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Abstract

We investigate structural traces of language
contact in the intermediate representations of
a monolingual language model. Focusing on
Persian (Farsi) as a historically contact-rich
language, we probe the representations of a
Persian-trained model when exposed to lan-
guages with varying degrees and types of con-
tact with Persian. Our methodology quantifies
the amount of linguistic information encoded in
intermediate representations and assesses how
this information is distributed across model
components for different morphosyntactic fea-
tures. The results show that universal syntac-
tic information is largely insensitive to histor-
ical contact, whereas morphological features
such as CASE and GENDER are strongly shaped
by language-specific structure, suggesting that
contact effects in monolingual language models
are selective and structurally constrained.

1 Introduction

Language contact is a primary driver of language
change and structural diversification (Van Coet-
sem, 2000). When speakers of different languages
come into sustained interaction through, for ex-
ample, trade, migration, conquest, or cultural ex-
change, their languages influence one another in
ways that can range from lexical borrowing to deep
grammatical restructuring (Thomason and Kauf-
man, 2023; Matras, 2009). This can appear as mat-
ter borrowing, where the morphological material
and its phonological shape are replicated, and/or
as pattern borrowing, where the organization and
mapping of grammatical or semantic meaning pat-
terns are replicated (Matras and Sakel, 2007).

The study of language contact requires a holistic
perspective on linguistic structure that spans multi-
ple levels of representation (Matras, 2009), a per-
spective that is difficult to obtain solely through
traditional analytical methods. Large language
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models (LLMs) have opened new avenues for in-
vestigating linguistic phenomena by enabling the
study of their intermediate representations. Al-
though LLMs are not designed to model diachrony,
their internal representations often reflect patterns
of cross-linguistic similarity and genealogical re-
latedness that emerge implicitly from large-scale
training data (Veeman et al., 2020; Chi et al., 2020).

This study investigates how language change
might have been reflected in the intermediate repre-
sentation of a monolingual Persian language model.
The case of Persian (Farsi) provides a particularly
compelling testbed. Although genealogically Indo-
European, Persian has undergone extensive con-
tact with languages from multiple families, most
notably Turkic languages, as well as Arabic, En-
glish, French, Russian, and Hindi (Windfuhr, 2009).
These contact dynamics have influenced Persian
at several linguistic levels. However, it remains
unclear whether such changes are detectable, quan-
tifiable, and linguistically interpretable within the
internal representations of a monolingual language
model, such as ParsBERT (Farahani et al., 2021).

We study language change at the morpho-
syntactic level based on linguistic annotations from
Parallel UD treebanks (Zeman et al., 2017) for a
group of languages at various degrees and types
of language contact. We adopt an information-
theoretic approach to measure the amount of us-
able information (Xu et al., 2020) that intermediate
representations of ParsBERT encode about the lin-
guistic features of the target languages. We further
perform an attribution analysis (Tang et al., 2024)
to identify those components of the representations
that contribute most strongly to this encoding.

Our findings contribute to a growing body of
research on typology-aware NLP (Bender, 2009;
Ponti et al., 2019), offering evidence that mono-
lingual language models encode selective and
structurally constrained traces of language contact.
Specifically, we show that contact effects are more
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readily reflected in morphological and construc-
tional patterns aligned with the training language,
while universal syntactic categories remain largely
robust to contact-induced variation. By combining
information-theoretic probing with attribution anal-
ysis, this work provides a principled computational
framework for investigating classical questions in
contact linguistics and sheds light on the limits and
possibilities of using neural language models as
tools for studying language change.

2 Related Work

Language contact has been extensively studied in
functional, historical, and typological linguistics,
with a particular focus on how sustained interaction
between speech communities leads to lexical, mor-
phological, and syntactic change (Thomason and
Kaufman, 2023; Matras, 2009). Persian constitutes
a well-documented case of long-term language con-
tact: centuries of interaction with Semitic, Turkic,
Indic, and European languages have left pervasive
traces across multiple linguistic levels (Windfuhr,
2009; Johanson and Csató, 2021). While these
contact-induced effects have been described in de-
tail from diachronic and descriptive perspectives,
they have not yet been examined using computa-
tional models of language. In particular, it remains
unclear how language contact phenomena are re-
flected in the internal representations of neural lan-
guage models trained on Persian. To the best of our
knowledge, this work presents the first computa-
tional study of Persian language contact at the level
of neural representations.

Our work is also related to the growing literature
on probing neural language models for linguistic
structure. Prior research has investigated how mor-
phology (Stanczak et al., 2022), syntactic structure
(Tenney et al., 2019; Hewitt and Manning, 2019),
and cross-linguistic typological properties (Ponti
et al., 2019) are encoded in contextualized represen-
tations. Grammatical gender, in particular, has been
widely used as a test case for cross-linguistic gen-
eralization in neural models (Veeman et al., 2020;
Schröter and Basirat, 2025). We extend this line of
work by probing the intermediate representations
of a monolingual Persian language model, with a
focus on how linguistic features associated with
contact languages are encoded. By doing so, we
connect descriptive insights from language con-
tact research with contemporary computational ap-
proaches to representation learning.

3 Methodology

Our goal is to determine whether a monolingual
Persian model encodes latent structural traces that
reflect Persian’s long-standing contact with other
languages. To this end, we examine whether rep-
resentations learned exclusively from Persian data
exhibit systematic affinities to linguistic character-
istics of contact languages.

We pass a set of sentences sampled from a con-
tact language into a Persian language model. For
each token, we extract the intermediate representa-
tions produced by each of the embedding and Trans-
former layers of the model. We, then, adopt two
techniques to analyze these intermediate represen-
tations (embeddings): (i) an information-theoretic
probe that quantifies how much linguistic informa-
tion is encoded in the representations, and (ii) a
complementary attribution analysis that identifies
which components of the representations contribute
most strongly to this encoding.

The probing framework is based on variational
usable information IV(X → Y ) (Xu et al., 2020),
which estimates the amount of information that a
random variable X contains about a target random
variable Y . In our study, X corresponds to embed-
ding vectors extracted from a given intermediate
layer of the language model when processing a to-
ken in context, and Y represents a linguistic prop-
erty of the token (e.g., language identity, UPOS tag,
CASE, or GENDER). Following Basirat (2025), we
normalize IV(X → Y ) by marginal entropy H(Y )
of the target feature. This normalization yields a
dimensionless metric ÎV ∈ [0, 1] that reflects the
proportion of the total uncertainty in Y that can be
recovered from the representation.

High usable-information for a linguistic property
in a test language indicate that ParsBERT encodes
systematic cues relevant to the realization of that
property, suggesting structural alignment between
the test language and Persian for the correspond-
ing feature. Conversely, low usable-information
scores reflect limited overlap between the feature’s
realization in the test language and Persian.

The attribution analysis quantifies how linguistic
information about a target variable Y is distributed
across elements of X using Language Activation
Probability Entropy (LAPE) (Tang et al., 2024).
LAPE assigns each element of X a score based
on the entropy of its activation distribution across
different conditions, corresponding to the linguis-
tic properties of the processed tokens. Low LAPE
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scores indicate high selectivity, meaning that an
element responds preferentially to a specific condi-
tion, whereas high scores reflect more uniform or
non-discriminative activation patterns. To identify
condition-selective elements, we rank all elements
by their LAPE scores and retain only those within
the lowest percentile, discarding elements that are
rarely active. Each retained element is then as-
signed to the condition for which it exhibits the
strongest activation preference.

We summarize LAPE by reporting the total num-
ber of elements across all layers assigned to each
condition.1 The counts primarily reflect localiza-
tion rather than the overall presence or absence of
information for a condition. In our interpretation,
larger counts suggest that selectivity for a condi-
tion is distributed across more elements, whereas
smaller counts suggest that selectivity is concen-
trated in fewer units. Importantly, small counts do
not imply that the model cannot encode a condition;
the signal may instead be distributed across shared
elements in a way that is not captured by a small
set of highly selective units.

4 Experiment Setup

4.1 Model

Our experiments are conducted on ParsBERT (Fara-
hani et al., 2021), a monolingual encoder-only
model (Devlin et al., 2019) consisting of 12 trans-
former encoder layers, each with a hidden size of
768 (i.e., the dimensionality of X). The tokenizer
is a WordPiece model trained on Persian-script
text. The model is pretrained on approximately
3.9 billion tokens compiled from multiple large-
scale sources, spanning genres such as encyclope-
dic, journalistic, conversational, and technical, and
written in both standard and contemporary Persian
writing systems. This breadth is particularly rele-
vant for studying language-contact phenomena in
the model, as many contact-induced lexical and syn-
tactic patterns (e.g., English and French loanwords,
Arabic learned vocabulary, Turkic colloquialisms)
appear prominently in modern Persian online text.

Because ParsBERT’s training is strictly mono-
lingual, any alignment between its internal repre-
sentations and the structural patterns of contact
languages cannot result from direct exposure to
those languages during pretraining. Instead, such
patterns must arise from:

1We also report layer-wise LAPE scores in Appendix A.

• structural features of Persian itself that reflect
historical contact;

• statistical imprint of borrowings, calques, and
hybrid constructions;

• universal linguistic properties shared across
languages.

These factors motivate our choice of linguistic char-
acteristics analyzed in the remainder of this paper.

4.2 Data: Parallel Universal Dependencies
We employ the Parallel Universal Dependencies
(PUD) treebanks (Zeman et al., 2017; Nivre et al.,
2016) as our cross-linguistic evaluation data. PUD
consists of sentence-level translations of the same
source texts of 1000 news and Wikipedia sentences,
each annotated according to the Universal Depen-
dencies (UD) framework.

The consistent annotation of the data enables
a cross-lingual comparison of the results, and
the alignment between the sentences minimizes
domain-induced variation in the evaluation. Con-
sequently, differences in the analyses across lan-
guages more reliably reflect underlying linguistic
structure–morphology and syntax–rather than di-
vergences in domain or stylistic conventions.

4.3 Test Languages
Out of the 21 languages available in PUD, we focus
on 8 languages with different types and degrees of
contact with Persian (i.e., historical, modern, re-
gional, or minimal). To disentangle contact-driven
effects from general typological similarity, we ad-
ditionally include one language with moderate con-
tact and one with minimal or no contact as compar-
ative controls. Table 1 outlines the languages and
statistics of the datasets used in our experiments.
Below, we outline the degree and nature of contact
between Persian and selected languages.

Turkish (tr). Persian and Turkic languages have
been in continuous contact for nearly a millennium,
beginning in the 11th century (Johanson and Csató,
2021). The interaction was bidirectional: Ottoman
Turkish absorbed extensive Persian vocabulary and
literary forms (Lewis, 1999), while Persian bor-
rowed pastoral, military, and administrative terms
from Turkic languages (Johanson, 2006). Among
the PUD languages, Turkish represents the most in-
tense, long-lasting, and structurally consequential
contact relationship with Persian. Turkish adopted
the Latin alphabet in the late 1920s.
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Lang (ISO) Family Morph. #Tok Writing System Case Gender Contact Type

Arabic (ar) AA: Semitic Templatic 21K Consonantal Rich (3) M/F Historical (Major)
English (en) IE: Germanic Analytic 21K Alphabetic Pronominal Pronominal Modern (Global)
French (fr) IE: Romance Fusional 24K Alphabetic Pronominal M/F Modern (19–20 c.)
German (de) IE: Germanic Fusional 21K Alphabetic Rich (4) M/F/N Minimal
Hindi (hi) IE: Indo-Aryan Fus./Analyt. 23K Syllabic Postpositional M/F Historical (Prestige)
Japanese (ja) Japonic Agglutinative 28K Logographic+Syllabic Particles ✗ Minimal
Russian (ru) IE: Slavic Fusional 19K Alphabetic Rich (6) M/F/N Regional (Modern/20 c.)
Turkish (tr) Turkic Agglutinative 17K Alphabetic Rich (6+) ✗ Historical (Areal)

Persian (fa) IE: Iranian Analytic/LVC — Consonantal ✗ ✗ —

Table 1: Linguistic properties of the test languages. Abbreviations: IE = Indo-European, AA = Afro-Asiatic,
Morph. Type = morphological type, LVC = light-verb construction. Case systems are summarized as: Rich (n)
= languages with n core grammatical cases; Postpos = postpositional case marking; Particles = case marking via
grammatical particles; (L) Pron = case distinctions limited to pronouns. Gender systems are marked as M/F/N =
masculine/feminine/neuter or ✗ for no grammatical gender. Contact Type indicates the historical, modern, regional,
or minimal degree of contact each language has had with Persian.

Arabic (ar). Following the Arab conquest of Iran
in the 7th century CE, Persian underwent extensive
borrowing from Arabic, especially in religion, ad-
ministration, scholarship, and abstract vocabulary
(Windfuhr, 2009). Although Persian and Arabic
remain typologically distinct, Arabic is one of the
most prominent sources of borrowed vocabulary in
Persian, especially in formal and literary domains.
Arabic uses the Abjad writing system.

English (en). English has exerted a strong influ-
ence on Persian primarily since the 20th century,
driven by globalization, science, technology, educa-
tion, and media circulation (Goodrich, 2020). Most
influence is lexical, with widespread borrowing or
calquing in technical domains. English has also
assimilated Persian-origin words through multiple
intermediaries, including bazaar, caravan, paja-
mas, and checkmate (Campbell, 2013). English
uses the Latin alphabet.

French (fr). French was a major prestige lan-
guage in Iran during the 19th and early 20th cen-
turies, influencing administrative, legal, educa-
tional, and military terminology (Amanat, 2017).
Borrowings remain visible in modern Persian: šo-
for (chauffeur), telviziōn (télévision), mersi (merci),
among others. Although its influence has dimin-
ished today, French played a central role in Iran’s
modernization and lexical expansion. French uses
the Latin alphabet.

Russian (ru). Russian influence on Persian is
strongest in northern dialect regions and in Tajik,
which was deeply shaped by Russian during the
Soviet period (Windfuhr, 2009). Borrowings ap-
pear in domains such as politics, science, technol-

ogy, and daily life. Russian also affected Persian-
speaking communities in the Caucasus (Azerbai-
jan, Dagestan) through bilingualism and adminis-
trative contact. While substantial, Russian contact
is more regionally and temporally bounded com-
pared with Turkish and Arabic, making it an appro-
priate moderate-contact control. Russian uses the
Cyrillic alphabet.

Hindi (hi). Persian served as the administrative,
literary, and court language across much of north-
ern India for nearly seven centuries (ca. 1200–
1857) (Alam, 2018). As a result, modern Hindi
and especially Urdu contain thousands of Persian
loanwords and exhibit syntactic and phraseological
calques (Comrie, 2018).

However, similarities between Persian and Hindi
are not solely the outcome of prolonged contact.
The two languages descend from the same sub-
branch of Indo-European, and thus share inherited
lexical, morphological, and syntactic features trace-
able to earlier stages of Indo-Iranian. Nevertheless,
in the historical period, the direction of influence
is primarily Persian → Indo-Aryan, rather than the
reverse. Hindi uses the Devanagari writing system.

Japanese (ja). Japanese has no direct histori-
cal or areal contact with Persian. A small num-
ber of Persian-origin terms reached Japanese indi-
rectly, typically via English or global trade (e.g.,
pajama, caravan) (Campbell, 2013). The con-
tact is therefore minimal, recent, and mediated,
making Japanese a suitable no-contact baseline.
Japanese uses a mixed writing system combining
logographic and syllabic scripts, known as Kanji
and Kana, respectively.
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4.4 Linguistic Annotations

We investigate language contact on (i) language-
specific representations, (ii) the encoding of univer-
sal syntax, and (iii) morphological features absent
from Persian. Our analysis relies on token-level
PUD annotations (Y ) and the corresponding inter-
mediate representations of ParsBERT (X).

Language-specific representations are assessed
by predicting each token’s source language (Y )
from its intermediate representation (X) at each
layer of ParsBERT (Basirat, 2025). The investi-
gation of universal syntax is based on the Univer-
sal POS (UPOS) tags in PUD. Finally, the study
of morphological contact is based on the features
absent in Persian but attested in several contact
languages. We restrict this analysis to CASE and
GENDER, both of which are absent in Persian.2

Language-specific information about these annota-
tions is provided in Table 1.

5 Results

This section reports the results of our probing and
attribution analyses across all tasks. A detailed
layer-wise analysis of the LAPE scores is provided
in Appendix A.

5.1 Language Identification

Figure 1 presents a heatmap of usable information
(ÎV ) for language identification across languages
and layers. The results show that ParsBERT en-
codes substantial information about the identity of
non-Persian languages, despite being trained ex-
clusively on Persian data. The information gain
increases across layers, peaking right after the third
layer, and then stabilizes in higher layers.

The model is most informative about Arabic,
Hindi, Japanese, and Russian. This likely reflects
the significant, mainly lexical, influence of Arabic
on Persian, the dual historical and genealogical re-
lationship with Hindi, and the regional contact with
Russian in northern Iran. The model’s identifica-
tion of Japanese remains unclear; further investiga-
tion is needed to clarify this.

A moderate amount of usable information is ob-
served for English, and French, German, and Turk-
ish exhibit lower values. The relatively low us-
able information for Turkish is particularly notable,

2Persian is not a canonical case-marking language; how-
ever, the object marker -rā is sometimes analyzed as a dif-
ferential or residual accusative case rather than a full case
marker.

Figure 1: Normalized variational usable information
(ÎV ) for language identification.
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Figure 2: The LAPE scores for each language.

given the extensive historical contact between Per-
sian and Turkic languages. This may suggest that
while Persian has absorbed substantial Turkic vo-
cabulary, the deeper morpho-syntactic patterns of
Turkish diverge more significantly from those en-
coded in ParsBERT’s representations.

Figure 2 summarizes LAPE scores associated
with each language. The distribution is highly
skewed: no neurons are assigned to English,
French, German, or Turkish under the LAPE crite-
rion, while only a small number are associated with
Arabic, Hindi, and Russian. In contrast, Japanese
accounts for by far the largest score.

The results suggest that the language signal for
Japanese is more readily isolated into many highly
selective units, while for several other languages
it is either weaker under LAPE’s selectivity crite-
rion or remains expressed in shared (non-language-
specific) features (Tang et al., 2024). The promi-
nence of Japanese may be related to its strong
script/orthographic mismatch with Persian and the
resulting low subword overlap under a Persian-
trained WordPiece tokenizer, leading to more sepa-
rable activation patterns associated with Japanese.

Overall, while the information analysis demon-
strates that substantial language-identifying infor-
mation is distributed across representations for
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Figure 3: Normalized variational usable information
(ÎV ) for UPOS identification.

several non-Persian languages, LAPE reveals that
this information is rarely localized into compact,
language-specific features. From a language-
contact perspective, these findings suggest that
historical contact and lexical influence contribute
to distributed representational overlap, whereas
strong orthographic and typological divergence–
rather than contact per se–facilitates the emergence
of localized language-specific features.

5.2 UPOS Identification

Figure 3 presents usable information values for
UPOS identification across languages and layers.
The information gain remains largely stable with
respect to layer depth for all languages. English
yields the highest score, followed by French, Ger-
man, and Arabic, while Japanese and Hindi exhibit
substantially lower values. Turkish and Russian
fall in an intermediate range.

The results do not reveal a meaningful relation-
ship between the degree of historical contact with
Persian and the amount of recoverable UPOS infor-
mation. Neither typological similarity to Persian
(e.g., word order or morphological type) nor distri-
butional similarity at the level of UPOS tag frequen-
cies appears to be a dominant factor in explaining
the observed variation in usable information. It
supports the interpretation that universal syntactic
representations for UPOS are largely insensitive to
contact-driven variation across languages. At the
same time, it remains unclear whether this reflects a
genuine robustness of universal syntax to language
contact, or finer-grained syntactic phenomena be-
yond UPOS would reveal contact-related effects.

Figure 4 shows LAPE scores for each of the
UPOS tags. The content-word categories (ADJ,
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Figure 4: The LAPE scores for UPOS categories.

ADV, NOUN, VERB) account for substantially
more UPOS-selective neurons than the function-
word categories PRON and ADP. Following Tang
et al. (2024), larger LAPE scores indicate that the
UPOS tag is captured by a larger set of highly se-
lective features. The large scores for content-word
categories reflect their greater semantic variability
and contextual dependence, which require more
specialized features to be reliably distinguished.
Function-word categories, however, encode ab-
stract grammatical relations that are highly recur-
rent and structurally constrained, allowing them
to be represented more compactly and with fewer
isolated neurons. The patterns further reinforce the
conclusion that universal syntactic categories are
largely insensitive to language contact.

5.3 CASE

Figure 5 reports the usable information values for
the morphological feature CASE. For languages
with rich nominal case systems, namely German,
Russian, and Turkish, the information gain remains
close to zero throughout the layers, indicating that
ParsBERT’s representations provide no recover-
able information about their case distinctions. In
contrast, languages with limited or residual case
marking, such as English, French, and Japanese,
exhibit substantially higher usable information. For
these languages, information gain increases sharply
after the first layer and reaches values in the range
of 0.9–1.0 in the upper layers.

Arabic presents an intermediate pattern: al-
though it possesses a morphologically rich case sys-
tem, the usable information starts at approximately
0.02 in the lowest layer and gradually increases
to around 0.2 in the final layers. This behavior is
likely due to extensive lexical overlap between the
two languages. Over centuries of lexical and se-
mantic exchange, Persian may partially adopt pat-
terns associated with Arabic-derived vocabulary,
providing a modest boost alongside the structural
cues it relies on. Moreover, the observation re-
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Figure 5: Normalized variational usable information
(ÎV ) for CASE prediction.

flects the limited realization of case marking in
contemporary written Arabic (Fischer and Rodgers,
2001), which partially aligns with modern Persian
morpho-syntactic patterns.

Among languages with limited case systems,
Hindi exhibits consistently low information across
all layers, suggesting that ParsBERT poorly cap-
tures its postpositional case. This likely stems from
a structural mismatch between Hindi’s obligatory
noun–postposition dependencies and Persian’s con-
figurational encoding of argument structure, which
relies on word order, prepositions, and discourse-
level marking rather than local morphological cues.
From a language-contact perspective, this reflects
the predominantly lexical nature of Persian–Hindi
contact, which has not extended to the transfer or
convergence of core morphosyntactic patterns such
as postpositional case systems.

Overall, the results show that ParsBERT encodes
case-related information in a highly asymmetric
manner, favoring languages with minimal or resid-
ual case marking while failing to capture rich in-
flectional case systems absent in Persian. This
asymmetry can be due to the lack of inflectional
case morphology in Persian, which encodes argu-
ment structure through rigid word order, differen-
tial object marking, adpositions, and dependency
relations. Consequently, a Persian-trained model
acquires abstract, structure-based representations
of syntactic roles rather than paradigmatic case
distinctions. When applied cross-lingually, this
knowledge transfers more effectively to languages
whose argument relations are encoded configura-
tionally or analytically,3 such as English, French,

3Here, configurational refers to the encoding of grammati-
cal relations through syntactic position and dependency struc-
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Figure 6: The LAPE scores for CASE categories.

and Japanese, and substantially less to languages in
which case distinctions are realized through mor-
phosyntactic marking, including Turkish, Russian,
Hindi, German, and Arabic. This pattern under-
scores the sensitivity of morphological features to
language-specific structure and historical develop-
ment, in contrast to the relative robustness observed
for universal syntactic categories.

Figure 6 reports the LAPE scores for individual
CASE categories. The prominence of INS and DAT

indicates that ParsBERT lacks compact, category-
specific features for these relations and instead re-
lies on a distributed set of weak structural cues.
This aligns with the fact that instrumental and da-
tive relations in Persian are typically expressed
analytically through adpositions, light-verb con-
structions, and stable dependency patterns rather
than via inflectional morphology. Consequently,
when these relations are realized morphologically
in other languages, the model must reconstruct
them indirectly, resulting in higher LAPE scores
and reduced representational efficiency.

In contrast, the comparatively low scores for
NOM and ACC reflect their close structural align-
ment with Persian’s encoding of core argument
structure. Subject and object roles are strongly con-
strained by syntactic position in Persian, allowing
these relations to be represented compactly with
fewer selective features, even in the absence of
overt case marking. From a language-contact per-
spective, these results suggest that while contact
has reinforced analytic strategies for expressing
non-core grammatical relations, it has not led to
the transfer of inflectional case paradigms, shaping
both the availability and efficiency of case repre-
sentations in the model.

5.4 GENDER

Figure 7 represents the values of usable information
for GENDER across languages and layers. High

ture (e.g., word order and argument–predicate configurations),
rather than through overt morphological case marking.
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Figure 7: Normalized variational usable information for
GENDER prediction.

usable-information for gender-neutral languages
such as Japanese and Turkish, as well as for En-
glish, whose gender marking is largely restricted
to pronominal forms, indicate that ParsBERT cap-
tures cues associated with the absence or marginal
realization of grammatical gender, consistent with
Persian’s gender-neutral system. However, lan-
guages with fully grammaticalized gender systems
exhibit lower and variable results. No recoverable
information is available for three-gender languages,
whereas two-gender languages, such as French,
Hindi, and Arabic, exhibit moderate usable infor-
mation, with Arabic resulting in the highest usable
information among gendered languages, likely re-
flecting partial surface-level alignment and exten-
sive lexical overlap with Persian.

Figure 8 reports LAPE scores for each gender
category. Gender-related selectivity in ParsBERT is
concentrated in NEUT-associated features. This ob-
servation is consistent with the usable-information
results for three-gender systems and likely reflects
the greater semantic diversity and lexical hetero-
geneity of neuter nouns. Because neuter nouns
typically encompass a broad range of inanimate
and abstract referents, a Persian-trained model dis-
tributes their representation across many features,
each capturing a subset of the neuter class, whereas
masculine and feminine nouns, which are often
more semantically constrained, can be encoded
with fewer selective features.

Overall, the better performance of two-gendered
languages, compared to three-gendered ones, can
be explained from two perspectives: the nature
of the gender systems themselves and the type of
language contact Persian has experienced. From
a structural standpoint, two-gender systems tend
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Figure 8: The LAPE scores for Gender categories.

to align more closely with general semantic and
discourse cues such as animacy, humanness, and
natural sex, which remain accessible even in a
gender-neutral language like Persian and can there-
fore be exploited by ParsBERT. In contrast, three-
gender systems rely on largely arbitrary noun-class
assignments and agreement paradigms that must be
learned morphologically and are not recoverable
from syntactic configuration or semantics alone.

From a language-contact perspective, this asym-
metry is further shaped by the predominantly lexi-
cal and semantic nature of Persian’s contact with
gendered languages, which facilitates surface-level
alignment and the recoverability of semantically
grounded gender distinctions typical of two-gender
systems, without inducing the grammatical restruc-
turing necessary to support fully paradigmatic gen-
der systems.

6 Conclusion

We investigated whether contact-induced linguistic
structure is reflected in the internal representations
of a monolingual Persian-trained language model.
The results reveal a clear asymmetry between syn-
tactic and morphological features: universal syn-
tactic categories (UPOS) show little sensitivity to
historical contact, whereas morphological features
such as CASE and GENDER are strongly shaped
by language-specific structure. In particular, the
model favors analytic and configurational encod-
ings aligned with Persian, while failing to capture
rich inflectional paradigms absent from the train-
ing language. The attribution analysis further in-
dicates that contact-related alignment is primarily
reflected through distributed cues rather than com-
pact, category-specific features, pointing to surface-
level or semantic alignment rather than grammat-
ical transfer. Overall, these findings suggest that
monolingual language models implicitly encode
selective traces of language contact, constrained by
the structural properties of the training language.
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Limitations

A central limitation of our study is that the PUD
collection does not include several languages that
have played crucial roles in the historical and areal
development of Persian. Notably absent are major
Turkic varieties such as Azerbaijani and Turkmen,
which have exerted long-term and deeply struc-
tural influence on Persian, often more directly than
modern Turkish. Similarly, Urdu, the closest Indo-
Aryan successor to the Persianate linguistic tra-
dition and a primary locus of Persian lexical and
syntactic transfer, is missing from PUD, preventing
a fuller assessment of Persian’s influence in South
Asia. Important regional contact languages such as
Armenian and Kurdish, both of which share exten-
sive areal features with Persian, are also unavail-
able. The exclusion of these languages constrains
the breadth of our analysis, as the strongest cases
of sustained bilingualism, bidirectional borrowing,
and structural convergence cannot be directly eval-
uated within the PUD framework. Future work in-
corporating UD treebanks or comparable resources
for these languages would enable a more compre-
hensive and historically aligned investigation of
Persian language contact.
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A Layer-wise Distribution of LAPE

In this section, we provide an overview of the
LAPE scores across layers and task categories. De-
tailed analyses for each task are presented in the
following subsections.

A.1 Language Identification

Figure 9 shows the total number of language-
specific neurons identified at each layer. The results
show that language-specific neurons are concen-
trated in a small number of layers, most notably
Layer 2 and the top layers, rather than being evenly
distributed throughout the network.

Figure 10 further breaks down the results by
language. The dominance of Japanese-specific neu-
rons across almost all layers, particularly in the
upper layers, indicates that ParsBERT allocates a
large number of highly specialized neurons to pro-
cessing Japanese tokens. This likely reflects strong
script-level and orthographic differences between
Japanese and Persian, which require distinct repre-
sentational pathways despite the model’s monolin-
gual training.

Hindi and Russian exhibit a more moderate but
still noticeable concentration of language-specific
neurons, primarily in higher layers. This aligns
with the results from usable information, where
both languages show relatively high recoverable
language identity information. In contrast, English,
French, German, and Turkish are associated with
very few or no language-specific neurons. This
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Figure 10: Layer-wise distribution of language-specific
neurons identified by LAPE.
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Figure 11: Layer-wise distribution of UPOS-specific
neurons identified by LAPE.

suggests that for these languages, language iden-
tity is either weakly encoded or distributed across
shared neurons rather than being localized in highly
specific units.

A.2 UPOS Identification

Figure 11 shows the layer-wise LAPE scores for
UPOS identification. The LAPE results indicate
that UPOS selectivity is present both very early and
again in the upper part of the network, with weaker
neuron-level selectivity in the intermediate layers.

The per-category breakdown in Figure 12 shows
that ADJ and ADV contribute the largest numbers
of UPOS-selective neurons across layers, followed
by NOUN and VERB. In contrast, PRON and
ADP contribute substantially fewer selective neu-
rons throughout the network. This indicates that the
overall LAPE profile is driven primarily by content-
word categories, whereas function-word categories
yield comparatively fewer neurons that meet the
LAPE selectivity criterion. From the perspective of
language contact, this asymmetry may indicate that
ParsBERT encodes function-word categories in a
more abstract and transferable manner across lan-
guages, whereas content-word representations are
more language-specific and therefore less directly
aligned across Persian and the test languages.

1 2 3 4 5 6 7 8 9 10 11 12
Layer

0

10

20

30

40

50

60

Nu
m

be
r o

f N
eu

ro
ns

UPOS-NOUN
UPOS-VERB

UPOS-ADJ
UPOS-ADV

UPOS-PRON
UPOS-ADP

Figure 12: Layer-wise distribution of UPOS-specific
neurons identified by LAPE.
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Figure 13: Layer-wise distribution of Case-specific neu-
rons identified by LAPE.

A.3 Case

Figure 13 presents the layer-wise distribution of
Case-specific neurons, and Figure 14 further de-
composes this distribution by individual case val-
ues. The number of selected neurons is low in
Layer 1, peaks sharply in Layer 2, drops substan-
tially across the middle layers, and then increases
again toward the final layer, where it reaches its
maximum. This indicates that case selectivity is
concentrated in a small subset of layers rather than
being evenly distributed across the network depth.

The per-case breakdown in Figure 14 shows that
this pattern is driven primarily by INS, which ac-
counts for the largest share of case-selective neu-
rons and exhibits pronounced peaks in Layers 2
and 12. Other case values contribute far fewer neu-
rons overall: DAT shows a moderate peak in the
early layers, while ACC and LOC increase mainly
in the final layer; NOM and GEN remain sparse
throughout. Overall, the LAPE analysis indicates
that, when case-related selectivity is observed, it is
localized to a limited number of layers and concen-
trated on a small subset of case values.

A.4 Gender

Figure 15 shows the layer-wise distribution of
gender-selective neurons identified by LAPE. The
results show that gender selectivity is not uniformly
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Figure 14: Layer-wise distribution of Case-specific neu-
rons identified by LAPE.
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Figure 15: Layer-wise distribution of Gender-specific
neurons identified by LAPE.

distributed across depth, but concentrates in a small
number of layers, especially early (Layer 2) and
late (Layer 12).

The per-category breakdown in Figure 16 indi-
cates that the aggregate pattern is driven primarily
by the NEUT category, which accounts for the ma-
jority of gender-selective neurons in nearly every
layer and shows strong peaks in Layers 2 and 12. In
contrast, FEM and MASC contribute comparatively
few neurons and remain low across the network,
with only small increases in the upper layers. Over-
all, the LAPE analysis suggests that neuron-level
selectivity for gender is dominated by the NEUT

label, while selectivity for FEM/MASC distinctions
is comparatively sparse.
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Figure 16: Layer-wise distribution of Gender-specific
neurons identified by LAPE.
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