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Abstract
Much recent effort has been devoted to creating large-scale language models. Nowa-
days, the most prominent approaches are based on deep neural networks, such as
BERT. However, they lack transparency and interpretability, and are often seen as
black boxes. This affects not only their applicability in downstream tasks but also the
comparability of different architectures or even of the samemodel trained using differ-
ent corpora or hyperparameters. In this paper, we propose a set of intrinsic evaluation
tasks that inspect the linguistic information encoded in models developed for Brazil-
ian Portuguese. These tasks are designed to evaluate how different language models
generalise information related to grammatical structures and multiword expressions
(MWEs), thus allowing for an assessment of whether the model has learned different
linguistic phenomena. The dataset that was developed for these tasks is composed of
a series of sentences with a single masked word and a cue phrase that helps in narrow-
ing down the context. This dataset is divided into MWEs and grammatical structures,
and the latter is subdivided into 6 tasks: impersonal verbs, subject agreement, verb
agreement, nominal agreement, passive and connectors. The subset for MWEs was
used to test BERTimbau Large, BERTimbau Base and mBERT. For the grammatical
structures, we used only BERTimbau Large, because it yielded the best results in the
MWE task. In both cases, we evaluated the results considering the best candidates
and the top ten candidates. The evaluation was done both automatically (for MWEs)
and manually (for grammatical structures). The results obtained for MWEs show that
BERTimbau Large surpassed both the other models in predicting the correct masked
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element. However, the average accuracy of the best model was only 52% when only
the best candidates were considered for each sentence, going up to 66% when the
top ten candidates were taken into account. As for the grammatical tasks, the results
presented better prediction, but also varied depending on the type of morphosyntactic
agreement. On the one hand, cases such as connectors and impersonal verbs, which
do not require any agreement in the produced candidates, had precision of 100% and
98.78% among the best candidates. On the other hand, tasks that require morphosyn-
tactic agreement had results consistently below 90% overall precision, with the lowest
scores being reported for nominal agreement and verb agreement, both having scores
below 80% in overall precision among the best candidates. Therefore, we identified
that a critical and widely adopted resource for Brazilian Portuguese NLP presents
issues concerning MWE vocabulary and morphosyntactic agreement, even if it is pro-
lific in most cases. These models are a core component in many NLP systems, and
our findings demonstrate the need of additional improvements in these models and the
importance of widely evaluating computational representations of language.

Keywords Grammatical structures · Multiword expression · Intrinsic evaluation ·
Brazilian Portuguese · Contextualised word embeddings · Language models

1 Introduction

Learning computational representations that accurately model language is a critical
goal of Natural Language Processing (NLP) research. These representations, or word
embeddings, are very helpful for language technology tasks like machine translation,
question answering and text adaptation. In addition, they can improve our understand-
ing of human cognition, for instance, by correlating well with human predictions
about words (Mandera et al., 2017; Schrimpf et al., 2020), by helping to highlight the
existence of explicit and implicit social constructs, including gender and racial bias
(Bolukbasi et al., 2016; Kumar et al., 2020), or by helping to detect misinformation
(Oshikawa et al., 2020; Su et al., 2020) and cultural differences (Savoldi et al., 2021;
Dinan et al., 2020). With the recent popularisation of NLP and the availability of
large-scale computing resources, we have witnessed a quick evolution of many new
computational architecture proposals for language representation. As a consequence,
there are currently pre-trained language models available in an unprecedented scale,
for over a hundred languages (Devlin et al., 2018), including low-resourced ones.
However, these models lack transparency and interpretability (Marcus, 2020) and are
often seen as black boxes, all of which limit their application in tasks that require
explainability. This fast-paced evolution raises the need for careful assessment of the
kinds of information that a representation incorporates, be it in terms of linguistic,
common-sense, or world information. Moreover, the evaluation procedures need to
adopt standard protocols that are independent of the proposed architecture and appli-
cable to classes of models in general, setting the standards for what we expect them
to have learned and be proficient in.

In fact, much recent effort has been devoted to defining evaluation protocols that
allow us to have an insight into the knowledge that the model incorporates (Ettinger,
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2020; Warstadt et al., 2020; Vulić et al., 2020). These evaluations may target different
phenomena, but their main distinction is between intrinsic and extrinsic evaluations.
Intrinsic evaluations usually involve comparing the predictions made by a model with
human judgements or with existing resources likeWordNet (Miller et al., 1990) or psy-
cholinguistic norms. Extrinsic evaluations are often based on applications (Bakarov,
2018) and examine the ability of embeddings to be used as the feature vectors of
supervised machine learning algorithms for tasks like natural language entailment and
question answering. The assumption is that better quality and accurate embeddings
lead to better quality applications. Recently, the BERT (Devlin et al., 2018) architec-
ture [and its variations, such as RoBERTa (Liu et al., 2019), DistilBERT (Sanh et al.,
2019), XLNet (Yang et al., 2019) and ALBERT (Lan et al., 2019)] has been used as
a language encoding component in several applications that enhanced the state of the
art in several NLP fields. These developments can be seen as an extrinsic evaluation of
the BERT architecture, as they seem to suggest that BERT more successfully encodes
syntactic and semantic information than alternativemodels. However, what these eval-
uations do not indicate is which specific information is encoded, and if it is used for
a given task in ways that are compatible with the use of language by humans. In this
paper we focus on intrinsic evaluations with an aim at gaining a better understanding
of how linguistically proficient these models really are.

A wide variety of intrinsic evaluation protocols is needed to cover various levels of
linguistic description and phenomena, such as those targetting agreement and negation
(Warstadt et al., 2020; Ettinger, 2020). This is particularly important to assess the
extent to which a model is able to handle idiosyncrasies and preferences in language,
like those involved in multiword expressions (MWEs), especially idiomatic MWEs.
They have provided a rich and varied test ground as they range from more productive
to idiosyncratic cases that require knowledge that goes beyond information about
individual words and their compositional combinations (Cordeiro et al., 2019). In this
paper, evaluation also targetsMWEs of varying degrees of idiomaticity and frequency.

For different languages, the stage of development and proficiency of the models
varies considerably, and so do the datasets available for evaluation. For Portuguese, in
particular, only a few evaluation initiatives are available, such as Souza et al. (2020),
Abdaoui et al. (2020), and Schneider et al. (2020)1. Despite being valuable evaluation
contributions to NLP in Portuguese, these correspond to only extrinsic evaluations
and target very specific tasks. Overall, the Portuguese versions of BERT have not been
subjected tomany intrinsic evaluations in comparison to theirEnglish counterparts, and
there is great uncertainty about the coverage and quality of the linguistic information
related to Portuguese that is encoded in these models. As a consequence, there is also
uncertainty about the stability and quality of the output produced by systems built
using these models.

In this paper, we address some of these issues, assessing the linguistic generalisation
of language models for Portuguese. In particular, we propose a model-agnostic test
set to measure the ability of a model to capture expected linguistic patterns found
in Brazilian Portuguese. In order to observe how generalisation works when these

1 We highlight that the model by Abdaoui et al. (2020) is a distillation from mBERT, therefore aiming to
achieve a model that has similar representations.
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models are applied, we designed two different classes of tests based on masked-
word prediction: the first class consists of highly idiomatic multiword expressions
(MWEs), which are hardly generalisable and need to be learned individually, as their
meaning cannot be derived from their parts—for the tests in this class, the model has
only one correct option for replacing the mask; the second class comprises several
grammatical tests, which correspond to generalisable tasks, because the grammatical
patterns allow for a broader range of lexical units to be used for replacing the mask.
This is an exploratory study that aims at a first attempt to probe BERT-like models for
Portuguese in terms of their generalisation capabilities, and ourmain research question
is: how well can BERT-like models for Portuguese perform in predicting words when
faced with generalisable and non-generalisable linguistic patterns?

The main contributions of this study are:

– A dataset for testing generalisation related to multiword-expression (MWE) and
grammatical information. The MWE dataset contains 330 test instances targeting
highly idiomatic (i.e., non-compositional) MWEs, while the tests for grammatical
information are divided into 6 categories and amount to 1232 test instances.

– An analysis that generated a language profile of BERT-like models for Brazilian
Portuguese.

– A comparison of the BERT-like models’ quality considering only the best gen-
erated candidates and the ten best candidates, also highlighting cases where the
model puts more confidence on wrong candidates.

The proposed dataset is available on Github,2 along with the manual evaluation that
was carried out.

The following sections are organised as follows: Sect. 2 summarises the most influ-
ential model-agnostic proposals for intrinsic evaluation, including those targeting
Portuguese. Section3 presents the BERT-like models for Portuguese, describing their
characteristics, and themodels used in thiswork. Then, in Sect. 4,we detail themethod-
ology that was used to create all seven tasks comprised in our test set. The results of
the different models are presented task by task in Sect. 5, along with a discussion of
the main findings. Finally, in Sect. 6, we sum up our findings and discuss potential
future work.

2 Related work

The performance that state-of-the-art, pre-trained language models achieve on lan-
guage tasks is seen as an indication of their ability to capture linguistic information.
However, their lack of transparency and interpretability prevents an in-depth analysis
of the linguistic patterns and generalisations that they capture. Therefore, consider-
able attention has been devoted to the development of intrinsic evaluation protocols
for inspecting the information captured by these models.

2 Github page of the dataset: https://github.com/rswilkens/Assessing-Linguistic-Generalisation-in-
Language-Models.
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Intrinsic evaluations usually involve experiments in which word embeddings are
compared with human judgements regarding relations between words. They may be
divided into various categories. For example,Bakarov (2018) arranges themas follows:

(a) Conscious evaluation: for tasks like semantic similarity, analogy, thematic fit,
concept categorisation, synonym detection, and outlier word detection;

(b) Subconscious evaluation: for tasks like semantic priming, neural activation pat-
terns, and eye movement data;

(c) Thesaurus-based evaluations: for tasks that use thesaurus vectors, dictionary def-
inition graph, cross-match test, semantic difference and semantic networks; and

(d) Language-driven evaluation: for phonosemantic analysis andbi-gramco-occurrence
frequency.

In this paper, we concentrate mainly on the conscious evaluation tasks. These vary
from testingmorphosyntactic agreement patterns, like number and gender (Warstadt et
al., 2020), to more semantic-related information, such as the implications of negation
(Ettinger, 2020; Kassner & Schütze, 2020).

As an approach to evaluate sensitivity to syntactic structures in English, Linzen
et al. (2016) proposed an evaluation focusing on number agreement for subject-verb
dependencies, which is something that we also address in this paper. They evaluated
four tasks:

(a) Number prediction: a binary prediction task for the number of a verb;
(b) Verb inflection: with a variation of the number prediction when the singular form

of the upcoming verb is also given to the model;
(c) Grammaticality judgements: as another classification task, but the model must

indicate the grammaticality of a given sentence; and
(d) Language modelling: in which the model must predict a correct word with the

highest probability than a wrong word in a given sentence.

A related dataset, the “colorless green ideas” test set, was proposed by Gulordava
et al. (2018) including four languages: Italian, English, Hebrew, and Russian. Its test
items focus on long-distance number-agreement evaluation, testing the accuracy in
cases of subject-verb agreement with an intervening embedded clause and agreement
between conjoined verbs separated by a complement of the first verb. Their test set is
composed of syntactically correct sentences from a dependency treebank which are
converted into nonce sentences by replacing all content words with random words
with the same morphology, aiming to avoid semantic cues during the evaluation.

In an attempt to prevent too unnatural sentences (e.g., the apple laughs), Marvin
and Linzen (2018) use non-recursive, context-free grammars to automatically generate
350,000 English sentence-pair templates, consisting of grammatical and ungrammat-
ical sentences. This automatically constructed dataset can be used for evaluating the
grammaticality of predictions made by a language model in relation to subject-verb
agreement, reflexive anaphora and negative polarity. Marvin and Linzen (2018) fol-
lows a similar direction as Gulordava et al. (2018), but they are more moderate by
avoiding sentences that are very implausible or violate selectional restrictions. For
that, they specialised the generation templates for animate and inanimate subjects and
verbs.
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To evaluate the performance obtained by BERT in these datasets [i.e., Gulordava
et al. (2018); Linzen et al. (2016); Marvin and Linzen (2018)], Goldberg (2019) fed a
masked version of a complete sentence into BERT, then compared the score assigned
to the original correct verb to the score assigned to the incorrect one.

Mueller et al. (2020) evaluated LSTM language models and the monolingual and
multilingual BERT versions on the subject-verb agreement challenge sets. They used
CLAMS (Cross-Linguistic Assessment of Models on Syntax), which extends Marvin
and Linzen (2018) to include English, French, German, Hebrew, and Russian. To con-
struct their challenge sets,Mueller et al. (2020) use a lightweight grammar engineering
framework (attribute-varying grammars) that allows for more flexibility when com-
pared to the hard-coded templates of Marvin and Linzen (2018). Their experiments on
English BERT and mBERT suggest that mBERT learns syntactic generalisations in
multiple languages, but not in the sameway in all languages. In addition, its sensitivity
to syntax is lower than that of monolingual BERT.

Regarding evaluations for Portuguese, Bacon and Regier (2019) evaluated BERT’s
sensitivity to four types of structure-dependent agreement relations for 26 languages,
including Portuguese. They showed that both the monolingual and multilingual BERT
models capture syntax-sensitive agreement patterns. Bacon and Regier (2019) evalu-
ated themodels in a cloze task, in which target words would share themorphosyntactic
features of the word with which they agree. In the cloze task, the data comes from ver-
sion 2.4 of the Universal Dependencies (UD) treebanks (Nivre et al., 2017), using the
part-of-speech and dependency information to identify potential agreement relations.
BERT responses are then annotated with morphosyntactic information from both the
UD and the UniMorph projects (Sylak-Glassman, 2016) to be compared with the mor-
phosyntactic features of the word with which they agree. With respect to Portuguese,
Bacon and Regier (2019) evaluate 47,038 sentences in the cloze test and 2,107 in
the feature bundles using mBERT, and the results obtained show that it performed
remarkably well, achieving an accuracy close to 100%.

In another multilingual evaluation, Şahin et al. (2020) introduced 15 probing tasks
at type level for 24 languages, finding that some probing tests correlate to downstream
tasks, especially for morphologically rich languages. They performed an extrinsic
evaluation using downstream tasks, assessing the performance in POS tagging, depen-
dency parsing, semantic role labelling, named-entity recognition, and natural-language
inference targeting German, Russian, Turkish, Spanish, and Finnish. Moreover, they
propose the contextless prediction of themorphological feature of a givenword, aiming
to identify the feature indicated in the UniMorph dictionary (Sylak-Glassman, 2016).
For that, Şahin et al. (2020) removed ambiguous forms and partially filtered infrequent
words. This evaluation included features like the following for Portuguese: number,
gender, person, and tense. However, they did not report the models’ performance for
Portuguese.

Evaluations related to MWEs have often focused on specific tasks (Constant et al.,
2017) like, for example, on MWE token identification (Scholivet & Ramisch, 2017;
Pasquer et al., 2020), evaluating the sensitivity of a model to the occurrence of MWEs
in sentences or looking at their interpretation (Cordeiro et al., 2019; Garcia et al.,
2021a), assessing to what extent models are able to represent their potential idiomatic-
ity (Tayyar Madabushi et al., 2021, 2022). In particular the results obtained for MWE
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interpretation by a variety of off-the-shelf embeddings with different levels of contex-
tualisation (including transformer-based models) indicated that idiomaticity was not
yet accurately captured evenwhen adopting large pre-trained languagemodels, for any
of the two languages covered, English and Portuguese (Garcia et al., 2021a; 2021b).
One recent evaluation included these two specific tasks: SemEval 2022 Shared Task 2
(Tayyar Madabushi et al., 2022), with Subtask-A dedicated to token identification and
Subtask-B to MWE representation and interpretation, for three languages, English,
Portuguese and Galician. The results obtained by different systems indicated that
although considerable increases in performance could be obtained with fine-tuning,
there were still challenges when dealing with unseen MWEs (Tayyar Madabushi et
al., 2022). In this paper we approach these two tasks jointly by investigating the ability
of a model to identify an MWE in an idiomatic context, focusing on Portuguese.

3 BERTmodels for Portuguese

Large pre-trained language models are valuable assets for language processing. These
models support technological and scientific improvements. For English, for example,
we can easily find thousands of models accessing the Huggingface website.3 How-
ever, this abundance of models is not true for most languages. For example, there are
only a few hundred models for Portuguese available in the same repository,4 and most
of these are for Machine Translation, Automatic Speech Recognition, and Text2Text
Generation. In this section, we highlight three models dedicated to language process-
ing: smaller mBert and BERTimbau, which are both based on Portuguese for general
purposes, and BioBERTpt, which is based on Portuguese for special purposes.

Souza et al. (2019, 2020) trained language-specificmodels for Brazilian Portuguese
(nicknamed BERTimbau), using data from brWaC (Wagner Filho et al., 2018). Their
models were trained over one million steps using the BERT-Base and BERT-Large
Cased variant architectures. In order to evaluate their models, they resorted to three
probing tasks (sentence textual similarity, recognising textual entailment, and named-
entity recognition) in which BERTimbau improved the state of the art compared to
multilingual models and previous monolingual approaches.

Targeting clinical NLP, Schneider et al. (2020) trained BioBERTpt, a deep contex-
tual embedding model for Portuguese, by fine-tuning mBERT. BioBERTpt is trained
using clinical narratives and biomedical-scientific papers in Brazilian Portuguese.

Aiming to evaluate the BERT models for Brazilian Portuguese, we selected two
models that were trained using brWaC (Wagner Filho et al., 2018) and multilingual
BERT, which can serve as a comparison point with BERT models trained in other
languages. We used both the BERTimbau Base and Large models (Souza et al., 2019,
2020), which have, respectively, 12 layers and 110M parameters, and 24 layers and
335M parameters. These models were chosen because they are uniquely trained in
Brazilian Portuguese, thus reducing issues from different variations, and they are also
widely adopted, being the most popular models for Portuguese on the Huggingface

3 https://huggingface.co/models?filter=en. Accessed on 31/05/2022.
4 https://huggingface.co/models?filter=pt. Accessed on 31/05/2022.
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LexSubNC  Sketch Engine Sentence Selection

Sentence Selection

Grammatical Patterns

Impersonal Verbs

Subject Agreement

Passive

Verb Agreement

Nominal Agreement

Connectors

Mask Seeds

Seed validation

Target Masking

Candidates' validation

33 Idiom. MWE

pé quente

cheiro verde

nó cego

 Sketch Engine

MWE masking

Seed Expansion

Fig. 1 Methodology for creating the test dataset

webpage at the time of this research5. Therefore, the findings of this paper may have
a wide impact in downstream applications for Brazilian Portuguese.

4 Methodology

Our main goal in this study is to explore how well BERT-like models for Portuguese
handle generalisable and non-generalisable linguistic information. In this section, we
describe the steps performed for developing the dataset that was used for testing the
models. We first compiled a multiword expressions (MWEs) test set (see Sect. 4.1)
by selecting idiomatic MWEs, which are not generalisable and need to be learned
individually, and five context sentences for each of them. As part of the generalisable
information, we developed a series of grammatical tests (see Sect. 4.2), for which we
also selected context sentences and looked for specific grammatical patterns.

Once we obtained the sentences for both tasks, we created different seeds for each
of the sentences, aiming to use these seeds as cues to a masked word. Finally, we
fed the selected BERT models with our test sentences, and manually evaluated the
models’ output (see Sect. 5). Figure1 presents an overview of this methodology.

4.1 Multiword expression tests

Multiword expressions (MWEs), such as nominal compounds (NCs) and idioms, can
be defined as linguistic structures that cross word boundaries (Sag et al., 2002). Due to
their many potential linguistic and statistical idiosyncrasies (Sag et al., 2002), knowl-
edge about MWEs is often considered a mark of proficiency for language learners.

5 On 31 May 2022, BERTimbau Base had already been downloaded 229 k times, and BERTimbau Large,
51.3 k times.
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In the MWE task proposed here, our goal is to assess the MWE inventory of a
model by measuring its ability to identify an MWE in a given context. The context
here is a sentence where the MWE originally appears, and we also keep a single word
of the MWE to be used as cue for the model.

We first collected all the highly idiomatic, two-word NCs available in LexSubNC
(Wilkens et al., 2017), such as pão duro [stingy person; lit. hard bread] and pé quente
[person who brings good luck; lit. hot foot]. TheMWEs in LexSubNCwere annotated
by human judges using a Likert scale from 0 (idiomatic) to 5 (compositional). In this
study, we used all MWEs for which the average compositionality score was lower than
1, i.e., the most idiomatic MWEs in LexSubNC. We selected only the most idiomatic
ones because the models would not be able to predict them bymeans of generalisation,
as one word of the NCwould require themodel to specifically predict the other word in
order to form a plausible sentence. This allows us to explore whether the models store
information about compound lexical units. This resulted in a selection of 33 highly
idiomatic MWEs. Based on this selection, we then used Sketch Engine (Kilgarriff et
al., 2004) to choose 5 sentences from the Corpus Brasileiro (Sardinha, 2010) for each
MWE. The sentence selection was done by shuffling concordance results on Sketch
Engine and selecting 5 full sentences of different lengths for each of the 33 MWEs,
which resulted in 165 different sentences for the MWE test set.

For assessing the models’ capacity to retrieve the target MWE given a compatible
context, we adopted a masking protocol, in which we fed the model with an input
sentence using a mask to replace one word of the MWE. Since all MWEs that were
used contained two words (a noun and an adjective), we generated two test sentences
for each of the 165 selected sentences, by firstmasking the adjective and using the noun
as cue for the model, and then masking the noun and using the adjective as cue. For
example, the sentence Presidente, trago uma notícia em primeira mão. [President,
I bring you first-hand news.], which contains the NC primeira mão [first-hand], is
processed twice:

– Presidente, trago uma notícia em [MASK] mão.
– Presidente, trago uma notícia em primeira [MASK].

As such, both words were masked once in each sentence, so the full MWE test set was
composed of 330 masked sentences.

Our expectation was that these sentences, along with one of the MWE component
words, should provide enough context about theMWE to prompt themodel to produce
the missing word. The output of this process resulted in 10 candidate words for each
test sentence, i.e., 20 candidate words for each MWE: 10 for the first component word
of the compound and 10 for the second. The model was then evaluated in terms of
whether or not it could predict the correct word for replacing the mask as its best
candidate or among its 10 best candidates.

4.2 Grammatical tests

To assess the models’ grammatical representation, we developed a broad range of
cloze tests, each one targeting a specific phenomenon, with several sub-phenomena,
where each sub-phenomenon was tested using a set of sentences and a series of vari-
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ations. The targets of these tests were: impersonal verbs, subject agreement, verb
agreement, nominal agreement, passive and connectors6. By selecting a broad, even
if non-exhaustive, range of grammatical tests, we were able to explore how the model
generalises linguistic information, as the linguistic patterns that were provided allow
for different lexical units to be suggested as replacement for the missing word.

The tests were inspired by the work of Kurita et al. (2019), who propose a template-
based method to quantify social bias in BERT. Similarly to what was done with the
MWE test set, we selected full sentences from Corpus Brasileiro (Sardinha, 2010) for
each of the grammatical tests, and then each test sentence was converted into several
test instances, with the change of a cue word or phrase, and the addition of a mask.
As such, each test sentence contains a mask and a set of seeds as parameters. Again,
similar to what we did in the MWE test, the mask is the “blank”, and the seeds serve
as a linguistic cue to the expected answer. As an example, let us observe the following
test sentence that was used for testing nominal agreement7:

É precisamente na revelação <SEED> [MASK] que reside o valor dessas
cartas, diz.
[It is precisely in the revelation <SEED> [MASK] that lies the value of those letters, he/she
says.]

This single base sentence is used 41 times in the dataset, and each time it
contains a different seed, which can account for different morphological varia-
tions (e.g., gender and number), such as das relações [of the relationsFem Plural ],
das capacidades [of the capacitiesFem Plural ], da alma [of the soulFemSing], da
condição [of the conditionFemSing], dos seres [of the beingsMascPlural ], dos segre-
dos [of the secretsMascPlural ], do ser [of the beingMascSing], and do espírito [of the
spiritMascSing]. In this example, we use four types of seeds related to the expected
type of agreement. Each type of seed then targets a different output in the masked
word (masculine singular, masculine plural, feminine singular and feminine plural).
The different seed sets are specific for each sentence, because they have to take into
consideration its syntactic and semantic restrictions. Our approach also shares sim-
ilarities with the one proposed by Marvin and Linzen (2018). However, their seeds
approach uses a grammar with attributes to guide the sentence generation while our
work uses pre-selected seeds. Our seeds are related to their attributes, and our gener-
ation of grammatical sentences is the combination of seed and original target word.
Although our methodology can generate ungrammatical examples, we consider that
it is easier to evaluate and filter out these ungrammatical cases instead of designing a
sentence generation grammar that controls the process.

In terms of creating seeds for the grammatical tests, we used several different meth-
ods, depending on the type of seed that was needed. For verb and subject agreement,
and for impersonal verbs, we automatically generated a set of seeds based on the
UNITEX-PB dictionary (Muniz et al., 2005; Vale & Baptista, 2015), and then also

6 We will explain each of the different grammatical tests in more detail in Sect. 5.2, as we go through each
of the tests. Here in the methodology, we will focus on the general process used to create the test sets.
7 As a general reference for the examples of grammatical tests presented in this paper, we will use angle
brackets (<>) and italics for indicating the seeds, and square brackets ([ ]) to indicate the words predicted
by the model. As a reference, we also present a translation that is very close to literal in most of the cases.
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validated each seed in context8. In the case of passive voice, due to the complexity of
the seeds, we had to manually generate sets of seeds for each sentence. Finally, in the
case of connectors, we could not use any type of seed, because this would require us
to generate full clauses, so we only used five sentences for each connector that was
tested.

Nominal agreement was a special case, as we automatically generated seed sets
using a mask where the original seed would be. This allowed us to have a more
extensive coverage. In this process,we selected the top 10 candidates fromBERTimbau
Base, used the UNITEX-PB dictionary to generate extra seeds by varying gender and
number of the words, and then we manually evaluated the candidates to eliminate bad
fits (i.e., we removed the candidates with agreement errors or a different meaning).
Before we applied this methodology, we debated about using BERTimbau to generate
seeds that would be used to predict the masked word, as this would generate a bias
that could help the model. However, as we further discuss in Sect. 5.2.3, in most cases,
the model was not able to take advantage of this bias, which is in itself an interesting
result that requires further study.

Using the manually validated templates composed of sentences and their seeds,
we generated 10 candidate answers for each masked word using BERTimbau Large.9

These candidates were also annotated with part-of-speech using the Unitex-PB dic-
tionary (Muniz et al., 2005; Vale & Baptista, 2015).10 Then, all candidate words
from BERTimbau Large were evaluated by a linguist according to their syntactic and
semantic suitability in context. Although we used seeds as cues for the expected type
of answer (for instance, we used generic passive structures to induce the model to
produce a nominal participle as candidate in the passive voice tests), the actual pre-
diction of the model could be from a different category, and still the sentence would
be grammatically correct. As such, the evaluation took into account any answer that
would fit in the context, not necessarily only the ones that were expected. Even so,
the answers that were correct, but deviated from the expected target answer, were
identified during the evaluation, and are further discussed in the results.

In total, after following the procedure described here, the dataset for grammatical
evaluation consists of 6 dimensions that contain 1232 test instances.

5 Results

This section presents the evaluation results considering the two different subsets of
tests:multiword expressions (MWEs) and grammatical information. TheMWE results
consider three models: BERTimbau Large, BERTimbau Base and mBERT. These
models were evaluated in terms of accuracy of the best prediction and accuracy among
the top ten candidates. The grammatical evaluation was done on BERTimbau Large,

8 Due to the nature of theUNITEX-PBdictionary,wegenerated seeds basedmainly on traditional-grammar-
based verb tenses, which, for Portuguese, are all simple tenses, so we do not look at compound tenses for
these cases in our study.
9 Given the size of the manual evaluation task, with more than 12 k items, we only used the BERTimbau
Large model, as it performed best in the MWE task, as will be discussed in the next section.
10 We do not use a parser in this step for simplicity.
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Table 1 Accuracy of different
models for predicting Word1
and Word2 in 165 sentences.
acc@10 means the accuracy
considering the top 10
candidates

Model Word ACC ACC@10

BERTimbau Base 1 40.00% 57.58%

BERTimbau Base 2 45.45% 64.24%

BERTimbau Large 1 52.73% 65.45%

BERTimbau Large 2 51.52% 67.27%

mBERT 1 6.67% 16.97%

mBERT 2 3.64% 11.52%

and considered results in terms of precision of the best candidate (or accuracy) and
accuracy among the top ten candidates.

5.1 MWE tests

Aiming to assess the model prediction capabilities concerning MWE vocabulary, we
calculated the accuracy of the top candidate for each masked sentence, and we also
used amore lenient approach, by looking for the correct word in the top ten predictions
of the model (acc@10).

As can be seen in Table 1, the multilingual model, mBERT, performed consistently
worse than the dedicated models trained for Portuguese. This can be explained by
the curse of multilinguality (Conneau et al., 2019), which states that a small set of
languages positively impacts the model’s performance, but this effect becomes nega-
tive when the model has to deal with several languages. Moreover, BERTimbau Large
performs better than the base version.11 In all cases, it was the larger model that per-
formed better, suggesting that the ability to learn MWEs is related to the size of the
model. In terms of the difficulty of the task, apart from the multilingual BERT, the
models were able to predict the missing MWE component as the first alternative in
40–52.73% of the cases, which indicates that themodels have some level ofMWE rep-
resentation, but there is still need for further improvement. In a more lenient scenario,
when we analyse the ability of a model to predict the missing word among the top
10 most likely words, the results substantially improve. While mBERT has an aver-
age increase of up to 9% in accuracy in comparison with only the top prediction, the
BERTimbau models have a much more substantial increase: BERTimbau Base has an
improvement of 17.58% and 18.79% for predicting word 1 and word 2, respectively,
in relation to the top candidate; and BERTimbau Large improves 12.72% for word 1
and 15.75% for word 2. Although mBERT shows good capacities in different NLP
tasks, the model captured little to no information to predict idiomatic items that are
specific to Brazilian Portuguese. Additionally, we observed that the gain of including
more candidate words is mainly restricted to the top two candidates.

The changes from BERTimbau Base to BERTimbau Large allowed the model to
learn a larger MWE inventory, considering the target MWEs, and have more accu-

11 We compared the three models using McNemar’s test, where we observed p-values < 0.0001. Analo-
gously, we compared the models regarding the task of predictingW1 andW2 separately, where we observed
p-values of 0.0001 and 0.034 respectively for the Base to Large comparison and 0 for the other comparisons.
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Table 2 Performance
comparison between
BERTimbau models: MWEs
which were predicted by
BERTimbau Large, but not by
BERTimbau Base*

Word 1 is masked Word 2 is masked

livro aberto livro aberto

montanha russa montanha russa

nó cego olho mágico

olho mágico pau mandado

pão duro pavio curto

pé frio pé frio

pé quente pé quente

peso morto peso morto

planta baixa planta baixa

sangue azul saia justa

sangue frio sangue frio

*MWEs are presented in alphabetical order

Table 3 Performance
comparison between
BERTimbau Large and
BERTimbau Base: MWEs that
were not predicted by either
model*

Word 1 is masked Word 2 is masked

bode expiatório bode expiatório

cheiro verde gato pingado

elefante branco longa metragem

ovelha negra nó cego

pavio curto olho gordo

pente fino pente fino

roleta russa vista grossa

saia justa

*MWEs are presented in alphabetical order

rate prediction given the cues in the masking task (Table 2). However, there were two
cases inwhich performance decreased using the largermodel: sangue azul [blue blood]
and pão duro [stingy person; lit. hard bread]; and other cases that are still not accu-
rately represented by either model (Table 3). Overall, the difference in performance
between BERTimbau Large and Base was not as big as the difference between them
andmBERT, but BERTimbau Largewas able to learnmoreMWEs and displayedmore
confidence in correct predictions. However, we also noticed that the values of accu-
racy at 10 for BERTimbau Base had a higher increase when compared to BERTimbau
Large, indicating that exploring more outputs from the Base model might lead to the
same performance of BERTimbau Large, which requires more processing power.

5.2 Grammatical tests

This section presents the results of the grammatical tests to which BERTimbau Large
was submitted12. As there were six very different grammatical tests, we report and

12 See Sect. 4 for a discussion of why we chose this model.
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discuss their results individually as precision at 1 (or accuracy) and precision at 10,
aiming to analyse the model’s proficiency. At the end of this section, we make a brief
comment on the overall performance of the model.

5.2.1 Impersonal verbs

The set of sentences with impersonal verbs tested whether the model would produce
candidates that were not subjects. The verbs used as cue represented existential verbs
(such as to exist, to have been) and meteorological verbs (such as to rain, to snow)
(Perini, 2010), which do not accept any subject in Portuguese, and are therefore defec-
tive in their conjugation. As such, we expected the model to predict candidates that
were not nouns or pronouns. Here is an example of impersonal verb test instance from
our dataset:

[MASK] <Choveu> na cidade durante 12 horas seguidas, de sábado a
domingo.
[[MASK] <ItNot Represented rainedI mpersonal > in the city for 12 straight hours, from Saturday
till Sunday.]

In these cases, the cue was simply the verb in its several tenses (e.g., choveu [it rained],
choverá [it will rain]).

As we can see in Table 4, the models perform well in this task, with meteorological
verbs having slightlyworse results, as themodel still predicted somecandidates that did
not fit. Results considering the top candidate formeteorological verbswere near 100%,
and the average precision considering the top 10 candidates decreases to 76.04%. For
existential verbs, results were much higher, with a precision of 97.50% among the top
10 candidates and 100% for the top 1. The model was able to generate punctuation
marks, such as parenthesis or quotation marks, in most of the templates, which were
a good fit for the test sentences.

Looking at the different tenses, to check whether there is any impact of the verb
form used as a cue for the model, we see that only the simple pluperfect form produced
results below 100% for the top candidates, and was also the worse cue on the precision
at 10 evaluation, with 65.33%. This could be a reflection of the fact that the pluperfect
tense in Brazilian Portuguese is usually written in a compound form, which is formed
by the auxiliary verb ter [to have] conjugated in the imperfect tense, associated with
the past participle of the main verb, whereas the simple pluperfect form, which was the
form used in the test sentences, is not widely used anymore, except in highly formal
contexts. As such, assuming that lower frequencies have an impact on the quality of
the representation, the simple pluperfect tense might not have been learned well by
the model. Nonetheless, the performance confirms the proficiency of the model with
impersonal verbs.

5.2.2 Subject agreement

For the subject agreement task, the model was expected to produce a subject that
would agree in person and number with the provided verb seeds. Here is an example
of masked sentence that was used for testing subject agreement:
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Table 4 Impersonal verbs: verb
types

Case name P@1 P@10

Meteorological verbs 97.56% 76.04%

Existential verbs 100.00% 97.50%

Table 5 Impersonal verbs:
results by tense and mode

Case name P@1 P@10

Past indicative 100.00% 82.00%

Present indicative 100.00% 85.63%

Future indicative 100.00% 80.00%

Imperfect indicative 100.00% 95.71%

Pluperfect indicative 86.67% 65.33%

Future subjunctive 100.00% 79.00%

Neste contexto, como [MASK] <comentamos>, o tempo de compreender se
evapora.
[In this context, as [MASK] <discussed>, the time to understand evaporates.]

Considering the type of subject that was expected given the verb conjugation, as seen
in Table 6, results both in the top 1 and in the top 10 were varied, ranging from 64.10%
for the second person singular to 100% for the third person singular. It was expected
that the model would have a hard time to produce good candidates when the expected
subject should fit a second person singular or plural, because these are less commonly
used conjugations in Brazilian Portuguese13, however it is interesting to see that the
model also has higher confidence in wrong answers when we look at the results for
the third person plural, which is not an unusual conjugation at all.

When we look at the tense and mode of the conjugated seed (Table 7), results also
varied, and it is interesting to notice that the tense that yielded worst results in the
top 1 candidates (barely above 75% precision) was present indicative, while future
indicative was the tense with best results (above 92% precision). Among the top 10
results, pluperfect indicative was the worst, with 71.78%, and the best result was again
the future indicative, with above 90% precision.

Given that Portuguese allows for hidden or indeterminate subject, we were expect-
ing that the model would produce results that would not be subjects, but that would fit
in the sentences. This was the case for 1450 instances (considering the top 10 candi-
dates), which accounts for 52.54% of the all instances that were evaluated. However,
among all these 1450 instances, only for 37 of them the model had a confidence score
above 50%. An example of this can be seen in one of the instances of the sentence
presented above, where the mask was substituted by an adverb:

13 Usually the third person singular and third person plural are used instead of the respective second person
conjugations.
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Table 6 Subject agreement:
results by expected person and
number

Case name P@1 P@10

First person singular 97.06% 93.46%

Second person singular 64.81% 61.73%

Third person singular 100.00% 95.85%

First person plural 94.59% 92.33%

Second person plural 66.67% 63.70%

Third person plural 85.00% 93.52%

Table 7 Subject agreement:
results by tense and mode

Case name P@1 P@10

Present indicative 75.61% 75.13%

Past indicative 78.72% 87.10%

Pluperfect indicative 81.25% 71.78%

Future indicative 92.86% 90.46%

Past tense future indicative 82.05% 79.78%

Imperfect indicative 79.49% 75.28%

Neste contexto, como [já] <comentamos>, o tempo de compreender se evap-
ora.
[In this context, as weHidden [already] <discussed3rd Person Plural >, the time to understand
evaporates.]

In this case,wewould expect to see afirst personplural subject (i.e.,nós [we]), however,
the model produced the adverb já [already], which fits the context and doesn’t make
the sentence incorrect, because the syntax of Portuguese allows for hidden subjects.
Compared to this, the model produced only 792 correct instances (28.70% of the
evaluated instances) that were actual subjects, but 79 of them had confidence scores
above 50%.

Considering the precision of this task, the model has a good capacity of generating
elements that fit in the sentences, especially when considering only the top candidates.
Three verb conjugations (second person singular and plural, and third person plural)
and two tenses (present and pluperfect indicative), however, proved to be an extra
challenge for the model.

5.2.3 Nominal agreement

For the task of nominal agreement, we looked into the adjective agreement using a
noun as cue. Since Portuguese adjectives agree with nouns in gender and number,
we had four different test categories: masculine singular, masculine plural, feminine
singular and feminine plural. An example of masked sentence used in the dataset
was already presented in Sect. 4.2, when we discussed the methodology for creating
different test sentences using one base sentence, but here is another one, as we will
use it later in this section:
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Table 8 Nominal agreement:
gender and number

Case name P@1 P@10

Feminine singular 78.00% 92.00%

Masculine singular 86.84% 91.58%

Feminine plural 87.18% 88.46%

Masculine plural 91.89% 93.22%

Nada mais incômodo do que não rir <da piada> [MASK] de um palhaço
profissional.
[Nothing is more embarrassing than not laughing <at theFemSing> [MASK] <jokeFemSing>
of a professional clown.]

In this specific case, we expected the system to produce an adjective in the feminine
singular form as replacement for the mask.

Table 8 shows that results were fairly good across all categories, reaching up to
93.22% in masculine plural when all 10 candidates were considered for each mask.
It is interesting to see that, in this test, the suggestion in which the model has most
confidence is sometimes among the few wrong ones that it produces, as the results
on p@1 were consistently worse than when the top 10 candidates were considered.
This is especially true for feminine singular, in which the model achieved only 78%
precision for the top 1 candidates.

In terms of producing candidates that would fit the context but were not adjectives,
the model only had one candidate that fell into this category. For the example sentence
presented above, among its top ten candidates, the model produced diante [in front],
which is an adverb that, along with the preposition de [of], creates a prepositional
phrase that actually fits in the context. This was the only correct instance of a non-
adjective candidate in the full set of 1,640 generated candidates.

As a final point of discussion for the nominal agreement test, we would like to recall
that the seeds used for these tests were originally suggested by BERTimbau Base, as
we masked the seed in the original sentences to get a set of seed candidates, as we
previously discussed in Sect. 4.2. We were expecting the model to have a very high
precision on the top 1 candidates, as it would potentially produce the original sentence.
However, what we observed was that, in most cases, the model was not able to predict
it, sometimes not even among the top 10 candidates. This might have been due to
our second step, which was processing the seeds with the UNITEX-PB dictionary,
or it might have been because we used BERTimbau Base as generator, and tested on
BERTimbau Large. In any case, it remains as an interesting side result from this study,
that the model was not able to predict words that were used for suggesting the seeds.

5.2.4 Verb agreement

The task of verb agreement was designed to check whether the model can produce
verb candidates that correctly agree with the cue. The sentences used for this test had
temporal cues or specific language patterns that would induce or require certain verb
conjugations. As seeds, we used pronouns and nouns in singular and plural, but also
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used some verb structures to check for the production of infinitives and gerunds. We
present below two examples of test sentences. The first one uses a pronoun as seed,
which was used as cue for a conjugated verb, and the second example uses a verb as
seed, cuing an infinitive14:

Ontem <nós> [MASK] Maria Aparecida para receber o dinheiro.
[Yesterday <we> [MASK] Maria Aparecida in order to receive the money.]

O aluno Hélio gostou do convite e resolveu imediatamente que não <precis-
aria> [MASK].
[Student Hélio liked the invitation and immediately decided that he <would not need to>
[MASK].]

Table 9 shows the results for each expected verb form. Indicative forms (first two
rows) had much better results than subjunctive forms (last three rows), while the non-
conjugated forms (rows 3 and 4) had the best results overall, reaching up to 100%
precision considering the top 1 candidate.

In this specific case, it was observed that some cues were not as effective as others,
so we investigated the results based on the different pronouns and nouns that were used
as cues. In Table 10, pronouns such as “tu” [youSing], “nós” [we] and “vós” [youPlural ]
proved to be challenging cues, as the model did not seem to be able to produce many
candidates that agree with them.When considering only the top 1 candidates, “tu” had
an abysmal result, as the model was not able to predict a single correct instance—and
only one correct candidate among the top 10—, and “vós”, a very formal and archaic
pronoun, did not reach 8%of precision.While “tu” and “vós” are pronouns that are less
commonly used in Brazilian Portuguese, being frequently substituted, respectively, by
“você” and “vocês”—which had a much better precision—, it is harder to explain why
the model does not produce good candidates for a cue like “nós”. One possibility is
that this form may be replaced by a more informal option (i.e., a gente [we; lit. the
people]). This could be a bias of the corpus used for training the model. However, a
study comparing both forms in the attention layer is still needed to shed more light
into this matter.

Although responses with the expected verb tenses were induced in most cases,
5.00% of the responses provided by the model were correct, meaning that they fit the
sentence well, but were not verbs or did not agree with the cue provided.

5.2.5 Connectors

Connectors (also referred to as connectives) have been studied under various perspec-
tives. From a Linguistic point of view, they have usually been more studied under
the umbrella of Text Linguistics, under the scope of cohesion or coherence (see, for
instance, De Beaugrande and Dressler (2011), for an overall introduction to Text Lin-
guistics and the concepts of cohesion and coherence). Several studies have proposed
a typology of connectors, such as Halliday and Hasan (2014), Koch (1988), Koch
(1999), Louwerse (2002), some focus more on traditional conjunctions, such as and,

14 In the English translation of the second example, the negation not was included in the seed for simplicity,
but the seed in Portuguese is only the verb, and the negation não is part of the base sentence.
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Table 9 Verb agreement:
different expected tenses and
modes

Case name P@1 P@10

Past indicative 87.51% 78.44%

Present or future indicative 94.63% 68.59%

Infinitive 100.00% 96.10%

Gerunds 94.81% 74.88%

Present subjunctive 58.00% 33.40%

Past subjunctive 62.78% 25.08%

Future subjunctive/conditional 68.15% 57.10%

Table 10 Verb agreement:
breakdown of pronouns

Case name P@1 P@10

Eu [I] 80.00% 52.67%

Tu [YouSing] 0.0% 0.77%

Você [YouSing] 88.89% 58.89%

Ele/Ela [He/She] 79.41% 60.59%

Nós [We] 30.77% 13.08%

Vós [YouPlural ] 7.69% 6.92%

Vocês [YouPlural ] 85.71% 44.29%

Eles/Elas [They] 85.71% 44.29%

because, however, and others involve also what Koch (1988) addresses as sequential
particles, which encompasses adverbial phrases that helps in creating textual cohesion,
such as finally, before that, on the one hand.

In this paper, we are considering only the former category, which includes the
logical connectors, as basis for selecting input sentences. This is a more computational
approach, which is also present in tools for textual analysis, such as Coh-Metrix
(Graesser et al., 2004) and its adaptation to Portuguese, Coh-Metrix-Port (Scarton &
Aluısio, 2010). These tools use the typology by Louwerse (2002) and organise the
connectors in categories such as causal, temporal, additive.

In the specific case of connectors, typologies are useful as a starting point, but they
can only be applied after the text is already produced, as they serve for the purpose
of textual analysis. Since connectors can work as the main element that provides the
meaningof a link between twoclauses, they are hardly enforceable in a specific context.
As such, the same sentence that contains a temporal connector (e.g., He was speaking
while a crowd started to form around him.) could very well have a connector from a
different category in its place (e.g., He was speaking and/but/because a crowd started
to form around him.), and it would still be a plausible sentence, even if it would have a
different meaning. Because of this, trying to create a dataset that covers all categories
of connectors would not necessarily work for testing the information that the model
has about the different types of connectors.

In this study, since we are testing whether the language model is able to generate
plausible sentences, that have grammatical accuracy, we used a connector typology
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only for selecting a few types of connectors that would serve as basis for the input
sentences in our dataset, but we did not aim at an exhaustive description of all possible
connectors that would fit in the sentence. Among the selected connectors, we have
two conditional connectors (caso [if]; se [if]), three causal connectors (pois [because];
porque [because]; portanto [therefore]), two alternative connectors (nem [nor]; ora
[now]), two adversative connectors (contudo [however]; todavia [however]), two tem-
poral connectors (enquanto [while]; quando [when]), and one conformative connector
(conforme [according to]). For each of them, we searched and selected five sentences,
for a total of 60 different sentences for testing connectors. As we discussed, and as it
can be seen in the evaluated data,15 these had a good coverage of the different types of
connectors for Portuguese. An example of test sentence is the following (which had
Contudo [However] in the original masked position):

[MASK] o referido processo já foi objeto de estudo nos pareceres supracita-
dos, cabendo apenas à CAPLAN fixar o número de vagas.
[[MASK] the referred process has already been scrutinised in the aforementioned reviews, and
CAPLAN alone is responsible for setting up the number of places available.]

As Table 11 shows, the model was able to predict connectors with very good
precision, reaching 100% in all cases among the top 1 candidates, and then varying
in precision among the top 10 candidates. It is important to emphasise again that the
connectors shown in the table are just for a reference of what was present originally
in the base sentence, as the model might have provided other candidates that where
plausible within the context. Considering all correct candidates among the top 10
suggestions, 10.77% were not conjunctions in the traditional sense, but most of these
were textual connectors, such as finalmente [finally] and também [also], which could
be classified as sequential particles (Koch, 1988). There were, however, two instances,
among all 600 candidates that had not connector (or connector-like) functions, but that
fit the context: todo [all], which is a predeterminant that was suggested for the example
sentence above, and mal [hardly], which is an adverb that fit the context in another
sentence that had enquanto [while] as masked element.

As discussed above,many of the sentences could not enforce a very specific require-
ment in terms of connector. However, sentences such as the ones with “ora” (now),
which is a dual connector (ora..., ora [∼ now..., now]), had no margin for other plau-
sible options within that context. Also, the fact that one connector can potentially be
replaced by another with different meaning does not mean that there is a great amount
of plausible options, as the number of connectors is finite. This could explain the very
poor precision for the top 10 candidates in several cases. Even so, looking at the over-
all results obtained, we can see that the model can proficiently generate connectors,
because cohesive elements were the top option in 100% of the cases.

5.2.6 Passive

Passive voice inPortuguese has an important characteristic, sharedwith otherRomance
languages, which is the agreement of the nominal participle with the subject. This can

15 Available in this Github repository: https://github.com/rswilkens/Assessing-Linguistic-Generalisation-
in-Language-Models.
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Table 11 Connector prediction Case name P@1 P@10

Caso [if] 100.00% 26.67%

Conforme [according to] 100.00% 46.67%

Contudo [however] 100.00% 86.67%

Enquanto [while] 100.00% 66.67%

Nem [nor] 100.00% 50.00%

Ora [now] 100.00% 20.00%

Pois [because] 100.00% 50.00%

Porque [because] 100.00% 40.00%

Portanto [therefore] 100.00% 90.00%

Quando [when] 100.00% 26.67%

Se [if] 100.00% 50.00%

Todavia [however] 100.00% 96.67%

lead to long distance agreement between these two components. The following exam-
ple illustrates this type of agreement: A escolha foi feita. [TheFemSing choiceFemSing

wasmadeFemSing .] This is different towhat happens, for instance,with compound verb
tenses, such as the compound pluperfect, where the verbal participle of the main verb
is used, and thus there is no requirement for agreement (for a broader discussion about
nominal and verbal participles, see Perini (2010)). An example of this can be seen
in this example: Ela tinha escolhido aquela cor. [SheFemSing had chosenNoAgreement

thatFemSing colourFemSing .]
To test the generation of nominal participles, we used 13 base sentences, whichwere

modified with a varied number of linguistic cues composed of verbal constructions
associated with the verb “ser” (to be). This resulted in a total of 175 test sentences.
An example of test sentence for the passive voice is the following:

Contrariando ao ideal materno dos romanos, os filhos das classes médias e
altas <eram> [MASK] às amas de leite que os alimentavam e se incumbiam
dos cuidados gerais da criança.
[Contrary to the maternal ideal of the Romans, childrenMascPlural of middle and upper class
citizens <were> [MASK] to wet nurses, who fed them and were responsible for the general care
of the child.]

The results in Table 12 show that the model was able to produce correct candidates
most of the time, with 86.65% precision among the top 1 candidates and 78.38%
among the top 10 candidates. Interestingly, among the candidates that were not correct,
44.99% were a participle, but had incorrect nominal agreement with the subject of the
sentence. The results in the table also point to themodel having trouble producing good
candidates for the feminine singular cases. This is a rather interesting phenomenon, as
it was unexpected for the model to fail on only one type of agreement. A deeper study
would have to be conducted in terms of why this happened, but we can hypothesise
that, because the verbal form of these participles are generally written in a form that
coincides with the masculine, the model made the wrong generalisation and assumed
the masculine form also for the nominal participles when they are in singular form.
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Table 12 Passive: gender and
number breakdown

Case name P@1 P@10

Feminine singular 17.86% 50.71%

Masculine singular 95.89% 89.32%

Feminine plural 100.00% 55.00%

Masculine plural 98.53% 81.47%

Another possibility would be that there are simply not enough instances of feminine
singular nominal participles in the corpus that was used to train the language model.

Finally, within the list of correctly generated candidates, not many deviated from
the expected word form, as only 5.07% of the candidates were adjectives that fit the
context resulting in a grammatically correct option, instead of the targeted nominal
participle.

5.2.7 Overview of the grammatical tests

Summing up the results of the grammatical tests, we can see in Table 13 that tasks
that require no agreement had the best results, with 100% precision for connectors and
98.78% for impersonal verbs. Where morphosyntactic characteristics of the language
played a role,we see that the results fall below90%even considering only the candidate
in which the model has the most confidence.

Interestingly, the nominal agreement test was the only one that shows better results
among the top 10 candidates in comparison to the top 1. This could possibly mean
that, for selecting adjectives, lexical cues in the context are stronger than the mor-
phosyntactic information in the cue word. Considering the results reported by Bacon
and Regier (2019) for Portuguese on mBERT, we see that the model here had much
worse performance for nominal agreement. This could be because we evaluated all
candidates, and not only the ones that had the same part of speech as the masked word.

As the only closed class task, we expected connectors to present the largest differ-
ence in evaluation from the top 1 to the top 10 candidates, because the model would
eventually run out of options to fit in the context. However, the worse performance
overall was seen in the task of verb agreement, where the model had problems finding
good candidates for a few personal pronouns, both at the top 1 and at the top 10.
Moreover, frequency also seems to play a role in model performance, and prediction
accuracy decreases for less frequent forms, including very formal pronouns or those
that are frequently omitted.

6 Conclusions and future work

In this work we addressed the problem of intrinsic evaluation of large scale language
models and proposed a battery of model-agnostic tests to assess linguistic proficiency
in Portuguese. This paper focused on some widely adopted neural language models
of Brazilian Portuguese, and evaluated their performance in lexical, syntactic and
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Table 13 Summary of
grammatical proficiency tests

Test P@1 P@10

Nominal agreement 77.53% 89.67%

Verb agreement 79.56% 59.55%

Subject agreement 83.38% 75.70%

Connectors 100.00% 54.17%

Impersonal verbs 98.78% 86.77%

Passive 86.65% 78.38%

semantic tasks. We developed a dataset with evaluation items that cover two particular
areas: MWE inventory of idiomatic items, and proficiency in 6gmatical tasks.

Overall, the larger and language-specificmodels performed better in theMWE task.
Although mBERT shows good capacities in different NLP tasks, the model captured
little to no information to predict idiomatic items in Brazilian Portuguese. This is most
likely due to the curse of multilinguality (Conneau et al., 2019). Despite the small
difference in performance between BERTimbau Large and Base, the larger version
presented a better recognition of MWE. However, exploring more outputs from the
BERTimbau Base might lead to the same performance as BERTimbau Large.

The grammatical tests showed that BERTimbau Large has a good overall precision
in generating candidates for masked items, especially when we looked only at the
top 1 candidates, going up (or very close) to 100% precision both for connectors and
impersonal verbs. Even so, for tasks that required morphosyntactic agreement, preci-
sion decreased, and the worse results (below 80% among the top 1 candidates) were
reported for nominal and verb agreement. The case of verb agreement was especially
challenging for the model, because it consistently failed to produce good results for
certain personal pronouns (first person plural, and second person singular and plural),
which could be a sign of poor morphosyntactic generalisation, or be a side effect of
the training corpus.

We adopted two evaluation criteria, one more strict, considering only the best
candidate, and a broader one, which includes the top 10 candidates. Moreover, by
considering not only the expected target word forms during the evaluation, but also
considering alternative, grammatically correct outputs, we were able to detect the
capacity of the model to produce different types of word forms for different contexts.
Although these “deviant” word forms did not represent much of the correct responses,
amounting to around 5% in most cases, they showed that a syntactic cue might not be
as strong as the overall context of the sentence, as argued by Gulordava et al. (2018).

The results obtained confirm that the model achieves proficiency levels in tasks that
do not require morphosyntactic agreement. However, it still lacks quality in certain
items, in particular related to feminine singular forms. We also observed that there are
instances (e.g., nominal agreement) in which the model has higher confidence (i.e.,
higher probability) in inadequate responses. All these evaluations led to a profile of
the model’s linguistic information.

This study contributed towards understanding deep learning models’ representa-
tion of the Portuguese language. For that, we opted for a black-box perspective by
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assessing the linguistic generalisation of language models. One of the advantages of
this approach is its independence from model architectures. In BERT architecture, we
observe evidence that points to a superior performance of the model in generalisable
tasks than in non-generalisable ones, but the results are not enough for a final conclu-
sion about the model learning process. In this sense, further studies should be done on
this architecture in order to verify how the model creation process differentiates gen-
eralisable and non-generalisable cases. This could be done, for instance, by exploring
explainability methods, such as studying attention layers.

As future work, the battery of tests can be extended to other linguistic aspects, such
as selectional preferences for verbs, and inventory of collocations and terminology.
In addition, an investigation can be conducted to analyse whether possible biases
in the distribution of the training data can affect the performance of these patterns.
Finally, a multilingual version of the test set can be developed, adapting it to closely
related languages that share some of these linguistic patterns, and assessing if language
proximity can be beneficial for few-shot learning scenarios.
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