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Abstract
Structural probing work has found evidence
for latent syntactic information in pre-trained
language models. However, much of this anal-
ysis has focused on monolingual models, and
analyses of multilingual models have employed
correlational methods that are confounded by
the choice of probing tasks. In this study, we
causally probe multilingual language models
(XGLM and multilingual BERT) as well as
monolingual BERT-based models across vari-
ous languages; we do this by performing coun-
terfactual perturbations on neuron activations
and observing the effect on models’ subject-
verb agreement probabilities. We observe
where in the model and to what extent syn-
tactic agreement is encoded in each language.
We find significant neuron overlap across lan-
guages in autoregressive multilingual language
models, but not masked language models. We
also find two distinct layer-wise effect patterns
and two distinct sets of neurons used for syn-
tactic agreement, depending on whether the
subject and verb are separated by other tokens.
Finally, we find that behavioral analyses of lan-
guage models are likely underestimating how
sensitive masked language models are to syn-
tactic information.

1 Introduction

Syntactic information is necessary for robust gener-
alization in natural language processing tasks (for
a case study using the natural language inference
task, see McCoy et al. 2019). The success of pre-
trained language models (LMs) such as RoBERTa
(Liu et al., 2019) and GPT-3 (Brown et al., 2020)
in many NLP tasks has prompted hypotheses that
they accomplish their performance through struc-
tural representations induced during pre-training,
rather than only lexical or positional represen-
tations (Manning et al., 2020); behavioral evi-
dence for LMs’ syntactic abilities has been found
in masked LMs (MLMs; Warstadt et al., 2020;
Warstadt and Bowman, 2020; Goldberg, 2019) and

autoregressive LMs (ALMs; Hu et al., 2020). Ev-
idence for structural representations has been re-
ported for multilingual pre-trained LMs (Goldberg,
2019; Mueller et al., 2020) and in sequence-to-
sequence models (Mueller et al., 2022).

Despite efforts to understand the structural infor-
mation encoded by pre-trained LMs (Hewitt and
Manning, 2019; Chi et al., 2020; Elazar et al., 2021;
Ravfogel et al., 2021; Finlayson et al., 2021; inter
alia), it remains unclear how and where multilin-
gual models encode this information. Most multi-
lingual probing studies are correlational and use
dependency parsing or labeling as a proxy task in-
dicative of syntactic information (Chi et al., 2020;
Stańczak et al., 2022). This is problematic: Models
do not need structural or word order information to
achieve high performance on dependency labeling
(Sinha et al., 2021), and training a parametric prob-
ing classifier introduces many confounds (Hewitt
and Liang, 2019; Antverg and Belinkov, 2022).

Causal probing, however, enables non-
parametric analyses of models through coun-
terfactual interventions on inputs or model
representations. Causal probing studies have
argued for the existence of specific syntactic
agreement neurons and units in neural language
models (Finlayson et al., 2021; Lakretz et al.,
2019; De Cao et al., 2021), but these studies have
focused on monolingual models—usually (though
not always) in English. Causal methods allow us
to make stronger arguments about where and how
syntactic agreement is performed in pre-trained
LMs, and we can apply them to answer questions
about the language specificity and construction
specificity of syntactic agreement neurons.

In this study, we extend causal mediation analy-
sis (Pearl, 2001; Robins, 2003; Vig et al., 2020) to
multilingual language models, including an autore-
gressive LM and a masked LM. We also analyze
a series of monolingual MLMs across languages.
We employ the syntactic interventions approach
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of Finlayson et al. (2021) on stimuli in languages
typologically related to English, such that we can
observe whether there exist syntax neurons that
are shared across a set of languages that are all
relatively high-resource and grammatically similar.
Our contributions include the following:

1. We causally probe for syntactic agreement
neurons in an autoregressive language model,
XGLM (Lin et al., 2021); a masked language
model, multilingual BERT (Devlin et al.,
2019); and a series of monolingual BERT-
based models. We find two distinct layer-wise
effect patterns, depending on whether the sub-
ject and verb are separated by other tokens.

2. We quantify the degree of neuron overlap
across languages and syntactic structures, find-
ing that many neurons are shared across struc-
tures and fewer are shared across languages.

3. We analyze the sparsity of syntactic agree-
ment representations for individual structures
and languages, and find that syntax neurons
are more sparse in MLMs than ALMs, but also
that the degree of sparsity is similar across
models and structures.

Our data and code are publicly available.1

2 Related Work

Multilingual language modeling. Multilingual
language models enable increased parameter effi-
ciency per language, as well as cross-lingual trans-
fer to lower-resource language varieties (Wu and
Dredze, 2019). This makes both training and de-
ployment more efficient when support for many
languages is required. A common approach for
training multilingual LMs is to concatenate train-
ing corpora for many languages into one corpus,
often without language IDs (Conneau et al., 2020;
Devlin et al., 2019).

These models present interesting opportunities
for syntactic analysis: Do multilingual models
maintain similar syntactic abilities despite a de-
creased number of parameters that can be dedi-
cated to each language? Current evidence suggests
slight interference effects, but also that identical
models maintain much of their monolingual per-
formance when trained on multilingual corpora
(Mueller et al., 2020). Is syntactic agreement, in
particular, encoded independently per language or

1https://github.com/aaronmueller/
multilingual-lm-intervention

shared across languages? Some studies suggest
that syntax is encoded in similar ways across lan-
guages (Chi et al., 2020; Stańczak et al., 2022),
though these rely on correlational methods based
on dependency parsing, which introduce confounds
and may not rely on syntactic information per se.

Syntactic probing. Various behavioral probing
studies have analyzed the syntactic behavior of
monolingual and multilingual LMs (Linzen et al.,
2016; Marvin and Linzen, 2018; Ravfogel et al.,
2019; Mueller et al., 2020; Hu et al., 2020). Re-
sults from behavioral analyses are generally eas-
ier to interpret and present clearer evidence for
what models’ preferences are given various con-
texts. However, these methods do not tell us where
or how syntax is encoded.

A parallel line of work employs parametric
probes. Here, a linear classifier or multi-layer per-
ceptron probe is trained to map from a model’s
hidden representations to dependency attachments
and/or labels (Hewitt and Manning, 2019) to locate
syntax-sensitive regions of a model. This approach
has been applied in multilingual models (Chi et al.,
2020), and produced evidence for parallel depen-
dency encodings across languages. However, if
such probes are powerful, they may learn the target
task themselves rather than tap into an ability of
the underlying model (Hewitt and Liang, 2019),
leading to uninterpretable results. When control-
ling for this, even highly selective probes may not
need access to syntactic information to achieve
high structural probing performance (Sinha et al.,
2021). There are further confounds when analyzing
individual neurons using correlational methods; for
example, probes may locate encoded information
that is not actually used by the model (Antverg and
Belinkov, 2022).

Causal probing has recently become more com-
mon for interpreting various phenomena in neu-
ral models of language. Lakretz et al. (2019) and
Lakretz et al. (2021) search for syntax-sensitive
units in English and Italian monolingual LSTMs
by intervening directly on activations and evalu-
ating syntactic agreement performance. Vig et al.
(2020) propose causal mediation analysis for lo-
cating neurons and attention heads implicated in
gender bias in pre-trained language models; this
method involves intervening directly on the inputs
or on individual neurons. Finlayson et al. (2021)
extend this approach to implicate neurons in syn-
tactic agreement. This study extends their data and
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method to multilingual stimuli and models.
Other causal probing work uses interventions on

model representations, rather than inputs. This
includes amnesic probing (Elazar et al., 2021),
where part-of-speech and dependency information
is deleted from a model using iterative nullspace
projection (INLP; Ravfogel et al., 2020). Ravfo-
gel et al. (2021) employ INLP to understand how
relative clause boundaries are encoded in BERT.

3 Methods

3.1 Causal Metrics

We first define terms to represent the quantities we
measure before and after the intervention. We are
interested in the impact of an intervention x on a
model’s preference yx for grammatical inflections
over ungrammatical ones. We start with the origi-
nal input, on which we apply the null intervention:
This represents performing no change to the orig-
inal input. Given prompt u and verb v, we first
calculate the following ratio:

ynull(u, v) =
p(vpl | usg)
p(vsg | usg)

(1)

Here, usg represents a prompt that would re-
quire a singular verb inflection vsg at the [MASK]
for the sentence to be grammatical; for example,
“The doctor near the cars [MASK] it”. vsg is the
third-person singular present inflection of verb v,
and vpl is the plural present inflection; for exam-
ple, vsg =“observes” and vpl =“observe”. Note
that this ratio has the incorrect inflection as the
numerator; this entails that if the model computes
agreement correctly, we will have y < 1.

We now define the swap-number intervention,
where the grammatical number of u is flipped (re-
sulting in “The doctors near the cars [MASK] it” for
the previous example). This results in the following
expression for y:

yswap-number(u, v) =
p(vpl | upl)
p(vsg | upl)

(2)

Now, the numerator is the correct inflection, so we
expect y > 1.

As we are interested in the contribution of in-
dividual model components to the model’s over-
all preference for correct inflections, we focus on
indirect effects, where we perform interventions
on individual model components and observe the

Figure 1: Example of computing the natural indirect
effect (NIE). We change a neuron’s activation to what
it would have been if we had intervened on the prompt,
then measure the relative change in y.

change in y. In particular, we measure the natural
indirect effect (NIE), as follows.

We intervene on an individual neuron z. We
change z’s original activation given u and v (de-
noted znull(u, v)) to the activation it would have
taken if we had performed the intervention on u
(denoted zswap-number(u, v)). The rest of the neu-
rons retain their original activations. “Natural” here
refers to the fact that our intervention changes the
activation z to the value it would have in another
natural setting u′, rather than setting it to some
predefined constant (such as 0) that it may or may
not obtain given natural inputs. We measure the
relative change in y after applying the intervention
(see Figure 1 for a visual example):

NIE(swap-number, null; y, z) =

Eu,v

[
ynull,zswap-number(u,v)(u, v)− ynull(u, v)

ynull(u, v)

]
=

Eu,v

[
ynull,zswap-number(u,v)(u, v)

ynull(u, v)
− 1

]

(3)

If a neuron encodes useful information for syn-
tactic agreement, we expect y to increase after
the intervention, making the numerator positive.
Positive NIEs indicate that a neuron encodes pref-
erences for correct verb inflections, and negative
NIEs indicate that the neuron prefers incorrect in-
flections. The closer the NIE is to 0, the less of a
contribution a neuron makes to syntactic agreement
in either direction.

3.2 Models

Finlayson et al. (2021) analyzed a series of mono-
lingual autoregressive language models (ALMs):
GPT-2 (Radford et al., 2019), TransformerXL (Dai
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Model Layers Neurons Parameters

BERT 12 9126 110M
mBERT 12 9126 110M

GPT-2 24 25600 345M
XGLM 24 25600 564M

Table 1: The size of each model used in this study. Each
monolingual BERT variant (including the RoBERTa-
based CamemBERT) has the same number of layers,
neurons, and parameters as BERT.

et al., 2019), and XLNet (Yang et al., 2019). Here,
we apply their analysis approach to multilingual
models. Multilingual ALMs are rare in the litera-
ture; to our knowledge, the only ALM designed to
be multilingual is XGLM (Lin et al., 2021),2 which
we employ in this study.

Multilingual MLMs are much more common.
We focus on multilingual BERT (Devlin et al.,
2019). We were unable to analyze XLM-R (Con-
neau et al., 2020), a more recent multilingual MLM
that performs better than mBERT on certain bench-
marks, since its tokenizer splits a large proportion
of our nouns and verbs into multiple tokens, which
greatly constrained the stimuli we could use. In
future work, we intend to address this issue by
developing methods that enable multi-token inter-
ventions, as well as calibrated comparisons across
variable-length sequences.

We also analyze a series of monolingual MLMs—
one for each language included in our sample. Four
of these models were based on BERT: BERT (En-
glish), GermanBERT,3 BERTje (Dutch; de Vries
et al., 2019), and FinnishBERT (Virtanen et al.,
2019). Our French MLM, CamemBERT (Mar-
tin et al., 2020), is based on RoBERTa (Liu et al.,
2019), which is very similar to BERT.

3.3 Materials

We translate the stimuli from Finlayson et al. (2021)
(Figure 2) to French, German, Dutch, and Finnish.
Since the subjects and verbs on which we inter-
vene must be one token each,4 we are restricted

2GPT-3 (Brown et al., 2020) is technically multilingual, as
its training corpus contains data from other languages. How-
ever, it was not designed with multilinguality in mind, and the
vast majority of its training data is English.

3https://www.deepset.ai/german-bert
4It is not clear how to compare the probability of variable-

length sequences in masked language models, and autore-
gressive language models tend to prefer sequences containing
fewer tokens. There have been attempts to compare variable-
length sequence probabilities using iterative approaches (e.g.,

Simple Agreement:
The athlete investigates/*investigate. . .

Across Prepositional Phrase:
The manager behind the bikes
observes/*observe. . .

Across Object Relative Clause:
The farmers that the parent loves
*confuses/confuse. . .

Figure 2: Constructions used in this study, grouped by
whether the subject and verb are adjacent. We use a
subset of constructions from Finlayson et al. (2021), di-
rectly translating the stimuli to French, German, Dutch,
and Finnish. See Appendix A for examples of each
structure in each language.

to very frequent words in the pre-training cor-
pus which do not get split into subwords by a
model’s tokenizer. This limits us to high-resource
language varieties—and as most of the top lan-
guages in mBERT and XGLM’s pre-training cor-
pora are Indo-European, this also limits the typo-
logical range of this method. A virtue of our sam-
ple of languages, however, is that is allows us to
study whether neurons are shared across typologi-
cally similar languages, where shared neurons and
similar layer-wise effect patterns are most likely
to occur: If syntactic agreement neurons are not
shared across similar languages, they are unlikely
to be shared across any languages.

For each structure, we sample up to 200 sen-
tences. If there are fewer than 200 sentences where
the subjects and verbs are single tokens, we take
the entire set of valid stimuli. When we use the
original stimuli from Finlayson et al. (2021), we of-
ten have very few sentences where the subjects and
verbs are single tokens. Thus, we also create short-
word versions of the stimuli, where we use shorter
and more common words (e.g., instead of "man-
agers" or "observe", we can use "cats" or "see").
Our results are consistent when using the original
and short nouns and verbs; see Appendix B.

The original stimuli were generated from a gram-
mar given a list of manually selected terminals.
By generating artificial stimuli and not sampling
sentences from a corpus, we partially control for
memorized sequences or token collocations in the
pre-training corpus.

Schick and Schütze, 2021), though this generally requires
fine-tuning to work properly.
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Figure 3: Natural indirect effects for the top 5% of neurons in each layer for monolingual masked language models.
There are two distinct layer-wise NIE contours in each language, depending on whether the subject and verb are
separated by other tokens (as in ‘across a relative clause’ and ‘across a prepositional phrase’ structures) or not (as in
‘simple agreement’).
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Figure 4: Natural indirect effects for mBERT (top) and
XGLM (bottom) for Germanic languages. There are
two distinct layer-wise NIE patterns in each language.
NIE patterns for the same structure look very similar
across languages.

Finlayson et al. (2021) found two distinct layer-
wise NIE patterns for syntactic agreement: one
when the subject and verb are adjacent (the short-
range effect), and another when they are separated
by any number of tokens (the long-range effect).
To understand whether the short-range effect is due
to preferences for frequent bigrams (rather than
specifically grammatical subject-verb bigrams), we
also design a bigram swap intervention. We use
high-mutual-information adjective-noun English
bigrams as the original inputs and intervene by ran-
domly swapping the first or second words in the
bigram with words from a different bigram. For ex-
ample, given the bigrams coaxial cable and police
officer, we can define ynull = p(officer|coaxial)

p(cable|coaxial) and

yswap-bigram =
p(officer|police)
p(cable|police) . Then we can compute

the NIE as in Equation 3.
Finally, to test whether separate neurons are used

for short- and long-range token collocations in gen-
eral, we also define short- and long-range semantic
plausibility baselines, where nouns are associated
with stereotypical adjectives (e.g., square T.V. and
red apple). The short-range semantic plausibility
intervention is the same as for the bigram inter-
vention: We compute the probability ratio of the
first and second noun in a pair of bigrams before
and after swapping the adjective. For long-range se-
mantic plausibility, the prompt u is “The T.V./apple
is”, and v is the probability ratio of the adjectives
before and after swapping the nouns.

4 Results

4.1 Layer-wise NIE contours are similar
across languages

We present indirect effects for monolingual masked
language models (Figure 3), as well as mBERT
and XGLM (Figure 4). Here, we select the top
5% of neurons per layer by NIE. In each language,
whether in a monolingual or multilingual MLM
or ALM, there are two distinct layer-wise NIE
effect patterns for number agreement: one for
short-range dependencies and one for long-range
dependencies. This agrees with the findings of Fin-
layson et al. (2021) on autoregressive English LMs.
However, these effects look more distinct across
monolingual models, whereas multilingual mod-
els exhibit more similar layer-wise NIE patterns
across languages. In other words, monoligual
models accomplish syntactic agreement in differ-
ent layers and neurons depending on the language
(even though these languages are typologically sim-
ilar), but in multilingual models agreement compu-
tations implicate the same layers across languages.
This does not necessarily mean that the same indi-
vidual neuron are being used cross-linguistically
in multilingual models (we explore this question
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in more detail in §4.2.1); rather, the model may
simply be learning similar layer-wise strategies for
each language.

While prior work finds that syntactic agreement
is easier to learn in languages that have more ex-
plicit morphological cues to hierarchical structure
(Ravfogel et al., 2019; Mueller et al., 2020),5 this
does not necessarily imply that different agreement
mechanisms are learned in such languages. We find
similar layer-wise NIEs in mBERT across each lan-
guage we consider, including Finnish, a non-Indo-
European (specifically, Uralic) language.

4.2 Syntax neurons are shared across
structures, but not with semantic baselines

Here, we analyze to what extent the same neurons
are implicated across syntactic structures and lan-
guages in mBERT. For each structure, we take the
top 30 neurons by indirect effect (from any layer);
we then compute the proportion of such high-NIE
neurons that are shared across structures.

First, we investigate to what extent the neurons
that have high NIE for the syntactic structures are
selective to syntax. We do so by computing the
overlaps in English between neurons with high NIE
for syntactic structures and the neurons with high
NIE for our bigram and semantic plausibility base-
lines. We find that the top syntactic agreement
neurons for any structure are not shared with the
neurons implicated in semantic plausibility or bi-
gram collocation (Figure 5). In other words, the
neurons used for syntactic agreement are spe-
cific to agreement and do not track common bi-
grams more generally.

Figure 5 also shows that neurons are shared
across syntactic structures, providing evidence
for an abstract notion of syntactic agreement en-
coded in mBERT that is separate from the indi-
vidual structures that the model is presented with.
However, the varying extents of overlap indicate
that there are also neurons specialized to particular
structures. To further contextualize these overlap
proportions, we also compute overlaps for simple
agreement in a randomly initialized mBERT, as a
baseline. This experiment yields near-zero over-
laps, indicating that the overlaps across structures
we obtain for mBERT and XGLM are unlikely to

5Explicit case marking correlates well with performance
on syntactic evaluations (Ravfogel et al., 2019), so we would
expect German and Finnish to exhibit different results if these
cues give rise to different agreement computations.
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Figure 5: Neuron overlap across structures (including
baselines) in English for (a) mBERT and (b) XGLM.
There is zero or near-zero overlap between the baselines
and all syntactic agreement structures, whereas overlap
is relatively high (and statistically significant) for all
other structures.

be due to random chance.6

4.2.1 Neurons are shared across languages in
autoregressive language models

The overlap in neurons across languages (Fig-
ure 6) is significant for all structures in XGLM.
For mBERT, overlap is significant between “across
a PP” structures and other long-distance agreement
structures, but not for any other structure pairs.
Note that in XGLM, the diagonal is no darker
than most other squares; in other words, there
is not more cross-lingual neuron overlap for the
same syntactic structure relative to other structures.
These may be generic cross-lingual syntax neu-
rons which are not specialized to any particular
structure or language. We found in §4.2 that there
is almost no overlap between syntactic agreement
neurons and bigram collocation/semantic plausibil-
ity neurons in English, which is further evidence

6For reference, the probability of at least one neuron be-
ing shared between two random samples of 30 neurons in

(m)BERT-base is 1− (9984−30
30 )

(998430 )
≈ .086.
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Figure 6: Cross-lingual neuron overlaps for the top
30 neurons by NIE in (a) mBERT and (b) XGLM.
We present English-French overlaps; overlaps between
other language pairs look similar (see Appendix C). The
overlap percentages in (b) are significantly higher than
random chance. Overlaps for most structure pairs in (a)
are not significant, except for overlaps between ‘Across
a preposition’ structures and other long-range agree-
ment structures.

that these may be more general syntactic agreement
neurons. Nonetheless, overlap is very low across
languages compared to across structures within a
given language. Thus, in autoregressive language
models, syntactic agreement neurons can be
language-specific or cross-lingual, but most are
language-specific. For masked language models,
syntactic agreement neurons are rarely shared
across languages.

4.3 Neuron sparsity differs across structures,
but not across languages

What proportion of LMs’ neurons encode subject-
verb agreement? The sparsity of syntax neurons in
pre-trained models may vary depending on which
language and structure we observe. Lakretz et al.
(2019) and Lakretz et al. (2021) found that agree-
ment neurons are sparse in LSTMs, but it is not
clear whether this would hold for MLMs or large

Language Model % Neurons for TE % Neurons for Max. NIE

en

BERT 1.0% 5.8%
mBERT 1.0% 8.7%
GPT-2 17.5% 25.0%
XGLM 4.5% 16.5%

fr
CamemBERT 6.7% 10.6%
mBERT 3.8% 29.8%
XGLM 3.5% 24.0%

de
GermanBERT 1.0% 8.7%
mBERT 1.0% 6.7%
XGLM 1.5% 18.0%

nl
BERTje 1.0% 5.8%
mBERT 1.0% 2.9%
XGLM 0.5% 37.5%

fi FinnishBERT 1.0% 4.8%

Table 2: Neuron sparsities for the “simple agreement”
structure across languages and models. Multilingual
models do not necessarily encode syntax more sparsely
than monolingual models. Sparsities are generally con-
sistent across languages for the same model.

Transformer-based ALMs. Given our consistent
results across languages, we hypothesize that the
neuron sparsity of subject-verb agreement will be
similar across monolingual models. Given the con-
sistent distinction thus far in how neurons encode
short- and long-range agreement, we also hypothe-
size that neuron sparsity will differ between agree-
ment distances. Due to lower parameterization
per language in multilingual models, however, we
hypothesize that multilingual models encode agree-
ment more sparsely than monolingual models.

We measure sparsity by iteratively selecting the
top k neurons by NIE, intervening on them simul-
taneously, and computing the natural indirect ef-
fect after performing the swap-number interven-
tion. We continue sampling k more neurons and
computing NIEs until we have selected all neurons;
the NIE after intervening on all neurons is equiv-
alent to the total effect (TE).7 Computing effects
for each neuron and each structure is computation-
ally expensive, so we use k = 128 for XGLM and
GPT-2 (0.5% of neurons selected at a time) and
k = 96 for (m)BERT (≈1.0% of neurons selected
at a time).

We report two metrics: (1) the percentage of
neurons at which we see the maximum NIE, and
(2) the minimum percentage of neurons required
for the NIE to reach the TE of the model. These
correspond to the peak NIE and the point at which
the NIEs cross the dashed line in Figure 7.

For ‘simple agreement’ (Table 2), the proportion
of neurons to reach the TE is generally small, espe-

7Intuitively, the TE can be thought of as the preference of
the model as a whole for correct verbs over incorrect verbs.
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Figure 7: Indirect effects when intervening on increas-
ing numbers of neurons in XGLM. The dashed line
represents the total effect. For ‘simple agreement’, there
exists a set of neurons that strongly prefers grammatical
completions; however, there are many more neurons
that have weak preferences against them, and this re-
sults in the model as a whole having weak preferences
for correct verb inflections. For ‘across a singular RC’,
however, almost every set of neurons seems to have
preferences for grammatical inflections.

cially for MLMs. However, the TE itself is often
a couple orders of magnitude smaller for MLMs
than for ALMs; thus, these percentages are not
comparable across model architectures.

The proportion of neurons required to achieve
the maximum NIE is typically lower for MLMs
than ALMs. In other words, syntax neurons are
more sparse in masked language models than
autoregressive language models.8

The percentage of neurons to reach the maxi-
mum NIE does not significantly differ across mono-
lingual and multilingual models, however. This
means that multilingual models do not consis-
tently encode syntactic agreement in a more
sparse way than monolingual models. This and
our neuron overlap results suggest that multilingual
models encode syntactic information in a similar
way to monolingual models (including the pro-
portion of neurons sensitive to syntax), though

8French is an exception: there are more syntax-sensitive
neurons in both monolingual and multilingual models.

most syntax-sensitive neurons tend to be language-
specific rather than shared across languages.

Sparsity also differs across syntactic structures.
For ‘simple agreement’, NIEs peak at around 5–
20% of neurons. For ‘across a singular RC’, the ad-
dition of every k neurons almost always increases
the NIEs. Long-range syntactic information
seems to be distributed throughout the majority
of neurons in XGLM, but short-range syntactic
information is more sparsely encoded.

These numbers hide more interesting trends,
however. The TEs for mBERT are often close to
0 across structures, while the maximum NIEs are
in the hundreds for those same structures.9 This
has interesting implications for interpreting behav-
ioral analyses: studies such as Hu et al. (2020) and
Mueller et al. (2020) suggest that mBERT does
not have strong syntax-sensitive preferences com-
pared to autoregressive language models, and the
low TEs we observe support this. However, this
obscures that there are actually many neurons
in mBERT which are highly sensitive to syn-
tactic agreement, as indicated by the high max-
imum NIEs: we observe weak agreement prefer-
ences in the model as a whole because there are
many more neurons which have weak preferences
against syntactic agreement (i.e., small negative
NIEs), perhaps because those neurons are special-
izing in other phenomena (e.g., token collocations
or semantic agreement). Thus, behavioral analyses
of model behavior may be underestimating the sen-
sitivity of models to syntactic phenomena, for there
is negative interference from neurons that prefer
non-syntax-sensitive completions.

5 Discussion

We observe two distinct layer-wise NIE patterns
for syntactic agreement, depending on whether the
subject and verb are adjacent or separated by other
tokens. This extends the findings of Finlayson et al.
(2021) to multilingual MLMs and ALMs, as well as
monolingual MLMs in various languages. Going
beyond their findings, we ruled out the possibility
that these neurons do not simply track semantic
plausibility or bigram collocations more generally.
While this is not conclusive evidence that these
neurons are specialized to syntax, evidence from
other behavioral and probing studies also supports

9The effect contours for mBERT have a similar contour
to those in Figure 7, though the TE (≈0) and maximum NIE
(≈340) for ‘simple agreement’ are far smaller.

102



the existence of neurons focused on syntax (Hewitt
and Manning, 2019; Elazar et al., 2021; Goldberg,
2019). De Cao et al. (2021) found neurons focused
purely on syntax, while Tucker et al. (2022) found
redundantly encoded syntactic information across
neurons. It is not clear how much of the neuron
overlap we observe is due to redundantly encoded
information, but future work could investigate this.

A consistent trend across our experiments is that
ALMs encode syntactic agreement in a distinct way
from MLMs. In ALMs, there is more cross-lingual
and cross-structure neuron overlap than in MLMs;
more similar layer-wise effect patterns across struc-
tures and languages (though they are still distinct);
and a greater proportion of neurons which are sensi-
tive to agreement. This could be partially explained
by ALMs’ left-to-right processing of natural lan-
guage input, which more closely resembles incre-
mental inputs to human learners. MLMs are able to
perform syntactic agreement (Hu et al., 2020; Gold-
berg, 2019), but their fill-in-the-blank pre-training
objectives may induce distinct representations of
sentence structure as compared to models that pro-
cess or predict inputs incrementally.

Why do we observe different indirect effect con-
tours for short- and long-range agreement? Per-
haps syntactic agreement is encoded using a single
mechanism, but the way that syntactic information
is used for predicting output tokens depends on the
structure of the input or prior output tokens. Al-
ternatively, there could be two completely distinct
agreement mechanisms that function in different
ways entirely. While our findings do not disam-
biguate between these possibilities (or some other
separate type or amount of mechanisms), future
work could employ methods like those in Meng
et al. (2022) to observe this distinction more ex-
plicitly. The findings of Meng et al. (2022) suggest
that the model regions that are implicated in say-
ing something are distinct from those implicated in
knowing something—that is, knowledge retrieval
and predicting particular tokens are separate mech-
anisms in pre-trained language models. Perhaps
their method could be extended to study syntac-
tic agreement, such that we can better understand
what, exactly, these distinct indirect effect trends
represent.

6 Conclusions

We have used causal mediation analysis to observe
which neurons track syntactic agreement in multi-

lingual pre-trained language models, and in which
layers they are concentrated. We found two distinct
layer-wise contours for syntactic agreement regard-
less of the language, multilinguality, or architecture
of the model (§4.1); that syntax-sensitive neurons
are shared across languages in autoregressive lan-
guage models (§4.2.1); and that the neuron sparsity
of syntactic agreement is similar in monolingual
and multilingual models (§4.3). We also found that
behavioral analyses of masked language models ob-
scure the extent to which their neurons are sensitive
to syntactic agreement (§4.3).
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A Example Sentences

Here, we present examples of each syntactic struc-
ture we observe in each language.

(1) Simple agreement (English):
.
¯

The woman observes/*observe.

(2) Simple agreement (French):
.
L̄’
The

homme
man

approuve/*approuvent.
approves/*approve.

(3) Simple agreement (German):
.
D̄er
The

Arzt
physician

weiß/*wissen.
knows/*know.

(4) Simple agreement (Dutch):
.
D̄e
The

schrijver
writer

begrijpt/*begrijpen.
understands/*understand.

(5) Simple agreement (Finnish):
.
T̄äti
Aunt

ymmärtää/*ymmärtävät.
understands/*understand.

“The aunt understands/*understand.”

For each of the following syntactic structures
containing a grammatical number attractor, we sep-
arate structures by whether the attractor is singular
or plural. For concision, we simply present ex-
amples of each structure without separating out
examples by the number of the attractor. Note
that Finnish mainly uses postpositions rather than
prepositions; the attractor still intervenes between
the main subject and its verb, but the order of the
preposition and noun phrase is different compared
to the Indo-European languages we consider.

(6) Across a relative clause (English):
.
¯

The woman that the guards like ob-
serves/*observe.

(7) Across a relative clause (French):
.
L̄’
The

homme
man

que
that

le
the

chef
boss

suit
follows

approuve/*approuvent.
approves/*approve.

(8) Across a relative clause (German):
.
D̄er
The

Arzt
physician

den
that

die
the

Tiere
animals

vergeben
forgive

weiß/*wissen.
knows/*know.

(9) Across a relative clause (Dutch):
.
D̄e
The

schrijver
writer

die
that

de
the

ouder
parent

roept
calls

begrijpt/*begrijpen.
understands/*understand.

(10) Across a relative clause (Finnish):
.
T̄äti
Aunt

jota
that

luistelijat
skaters

kehuvat
praise

ymmärtää/*ymmärtävät.
understands/*understand.

“The aunt that the skaters praise under-
stands/*understand.”

(11) Across a prepositional phrase (English):
.
¯

The woman behind the cars ob-
serves/*observe.

(12) Across a prepositional phrase (French):
.
L̄’
The

homme
man

devant
in-front-of

le
the

chat
cat

approuve/*approuvent.
follows approves/*approve.

(13) Across a prepositional phrase (German):
.
D̄er
The

Arzt
physician

nahe
near

den
the

Äpfeln
apples

weiß/*wissen.
knows/*know.

(14) Across a prepositional phrase (Dutch):
.
D̄e
The

schrijver
writer

achter
behind

de
the

fiets
bike

begrijpt/*begrijpen.
understands/*understand.

(15) Across a postpositional phrase (Finnish):
.
T̄äti
Aunt

puiden
trees

lähellä
near

ymmärtää/*ymmärtävät.
understands/*understand.

“The aunt near the trees under-
stands/*understand.”
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Figure 8: Natural indirect effects for the top 5% of neurons in each layer for monolingual masked language models.
The indirect effect contours we observe do not vary significantly when replacing the nouns and verbs with shorter,
more frequent words—except in layer 11 of CamemBERT.
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(b) XGLM

Figure 9: Neuron overlap across structures (including
baselines) in English for (a) mBERT and (b) XGLM.
There is significant overlap between the original stimuli
and short-word stimuli, though this is more the case for
XGLM than mBERT.

B Invariance to Short- and Long-Word
Stimuli

When using the stimuli from Finlayson et al.
(2021), most of the subjects and verbs are split
into multiple tokens. These are generally long and
relatively infrequent nouns and verbs like “man-
agers” and “observe”. We could use more stimuli
if we replace each word with words that are shorter
and more frequent in pre-training corpora, such as
“cats” and “see”.

Will these lexical replacements change the trends
we observe? We observe the layer-wise natural in-
direct effect of the top neurons in each layer for
the original stimuli and the short-word stimuli to
see if lexical replacements have an effect on the
way neurons encode syntactic agreement in mono-
lingual BERT models. Our results (Figure 8) are
nearly identical for the original stimuli and the
short stimuli. A notable exception is layer 11 of
CamemBERT, where indirect effects are so large
that the rest of the effects are dwarfed by compari-
son. However, when excluding this result, indirect
effect contours look similar between original and
short stimuli.

We also compare the extent of neuron overlap
between original and short stimuli for multilingual
BERT and XGLM. Our results (Figure 9) show
a relatively high degree of overlap, especially for
XGLM. However, overlap is somewhat lower than
when we use only one stimulus type (Figure 5).
Ideally, overlap should be nearly 100% along the
diagonal of both matrices if these neurons account
only for syntactic agreement rather than specific
lexical items, so these results suggest that lexical
(and not syntactic) features may account for a no-
table proportion of the neuron overlap we observe
in our previous experiments. Alternatively, it could
mean that these neurons attend both syntactic and
lexical information. Nonetheless, overlaps are still
significant and indirect effects still look similar
when swapping our nouns and verbs, so it is likely
that models are picking up on some abstraction for
syntactic agreement that generalizes across specific
token sequences.

These results suggest that the neuron-level ef-
fects we observe are not simply spurious lexical
correlations. More significantly, this is further evi-
dence that the neuron-level effects we observe are
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not word-level effects, but some more abstract
structural feature(s) that the model has learned.

C Neuron Overlap Across Languages:
Full Results

Here, we present neuron overlaps across languages
for mBERT and XGLM (Figure 10). As in §4.2.1,
we present overlaps for the top 30 neurons (in any
layer of the model) per structure per language. As
before, we find that neuron overlap is generally
greater in autoregressive LMs than masked LMs.

Neuron overlaps are most prominent between
English and French; while not typologically the
most closely related language pair, English and
French share a great deal of vocabulary and have
similar SVO word orders when pronominal objects
are not present. German, meanwhile, uses SOV
with V2 in main clauses.

D Limitations

Perhaps the greatest limitation of our method—
and many other causal probing methods (Vig
et al., 2020; Finlayson et al., 2021; Ravfogel et al.,
2021)—is that we are limited to stimuli where the
subjects on which we intervene and the competing
verb forms are one token each. This greatly limits
the range of subjects and verbs (and languages)
we can consider in this study, especially for more
multilingual models where a greater proportion
of words are split into subwords by the tokenizer.
Models may use a different mechanism altogether
to calculate the probability of two competing verbs
given the presence or lack of a morpheme like {-
s} which expresses number information, and our
method would not allow us to understand where
and how models are performing this kind of agree-
ment. While one can, in theory, compare the proba-
bility of variable-length token sequences in autore-
gressive language models, there is no principled
way to do this in masked language models. And
in practice, autoregressive language models tend
to prefer shorter sequences. Future work could
consider probing methods which allow for variable-
length span predictions.

There are also more general issues with probing
individual neurons. Complex phenomena like syn-
tactic agreement are likely to be encoded in sets
of neurons, rather than individual neurons; indeed,
we find evidence for this in §4.3. This means that
analyzing individual neurons can result in oversim-
plified understandings of where and how certain

phenomena are encoded and used. Future causal
probing work could focus on non-parametric meth-
ods which allow one to probe multiple neurons si-
multaneously, such that we may causally implicate
model regions rather than just individual compo-
nents like neurons or attention heads.
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Figure 10: Neuron overlap for the top 30 neurons in mBERT (top row) and XGLM (bottom row). We show overlaps
between English and French (left), German (center), and Dutch (right).
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