023; Aoyama
and Schneider, 2024; Constantinescu et al., 2025).

In Natural Language Processing, cross-lingual
transfer is often desired when structural or lexical
similarities or simply lexical overlap between lan-
guages can be leveraged to improve downstream
performance (e.g., Kallini et al., 2025; K et al., 2020;
Wu and Dredze, 2019; Pires et al., 2019). In con-
trast, this work evaluates bilingual LMs for cross-
lingual transfer between Dutch and English and
explores under what conditions this transfer seems
human-like (if at all). We test LMs for lexical pro-
cessing via vocabulary manipulation in four condi-
tions (Figure 1), controlling how overlapping word
forms are treated in the vocabulary. In the Friends
Overlap condition, each word that is a friend (a cog-
nate or a loan word) is assigned a single, language-
unspecific embedding allowing both Dutch and En-
glish to inform it. In the False Friends Overlap set-
ting, the same holds for words that are false friends
(but not friends). The other two conditions enforce
either sharing of each form-overlapping word (Full
Overlap) or a nearly complete separation of lan-
guages in the embedding space (Minimal Overlap).

We evaluate each vocabulary condition through
the lens of two signals important in LM training as
well as cross-lingual activation in humans: word
frequency and language context (i.e. the language
of the sentence).

Our results show that bilingual models generally
separate the two languages, except when they are
explicitly tied by a shared embedding of a word. In
that case, the models show cross-lingual effects,
specifically facilitation effects for friends as well as
false friends compared to their respective control
words. We find that this facilitation is driven by word
frequency, and is not influenced by form-meaning
mapping across languages. The only condition
that can explain human data is Friends Overlap
(i.e. facilitation for friends, but not for false friends).
This suggests that while LMs can reproduce cer-
tain cross-lingual activation patterns, their behavior
aligns with human bilingual reading only under spe-
cific vocabulary conditions1.

2. Background and Related Work

2.1. Vocabulary Design

A large number of related studies use an equiva-
lent of the Full Overlap condition when training a
bilingual LM, so each overlapping surface form is
shared between languages (Winther et al., 2021;

1Our code is made available at https:

//github.com/izaskr/cross_lingual_

transfer_dutch_english_forms.

Roslund and Matusevych, 2022; Oba et al., 2023;
Constantinescu et al., 2025). Our vocabulary con-
ditions are inspired by Kallini et al. (2025), who ex-
periment with vocabulary manipulations to find that,
for downstream tasks such as natural language
inference and question answering, any sharing is
beneficial (even that of false friends) in contrast to
no overlap. Aoyama and Schneider (2024) reset
the embedding layer before starting L2 acquisition,
which essentially does not allow cross-lingual trans-
fer between overlapping word forms.

In terms of the share of first (L1) and second (L2)
language, some studies used a balanced propor-
tion where each language has the same budget of
training tokens (Oba et al., 2023; Kallini et al., 2025;
Constantinescu et al., 2025), while others simulated
larger L1 exposure compared to L2 (Roslund and
Matusevych, 2022; Constantinescu et al., 2025).
Winther et al. (2021) observe that the cognate fa-
cilitation effect in LMs trained on Dutch-English
or Norwegian-English depends on the portion of
L1/L2 and the presentation order of the languages,
whereby an LM that is first trained on the L1 (75%
training samples), and then on the L2 at the end
of each epoch exhibits lower surprisal for cognates
relative to non-cognates, mirroring the facilitation
effect observed in bilinguals.

2.2. Role of Frequency and Context

Language models learn more frequent words ear-
lier and better (Chang and Bergen, 2022; Razeghi
et al., 2022). This provides a relevant link to cross-
lingual transfer in bilinguals. According to the cu-
mulative frequency hypothesis (Voga and Grainger,
2007; Strijkers et al., 2010; Midgley et al., 2011), the
cognate facilitation effect in bilinguals stems from
exposure to cognates regardless of the language:
exposure strengthens the word’s lexical represen-
tation due to the same form-meaning mapping. It is
unclear how this fares with false friends, where the
form-meaning mapping diverges across languages,
i.e. whether we can expect cross-lingual transfer
to be influenced by frequency.

Aside from word frequency, context is an impor-
tant cue in LM training and inference. LMs learn
how to use context information to disambiguate lex-
ically ambiguous words within one language (Pile-
hvar and Camacho-Collados, 2019; Raganato et al.,
2020). One question that arises is whether a bilin-
gual LM can use the language of the preceding
context as a cue to process an overlapping word
form without influence/transfer from the other lan-
guage, or whether the fact that an overlapping form
occurs in two language contexts makes it more
ambiguous and less predictable.

https://github.com/izaskr/cross_lingual_transfer_dutch_english_forms
https://github.com/izaskr/cross_lingual_transfer_dutch_english_forms
https://github.com/izaskr/cross_lingual_transfer_dutch_english_forms
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3. Manipulation of Vocabulary
Sharing

We design 4 conditions for the LM vocabulary to
test the role of sharing/separation of embeddings of
words with the same surface form across Dutch and
English. When a word form is shared (see intersec-
tions in Figure 1), it has a single word embedding.
If this form happens to appear in both Dutch and
English, then samples from both languages con-
tribute to the embedding during training. In case of
separation (see the areas outside of the intersec-
tion in Figure 1), each word form is encoded for the
language of the sentence it is in. Their embeddings
are informed only by the samples in the respective
language.

In condition Full overlap (A), there is no active
intervention: each word form that appears in both
languages has a single, language-unspecific em-
bedding. In other conditions, we manipulate what
is shared and what is separated.

In condition Friends Overlap (B), only friends
(cognate and loan words) across the two languages
are in the intersection. This condition is moti-
vated by hypotheses that cognate words might
share orthographic and (partially) semantic rep-
resentations in a bilingual’s mental lexicon, while
false friends are represented by two different ortho-
graphic representations (Dijkstra and van Heuven,
2002; Lemhöfer and Dijkstra, 2004). All other words
have language-specific embeddings.

Only false friends are placed in the intersection
in condition False Friends Overlap (C). Each false
friend has a single entry in the vocabulary despite
different meanings across languages (e.g., brand
means ‘fire’ in Dutch).

Finally, in Minimal Overlap (D), the word forms
from the two languages are completely separated
given the sentence language. A language-specific
processing is assumed, regardless of overlapping
form/meaning across languages.

Note that punctuation and named entities are
placed in the intersection across all conditions.
They are often not language-specific, refer to the
same extra-linguistic entity and are thus not a part
of our manipulation. Named entities were identi-
fied by spaCy’s xx_ent_wiki_sm model2 prior to
tokenizer and LM training.

4. Implementation

4.1. Training Data

To imitate human language exposure, we train our
LMs on a corpus of diverse genres: 49% of tokens

2https://spacy.io/models/xx
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Figure 2: The frequency of each word in the Dutch
and English portion of the LM training data. The fre-
quencies are generally positively correlated: a word
form that is frequent in Dutch is frequent in English,
but more so for friends than false friends. The plot
includes (false) friend words from psycholinguistic
stimuli (Bultena et al., 2014; Huisman, 2025) as
well as other compiled lists and our training data
(here labeled as Corpus).

in the data come from non-fiction text (Wikipedia3),
26% from transcribed scripted speech (OpenSubti-
tles4 and TedTalks5), and 25% from web-crawled
data (CC100, Conneau et al., 2020)6. In total, each
training corpus had about 400 million tokens. To
simulate an unbalanced late Dutch-English bilin-
gual, the training data consists mostly of Dutch
(75% tokens), while the rest is English. In each
epoch, Dutch samples were presented first, fol-
lowed by English ones.

4.2. Overlapping Word Forms

To obtain a broad coverage of words sharing only
form, or both form and meaning between Dutch and
English, we annotated a list of words that appear
in both the Dutch and English corpora as friends
(cognates or loan words) and false friends (interlin-
gual homographs). We joined our list with existing
ones (Bultena et al., 2014; Poort and Rodd, 2019;

3https://dumps.wikimedia.org/nlwiki/

latest
4https://opus.nlpl.eu/OpenSubtitles/

nl&en/v2024/OpenSubtitles
5https://object.pouta.csc.fi/

OPUS-NeuLab-TedTalks/v1/tmx/en-nl.tmx.gz
6https://data.statmt.org/cc-100

https://spacy.io/models/xx
https://dumps.wikimedia.org/nlwiki/latest
https://dumps.wikimedia.org/nlwiki/latest
https://opus.nlpl.eu/OpenSubtitles/nl&en/v2024/OpenSubtitles
https://opus.nlpl.eu/OpenSubtitles/nl&en/v2024/OpenSubtitles
https://object.pouta.csc.fi/OPUS-NeuLab-TedTalks/v1/tmx/en-nl.tmx.gz
https://object.pouta.csc.fi/OPUS-NeuLab-TedTalks/v1/tmx/en-nl.tmx.gz
https://data.statmt.org/cc-100
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Lefever et al., 2020; Huisman, 2025) to obtain a
set of 2,806 friends and 511 false friends, both re-
ferring to word types without named entities. The
Dutch and English frequencies of each word have
a significant positive correlation (Figure 2).

Some words are homographs within one lan-
guage and can be both a friend and a false friend
(e.g. monster in Dutch can have the English mean-
ing as well as ‘sample’). These words are excluded
from our vocabulary manipulation.

Class annotations are available for a subset of
the items, comprising of 1,598 friends and 379 false
friends: all cognate and loan words are annotated
as content words in both languages. Among false
friends, 4% have different classes in Dutch and En-
glish (e.g. toe and met are content words in English,
but function words in Dutch).

4.3. Psycholinguistic Stimuli

We evaluate the LMs on stimuli from two reading
studies, in which the participants were late bilin-
guals with Dutch as their first language and English
as their second. In the friend study (Bultena et al.,
2014), participants read English sentences with tar-
get words that were either Dutch-English friends
(cognates) (1a) or non-cognate controls (1b)7.

1a. The residents dislike the winter for the ...

1b. The residents dislike the prison for the ...

The friend and control targets were matched with
respect to word length and English word frequency.
In total, the stimuli consisted of 22 item sentences
(with two conditions per item). The context pre-
ceding the target words was designed to not be
semantically constraining and biased towards the
meanings of target words. The analysis of read-
ing times by Dutch-English bilinguals revealed a
cognate facilitation effect, with faster reading for
cognates than the corresponding control words.

The stimuli in the false-friend study (Huisman,
2025) include word pairs of false friends and con-
trols that were presented to participants in Dutch
sentences, that is, in their first language, in a self-
paced reading paradigm. Again, each sentence
had two conditions: with a false friend (2a) or with
a language-unique control word (2b):

2a. De beelden van de brand zullen hen ...

2b. De beelden van de kogel zullen hen ...

All target words were nouns and all false friends
were form-identical between Dutch and English.
Control words were paired with false friends to
match them on word length and Dutch and English

7We only use items where the cognate is a form-
identical noun.

word frequency. The stimuli by Huisman (2025)
consists of 32 item sentences, all designed to be
semantically non-constraining in the context pre-
ceding the target words. While this study did not
find significant reading time differences between
false friends and control words in bilinguals (and
thus no cross-language activation), the manipu-
lation provides a valuable evaluation of the LMs
tested here, particularly due to the lack of prior work
on false-friend reading in Dutch-English bilinguals.

4.4. Tokenizers

The tokenization process included multiple com-
ponents. All words annotated as friends or false-
friends (Section 4.2) as well as the language-
unique control words (Section 4.3) were tokenized
as single subwords across all conditions to avoid bi-
ases from multi-subword segmentation (Lesci et al.,
2025). We train a byte-level BPE tokenizer on com-
bined Dutch-English train set (64k vocabulary, min-
imum frequency of 2) and used it to tokenize all
remaining words. We also train a byte-level BPE
tokenizer on named entities (10k vocabulary, mini-
mum frequency of 2).

4.5. Transformer Language Models

For each vocabulary manipulation, we train a sep-
arate Transformer model with the causal language
modeling task, following the GPT2-small config-
uration. In a single epoch, the model was first
presented Dutch samples (300 million tokens), fol-
lowed by English ones (100 million tokens) creating
a sequential regime. Each LM was trained for 2
epochs. See Appendix C for vocabulary sizes and
parameter counts under different conditions. Ap-
pendix D shows loss curves on the training and test
sets.

5. Vocabulary Interventions in
Bilingual LMs

5.1. Language Context

We first explore how (dis)similar the preceding con-
texts of the same surface form are across Dutch
and English. If the LM “understands” that a friend
word carries the same meaning in Dutch and En-
glish, this should be reflected in the similarity of
its contextual and word embeddings across lan-
guages. In the same vein, if the LM represents the
language-specific meanings of false friends, their
context and word embeddings should be dissimilar
as well. In conditions that assign each overlapping
word form a shared embedding (Friends Overlap
for friends; False Friends Overlap for false friends;
Full Overlap for both), it might be easier for the LM
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to learn friends as cross-lingual meaning equiva-
lents, but it might be more difficult to tease apart
the language-specific meanings of false friends.

Method. For each word t in the stimuli set of
friends and false friends T , we sample a set of 500
sentences containing that word from the training
data from each language (yielding 1,000 sentences
per word in total). For each sentence in the sample,
we calculate the mean-pooled embedding of the
preceding context of word t (without the word itself).
For each language-specific subcorpus, we average
across these embeddings, obtaining µNL

C
(t) and

µEN

C
(t).

For each sentence in the sample, we also obtain
the contextualized embedding of the target word t

itself. We then average across the sentences per
language, yielding µNL

W
(t) and µEN

W
(t) for Dutch

and English sentences, respectively.
We measure the similarity of these embeddings

between languages using cosine similarity8. The
similarity between µNL

C
(t) and µEN

C
(t) tells us how

similar the preceding contexts of the same word
are across languages. In contrast, cosine similarity
between µNL

W
(t) and µEN

W
(t) estimates the similarity

of the target word embedding across languages.
See Appendix E for illustrative diagrams. We use
the embeddings from layer 12. Results from layer
5 show very similar patterns.

Results. Figure 3 shows that the contexts for
the same word in Dutch and English are gener-
ally estimated as dissimilar and vary little across
vocabulary conditions, i.e. manipulating what is
shared in the embedding space does not lead to
more similarities or differences for the context pre-
ceding target words (upper panel). Focusing on
the embeddings of the target words themselves
(lower panel), the results indicate that separating
the languages for overlapping word forms leads
to lower similarity for the word affected by separa-
tion: in the Friends Overlap condition, false friends
have language-specific vocabulary entries. The
distance between Dutch and English sentences
containing these words is larger than when each
false friend has a single embedding. Friends, like-
wise, show a lower similarity when their embed-
dings are language-specific (False Friends Overlap
condition). In the Minimal Overlap condition, the
contexts as well as word embeddings stay apart
and dissimilar across Dutch and English. Generally,

8Due to known issues with anisotropy in contextual-
ized representations (Ethayarajh, 2019), we standard-
ize the embeddings following Timkey and van Schijndel
(2021). We estimate a mean and standard deviation em-
bedding from a sample of 30k instances and standardize
the embeddings before pooling.
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Figure 3: Cosine similarity between Dutch and En-
glish across the context and word-only embeddings
for training data samples for target words (friends
or false friends). A larger similarity means the LM
considers Dutch and English embeddings more
similar.

this result shows that the contexts are coded as dis-
similar between Dutch and English, and the target
word embeddings are similar when each is repre-
sented by a single, language-unspecific embed-
ding, no matter the form-meaning match in Dutch
and English.

5.2. Processing Effort via Surprisal

We further focus on the predictability of overlap-
ping word forms in comparison to language-unique
words given the same preceding sentence context
by estimating their surprisal. We use word surprisal,
surp(w) = − log2 p(w|context), as a computational
correlate of processing effort as observed in hu-
mans with lower surprisal corresponding to easier
processing (e.g. Hale, 2001; Levy, 2008; Shain
et al., 2024).

Bilingual speakers tend to show different behav-
ior for language-unique words and words with over-
lapping surface form. Specifically, reading a word
with form overlap across languages might show pat-
terns of cross-language activation: facilitation for
friends (faster reading in comparison to controls),
and interference for false friends (slower reading
in comparison to controls). We expect lower sur-
prisal for friends than controls, reflecting the ease
of processing of friends over controls. In contrast,
we expect lower surprisal for controls than false
friends.
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With respect to the vocabulary configurations,
we examine how sharing/separation of embeddings
affects the form-meaning correspondence of over-
lapping word forms. On the one hand, in condi-
tions where each overlapping surface forms has
a single embedding, this word might be more am-
biguous as it appears across Dutch and English
contexts, possibly reducing its predictability in a
given sentence. If so, shared forms should have
higher surprisal than language-unique controls. On
the other hand, a shared embedding receives more
training signal than two single ones and more than
a frequency-matched control, which could result in
reduced surprisal compared to controls. We use
α = .05 in all statistical tests.

Method. Using sentence stimuli from the friend
study and the false-friend study (see Section 4.3),
we estimate surprisal for each target word. Impor-
tantly, in each item, the target word (either overlap-
ping or control) is preceded by the same context.
We test for effects of processing effort by compar-
ing the surprisal of overlapping words to that of
controls.

We use mixed-effects regression in lme4 (Bates
et al., 2015) with surprisal as the outcome, and
word category and word position in sentence (in-
dex) as fixed effects, and a random intercept for
sentence pair (item)9. We fit a regression model for
each vocabulary condition separately for the two
studies, resulting in 8 regression models in total.

Results. Figure 4 shows surprisal estimates
across the two word categories and vocabulary
conditions. For friends, we find that they have sig-
nificantly lower surprisal than control words in two
conditions: Full Overlap, and Friends Overlap. In
both conditions, each friend surface form has a
single embedding, which increases the word’s pre-
dictability relative to controls. For false friends, we
find that in the Full Overlap and False Friends Over-
lap conditions, their surprisal is significantly lower
than that of controls. Again, in these conditions, the
false friend’s surface form has a single embedding.

Taken together, both types of overlapping word
forms (friends and false friends) show smaller sur-
prisal relative to language-unique controls when
their surface forms are represented by a single
shared embedding. These results indicate that
embedding sharing increases the predictability of
overlapping surface forms regardless of their form-
meaning correspondence. Surprisingly, neither
word category show lower predictability, either
because of language context ambiguity or form-
meaning divergence.

9Model structure: surp ∼ WordCategory +
WordIndex + (1|Item). WordCategory is sum-coded
(1 friend/falsefriend, −1 control).

5.3. Frequency Benefit across
Languages

In bilingual training, overlapping surface forms
receive additional exposure relative to language-
unique controls due to their occurrence in both
languages. This raises the question whether in-
creased frequency drives improved predictability
of words with overlapping surface forms across
languages (i.e. as per the cumulative frequency
hypothesis) or whether their predictability might
depend on the language of the sentence. This
analysis builds on the facilitation effects observed
in Section 5.2 focusing on the effect of a word’s
frequency in Dutch vs. English on its surprisal.

The two frequency measures may play different
roles. In the friend study, the target words appear
in English sentences, making Dutch the “other” lan-
guage. In the false-friend study, the sentences
are in Dutch, so English serves as the “other” lan-
guage. This analysis examines whether both the
sentence-language frequency (freqS(w)) and the
other-language frequency (freqO(w)) influence sur-
prisal of word w.

Method. Both friends and false friends exhibited
facilitation relative to controls in vocabulary con-
ditions where their embeddings were shared be-
tween Dutch and English. Thus, to compare the
two frequency measures (freqS(w) and freqO(w)),
we consider the Full Overlap and Friends Over-
lap conditions for the friend study, and Full Overlap
and False Friends Overlap for the false-friend study.
The frequency estimates of the target words are
based on the Dutch and English portions of the LM
training data; they are log-transformed and normal-
ized. For each study, we start by fitting a regression
model with surprisal estimated by word category,
normalized word index and vocabulary condition10.
In the next step, we add freqS to the model11, and
finally freqO

12. We compare these regression mod-
els using likelihood ratio tests to determine whether
the addition of the frequency terms provides a bet-
ter fit.

Results. The results for the friend study show
a main effect of word category as facilitation for
friends over controls (β = −.5, p < .01). Upon
adding word frequency in English (freqS), the word
category effect was still negative, but not a reli-
able effect (β = −.2, p = .06). There is a main

10The maximal model that would converge was surp ∼
WordCategory+V ocabulary+WordIndex+(1|Item).

11surp ∼ freqS + WordCategory + V ocabulary +
WordIndex+ (1|Item)

12surp ∼ freqO + freqS + WordCategory +
V ocabulary+WordIndex+(1|Item). Interaction terms
did not improve the model fit for any regression models.
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Figure 4: Surprisal estimates for friends/controls and false friends/controls from LMs trained under different
vocabulary conditions. The symbol ∗ indicates a statistically significant difference (p < .05) between the
two word types.

effect of English frequency (β = −1.1, p < .01),
indicating that higher frequency leads to smaller
surprisal. Finally, including Dutch word frequency
(freqO), we observe that English frequency is still a
significant predictor (β = −1.2, p < .01), but Dutch
frequency is not (p = .9) and neither is word cate-
gory (p = .4). The model comparison revealed that
including Dutch word frequency in the model does
not contribute to the fit (χ2(1) = .002, p = .97).

For the false-friend study, we find a facilitation
effect for false friends compared to controls (β =
−1.3, p < .01). When Dutch frequency (freqS) is
included in the model, there is still a significant fa-
cilitation effect for false friends (β = −1.2, p < .01)
as well as a significant main effect of Dutch fre-
quency (β = −.5, p < .01). Finally, when English
frequency (freqO) is added to the model, Dutch fre-
quency remains a significant predictor (β = −.5,
p < .05), and English frequency is significant as
well (β = −.7, p < .05), but the difference between
false friends and controls is no longer significant
(β = −.6, p = .06). Model comparison further indi-
cates that including English word frequency signifi-
cantly improves model fit (χ2(1) = 4.49, p = .034).

Overall, these results indicate that effects of bilin-
gual exposure differ between L1 and L2. In the
friend study, the facilitation effect for friends over
controls is accounted for by sentence-language fre-
quency (English), with seemingly no contribution
from the other-language frequency (Dutch). How-
ever, correlation of fixed effects sheds light on this:
there is a large correlation between word category
and Dutch frequency (r = −.9), essentially signal-
ing to the regression model that words that do not
appear in Dutch (i.e. have a Dutch frequency of 0)
are English control words. For friends, the English
and Dutch frequencies are highly correlated in the
model (r = −.7), as well as in the data (see Figure
2). This means that English frequency sufficiently
predicts variance between control and friend words.
The variance that could be explained by Dutch fre-
quency is already explained by the English one,
making Dutch frequency redundant.

In contrast, the facilitation effect found for the
false-friend study seems to be driven by both the
frequency in the language of the sentence and fre-
quency in the “other” language. In this model, word
category and English frequency are correlated as
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well (r = −.9), again pertaining to Dutch control
words that have a 0 frequency in English. However,
the model correlation between Dutch and English
false friends frequency is weak (r = −.15, see also
Figure 2 for data correlation). This is not surpris-
ing since in the case of false friends, the same
surface form is mapped to different meanings and
possibly to different parts of speech, with different
distributional patterns across Dutch and English.
We hypothesize that this is the reason both Dutch
and English frequencies remain significant in the
false-friend study.

Generally, our results provide support for the cu-
mulative frequency hypothesis for both friend and
false friend words. Both languages contribute to
the facilitation effect, but for friends it is harder to
disentangle the effects of Dutch and English as
frequency sources due to their high correlation, es-
pecially across highly similar languages (Schepens
et al., 2013).

6. Discussion

This work asked whether cross-lingual transfer in
bilingual Transformer LMs produces patterns that
resemble cross-lingual activation in bilingual read-
ers, focusing on words with overlapping surface
forms across Dutch and English. To test this, we
trained LMs on L1 Dutch and L2 English, and
evaluated the models on experimental stimuli from
studies of Dutch-English bilinguals, which included
words with overlapping surface forms between the
two languages. Designing a cognitively plausible
vocabulary in bilingual LMs is an open question.
We addressed it by manipulating lexical sharing di-
rectly by controlling which form-overlapping words
received an embedding shared between languages
versus language-specific embeddings.

We find that the bilingual LM keeps the two lan-
guages apart in the embedding space, but cross-
lingual effects do occur via embedding sharing:
friends (i.e. cognate and loan words) show lower
surprisal than language-unique control words in
the conditions where either each form overlapping
word is shared between Dutch and English, or only
friends are shared between the two languages.
Similarly, false friends have lower surprisal than
controls either in conditions where sharing holds for
all form overlapping words or just for false friends.
These facilitation effects are largely explained by
frequency-based signals.

The vocabulary condition that matches human
data is one where only friends are shared between
Dutch and English: the LM in this condition exhibits
facilitation effects for friends without the correspond-
ing facilitation for false friends. Other conditions fail
to resemble human bilinguals with respect to pro-
cessing the different word types: 1) the conditions

with full overlap or just for false friends show facili-
tation for false friends, 2) the condition with minimal
overlap (named entities and punctuation) does not
show cross-lingual effects. Crucially, simulations
of bilingual reading with LMs typically assume full
surface overlap (see Section 2.1), which may bias
conclusions about cross-lingual transfer and L2
learning.

Among the conditions tested, the one sharing
only friends has the best descriptive adequacy with
respect to empirical findings of bilingual reading
of overlapping words. However, it lacks explana-
tory adequacy (Jacobs and Grainger, 1994; Frank,
2021): the tokenizer and LM are based on explicitly
coded rules about which forms are friends (and
should each have a single embedding) and which
are not. We cannot assume this is the mechanism
behind cognate facilitation effect found in bilinguals.
Importantly, humans learn meaning from grounded
language learning, sensorimotor and social cues,
and not (just) streams of text (Warstadt and Bow-
man, 2022; Chang and Bergen, 2022). Yet, when
the LM was left to train without explicit coding of
(false) friends, it resulted in behavior that does not
reflect that of bilingual humans.

One of the open questions is why shared embed-
dings result in facilitation for false friends, rather
than interference. One possibility is that surprisal
in unconstrained sentence contexts mostly reflects
the LM’s ability to predict the surface form given
the few semantic and lexical cues, and is as such
mostly informed by frequency and distributional
patterns rather than semantic competition between
meanings. Another possibility might lie in the stim-
uli language (L1, so Dutch) and exposure. The
LMs were largely trained on Dutch, while only a
quarter of the data was in English. Perhaps the LM
did not have a chance to properly learn the English
meaning, and therefore does not exhibit interfer-
ence effects when processing a sentence in Dutch.
Generally, bilinguals tend to show cross-lingual ef-
fects in L2 reading and less so in L1 (Titone et al.,
2011).

One of the main findings confirms the role of
frequency in overlapping word forms specifically in
the conditions with shared embeddings. When an
embedding is shared, it is trained on data from both
languages, which increases its effective frequency
and typically reduces surprisal. This frequency
benefit appears regardless of whether the word is a
friend or a false friend. This suggests that overlap
primarily provides a learning advantage through
shared counts, not through semantic consistency.

The present study uses the GPT2-small Trans-
former architecture. Cross-lingual activation pat-
terns in cognate facilitation have been observed
across a range of architectures, including LSTM
models (Winther et al., 2021), Transformers (albeit
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shallower than GPT2-small), and simple recurrent
networks (Roslund and Matusevych, 2022). This
suggests that cognate facilitation is driven less by
architectural choice than by training data and pro-
cedure: specifically, unbalanced exposure (with
greater L1 than L2 input) consistently gives rise to
a cognate facilitation effect (Winther et al., 2021;
Roslund and Matusevych, 2022).

Furthermore, Winther et al. (2021) report that
the order of L1 and L2 presentation plays a crucial
role: the cognate effect emerges either when the
model is first pretrained on L1 and subsequently
trained on a mix of L1 and L2, or (in the absence
of pretraining) when L1 data comprises the first
75% of the epoch and L2 data the remainder. We
follow the latter training procedure, but it would be
valuable to test the former with different vocabulary
designs as well.

Our results can be situated within the framework
of the BIA+ model (Dijkstra and van Heuven, 2002),
which is one of the most influential computational
accounts of bilingual word recognition. The model
includes orthographic, phonological and semantic
lexical representations with bidirectional connec-
tions between the representation types. In contrast,
in our LMs, word representations are encoded at
the embedding layer, where a word form either has
a single (shared) or two language-specific embed-
dings. With this difference in mind, the vocabulary
condition that best matches human bilingual data
is broadly consistent with the BIA+ assumptions
that cognates have a special shared representa-
tion due to their overlap in both form and meaning,
while interlingual homographs (false friends) are
represented by two separate orthographic entries.
The role of form frequency in our results relates
to the BIA+ model as well, where frequency is im-
plemented as resting activation levels. Importantly,
in BIA+, frequency and form overlap are separa-
ble sources of facilitation, while they are harder to
disentangle in our LMs, where sharing an embed-
ding both increases a word’s effective frequency
and enables cross-lingual transfer at the same time.
Further comparisons between BIA+ and bilingual
LMs, for instance using tasks that more directly
probe semantic competition or that vary sentence
context constraints, could shed more light on how
well these two types of models align in explaining
cross-lingual activation.

7. Conclusion

We presented a controlled study of vocabulary
sharing in bilingual Dutch-English Transformer lan-
guage models, targeting the question of whether
bilingual LMs exhibit human-like cross-language
activation. The results show that bilingual LMs
generally keep Dutch and English contexts distinct,

and cross-lingual effects arise primarily when the
model shares embeddings. Under embedding shar-
ing, overlapping forms become more predictable
than language-unique controls, resulting in facilita-
tion for both friends and false friends. This facilita-
tion is largely explained by frequency and does not
depend on whether the form-meaning mapping is
shared across languages.

Among the evaluated vocabulary conditions, only
the condition with shared embeddings for cognate
and loan words reproduces the qualitative human
pattern of facilitation for these words. Overall, these
findings suggest that neural language models can
reproduce some cross-lingual activation patterns,
however, their alignment with bilingual reading be-
havior depends critically on how lexical overlap is
treated in the encoding step.

8. Limitations

Our findings are currently based on a small-scale
manipulation, which affected between 2.3% and
4.3% of the vocabulary depending on the condition.
We did not explore how lexical interventions affect
other aspects of cross-lingual transfer, e.g. syntac-
tic processing.

We tested the models on two sets of psycholin-
guistic stimuli, but only the friend study (Bultena
et al., 2014) has previously shown effects in bilin-
guals. The stimuli from the false-friend experiment
(Huisman, 2025) did not produce cross-lingual ef-
fects, limiting the extent to which model behavior
can be compared to behavioral data. This points to
a general challenge of scarcity of bilingual human
responses to test the human-likeness of LMs.

To measure cross-lingual effects in LMs, we use
surprisal and similarity between representations,
but other measures might capture patterns that cor-
respond to human behavior, for example attention
or the activation from the feed-forward networks
(Oh and Schuler, 2022; Kuribayashi et al., 2025).
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Appendix

A. Translations

English translations of Dutch sentences in Section
4.3.

2a The images of the fire ...

2b The images of the bullet ...

B. Language Model Hyperparameters

The context window size was reduced to 256. We
used gradient accumulation with the effective batch
size of 512. Weight decay was set to 0.1, the learn-
ing rate to 5e-4 with a cosine learning rate sched-
uler. The initial 1k steps of training were used as
warm-up. All models were trained under the same
random seed.

C. Vocabulary and LM Sizes

Condition Vocabulary size Num. parameters
A 77,369 144,672,000
B 141,877 194,214,144
C 144,170 195,975,168
D 144,681 196,367,616

Table 1: Vocabulary size and number of trainable
parameters for the language model trained in each
condition.

D. Training and Evaluation Loss

Figure 5 shows the loss values on the training and
test sets at the end of each of 6 epochs in each
condition. The training loss combines the values
for the Dutch and English portion of the training set.
We show separate values for the test set of each
language. At the very end of each epoch, the LMs
have been exposed to English more recently, so
the test loss for English is quite low in all conditions,
but high for Dutch, which indicates some level of
attrition of Dutch. Compared to the other conditions,
condition A (Full Overlap) shows a relatively higher
training loss, but also lower test loss for Dutch.
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Figure 5: Training and evaluation loss.

E. Diagrams for 5.1

Figure 6 illustrates mean pooling over the preced-
ing context of target words to obtain µC . Figure
7 shows how we obtained the mean-pooled token
representation µW .
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mean pool

1. The old bridge was often getting covered in ice during the winter

mean pool

2. What a weird season it’s been. For the most part, it’s as though winter

n · · ·

mean pool to obtain
µEN

C
(winter)

Figure 6: Mean pooling over the embeddings in the preceding tokens withing each sentence (n = 500).
Mean pooling over these to obtain a context embeddings from English samples µEN

C
for the token winter.

The same was performed over Dutch sentences to obtain µNL

C
(winter).

1. The old bridge was often getting covered in ice during the winter

2. What a weird season it’s been. For the most part, it’s as though winter

n · · ·

mean pool to obtain
µEN

W
(winter)

Figure 7: Mean pooling over the token representations of the target word in n English sentences (n = 500)
to obtain µEN

W
(winter). Similarly, n Dutch sentences are used to calculate µNL

W
(winter).
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