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Gulordava et al., 2018; Futrell et al., 2019; Wilcox

et al., 2018). In Multilingual BERT, previous work

has demonstrated surprising levels of multilingual

and cross-lingual understanding (Pires et al., 2019;

Wu and Dredze, 2019; Libovickỳ et al., 2019;

Chi et al., 2020), with some notable limitations

(Mueller et al., 2020). However, these studies

still leave an open question: are higher-order ab-

stract grammatical features — features such as

morphosyntactic alignment, which are not realized

in any one sentence — accessible to deep neu-

ral models? And how are these allegedly discrete

features represented in a continuous embedding

space? Our goal is to answer these questions by

examining grammatical subjecthood across typo-

logically diverse languages. In doing so, we com-

plicate the traditional notion of the grammatical

subject as a discrete category and provide evidence

for a richer, probabilistic characterization of sub-

jecthood.

For 24 languages, we train small classifiers to

distinguish the mBERT embeddings of nouns that

are subjects of transitive sentences from nouns that

are objects. We then test these classifiers on out-

of-domain examples within and across languages.

We go beyond standard probing methods (which

rely on classifier accuracy to make claims about

embedding spaces) by (a) testing the classifiers

out-of-domain to gain insights about the shape

and characteristics of the subjecthood classifica-

tion boundary and (b) testing for awareness of

morphosyntactic alignment, which is a feature of

the grammar rather than of the classifier inputs.

Our main experiments are as follows. In Exper-

iment 1, we test our subjecthood classifiers on out-

of-domain intransitive subjects (subjects of verbs

which do not have objects, like “The man slept”)

in their training language. Whereas in English

and many other languages, we think of intransitive

subjects as grammatical subjects, some languages

have a different morphosyntactic alignment sys-

tem and treat intransitive subjects more like ob-

jects (Dixon, 1979; Du Bois, 1987). We find evi-

dence that a language’s alignment is represented in

mBERT’s embeddings. In Experiment 2, we per-

form successful zero-shot cross-linguistic trans-

fer of our subject classifiers, finding that higher-

order features of the grammar of each language

are represented in a way that is parallel across lan-

guages. In Experiment 3, we characterize the ba-

sis for these classifier decisions by studying how

they vary as a function of linguistic features like

animacy, grammatical case, and the passive con-

struction.

Taken together, the results of these experi-

ments suggest that mBERT represents subject-

hood and objecthood robustly and probabilisti-

cally. Its representation is general enough such

that it can transfer across languages, but also

language-specific enough that it learns language-

specific abstract grammatical features.

2 Background: Morphosyntactic

alignment

In transitive sentences, languages need a way of

distinguishing which noun is the transitive sub-

ject (called A, for agent) and which noun is the

transitive object (O). In English, this distinction

is marked by word order: “The dogA chased

the lawyerO” means something different than “the

lawyerA chased the dogO”. In other languages,

this distinction is marked by a morphological fea-

ture: case. Case markings, usually affixes, are at-

tached to nouns to indicate their role in the sen-

tence, and as such in these languages word order

is often much freer than in English.

Apart from A and O, there is also a third gram-

matical role: intransitive subjects (S). In sentences

like “The lawyer laughed”, there is no ambiguity

as to who is doing the action. As such, cased lan-

guages usually do not reserve a third case to mark

S nouns, and use either the A case or the O case.

Languages that mark S nouns in the same way as A

nouns are said to follow a Nominative–Accusative

case system, where the nominative case is for A

and S, and the accusative case is for O. 2 Lan-

guages that mark S nouns like O nouns follow

an Ergative–Absolutive system, where the erga-

tive case is used to mark A nouns, and the absolu-

tive case marks S and O nouns. For example, the

Basque language follows this system. A visual-

ization of the two case systems is shown in Figure

1.

The feature of whether a language follows a

nominative-accusative or an ergative-absolutive

system is called morphosyntactic alignment. Mor-

phosyntactic alignment is a high-order grammati-

cal feature of a language, which is not usually in-

ferable from looking at just one sentence, but from

2English pronouns follow a Nominative–Accusative sys-
tem. For example, the pronoun “she” is nominative and is
used both for A and S (as in “she laughed”). The pronoun
“her” is accusative and is used only for O.
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for future work. 5 We label a noun token as:

• O if it has a verb as a head and its dependency

arc is either dobj or iobj.

• A if it has a verb as a head and its dependency

arc is nsubj and it has a sibling O.

• S if it has a verb as a head and its dependency

arc is nsubj and it has no sibling O.

Finally, we exclude the subjects of passive con-

structions (where the object of an action is made

the grammatical subject) to analyze separately,

as including these examples would confound

grammatical subjecthood with semantic agency.

We also exclude the siblings of expletives (e.g.,

“There are many goats”), as these are grammati-

cal objects which appear without subjects as the

only argument of the verb, and we also exclude

the children of auxiliaries (“The goat can swim”),

looking only at the arguments of verbs.

Because we use embeddings and are limited by

the Universal Dependencies annotation scheme,

there are some cross-linguistic differences in how

arguments are handled. For instance, our system

is not able to handle null subjects or null objects,

even though those are prominent parts of many

languages.

Classifiers For each language, and for each

mBERT layer ℓ, we train a classifier to classify

mBERT contextual embeddings drawn from layer

ℓ as A or O. The classifiers are all two-layer per-

ceptrons with one hidden layer of size 64. We train

each classifier for 20 epochs on a dataset of the

layer-ℓ contextual embeddings of 1,012 A nouns

and 1,012 O nouns. In total, we train 24 languages

× 13 mBERT layers = 312 total classifiers.

4 Experiment 1: Subjecthood in mBERT

In our first experiment, we train a classifier to pre-

dict the grammatical role of a noun in context from

its mBERT contextual embedding, and examine

its behavior on intransitive subjects (S), which are

out-of-domain.

This experimental setup lets us ask two ques-

tions about subjecthood encoding in mBERT.

Firstly, do contextual word embeddings reliably

encode subjecthood information? Secondly, how

do our classifiers act when given S arguments (in-

transitive subjects), which crucially do not appear

5For an example of how pronouns complicate how sub-
jecthood is defined, see Fox (1987).
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Figure 3: Accuracy of A-O classifiers for every lan-

guage, by mBERT layer. For all languages, accuracy is

highest in layers 7-10
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Figure 4: Distribution of layer 10 classifier probabil-

ities for S nouns in the test set. When trained on

non-ergative languages, the classifiers mostly predict

S nouns to be A. When trained on ergative and split-

ergative languages, the classifier predictions for S are

much more spread out (towards being classified as O),

suggesting that the ergative nature of the languages is

expressed in the contextual embeddings of the A and O

nouns, influencing the classifier.

in the training data? If S arguments are mostly

classified as A, that would suggest mBERT is

learning a nominative-accusative system, where

A and S pattern together. If S patterns with O,

that would suggest it has an ergative-absolutive

system. If S patterns differently in different

languages, that would suggest that it learns a

language-specific morphosyntactic system and ex-

presses it in the encoding of nouns in transitive

clauses (which are unaffected by alignment), so

that the A-O classifiers can pick it up.

4.1 Results

Our results show that the classifiers can reliably

perform A-O classification of contextual embed-
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Pimentel et al., 2020; Hewitt and Liang, 2019),

a methodology that is very similar to ours. The

main limitation pointed out in this literature is that

the power of classifiers is a confounding variable:

we can’t know if a classifier’s encoding of a fea-

ture is due to the feature being encoded in BERT

space, or to the classifier figuring out the feature

from surface encoding.

In this paper, we address these issues by propos-

ing two ways to use classifiers to analyze embed-

ding spaces that go beyond probing, and avoid the

limitations of arguments based only around the ac-

curacy of probes. Firstly, our results rely on testing

the classifiers on out-of-domain zero-shot transfer:

both to S arguments and to different languages.

As such, we focus on linguistically defining the

type of classification boundary which our classi-

fiers learn from mBERT space, rather than their

accuracy, and in using transfer we avoid many of

the limitations of probing, as argued in Papadim-

itriou and Jurafsky (2020). Secondly, we exam-

ine a feature (morphosyntactic alignment) which

is not inferable from the classifiers’ training data,

which consists only of transitive sentences. We are

asking if mBERT contextual space is organized in

a way that encodes the effects of morphosyntactic

alignment for tokens that do not themselves ex-

press alignment. Especially in the cross-lingual

case, a classifier would not be able to spuriously

deduce this from the surface form, whatever its

power.

A limitation of our experimental setup is that

both our Universal Dependencies training data and

the set of mBERT training languages are heav-

ily weighted towards nominative-accusative lan-

guages. As such, we see a clear nominative-

accusative bias in mBERT, and our results are

somewhat noisy as we only have one ergative-

absolutive language and two semi-ergative lan-

guages

Future work should examine the effects of

balanced joint training between nominative-

accusative and ergative-absolutive languages on

the contextual embedding of subjecthood. And

we hope that future work will continue to ask not

just if deep neural models of language represent

discrete linguistic features, but how they represent

them probabilistically.
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