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Abstract

This paper investigates whether monolingual
and multilingual LLMs show human-like prefer-
ences when presented with examples of relative
clause attachment ambiguities in Italian and En-
glish. We also test whether these preferences
can be modulated by lexical factors (the type of
verb/noun in the matrix clause) which have been
shown to be tied to subtle constraints on syntac-
tic and semantic relations. Our results overall
showcase how LLM behavior varies inconsis-
tently across models and languages, and high-
light the importance of leveraging subtle syntac-
tic contrasts in exploring these models’ ability
to correctly align with human-like preferences.

1 Introduction

A recent but already classical line of work has
focused on evaluating neural models’ predictions
on fine-grained syntactic phenomena/constructions,
in order to probe whether the models have learned
knowledge about the specific structural characteris-
tics of (a) language (Linzen et al., 2016; Marvin and
Linzen, 2018; Gauthier et al., 2020; Warstadt et al.,
2019, 2020b,a; Sartran et al., 2022; Newman et al.,
2021a; Jumelet et al., 2024; Arora et al., 2024).
This type of comparison leverages psycholinguistic
design to gain insight into the opaque (learned or
architectural) biases of LLM (Linzen and Baroni,
2021; Futrell et al., 2019; Ettinger, 2020).

While a majority of past work has focused on
evaluating LLMs’ syntactic knowledge in terms of
their ability to distinguish grammatical and ungram-
matical constructions, an important component
of human sentence comprehension is ambiguity
resolution (Altmann, 1998; Gibson and Pearlmutter,
1998). In particular, it is worth investigating how
neural models handle multiple simultaneously
correct interpretations for a single sentence in the
absence of disambiguating cues/context (Davis and
van Schijndel, 2020; Bhattacharya et al., 2022; Liu
et al., 2023; Zhou et al., 2024).

Consider the case of the relative clause (RC)
“that was running” following the complex noun
phrase “son of the doctor”, as in (1):

(1) I saw the son of the doctor that was running.

There are two possible interpretations of this
sentence: in one interpretation the RC modifies the
doctor (low attachment; LA), and in the other it
modifies the son (high attachment; HA). Famously,
human preferences for HA or LA vary both individ-
ually and cross-linguistically, and are affected by a
variety of syntactic and semantic factors (Cuetos and
Mitchell, 1988; De Vincenzi and Job, 1993; Mitchell
et al., 1990; Miyamoto, 1998; Maia et al., 2007;
Abdelghany and Fodor, 1999). Moreover, some of
these factors (e.g., the type of verb used in the matrix
clause of the sentence) seem to be tied to subtle syn-
tactic differences in each language (Cinque, 1992;
Grillo et al., 2015; Grillo and Costa, 2014, a.o.).

RC attachment ambiguities thus present an
interesting way of probing LLMs’ syntactic
knowledge and behavior. In fact, investigating
LLMs’ performance over ambiguous sentences
cross-linguistically might provide crucial insights
into the kind of linguistic biases available to
these models through their training data, and
the properties of the models tied to architectural
choices (Davis and van Schijndel, 2020; Li et al.,
2024). As differences in the frequency of HA vs.
LA structures have been argued to account for the
cross-linguistic variation of RC preferences at least
to some degree, it seems reasonable that LLMs
would be able to replicate (some of) these patterns.
However, RC attachment seems to be understudied
in the LLM syntactic evaluation literature (Davis
and van Schijndel, 2020; Issa and Atouf, 2024; Lee
et al., 2025; Scheinberg et al., 2025).

Here, we aim to add to this scarce literature, and
evaluate a variety of LLMs to determine their disam-
biguation strategies for RCs in Italian and English.
We compare Italian to English since the two lan-
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guages have some shared structural properties (e.g.,
SVO, post-nominal RCs), but differ in RC interpre-
tation: modulo other variables, English speakers
generally exhibit a LA RC preference while Italian
speakers a HA one (Frazier, 1983; Cuetos and
Mitchell, 1988; De Vincenzi and Job, 1993). Ad-
ditionally, Italian and English speakers respond dif-
ferently to other variables affecting RC attachment,
which have been argued to be also captured by some
multilingual LLMs (e.g., type of matrix verb; Grillo
et al., 2015; Grillo and Costa, 2014; Henot-Mortier,
2023). Therefore, building on the psycholinguistics
and LLM literature on RC attachment, here we ask:

1. whether monolingual and multilingual LLMs
tested on Italian and English show any type
of attachment preference when presented with
ambiguous RCs;

2. whether these preferences conform to those
of Italian/English speakers;

3. whether these preferences show sensitivity to
fine-grained structural information modulated
by properties of the matrix clause.

2 Related Work

The cross-linguistic variability of attachment pref-
erences for ambiguous RCs has been focus of many
psycholinguistics debates, due to its direct relevance
to questions about the mechanisms guiding human
sentence processing (Frazier, 1983; Cuetos and
Mitchell, 1988; De Vincenzi and Job, 1993; Gibson
and Pearlmutter, 1998; Grillo et al., 2015; Hemforth
et al., 2015; Lee and De Santo, 2024, a.o.).

Famously, when presented with a globally
ambiguous sentence like in (1), and in the absence
of a disambiguating context, English speakers tend
to prefer a LA interpretation: an interpretation in
which the RC gives us information about (modifies)
the second noun of the preceding complex noun
phrase (Frazier, 1983; Cuetos and Mitchell, 1988).
This LA preference is well attested in other
languages including Mandarin Chinese and Arabic
(Shen, 2006; Abdelghany and Fodor, 1999; Ehrlich,
1999). In turn, a preference for the RC modifying
the first noun — a HA interpretation — has been
found in languages like Italian, Spanish, and Dutch
(Cuetos and Mitchell, 1988; De Vincenzi and Job,
1993; Brysbaert, 1996; Frenck-Mestre and Pynte,
2000; Mitchell et al., 2000). Beyond these broader
preferences at the language level, multiple factors
have been shown to affect RC preferences across

languages — for instance, referentiality of the
modified nouns, lexical and structural frequency,
and semantic or pragmatic plausibility (De Vincenzi
and Job, 1993; MacDonald et al., 1994; Gilboy
et al., 1995; Ferreira, 2003; Fernández, 2003; Swets
et al., 2008; Acuna-Farina et al., 2009).

Recently, it has been argued that one important
predictor of attachment disambiguation in Italian
RCs is whether the verb in the main clause is non-
perceptual (marry, know, cook, etc) or perceptual
(observe, hear, smell, etc). When other semantic
and syntactic aspects are controlled for, RCs of sen-
tences containing non-perceptual verbs lead to a LA
preference while perceptual verbs lead to a HA pref-
erence (Grillo and Costa, 2014; Lee and De Santo,
2024). More generally, reviewing past literature
on RC attachment preferences in so-called HA
languages, Grillo and Costa (2014) have related this
verb-type sensitivity to a subtle structural ambiguity
at the complementiser, beyond the classic LA RC
vs. HA RC choice. Some languages allow for a con-
struction known as a Pseudo-Relative Clause (PRs),
which is string-identical to RCs but different at the
semantic, syntactic, and prosodic levels (Cinque,
1992; Grillo and Costa, 2014; Aguilar and Grillo,
2021, a.o.). In particular, instead of providing infor-
mation about the entity (noun) that is modified (2a),
PRs denote direct perception of events (2b) and are
thus only compatible with some specific subclasses
of verbs (e.g., photograph, record) in the matrix
clause (perception verbs, introducing events).

(2) Gianni vide il figlio che correva.

a. Gianni vide [DPil [NPfiglio [RCche
correva]]].
Gianni saw [the [son [that ran]]].

b. Gianni vide [SC[DPil figlio] [che
correva]].
Gianni saw [[the son] [running]].

While RCs modify nouns, PRs are analyzed
as complements of perceptual verbs and are only
compatible with what looks like a HA interpretation,
leading to an apparent HA preference with verbs
that license them (Cinque, 1992, a.o.). This
hypothesis has found experimental support in a
variety of languages including Italian (Grillo and
Costa, 2014; Lee and De Santo, 2024) and Spanish
(Aguilar and Grillo, 2021). RC attachment thus
offers ways to explore the sensitivity of LLMs to
important structural and semantic features within
and, crucially, across languages.
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Starting with Linzen et al. (2016), there has been
a fruitful line of research using psycholinguistic
tasks to explore neural models’ knowledge of
different lexical, structural, and semantic linguistic
properties (Marvin and Linzen, 2018; Gauthier
et al., 2020, 2022; Warstadt et al., 2019, 2020b,a;
Sartran et al., 2022; Newman et al., 2021b; Jumelet
et al., 2021; Arora, 2022; Gulordava et al., 2018;
Sinclair et al., 2022; Goldberg, 2019; Wilson et al.,
2023) — and to evaluate whether model behavior
resembles the performance of humans tested on
similar tasks/constructions (?Futrell et al., 2019;
Ettinger, 2020).

While some work probing LLMs’ ability to deal
with (different types of) ambiguity exists (Van Schi-
jndel and Linzen, 2018; Bhattacharya et al., 2022;
Liu et al., 2023; Zhou et al., 2024; Li et al., 2024),
little attention has been paid to the phenomenon
of RC attachment in absence of a disambiguating
context. In this sense, Davis and van Schijndel
(2020) analyzed the ability of LSTMs to learn RC
attachment preferences in English and Spanish.
They showed that LSTMs preferred English-like
attachment (LA) in both English and Spanish. More
recently, Issa and Atouf (2024) tested RC attach-
ment in Arabic with a variety of transformer models
(Vaswani et al., 2017), using a zero-shot prompting
method. They showed significant variability across
model architectures, with some models’ behavior
being in line with the attachment preferences
reported for Arabic speakers, while others showing
no preference at all. Similarly, Lee et al. (2025)
evaluated whether world knowledge biases help
RC attachment disambiguation in six typologically
diverse languages. Using prompting methods that
simulated a force-choice decision task, they showed
how three models (Claude 3.5 Sonnet, GPT-4o, and
Llama 3.1) exhibited a strong attachment preference
across languages (see also Scheinberg et al., 2025).
Furthermore, going back to our discussion of
linguistic factors that modulate RC preferences,
Henot-Mortier (2023) has shown that monolingual
and multilingual transformer architectures exhibit
some sensitivity to PR-availability in French.
However, this work evaluated PR-related properties
only in contexts outside of ambiguous RC, and
it thus unclear whether they would modulate an
LLM’s choice of attachment.

In sum, the complex interaction between RC at-
tachment and other syntactic/semantic factors opens
an exciting set of possibilities for the cross-linguistic
evaluation of LLMs’ linguistic performance. In

Model Name Lang. Reference
GePpeTto IT De Mattei et al. (2020)
AlBERTo IT Polignano et al. (2019)
UmBERTo IT Parisi et al. (2020)

bert-base-multilingual-cased M Devlin et al. (2019a)
xlm-mlm-17-1280 M CONNEAU and Lample (2019)

XLM-RoBERTa-large M Conneau et al. (2020)
GPT-2 ENG Radford et al. (2019)

bert-base-uncased ENG Devlin et al. (2019b)

Table 1: Monolingual (IT: Italian; ENG: English) and
Multilingual (M) models tested in this paper.

what follows, building on the results of Davis and
van Schijndel (2020) and Henot-Mortier (2023), we
focus on evaluating a set of monolingual and mul-
tilingual models on the patterns of RC-attachment
and PR-sensitivity reported in the psycholinguistic
literature for Italian and English (Grillo and Costa,
2014; Grillo et al., 2015; Lee and De Santo, 2024).

3 Italian Experiment

As mentioned, past literature suggests that in lan-
guages that allow for PRs (e.g., Italian) if the matrix
verb is perceptual a PR parse takes precedence,
resulting in a HA interpretation. Otherwise, a
preference for an LA intepretation is observed.
Grillo and Costa (2014) tested this prediction by
evaluating Italian participants’ behavior when ex-
posed to globally ambiguous sentences containing a
complex noun phrase followed by an RC. Sentences
varied over the type of verb used in the matrix clause
(perceptual/stative). As predicted, participants
showed a HA preference only with perceptual verbs,
and exhibited a LA preference with stative verbs.

Here, we exploit this design to explore whether
the type of matrix verb in Italian sentences affects
LLM attachment preferences. In the past, a common
evaluation technique has been to check whether a
model assigns a higher probability to a grammatical
sentence compared to an ungrammatical one
(Linzen et al., 2016; Gulordava et al., 2018). How-
ever, here we are interested in probing an LLM’s
preference in choosing one grammatical interpre-
tation over another equivalently grammatical one,
in the absence of other disambiguating factors (e.g.,
context). To do so, instead of using the globally
ambiguous sentences of Grillo and Costa (2014),
we follow Davis and van Schijndel (2020) and
adopt sentences that are temporarily ambiguous.

Specifically, we leverage a modification of the
Grillo and Costa (2014)’s stimuli presented by Lee
and De Santo (2024). We follow a 2 × 2 design,
in which quartets of sentences vary across two
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dimensions: Verb Type and Attachment Type. As in
Grillo and Costa (2014), sentences include a main
verb which is either perceptual (heard) or stative
(worked with) and a complex noun phrase (the
grandma of the girls) followed by an RC. Items are
disambiguated towards HA or LA based on singu-
lar/plural agreement between one of the nouns in the
matrix clause (grandma/girls), and the embedded
verb. This is possible since Italian differentiates
singular/plural morphology explicitly on the main
verb. We use Lee and De Santo (2024)’s items,
which include 24 sentence sets for a total of ninety-
six sentences. Each set contains 4 sentences varying
across the two dimensions mentioned above (Ap-
pendix A). In line with the models tested for French
by Henot-Mortier (2023), we test three Italian-only
models, and three multilingual models (GePpeTto;
AlBERTo; bert-base-multilingual-cased; xlm-mlm-
17-1280; XLM-roBERTa-large; see Table 1).

3.1 Surprisal Analysis

Following Davis and van Schijndel (2020), we eval-
uate LLMs using information-theoretic surprisal
(Hale, 2001; Levy, 2008), which is usually defined
as the inverse log probability assigned to a word
in a sentence given its preceding context. Fixed
verb-type, our stimuli include sentence pairs that
are string identical until the singular/plural features
on the disambiguating verb. Thus, for each item in
the dataset, we compute surprisal at the embedded
verb using the minicons library (Misra, 2022).1

For the xlm-mlm–17-1280 model, three of the sets
were excluded due to minicons not returning a
surprisal value for the disambiguating verb.

For each LLM, we fit a linear mixed-effect
(LME) model using Surprisal at the embedded
verb as the dependent variable, and Verb Type and
Attachment Type as fixed effects. We also include
a random intercept for set, in order to account for
lexical variation across sentence quartets.2. All
analyses were performed using the lme4 package
(version 1.1.35.5; Bates et al., 2015) in R (R version

1Specifically, for each of the LLMs tested, verbs were
tokenized into stems and suffixes (e.g. gridava/vano is
tokenized as [grida] and [va/vano]). Each LLM was verified
to ensure tokenization occurred in this form. All LLMs tested
were consistent with this tokenization approach with the
exception of the xlm-mlm-17-1280 model, which tokenized
some verbs to include part of the stem in the token. For
example, saltava was tokenized as [sal] and [tava] rather
than [salta] and [va]. This linguistically opaque tokenization
occurred for 4 out of the 48 Italian stimuli of the form verb+va.

2Surprisal ∼ Verb Type + Attachment Type + Verb
Type*Attachment Type + (1|set)

4.4.1; R Core Team, 2021).
Statistical analyses show no significant attach-

ment or verb type effects, nor their interaction,
for any of the LLMs tested (see Figure 1).3 These
results can be interpreted as the absence of an at-
tachment preference (in line with Italian speakers or
not), and a lack of sensitivity to verb-type properties,
in both the Italian-only and the multilingual models.

4 English Experiments

Since PR availability co-varies in Italian with
semantic properties of the matrix verb (i.e., implicit
causality), Grillo et al. (2015) acknowledge that a
pragmatic explanation for their results could also
be viable (Gilboy et al., 1995; Rohde et al., 2011).
They conducted an English study probing similar
variables modulating RC attachment as those
manipulated in the Italian studies discussed above.

While not a PR-language, English allows for
structures that are interpretatively similar to PRs
— eventive small clauses (SC), which describe
dynamic events as in: Star heard the monster
scream. These constructions are licensed by per-
ceptual verbs, and have many of the functional and
interpretative properties of PRs in Italian. However,
English SCs are not string equivalent to RC clauses
with an explicit complementiser. Therefore, a
PR-based account of attachment preferences
predicts that PR-related verb-type effects should
not arise with RC sentences in English. On the
other hand, a pragmatic account would predict a
perceptual/stative effects on attachment in English
as observed by Grillo and Costa (2014) in Italian.

In an offline questionnaire, Grillo et al. (2015)
showed that English participants consistently prefer
LA, although they observed a small HA boost in the
SC-licensing/Perceptual verb condition. They argue
that these results are incompatible with a pragmatic
account of the Italian findings, strengthening the PR-
availability argument for their Italian results. This
design offers us a way to further probe factors affect-
ing RC attachment strategies in LLMs with a direct
cross-linguistic comparison of the manipulated vari-
ables. Additionally, as implicit causality has been
explored in the LLM literature to somewhat conflict-
ing results, this experimental set up might lead to
broader insights into LLMs’ sensitivity to seman-
tic/pragmatic variables (Kankowski et al., 2025; Ke-

3For the sake of space, when discussing analyses we only
report significance. The full output of each LME model can be
found in Appendix B. Scripts and data for all the experiments
in this paper can be found at https://shorturl.at/yYgIf
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Figure 1: Surprisal values by condition, for each one of the models tested in the Italian Experiment.

mentchedjhieva et al., 2021). In addition to the verb-
type manipulation of the Italian experiments, Grillo
et al. (2015) also modulate the type of nominal used
as the first noun in the complex noun — either licens-
ing a SC or not (heard vs. scream). This noun-type
manipulation implies testing RCs following a com-
plex noun-phrase in the subject position of the main
sentence, compared to the object modifying RCs
used when manipulating verb type (Example 3).

(3) a. Kelly heard the grandma of the girl that
was screaming.

b. The sounds of the grandma of the girl
that was screaming is annoying.

We adopt this design, but we will again depart
from the baseline psycholinguistic study by using
disambiguated RCs over globally ambiguous ones.
We thus split Grillo et al. (2015)’s experiment into
two: Experiment 1 will test the effect of verb-type in
English, while Experiment 2 will text the effects of

noun-type/RC position. In line with the Italian exper-
iment, we test two monolingual English models, and
the three multilingual models evaluated in Section 1.

4.1 Experiment 1: Verb-Type Effects

First, we investigate Verb Type effects in English,
using stimuli adapted from the first experiment
in Grillo et al. (2015). These include sets of four
lexically matched items holding all properties of a
sentence constant except for the matrix verb, which
is either a RC-only verb or a SC-licensing verb
(Appendix A). Grillo et al. (2015) report that human
participants tested on these stimuli showcase a
general preference for LA, but a slight HA boost
in the SC-licensing condition.

Similarly to the Italian experiment, all items
were modified to disambiguate LA/HA based
on singular/plural agreement on the embedded
verb. Because of the properties of English, this
disambiguation happens over an auxiliary verb
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Figure 2: Surprisal values by condition, for each one of the models tested for Verb-type Effects in English (Exp. 1).

(was/were) instead of directly on the embedded
verb. Experimental stimuli included twenty-four
sets, for a total of ninety-six sentences. We fit an
identical linear mixed-effect model model as for the
Italian Experiment, using Surprisal at the embedded
verb as the dependent variable, and Verb Type and
Attachment Type as fixed effects.4

Compared to the Italian Experiments, results
here are more mixed (Figure 2). For the multilingual
bert-base model, we found a significant Verb
Type effect, consistent with surprisal values being
generally lower in the SC-licensing verb condition
that in the RC-only condition. These differences are
independent of Attachment Type, although with SC
verbs we observe a (non-significant) trend in favor
of the LA condition — which is line with the known
LA preference in English, but somewhat in contrast
with what Grillo et al. (2015) found with human

4Surprisal ∼ Verb Type + Attachment Type + Verb
Type*Attachment Type + (1|set)

participants. No significant effects were found with
the xlm model, but there were marginal effects of
Attachment Type and of the Verb Type/Attachment
Type interaction. The xlm model’s results do trend
towards lower surprisal for LA in the RC-only con-
dition (Figure 2). For the RoBERTa model we found
significant Very Type and Attachment Type effects,
but no interaction effects. Again, surprisal values in
the SC condition are lower independently of Attach-
ment Type (Figure 2). Additionally, surprisal values
for HA items are significantly lower than those of
LA items (thus indicating a HA preference). Con-
sidering now the monolingual models, with GPT-2
we found both Verb-Type and Attachment-Type
effects. These results are related to higher surprisal
values in the RC-Only and the HA conditions. We
additionally found a significant interaction effect.
Descriptively this is the closest the pattern of results
in human experiments. It is worth observing the
magnitude of these effects: human participants
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still exhibit a certain rate of HA choices in both
conditions, compared to the heavy LA tendency of
GPT-2. Finally we found no significant effects for
bert-base-uncased across conditions.

4.2 English Experiment 2: Noun-Type Effects

In a second experiment, we leverage the stimuli
in the nominal condition of Grillo et al. (2015)’s
first experiment. This condition compares nominals
that license SC (i.e., event-takin nouns compatible
with the description of an event, like “picture” or
“sound”) to nominals that are only compatible
with RCs (e.g., “car” , “comb”). As mentioned
above, the nominal condition is also designed
so that the complex noun phrase (and thus the
following RC) occupies the subject position of
the matrix clause (as in Table 4). On these stimuli,
English participants show a LA preference, but no
noun-type effect (Grillo et al., 2015).

For our LLM tests, we again modify all items
to disambiguate LA/HA based on singular/plural
agreement on the embedded verb, resulting in a 2×2
design. Results from linear-mixed effect models5

for each LLM are mixed, but generally in line with
those in the first English experiment (Figure 3).
For the multilingual bert model, we find a strong
effect of Attachment Type, no effect of Noun Type,
and no interaction. These are compatible with bert
strongly preferring LA items independently of the
noun manipulation. For the xlm model, we found a
significant clause type effect, but no effect of attach-
ment, nor an interaction. This is compatible with
a tendency for slightly higher surprisal values with
SC-licensing nominals independently of Attach-
ment Type. For the RoBERTa model we again found
a strong Attachment Type effect, with no interaction
with Noun Type. This is the result of a strong
preference for HA items across Noun-Type condi-
tions (Figure 3), in line with Roberta’s behavior in
Experiment 1. As for the English-only models, with
GPT-2 we found a significant effect of Attachment
type. Similarly, bert-base-uncased presents a sig-
nificant sensitivity to attachment type and no other
effect. It is also interesting to observe that although
monolingual and multilingual bert behave similarly
in their trends, their patterns are not human like.

5Surprisal ∼ Noun Type + Attachment Type + Noun
Type*Attachment Type + (1|set)

5 Discussion and Further Work

This paper contributes to work evaluating the sen-
sitivity of LLMs to a variety of linguistic properties,
by exploring whether/how the preference for High
or Low attachment of RCs is affected by syntac-
tic/semantic properties of the matrix clause. Our
results overall showcase how LLM behavior does
not align with human data and, more importantly,
varies inconsistently across models and languages.

Specifically, we measured the difference in sur-
prisal of locally ambiguous sentences at the point of
disambiguation (the embedded verb) to determine
whether a number of (monolingual and multilingual)
LLMs align with human-like RC attachment prefer-
ences in Italian and English. Furthermore, we tested
whether these preferences can be modulated by lex-
ical factors in the matrix clause (Verb Type or Noun
Type), which have been argued to be related to subtle
differences between RCs and other constructions.

For Italian, statistical results over raw surprisal
values indicate that none of the models we tested
exhibits any attachment preference at all, whether
in line with the human results or not. Furthermore,
we do observe high item-level variability, which is
also not human-like. Even though we control for
item-level lexical effects in our statistical models,
because of this stark item-based variability we
do note interesting (non statistically significant)
tendencies in some of the models that beg for
deeper inquiry in future work. For instance, modulo
some high surprisal LA items, the GePpeTto model
shows a general qualitative preference towards LA,
in particular with perceptual verbs.

English results across two experiments were
more mixed. While some models showcase some
type of attachment preference, and at times verb and
noun type effects on these preferences, these were
not exactly in line with human data. For instance,
while the multilingual bert-base model does show a
slight preference for LA items, the RoBERTa model
shows a strong bias towards HA items, in contrast
with the reported LA preference for English. The
mirrored behavior of BERT and RoBERTa across
the two English experiments is also of note, and
opens question for future comparisons — as does
the fact that surprisal values across models were
slightly higher in the RC-only condition.

Notably, our statistical results are also somewhat
in contrast with what previous work found for
Spanish and Arabic (Davis and van Schijndel, 2020;
Issa and Atouf, 2024), which found a general LA
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Figure 3: Surprisal values by condition, for each one of the models tested for Noun-Type effects in English (Exp. 2).

preference even in HA languages. However, Davis
and van Schijndel (2020) tested models with an
LSTM architecture, while Issa and Atouf (2024)
used prompting methods as opposed to the surprisal
measurements used here. Future work should
then probe differences between architectures and
tasks/measures more in depth. With respect to our
comparison with some of the recent literature on
LLM attachment preferences, it is worth consider-
ing the effects of task. Some studies on LLMs and
RCs have adopted prompting (Brown et al., 2020)
as a method of studying LLMs’s sensitivity to RC
properties in ambiguous attachment contexts (Issa
and Atouf, 2024; Scheinberg et al., 2025; Lee et al.,
2025). Importantly, prompting tasks have been criti-
cized with respect of their ability to provide insights
into the linguistic representations and decision pro-
cesses of LLMs (Hu and Levy, 2023; Hu and Frank,
2024). Crucially, prompting tasks rely on specific
meta-linguistic information that might confound the

evaluation of model sensitivity to linguistic proper-
ties. For instance, Lee et al. (2025) set-up an evalua-
tion pipe-line dependent on a model’s ability to first
identify an RC and DPs related to it. Generally, this
tension between past work and our results suggest
the necessity of testing similar constructions while
keeping architectural (and task) details constant.

Overall, our work suggests a primary role
for structural ambiguity in the study of LLMs’
capabilities cross-linguistically, problematizing
general, broad-stroke claims about “human-like”
performance of LLMs, and strengthening the ar-
gument in favor of psycholinguistically motivated,
cross-linguistics benchmarks. We argue for the
importance of studying LLM performance over
ambiguous, grammatically well-formed linguistic
stimuli, as a fine-grained lens into LLM knowledge
and processes.
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Limitations

In this paper we argued for the importance of
leveraging well-designed psycholinguistic stimuli
in investigating LLM’s behavior. Therefore, we
relied on experimental items available from two psy-
cholinguistic studies of interest in conducting our
evaluations. However, this meant that the number of
items used in the paper is relatively low compared
to the size of test sets in the LLM literature (but
comparable to other work on LLM/RC attachment).
This choice might also have made our results
particularly sensitive to item-level (set) variability,
which deserves further investigation. Additionally,
a limitation of comparing Italian to English is that in
Italian surprisal is measured at the disambiguating
verb, which varies lexically across sets, but in
English the disambiguating continuation is always
measured on the was/were contrast consistently.
While we controlled for set in our statistical
models to partially address item-level confounds,
future work on RC attachment and noun/verb
type effects should explore this difference, and be
extended to multiple languages with and without
pseudo-relative constructions.
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A Templates for Experimental Stimuli

Table 2: Italian stimuli by condition, adapted from Lee and De Santo (2024).

Verb Type Attachment Target

a. Perceptual (P) LA
Gianni vide il figlio dei
Gianni saw the son-SG of the

medici
doctors-PL

che
who

correvano
were running-PL

la
the

maratona
marathon

b. Perceptual (P) HA
Gianni vide il figlio dei
Gianni saw the son-SG of the

medici
doctors-PL

che
who

correva
was running-SG

la
the

maratona
marathon

c. Non-Perceptual (N) LA
Gianni amò il figlio dei
Gianni loved the son-SG of the

medici
doctors-PL

che
who

correvano
were running-PL

la
the

maratona
marathon

d. Non-Perceptual (N) HA
Gianni amò il figlio dei
Gianni loved the son-SG of the

medici
doctors-PL

che
who

correva
was running-SG

la
the

maratona
marathon

Table 3: Stimuli by condition for English Exp. 1, adapted from Grillo et al. (2015).

Verb Type Attachment Target
a. RC-only HA Jim saw the son of the doctors that was having dinner.
b. RC-only LA Jim saw the son of the doctors that were having dinner.
c. SC HA Jim shares the house with the son of the doctors that was having dinner.
d. SC LA Jim shares the house with the son of the doctors that were having dinner.

Table 4: Stimuli by condition for English Exp. 2, adapted from Grillo et al. (2015).

Noun Type Attachment Target
a. RC-only HA The picture of the son of the doctors that was having dinner is old.
b. RC-only LA The picture of the son of the doctors that were having dinner is old.
c. SC HA The car of the son of the doctors that was having dinner is old.
d. SC LA The car of the son of the doctors that were having dinner is old.

B Summary of LME Models
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Estimate Std. Error df t-value Pr(>|t|)
(Intercept) 27.94089 0.82105 31.02296 34.031 <2e-16
Verb Type -0.63548 0.50688 69.00000 -1.254 0.214
Attachment Type -0.19745 0.50688 69.00000 -0.390 0.698
Verb Type : Attachment Type -1.34373 4.39996 69.00000 -0.305 0.761

(a) AlBERTo

Estimate Std. Error df t-value Pr(>|t|)
(Intercept) 2.5262 0.6478 80.3745 3.900 0.000199
Verb Type -0.7534 0.8093 69.0000 -0.931 0.355153
Attachment Type 0.1703 0.8093 69.0000 0.210 0.833988
Verb Type : Attachment Type 1.2688 1.1446 69.0000 1.109 0.271492

(b) GePpeTto

Estimate Std. Error df t-value Pr(>|t|)
(Intercept) 28.1589 1.6636 32.7576 16.927 <2e-16
Verb Type -0.4183 1.1124 69.0000 -0.376 0.708
Attachment Type -0.5246 1.1124 69.0000 -0.472 0.639
Verb Type : Attachment Type 0.6105 1.5732 69.0000 0.388 0.699

(c) bert_base_multilingual_case

Estimate Std. Error df t-value Pr(>|t|)
(Intercept) 24.6305 2.0505 54.8460 12.012 <2e-16
Verb Type 1.7987 2.2630 60.0000 0.795 0.430
Attachment Type 0.3184 2.2630 60.0000 0.141 0.889
Verb Type : Attachment Type -0.4746 3.2003 60.0000 -0.148 0.883

(d) xlm-mlm-17-1280

Estimate Std. Error df t-value Pr(>|t|)
(Intercept) 46.35441 3.29053 47.98074 14.087 <2e-16
Verb Type 3.62229 3.11124 69.00000 1.164 0.248
Attachment Type 0.08279 3.11124 69.00000 0.027 0.979
Verb Type : Attachment Type -1.34373 4.39996 69.00000 -0.305 0.761

(e) XLM-roBERTa-large

Estimate Std. Error df t-value Pr(>|t|)
(Intercept) 2.5262 0.6478 80.3745 3.900 0.000199
Verb Type -0.7534 0.8093 69.0000 -0.931 0.355153
Attachment Type 0.1703 0.8093 69.0000 0.210 0.833988
Verb Type : Attachment Type 1.2688 1.1446 69.0000 1.109 0.271492

(f) UmBERTo

Table 5: LMER Summary for all models in the Italian Experiment. Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05.
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Estimate Std. Error df t-value Pr(>|t|)
(Intercept) 19.9798 0.5074 55.6898 39.377 <2e-16
Verb Type -1.7528 0.5243 69.0000 -3.343 0.00134**
Attachment Type -0.7160 0.5243 69.0000 -1.366 0.17648
Verb Type : Attachment Type -0.5337 0.7414 69.0000 -0.720 0.47407

(a) bert_base_multilingual_case

Estimate Std. Error df t-value Pr(>|t|)
(Intercept) 27.7412 0.7469 45.2554 37.144 <2e-16
Verb Type -0.9368 0.6790 69.0000 -1.380 0.1721
Attachment Type -1.3458 0.6790 69.0000 -1.982 0.0515
Verb Type : Attachment Type 1.8169 0.9602 69.0000 1.892 0.0627

(b) xlm-mlm-17-1280

Estimate Std. Error df t-value Pr(>|t|)
(Intercept) 25.2791 0.5831 53.7553 43.350 <2e-16
Verb Type -1.7132 0.5907 69.0000 -2.900 0.00499**
Attachment Type 2.8251 0.5907 69.0000 4.783 9.46e-06***
Verb Type : Attachment Type 0.2826 0.8353 69.0000 0.338 0.73616

(c) xlm-roberta-large

Table 6: LMER Summary for all models in the English Experiment 1. Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05.

Estimate Std. Error df t-value Pr(>|t|)
(Intercept) 21.2704 0.4423 47.9400 48.094 <2e-16
Noun Type -0.5328 0.4179 69.0000 -1.275 0.207
Attachment Type -2.4803 0.4179 69.0000 -5.935 1.06e-07***
Noun Type : Attachment Type -0.5808 0.5911 69.0000 -0.983 0.329

(a) bert_base_multilingual_case

Estimate Std. Error df t-value Pr(>|t|)
(Intercept) 24.6088 0.9001 51.2856 27.339 <2e-16
Noun Type 1.9332 0.8871 69.0000 2.179 0.0327*
Attachment Type 1.5127 0.8871 69.0000 1.705 0.0926
Noun Type : Attachment Type -1.1707 1.2545 69.0000 -0.933 0.3540

(b) xlm-mlm-17-1280

Estimate Std. Error df t-value Pr(>|t|)
(Intercept) 27.1706 0.5632 44.8643 48.243 <2e-16
Noun Type -0.5667 0.5089 69.0000 -1.114 0.269274
Attachment Type 2.0496 0.5089 69.0000 4.028 0.000143***
Noun Type : Attachment Type 0.3905 0.7197 69.0000 0.589182 0.589182

(c) xlm-roberta-large

Table 7: LMER Summary for all models in the English Experiment 2. Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05
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C Additional Analyses

C.1 Preferences
as Categorical Pairwise Comparisons

Following standard practices in psycholinguistics,
for the paper’s core analyses statistical robustness
of the effects/contrasts has been determined by run-
ning linear-mixed effects models using the original
distribution of surprisal values over items. This is
also consistent with what is done with human data
during (for instance) online tasks involving locally
ambiguous sentences like the ones we used, and it
is also how Davis and van Schijndel (2020) discuss
significant effects for their results. However, a qual-
itative understanding of model’s trend, in line with
results from human participants from forced choices
tasks targeting globally ambiguous sentences, can
be achieved by coding a model’s preference for
HA/LA categorically for each item pair in a set
(Davis and van Schijndel, 2020). That is, in each
set items can be paired by keeping Verb Type/Noun
Type consistent. Then, if surprisal for the LA dis-
ambiguated item was lower than the surprisal for
the HA disambiguated item, attachment is coded as
LA. See Example 4 for a summary of this coding
approach across the experiments in this paper.

(4) Interpretation of Pairwise comparisons for
each experiment
a. Attachment Preference ← LOW if

Verb Surprisal(a) > Verb Surprisal(b)
b. Attachment Preference ← HIGH if

Verb Surprisal(a) < Verb Surprisal(b)
c. Attachment Preference ← LOW if

Verb Surprisal(c) > Verb Surprisal(d)
d. Attachment Preference ← HIGH if

Verb Surprisal(c) < Verb Surprisal(d)

C.1.1 Italian Pairwise Comparisons
In terms of qualitative interpretation, when
comparing sentence types a higher percentage of
low surprisal values for LA items compared to their
paired HA items would indicate a LA preference,
and vice versa. Verb-type sensitivity would show
these high/low surprisal values at the embedded
verb also modulated by the properties of the matrix
verb. Figure 4 shows a visualization of model
preferences given this kind of coding schema in the
Italian Experiment. In contrast with the quantitative
analyses over raw surprisal scores, these qualitative
contrasts do show some trends compatible with
attachment preferences — although still not

exactly aligned with human data. In particular, we
observe a profile compatible with a LA preference
for the Perceptual condition for GePpeTto and
AlBERTo. The xlm and RoBerta models show an
opposite trend, with an LA-leaning pattern in the
Non-Perceptual condition. Finally, the Umberto
and multilingual bert-base models show an HA
profile across both Verb-Type conditions.

C.1.2 English Pairwise Comparisons: Exp. 1

For the first English experiment, we similarly
observe differences between the quantitative
comparisons reported in the main paper and the
qualitative pairwise differences. Notably, it seems
that the roberta model prefers HA items in almost ev-
ery set — in contrast with the pattern of preferences
usually reported for human English participants (see
Figure 5). This is showcased in the model complete
lack of HA choices in the RC-Only condition, and
in a small increase in HA rates in the SC condition.

It is also interesting to observe that the magnitude
of these effects is strikingly different: human
participants still exhibit a certain rate of HA
choices in both conditions, compared to the heavy
LA tendency of GPT-2. Finally, we can observe
a LA trend in the qualitative comparisons for
bert-base-uncased across conditions, in contrast
with the not significant statistical effects.

C.1.3 English Pairwise Comparisons: Exp. 2

For the second English Experiment, qualitative
contrasts for multilingual bert showcase an
almost absolute preference for LA attachment
across all conditions (see Figure 6). Similarly,
bert-base-uncased presents a significant sensitivity
to attachment type and no other effect, again in
line with qualitative contrasts revealing an almost
absolute favoring of LA. It is also interesting to
observe that although monolingual and multilingual
bert behave similarly in their striking preference
for a LA interpretation across conditions, bert-base-
uncased shows a slight increase of HA choices
in the SC-condition, while multilingual-bert
presents the same increase in the RC-only condition.
Notably, neither of these patterns is human-like. In
contrast, qualitative comparisons for the xlm model
a tendency towards HA, stronger in the RC-only
condition. For roberta, qualitative contrasts also
showcase a strong, almost absolute HA preference
across all conditions, with no effects of Noun-type.
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C.1.4 Pairwise Comparisons by Set
Finally, even though in the main analyses of the
paper we accounted for lexical effects by including
random intercept for set in our statistical models,
here we plot pairwise comparisons by set in order to
(preliminary) evaluate model sensitivity to lexical
variation. In future work, this preliminary step
could be used to evaluate potential causes for the
observed variation (e.g. by exploring whether a
model’s expectation for RC or PRs are tied to the
frequency of the main clause verbs and/or the target
verbs), potentially connected to corpus analyses.

C.1.5 Pairwise Comparisons: Final Notes
Across all experiments, we found some differences
between statistically significant results for raw
surprisal analyses, and qualitative trends in
forced-choice contrasts. Davis and van Schijndel
(2020) also presented both kinds of evaluations, but
in their case the two methodologies overlapped with
respect to the overall trend of the results. While
some of the trends highlighted in the forced choice
contrasts might warrant further investigation on
the effect of task type, it is worth stressing that in
our results these trends seem to arise from really
small numerical differences in surprisal values in
the item-by-item comparisons — which thus do not
result in significant differences at the global level.
Therefore, we must be cautious in over-interpreting
these qualitative effects as overstating/emphasizing
small numerical differences in values.

C.2 Prompting

While past work has leveraged prompting, in the
main paper we privileged surprisal-based analyses
since prompting tasks rely on specific meta-
linguistic information that might confound the eval-
uation of model sensitivity to linguistic properties.
Another issue with prompting methods lies in their
generalizability across architectures — for instance,
the differences in training objectives for the various
LLMs tested in this paper (all of which are not
considered conversational models), makes it compli-
cated to adopt prompting as a consistent evaluation
strategy. Nonetheless, we attempted to implement
a prompting-based evaluation pipeline similar to
Lee et al. (2025). However, while the models tested
by Lee et al. (2025) were able to correctly identify
which parts of a sentence corresponded to a RC and a
possible DP for the RC to attach to 86 percent of the
time, in our preliminary tests the three Italian mod-
els were able to identify a DP correctly only in 5.2%

of the cases (on average across the three models).
Since correct identification of RCs and candidate
DPs is a preliminary first step in Lee et al. (2025)’s
approach to investigating ambiguity resolution,
failure on this constitutes an immediate roadblock
in the attempt to replicate a prompt-based approach
to attachment biases within the models investigates
here and for any future attempt to conduct cross-
architectural comparisons of model performance.

207



Figure 4: Proportion of HA vs. LA in the Italian Experiment, derived from categorical pairwise comparisons within
sets.
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Figure 5: Proportion of HA vs. LA in the English Experiment 1, derived from categorical pairwise comparisons
within sets.
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Figure 6: Proportion of HA vs. LA in the English Experiment 2, derived from categorical pairwise comparisons
within sets.
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Figure 7: Surprisal Comparisons by Set and Verb Type (Perceptual vs. NonPerceptual) for alb3rt0.

Figure 8: Surprisal Comparisons by Set and Verb Type (Perceptual vs. NonPerceptual) for gePpeTto.
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Figure 9: Surprisal Comparisons by Set and Verb Type (Perceptual vs. NonPerceptual) for Italian bert-base-
multilingual-cased.

Figure 10: Surprisal Comparisons by Set and Verb Type (Perceptual vs. NonPerceptual) for xlm-mlm-17-1280
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Figure 11: Surprisal Comparisons by Set and Verb Type (Perceptual vs. NonPerceptual) for Italian roberta.

Figure 12: Surprisal Comparisons by Set and Verb Type (SC vs. RC Only) for English bert-base-multilingual-cased.
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Figure 13: Surprisal Comparisons by Set and Verb Type (SC vs. RC Only) for English xlm-mlm-1280.

Figure 14: Surprisal Comparisons by Set and Verb Type (SC vs. RC Only) for English roberta.

214



Figure 15: Surprisal Comparisons by Set and Verb Type (SC vs. RC Only) for English bert-base-uncased.

Figure 16: Surprisal Comparisons by Set and Verb Type (SC vs. RC Only) for English gpt2.
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Figure 17: Surprisal Comparisons by Set and Noun Type for English bert-base-multilingual-cased.

Figure 18: Surprisal Comparisons by Set and Noun Type for English xlm-mlm-17-1280.
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Figure 19: Surprisal Comparisons by Set and Noun for English roberta.

Figure 20: Surprisal Comparisons by Set and Noun Type for English bert-base-uncased.
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Figure 21: Surprisal Comparisons by Set and Noun Type ( for English gpt2.
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