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Abstract

We present a systematic review of 337 ar-
ticles evaluating the syntactic abilities of
Transformer-based language models (TLMs),
reporting on over 3,000 datapoints spanning
a wide range of syntactic phenomena, lan-
guages, models, and methods. We take the data
to collectively show that TLMs encode a non-
trivial amount of syntactic knowledge. Behav-
ioral evidence shows strong performance on
formal syntactic phenomena, but weaker and
more variable performance on phenomena at
the syntax-semantics interface. Performance
is also consistently lower for languages with
less digital support. Probing and mechanistic
studies further support the presence of syn-
tactic knowledge in TLMs. Yet, because most
work remains observational and methodolog-
ically heterogeneous, insight into the detailed
computational mechanisms underlying syntac-
tic processing remains limited. At the same
time, the literature remains heavily concen-
trated on English and BERT-like models. We
discuss the implications of our results and pro-
vide recommendations for future research.

1 Introduction

It has been observed at least since Gulordava
et al. (2018) that language models (LMs), though
trained simply on a token prediction task, seem to
acquire a non-trivial amount of syntactic knowl-
edge. In recent years, a growing body of research
has focused on understanding what precisely is
learned and how it is used at processing time (e.g.,
Rogers et al., 2020; Lasri et al., 2022a; Brinkmann
et al., 2025). However, even if some trends have
emerged, there is yet no general picture about syn-
tactic knowledge in LMs. We therefore think that
it is a good moment to stop and appraise the ex-
tant literature. In this article, we do precisely that

* Equal senior authorship.

through a systematic review (Page et al., 2021),
a type of review that (to our knowledge) is not
commonly used in computational linguistics (CL)
and NLP. Systematic reviews differ from common
narrative reviews in that they include transpar-
ent search, selection, and annotation criteria, and
they provide quantitative evidence for the identi-
fied patterns. We focus on Transformer-based lan-
guage models (TLMs) because they are the domi-
nant model as of 2026.

The specific goals for this review are twofold:
(i) mapping the landscape of research on syntac-
tic knowledge in TLMs, including what has been
done and how, as well as what remains to be done
(Section 3); and (ii) summarizing what is currently
known about syntactic knowledge in TLMs (Sec-
tion 4).

Our work partially builds on six previous nar-
rative reviews with overlapping content: Lim-
isiewicz and Marecek (2020), Linzen and Baroni
(2021), Kulmizev and Nivre (2022), Chang and
Bergen (2023), Milliere (2024), and Lopez-Otal
et al. (2025). These works found that modern
LMs acquire rich syntactic representations early
during pretraining (Chang and Bergen, 2023), lo-
calize much of this information in their middle
layers, and encode at least some syntactic rela-
tions via specialized attention heads and groups
of neurons (Lépez-Otal et al., 2025). The reviews
also point out limitations of TLMs, including re-
liance on surface-level heuristics, lexical sensi-
tivity, and challenges with rare constructions and
subtle distinctions (Kulmizev and Nivre, 2022;
Linzen and Baroni, 2021). While valuable, these
prior reviews are largely narrative and qualitative.
In contrast, we provide a quantitative and system-
atic synthesis of the literature with the aim of of-
fering a transparent mapping between the avail-
able evidence and the conclusions, an approach
that is increasingly necessary given the scale and
methodological heterogeneity of the knowledge
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accumulated in recent years. Our review covers
337 articles and 3,074 individual datapoints across
different languages, syntactic phenomena, meth-
ods and datasets. We also contribute to the com-
munity an annotated database of the reviewed
studies, which is publicly available together with
the analysis code at https://github.com/
norgrai/syntax_review.

2 Method

Fig. 1 summarizes the process we followed to cre-
ate the database, comprising paper candidate iden-
tification, eligibility assessment, and annotation.
We did data collection in summer 2025, with a
cut-off date for inclusion of July 31, 2025. Im-
portantly, the database is designed to remain open
to future extensions allowing researchers to con-
tribute new papers through a dedicated form.!
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Figure 1: Flowchart summarizing database creation.

Paper candidate identification. In the initial
identification stage, we prioritized recall, defer-
ring concerns about precision to the subsequent
stage. Article relevance was primarily assessed
based on the title; in case of doubt, we reviewed
the abstract, and, if necessary, the full text. To
identify candidates, we followed a two-pronged
strategy: A keyword search in Google Scholar,
using keywords that combined “syntactic struc-
ture/knowledge” and “LLMs/LMs/transformer”,
and a snowballing strategy using the six afore-
mentioned reviews on the topic to identify relevant
references. The search was conducted in English;
reference snowballing was not restricted by pub-
lication language. In the latter, we screened (i) all
the 263 references cited by the reviews,? (ii) some
'https://forms.gle/sbdEYkzcHzigever?

2With the exception of Lépez-Otal et al. (2025), for which
we considered only the studies listed in its dedicated section

of the articles that were cited in these 263 articles
(pursued until further screening yielded few new
relevant studies), and (iii) most of the articles that
cite the reviews themselves, identified via Google
Scholar.® This yielded 636 articles.

Eligibility assessment. This stage shifted atten-
tion to precision. We excluded: 1) Studies focus-
ing on non-transformer architectures (e.g., RNNs,
LSTMs) or on encoder—decoder architectures, in-
cluding those designed for machine translation, so
as to keep articles within the scope of our research
question. 2) Studies that, while analysing TLMs,
do not empirically assess syntactic knowledge.
3) Publications without a clear empirical compo-
nent, such as position papers or surveys (the previ-
ous reviews were not included in the analysis due
to the absence of an empirical component). 4) Pub-
lications that were neither peer-reviewed journal
articles, conference papers, nor archived preprints.
This implies excluding blog posts and MA or PhD
theses, since they often report on findings that are
also published in peer-reviewed venues. The re-
maining 337 articles (cited in App. A, Table 1)
were further annotated and analysed.*

Annotation. We defined 32 annotation vari-
ables, organized into four categories, to system-
atically capture the aspects of the selected works
that would enable quantitative analyses and cross-
study comparisons. An overview is provided be-
low, with a detailed description in App. B.

The meta-data category includes publication
details and information on how articles entered
or exited the review process (source of each ar-
ticle and, if applicable, the grounds for exclusion).
Model-related information specifies the model
name(s), type(s), fine-tuning status, and language
coverage. Experimental design codes the syntac-
tic phenomena investigated, languages tested, and
experimental materials employed. To establish the
syntactic categories, we applied a bottom-up ap-
proach, starting from the terms used in the stud-
ies themselves and grouping them under broader
labels recognizable to both the linguistics and
NLP communities. The resulting 11 labels are
shown in Fig. 2 (right) and described in detail

on syntax-related research in TLMs.

In particular, if a review had more than 100 citations, we
reviewed the top 30-40% (sorted by relevance as determined
by Google Scholar), otherwise all citations were checked.

*Excluded articles and exclusion reasons are documented
in the database to ensure transparency and enable future stud-
ies beyond the scope of this review.
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Figure 2: Left: Number of studies published each year; debut of influential models. Right: Counts of syntactic
phenomena by language tested (only English tested, English and other languages, and non-English).

in App. B. Interpretability techniques include the
specific method, as named in the original paper,
and a general category (behavioral, mechanistic,
or probing, along the lines of Milliere, 2024, see
next section for more information). Further, we an-
notated various dimensions for probing and mech-
anistic studies, covering methodological aspects,
causal nature, locality and strength of evidence of
syntactic awareness.

We produced annotations manually for 28 of
the 32 variables. For the remaining 4 (model
type, syntactic phenomena, experimental materi-
als, and method name) we used a semi-automated
Al-assisted workflow, which was sucessfully vali-
dated, to extract some information from the papers
(further details are provided in App. C). Final la-
bels were determined manually.

3 A Quantitative Overview of the Field

Fig. 2 (left), which shows the distribution of pa-
pers by year, indicates that interest in the topic of
our review quickly took off after the appearance of
BERT (Devlin et al., 2019), peaking in 2022 and
decreasing afterwards (though note that the 2025
data only covers up to July, so the final count will
likely exceed that of 2024). As expected, initially
most work focused on bidirectional TLMs, but in
later years, causal models have dominated. Also
note that most studies focus on one model type (ei-
ther bidirectional, 59%, or causal, 28%), with very
few comparing the two (13%).

Beyond the information shown in Fig. 2 (left),
we found that studies predominantly evaluate
monolingual models (66%, the vast majority En-
glish), rather than multilingual (20%) or both
kinds (14%). Also, consistent with previous ob-
servations (Waldis et al., 2024; Lopez-Otal et al.,

2025), most of the results in our database con-
cern a single model: BERT, with 30% of the re-
sults. BERT plus variants account for 58% of
the datapoints, and the four overall most studied
models for 62% (BERT, GPT-2, RoBERTa and
mBERT). The over-focus on BERT is likely due
to BERT’s early availability, strong baseline per-
formance, and suitability for a wide range of re-
search questions. As the field matures, research is
increasingly moving toward a broader and more
principled selection of architectures.

Linguistic phenomena & language diversity.
Fig. 2 (right) shows that the distribution of syn-
tactic phenomena is severely imbalanced: Most re-
search has been conducted on formal syntax (c.f.
dependency parsing and constituency, agreement
and feature-checking, POS and other lexical prop-
erties—with most studies in this category focus-
ing on POS—, hierarchical structure, and word
order). These are phenomena that are relatively
easy to get at with current NLP tools, especially
for English. Instead, phenomena at the syntax-
semantics interface have received much less at-
tention (cf. binding and coreference, negation and
NPIs, ellipsis and filler-gap dependencies); and
only a handful of studies concern typological as-
pects. Somewhat surprisingly, only 42 studies used
benchmarks, 29 of which used BLIMP (Warstadt
et al., 2020a). Fig. 2 (right) also showcases the
overwhelming dominance of English (in purple),
which we already noted regarding the models
(here, the data shows the languages tested in the
articles, not the languages covered by the model).

5The others were the CoLA task from GLUE (Wang et al.,
2018, 11 uses), SyntaxGym (Gauthier et al., 2020, 3 uses),
Holmes and HANS (McCoy et al., 2019; Waldis et al., 2024,
1 use each).
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Figure 3: Left: Top: Percentage of methods over years. Bottom: mechanistic interpretability methods broken down
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papers; methods may be combined.

Methods. Recall from above that we follow
Milliere (2024)’s classification of interpretabil-
ity methods into behavioral, probing, and mech-
anistic, as it provides a useful framework for or-
ganizing the literature. Fig. 3 (left-top) shows a
relatively balanced distribution of these methods
over the years. Behavioral methods assess models
based on their output behavior at the final layer.
They include analysis of generated outputs and
comparisons of model probabilities in controlled
settings (e.g., minimal pairs, Linzen et al., 2016;
Lau et al., 2017). The latter paradigm, highly in-
fluenced by the psycholinguistic tradition, treats
the higher probability of a correct form com-
pared to an incorrect alternative as evidence that
the TLM has mastered a given syntactic con-
struct. As an example, for the anaphor agree-
ment item from the BLiMP dataset Many girls
insulted themselves/*herself, we would expect a
well-trained model to assign higher probability to
themselves than to herself.

Probing is an interpretability method that be-
came very popular after Hewitt and Manning
(2019) introduced their structural probe, which is
why it is in a category on its own. It aims at de-
tecting specific types of information in the mod-
els’ internal representations, often by training aux-
iliary classifiers on activations from specific layers
(Waldis et al., 2024). The argument goes that if, for
instance, a classifier trained to recover the POS of
input words from a given hidden layer is success-
ful, then that layer encodes POS information.

Finally, mechanistic approaches actually cover
a wide array of specific methods, see Fig. 3 (right)
for the most common ones. These methods may

(and often do) incorporate behavioral or probing
elements. In our database, we categorized stud-
ies investigating internal dynamics as mechanis-
tic, even if they included behavioral or probing
tests as well. Overall, mechanistic approaches aim
at getting at internal mechanisms by inspecting
model components (e.g., layers, neurons, circuits,
or training dynamics) and, where possible, inter-
vening on them to causally link representations
to behavior (Wiegreffe and Saphra, 2024). For in-
stance, these methods may modify the activations
of components identified as syntactically crucial
and test the effects of these interventions on model
behavior. As an example, Ferrando and Costa-
Jussa (2024) identify a subject-verb agreement
mechanism for English and Spanish in the Gemma
2B model. They substantiate their causal claim
by, a.0., showing that steering the activations of
Spanish inputs (for the relevant components of the
model) in the direction of English activations flips
their predicted verb number.

All methods have their pros and cons. For in-
stance, probing offers scalability and clear fea-
ture detection but, on its own, lacks causal in-
sight: decoding linguistic features is not equivalent
to showing that the identified representations are
actually used in predictions (besides other issues,
see Belinkov, 2022; Wiegreffe and Saphra, 2024;
Agarwal et al., 2025). Therefore, it is reassuring
that the field has been using a healthy variety of
methods throughout (Fig. 3, left-top). The only
significant temporal trend is that probing methods
have diminished substantially in recent years, pos-
sibly due to the growing awareness of their limi-
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tations.® However, there is one aspect that we be-
lieve should improve: There are still too few stud-
ies that can get at causal mechanisms (only 19%
use interventional methods, see App. D, Fig. 15).

We next delve a bit more into mechanistic stud-
ies, largely following the taxonomy from Bereska
and Gavves (2024). We annotated the 140 mech-
anistic papers in our database along four dimen-
sions: (i) causal nature, indicating whether the
methods used are observational, interventional, or
both; (ii) phase, indicating when in the TLM life-
cycle the analysis is performed—before training
(intrinsic), during training (developmental), or af-
ter training (post-hoc); (iii) locality, indicating the
scale at which the model is analyzed, from global
representations (e.g., the residual stream) to lo-
cal units (e.g., individual neurons); and (iv) spe-
cific methods used, as described by the authors
(with some generalization). The first three dimen-
sions are shown in Fig. 3 (left-bottom) and the
most frequent methods are shown in Fig. 3 (right).
We find over 80 specific methods in mechanistic
studies, which we take to be a positive develop-
ment since mechanistic interpretability is still a
young field. Recall that mechanistic papers often
include also probing and behavioral methods, and
indeed they show in Fig. 3 (right) as the two most
frequent approaches even within mechanistic pa-
pers. Post-hoc analysis of fully trained models at a
global level clearly dominates. However, there is a
healthy amount of papers that track development,
and many also check both global and local trends.
Additional results for this section can be found in
App. D.

4 Syntactic Knowledge in TLMs

We now examine what these studies reveal about
syntactic knowledge in TLMs, starting with be-
havioral evidence from papers that measure model
accuracy, and then turning to results from probing
and mechanistic approaches. Additional results for
this section, including complete statistical model
specification, are provided in App. E.

4.1 Behavioral Evaluation

We first report on BLiMP benchmark results for
English, which provide a controlled setup where

8For instance, following the publication of the influential
criticism in Belinkov (2022), the number of probing stud-
ies with bidirectional TLMs in our database declined sharply,
from 27 studies in 2022 to just 11 in 2023.

results are comparable, and then turn to non-
benchmark studies for 113 languages, which offer
a broader but more heterogeneous view.

BLiMP. The BLiMP benchmark (Warstadt
et al., 2020a) is designed for behavioral evaluation
of models through minimal pair comparison.’
Our analysis includes English BLiMP scores
from 25 papers: 11 that report by-category results
and 14 that report average BLiMP scores. Fig. 4
(left) shows accuracies by category, with an
average of 31 datapoints per category, as most
articles analyze multiple models.® The most
salient feature of these results is how well the
models perform on this benchmark. Notably, the
best TLM is at or above human performance for
7 out of the 11 categories, and all but 8 out of
the 368 results are above the baseline. Another
salient feature is the large within-phenomenon
variance across TLMs. We find that this variance
is mostly driven by how good each model is
at syntax generally, as measured by its overall
BLiMP score: Model rankings across phenomena
are highly consistent. This is illustrated in Fig. 4
(left) by highlighting the best (purple star) and
worst (yellow dot) TLMs (see also Fig. 18 in
App. E.1 for quantitative support). In this respect,
additional statistical analyses of average BLiMP
scores confirm the expected scaling trend: larger
TLMs and TLMs trained on more data generally
achieve higher performance, with bidirectional
models tending to outperform causal models (see
App. E.1).

Despite the large variance, the results also
clearly suggest that TLMs perform better on for-
mal syntactic relations (e.g. all agreement cate-
gories have medians over 85%) than on phenom-
ena at the syntax-semantics interface (binding, ar-
gument structure, NPI licensing, control/raising,
quantifiers and island effects all have medians be-
low 75%). One exception is ellipsis: despite its
reliance on interactions between syntax and se-
mantics, several TLMs match or outperform hu-
mans on this category. However, BLiIMP evaluates
only specific cases of noun phrase ellipsis, whose
violations may be comparatively easy to detect

"In addition to BLiMP, the database contains a few papers
featuring BLiMP-inspired benchmarks for other languages,
including CLiMP (Xiang et al., 2021), SLING (Song et al.,
2022), and RuBLiMP (Taktasheva et al., 2024). This subset is
too small to analyze separately and is therefore not included
in this analysis.

80nly results from fully trained models are included.
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Figure 4: Left: BLIMP (English-Only) scores by category. Human performance ¢ from Warstadt et al. (2020a).
Top * (Roberta large) and bottom © (Minibert) TLM among those with complete per-category results. Right:
Accuracy scores (113 languages) by linguistic phenomena, covering more than 1,500 data points from 76 studies.
Note that 77% of the datapoints for Agreement & feature-checking originate from one study (Jumelet et al., 2025).

(Warstadt et al., 2020a), suggesting this result may
reflect dataset characteristics rather than ellipsis as
a phenomenon being easy for models.

More generally, despite its value for en-
abling cross-model comparisons across phenom-
ena, BLiMP still provides limited coverage of syn-
tax, even for English. It focuses on cases that can
be readily expressed as minimal pairs and aggre-
gates heterogeneous cases into equally weighted
composite scores, potentially obscuring important
differences in difficulty and relevance (Kulmizev
and Nivre, 2022). As a result, model performance
should be interpreted with the characteristics and
limitations of the benchmark in mind.

Beyond benchmarks and English. We next ex-
amine all the non-benchmark accuracy scores
from the database, yielding 1,557 datapoints from
76 studies spanning 113 languages. Fig. 4 (right)
presents results for our annotated categories of
linguistic phenomena. The variance this time is
even greater than in the BLiMP case, which is not
surprising given that different studies use differ-
ent materials and test different languages. Since
this makes for an unclear picture at a descriptive
level, we turn to statistical modeling to investigate
the factors influencing accuracy. In particular, we
fit a mixed-effects regression model with syntac-
tic phenomena, model type (causal/bidirectional),
and language support as fixed effects, and model
name and study ID as random effects. Language
support gets at the availability of NLP resources
and datasets for a given language. We take the
digital support data from Joshi et al. (2020), who
define a 5-level classification ranging from low-
to high-support (App. E.2, Fig. 19). We find

that language support and linguistic phenomena
categories are significant predictors of accuracy
scores. As could be expected, performance in-
creases with greater language support, with each
higher support category associated with a gain of
~ 7% points (3 = 0.065, p < 0.001). The es-
timated intercepts for the linguistic phenomena
categories, displayed in Fig. 5, confirm that POS
and other lexical properties and agreement and
feature-checking have generally higher accuracies
than average, while hierarchical structure, nega-
tion & NPIs and argument structure & construc-
tions have lower accuracies. For the other phenom-
ena, there is no evidence either way (see Fig. 5).
This result largely confirms that formal syntactic
phenomena are easier for TLMs than phenomena
at the syntax-semantics interface, though the evi-
dence is more mixed than in the case of the BLIMP
benchmark. While models perform better on bind-
ing & coreference than on hierarchical structure,
we suspect that this is because the latter contains
more heterogeneity than binding & coreference,
similar to the results for ellipsis we pointed out
above in the BLIMP benchmark.

4.2 From Behavior to Internal Mechanisms

Probing. Probing has been primarily used to lo-
calize layers where syntactic information is most
readily available. We code the 56 probing-based
studies that include this information (including
mechanistic papers that also use probing) for
the model locations at which studies report the
strongest probing performance in detecting syn-
tactic information. Fig. 6 (left) shows that the mid-
dle layers are most commonly identified, corrob-
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Figure 5: Coefficients from a regression model pre-
dicting accuracy scores based on syntactic phenomena,
model type, and language support. Horizontal lines
show 95% confidence intervals.

orating previous observations (Lopez-Otal et al.,
2025; Skean et al., 2025). Despite the prominence
of middle layers, we should highlight that stud-
ies typically describe them as showing stronger,
rather than exclusive, encoding of syntactic in-
formation.” This aligns with the perspective that
TLM representations are distributed across layers,
where information accumulates and transforms
throughout the network, instead of being confined
to one specific stage. In this vein, some mechanis-
tic studies examine progressive knowledge encod-
ing (e.g., He et al., 2025b), consistent with staged
interpretations of causal TLMs that reflect a tran-
sition from surface-level cues to deeper syntactic
and hierarchical processing (Lad et al., 2024). Un-
like a strict pipeline interpretation (e.g., Jawahar
et al., 2019), however, this staged view does not
assume discrete functional modules, but rather a
gradual and overlapping transformation of repre-
sentations across depth (e.g., Niu et al., 2022b).

middle . 140 T Tound
35 Location Outcomes
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o 80
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- found
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mechanistic B probing

Figure 6: Probing-based studies. Left: location in
TLMs where probing performance is strongest. Right:
author-reported evidence for syntactic representations
in TLMs. Note that some mechanistic papers include
probing methods; these are included.

"We also observed that the distinction between “middle”
and “upper” layers is somewhat subjective and varies across
studies.

Furthermore, we check 147 probing-based stud-
ies for their outcomes: Each study was coded ac-
cording to whether probing recovered syntactic
information from TLM representations, yielded
mixed results, or failed to recover such informa-
tion. Fig. 6 (right) shows the results. 85% of stud-
ies report successful recovery of syntactic infor-
mation from model representations. Although this
high success rate may partly reflect publication
bias toward positive results, this again points to
substantial syntactic knowledge in TLMs. Fig. 8
(left) does not reveal substantial differences across
syntactic phenomena in whether studies success-
fully recover syntactic information from model
representations or yield inconclusive results. This
contrasts with behavioral results, which do show
clear differences in how easily models handle dif-
ferent syntactic phenomena. The mismatch pro-
vides further support to the idea that successful
probing is not, by itself, a reliable measure of the
quality or functional use of syntactic representa-
tions in TLMs (Agarwal et al., 2025).

Mechanistic interpretability. Our attempt to
systematically synthesize what mechanistic stud-
ies reveal about syntactic mechanisms in TLMs
faced a major challenge: once studies are bro-
ken down by method and phenomenon to enable
meaningful comparisons, the resulting groups be-
come too sparse and heterogeneous for a straight-
forward synthesis. We therefore decided to focus
on author-reported strength of evidence for the
presence of syntactic knowledge, similarly to our
approach with probing studies. The results, shown
in Fig. 7, are positive: 79% of the 140 mechanistic
papers in our database find clear supporting evi-
dence. At the same time, Fig. 7 again underscores
that the vast majority of this evidence comes from
studies focusing exclusively on English. Again, as
shown in Fig. 8 (right), we do not observe salient
differences across phenomena. Importantly, how-
ever, phenomena at the syntax-semantics-interface
have low coverage in the mechanistic literature, so
this is still an open point.
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Figure 7: Evaluation of syntactic awareness in mecha-
nistic interpretability studies by language tested.
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Figure 8: Across linguistic phenomena, left: successful recovery of syntactic information from TLMs’ representa-
tions via probing. Right: Evaluation of syntactic awareness in mechanistic interpretability studies.

5 Discussion & Conclusion

Conducting systematic reviews in CL/NLP.
Systematic reviews remain relatively uncommon
in CL/NLP. As the field of Al continues to grow
at breakneck speed, they (together with meta-
reviews) will become ever more important, as in
other large fields like Medicine. However, con-
ducting such reviews is challenging, and we have
found some current practices in the community
that make it even more challenging. We pro-
pose two main recommendations moving forward.
First, studies should report complete data, to al-
low for meaningful comparison of results. Many
papers included only partial data on models and
methods, despite the fact that results crucially de-
pend on factors like architecture, size, tokeniza-
tion, and training data. Benchmark reporting is
also often partial (e.g., only 11/25 papers include
BLiMP per-category results). Additionally, docu-
menting task framing and prompting is crucial, as
these can also significantly impact outcomes (e.g.,
zero-shot vs. few-shot). Second, we should collec-
tively standardize investigations to a greater ex-
tent. Differences in how syntactic phenomena are
defined fragment results and limit comparability,
as even the notion of “syntactic knowledge” varies
across studies.'” We offer a typology of syntac-
tic phenomena that has been built in a bottom-
up fashion from the current literature, and which
could be refined and expanded upon as the field
SrOws.

Standardization is particularly important for
cross-linguistic research. We have shown a huge
variance in cross-linguistic performance, only par-

YFor instance, Waldis et al. (2024) place several of the
phenomena we have considered here outside of syntax (e.g.
negation in reasoning, and negative polarity item licensing in
semantics).

tially accounted for by factors like the digital sup-
port of a language or the type of linguistic phe-
nomenon. One of the main drivers, presumably,
are the characteristics of the specific data the mod-
els are being tested on, but those can vary; com-
pare for instance determiner-noun number agree-
ment (easy) versus long-distance subject-object
agreement (hard). Therefore, a standardization ef-
fort needs to be made in creating multilingual
benchmarks, beyond direct translations or adap-
tations of English datasets (e.g., as in Baucells
et al., 2025; Jumelet et al., 2025), as we other-
wise risk overlooking language-specific phenom-
ena. As an example of a “best of both worlds” ap-
proach that both standardizes and allows for vari-
ation, the Spanish variant of SyntaxGym (Pérez-
Mayos et al., 2021) incorporates language-specific
features like subjunctive mood and flexible word
order besides English-compatible phenomena.

The state of the field. Our review reveals a
rapidly developing area of research, with plenty
of studies and a wide variety of methods (337 pa-
pers and more than 3,000 individual results are in-
cluded in our database). The literature also shows
substantial transfer of theoretical and methodolog-
ical insights from psycholinguistics to model in-
terpretability, enabling more principled compar-
isons between human and model behavior and
strengthening links to linguistic theory.

However, on the negative side, we find an over-
study of a single language (69% of the articles are
on English only, and 91% include English) and a
few models (30% of the results concern BERT;
including BERT and its variants raises the total
to 58%), which severely limits the robustness and
generality of the conclusions. In addition, while
formal syntactic phenomena such as agreement,
syntactic structure, word order, and morphosyn-
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tactic properties such as part of speech have been
well studied, the syntax—semantics interface re-
mains comparatively underexplored: phenomena
such as binding, coreference, negation, ellipsis, or
filler-gap dependencies have received very little
attention. Expanding research to cover the syntax-
semantics interface is particularly necessary given
that we have found that in general models perform
worse at it than at more formal aspects of syntax.

At a methodological level, the field is char-
acterized by a mix of established methods (be-
havioral, probing) and emerging approaches (un-
der the broad umbrella “mechanistic”). Overall,
however, we find an overuse of purely observa-
tional methods (81%), at the expense of causal ap-
proaches that can link model behavior to internal
mechanisms. While we encourage the use of in-
terventional methods, we emphasize that no sin-
gle method is sufficient in isolation, and that the
strongest evidence ultimately comes from com-
bining observational and interventional paradigms
(e.g., Simon et al., 2024; Agarwal et al., 2025;
Acevedo et al., 2026) and comparing different
architectures (e.g., Domenichelli et al., 2026;
Kryvosheieva et al., 2026).

Furthermore, the field has mostly focused on
analyzing trained models at a global level; it
should pay more attention to the emergence of
syntactic knowledge during training and to the
connections between local and global representa-
tions and mechanisms.

Syntactic knowledge in TLMs As for what
TLMs learn about syntax through the language
modeling task, the evidence suggests: a whole lot.
For instance, TLMs perform quite well on the En-
glish BLiMP benchmark (average score of 72%,
against a 50% random baseline), and between 79
and 85% of the analyzed studies identify syntactic
knowledge in TLMs. Even accounting for the pos-
sible effect of publication bias (by which we mean
here the general tendency for positive findings to
be published more often than negative ones), we
take the literature to show that TLMs do encode a
non-trivial amount of syntactic knowledge.

As for factors influencing performance, as men-
tioned above, we find that models perform better
at formal syntactic phenomena than phenomena
close to the syntax—semantics interface. As could
be expected, larger models and models trained
with more data tend to perform better; and per-
formance degrades for lesser-resourced languages.

Importantly, we also find that models that per-
form well on some syntactic phenomena tend to
perform well across others, suggesting a general
syntactic ability rather than phenomenon-specific
strengths. As for internal mechanisms, probing
data supports the view that much of syntactic pro-
cessing occurs in the middle layers (L6pez-Otal
et al., 2025). However, there is still limited mech-
anistic understanding of why such representations
emerge or how they support downstream compu-
tation. Given the current heterogeneity of the field,
and that mechanistic methodologies and reporting
practices are still evolving, we leave a broader syn-
thesis of mechanistic insights to future work.

To sum up, the current literature supports
the view that TLMs possess remarkable syntac-
tic capabilities. However, understanding how this
knowledge is acquired and used, as well as how
it relates to universality and variation in language,
will require more work in both the analysis of ex-
isting literature and new studies. We encourage
greater methodological harmonization, more ex-
plicit theoretical commitments, and a broader em-
pirical landscape. Some open topics are whether
TLMs implement near-symbolic mechanisms, as
hypothesized by Boleda (2025); when and how
TLMs fall back on superficial statistical patterns
(e.g. performance on agreement, binding, or scope
often degrades for rare or nonce lexical items,
Lasri et al., 2022a); or whether improvements with
model scale reflect genuine generalization or mas-
sive memorization of specific instances (Lake and
Baroni, 2018). We hope that our review, database,
and annotation standard contribute to moving the
field forward.
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Limitations

For feasibility, this study focuses on Transformer-
based language models and textual input, thus
our findings may not fully generalize to recurrent
or other neural architectures. Also, we conducted
the keyword search in English, which likely led
to under-retrieval of publications written in lan-
guages other than English. Note, however, that this
was only one of the 3 strategies we used to iden-
tify relevant literature. Finally, our database is nec-
essarily incomplete and evolving; the resource is
intended to remain interactive and expandable as
the field progresses. We see this work as a foun-
dation that invites continued contributions and up-
dates from the research community.
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and Mineshima (2021), Yun et al. (2021), Zhang et al. (2021a), Zhang et al. (2021b)

Continued on next page
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Table 1: The 337 studies included in the database, sorted by year and alphabetically. (Continued)

2022: Abdou et al. (2022), Alajrami and Aletras (2022), Alzetta et al. (2022), Arps et al. (2022),
Aoyama and Schneider (2022) Auyespek et al. (2022), Boliicii and Can (2022), Chang and Bergen
(2022), Cherniavskii et al. (2022), Choenni and Shutova (2022), Choshen et al. (2022), Clouatre et al.
(2022a), Clouatre et al. (2022b), Conia and Navigli (2022), de Dios-Flores and Gonzilez (2022),
Eisape et al. (2022), Garcia and Crespo-Otero (2022), Guarasci et al. (2022), Kunz and Kuhlmann
(2022), La Malfa et al. (2022), Lakretz et al. (2022), Lasri et al. (2022a), Lasri et al. (2022c), Lasri
et al. (2022b), Lee et al. (2022), Lee and Schuster (2022), Li et al. (2022a), Li et al. (2022b), Misra
(2022), Mueller et al. (2022), Niu et al. (2022b), Niu et al. (2022a), Otmakhova et al. (2022), Pa-
padimitriou et al. (2022), Pimentel et al. (2022), Prange et al. (2022), Ravishankar and Nivre (2022),
Ri and Tsuruoka (2022), Sajjad et al. (2022), Sartran et al. (2022), Schuster and Hegelich (2022),
Sevastjanova et al. (2022), Sinclair et al. (2022), Sinha et al. (2022), Stanczak et al. (2022), Tucker
et al. (2022), Wang et al. (2022), Weissweiler et al. (2022), Wilcox et al. (2022), Xu et al. (2022), Yi
et al. (2022), Yin and Neubig (2022), Yoshida and Oseki (2022), Zhang et al. (2022), Zheng and Liu
(2022)

2023: Amini et al. (2023), Asher et al. (2023), Bai et al. (2023), Blevins et al. (2023), Chen et al.
(2023), Georges Gabriel Charpentier and Samuel (2023), Clark et al. (2023), de Dios-Flores et al.
(2023), de Varda and Marelli (2023), Dentella et al. (2023), El Mesbahi et al. (2023), Elgaar and
Amiri (2023), Gessler and Schneider (2023), Guarasci et al. (2023), Gurnee et al. (2023), Hao and
Linzen (2023), Hlavnova and Ruder (2023), Hewitt et al. (2023), Hou and Smith (2023), Hu and Levy
(2023), Huang et al. (2023), Jumelet and Zuidema (2023), Kervadec et al. (2023), Kim et al. (2023),
Lee and Shin (2023), Lin et al. (2023), Mahowald (2023), Miaschi et al. (2023), Michaelov et al.
(2023), Miiller-Eberstein et al. (2023), Mufioz-Ortiz et al. (2023), Murty et al. (2023), Mysiak and
Cyranka (2023), Nikolaev and Pad6 (2023), Oota et al. (2023), Papadimitriou and Jurafsky (2023),
Petersen and Potts (2023), Roy et al. (2023), Ruzzetti et al. (2023), Sharma et al. (2023), Sieker and
Zarrief} (2023), Sinha et al. (2023), Someya and Oseki (2023), Srivastava et al. (2023), Staiczak et al.
(2023), Tjuatja et al. (2023), Weissweiler et al. (2023), Wettig et al. (2023), Wijnholds (2023), Xu
et al. (2023), Yamakoshi et al. (2023), Zhang et al. (2023a), Zhang et al. (2023b), Zhao et al. (2023),
Zheng and Liu (2023), Zhou et al. (2023)

2024: Acs et al. (2024), Allen-Zhu and Li (2024), Ambridge and Blything (2024), Arehalli and Linzen
(2024), Arora et al. (2024), Arps et al. (2024), N. Atox and M. Clark, Chang et al. (2024), Chen et al.
(2024), Diehl Martinez et al. (2024), Simon et al. (2024), Feng et al. (2024), Ferrando and Voita
(2024), Ferrando and Costa-Jussa (2024), Ginn (2024), Hale and Stanojevi¢ (2024), He et al. (2024),
Hu and Frank (2024), Hu et al. (2024), Huang et al. (2024), Kallini et al. (2024), Kim et al. (2024),
Kuribayashi et al. (2024), Lampinen (2024), Leong and Linzen (2024), Li et al. (2024), Marks and
Tegmark (2024), Marks et al. (2024), McCoy et al. (2024), McGee and Blank (2024), Miaschi et al.
(2024), Misra and Mahowald (2024), Patil et al. (2024), Someya et al. (2024), Turner et al. (2024),
Waldis et al. (2024), Weber et al. (2024), Wijesiriwardene et al. (2024), Wilcox et al. (2024), Zhang
et al. (2024)

2025: Acs et al. (2024) Agarwal et al. (2025), AlKhamissi et al. (2025), Alzetta et al. (2025), Ahuja
et al. (2025), Aljaafari et al. (2025), Aoyama and Wilcox (2025), Brinkmann et al. (2025), Bunzeck
and Zarriefl (2025), Cheng and Amiri (2025), Constantinescu et al. (2025), Dentella et al. (2025),
Duan et al. (2025b), Duan et al. (2025a), He et al. (2025a), Hu et al. (2025), Ide et al. (2025), Ju et al.
(2025), Jumelet et al. (2025), Kennedy (2025a), Kennedy (2025b), Kissane et al. (2025), Koyama et al.
(2025), Kryvosheieva and Levy (2025), Nandi et al. (2025), Qiu et al. (2025), Someya et al. (2025),
Swarup et al. (2025), Tian et al. (2025), Vandermeerschen and de Lhoneux (2025), Wang et al. (2025),
Wilcox et al. (2025), Xefteri et al. (2025), Xu et al. (2025), Yang et al. (2025), Zhao et al. (2025), Zhou
et al. (2025), Zimmerman et al. (2025)
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B Annotation dimensions

This section gives more details on the annotation
dimensions used in the database and lists the spe-
cific COLUMN NAME. Additional information on
variable levels and coding schemes are publicly
available in the repository’s README.

B.1 Meta-Data

We publish the main information about the
study (ID, SHORT_REF, URL, YEAR, TITLE, AB-
STRACT), and information of its review process:

Source for the article: REVIEW, indicates
where the article was sourced from with chrono-
logical line of adding papers. Tracks the order of
inclusion from different sources.

Exclusion grounds: EXCLUSION_GROUNDS,
indicates the reason for exclusion.

B.2 Model-related information

Model type: MODEL_TYPE, categorized as:

* Bidirectional: At least one bidirectional
model is featured (e.g., BERT, LSTMs).

e Causal: At least one causal model is featured
(e.g., GPT, LSTMs).

* Both: Both model types are featured (e.g.,
comparative experiments with BERT, GPT,
and LSTM).

e Other: Cases with neither causal nor bidi-
rectional models, either excluded or meeting
special inclusion criteria, e.g., specific anal-
ysis of encoder component of a Transformer
architecture.

Model name and post-processing:
MODEL_NAME_COMMENT, for the comment
string, as specific as possible it is stated in the
paper. MODEL_NAME, we post-process this string
into a list of dictionaries, regard the following
example:

1. Name as reported in the paper,

bert_base_uncased.

e.g.,

2. Name enriched with post processing script:
e.g., family =“BERT” plus mention of size,

BERT-base.
3. Final example: list({string
=“bert_base_uncased”, family =“BERT”,

size = base, case = uncased}).

Fine-tuned: FINE_TUNED, indicates whether
fine-tuning was performed.
Language coverage:

MODEL_LANGUAGE_COVERAGE

* Monolingual: One language from scratch or
continually pretrained (e.g., GPT2, BERT, ru-
BERT).

* Multilingual: Trained on multiple languages
simultaneously from scratch (e.g., mBERT,
GPT3).

* Both: Studies comparing monolingual and
multilingual models.

B.3 Experimental design

Syntactic phenomena:

* General: SYNTACTIC_PHENOMENA,
bottom-up annotation, starting from general
to more specific cases. See Table 2.

* Specific: SPECIFIC_PHENOMENA, as referred
to by authors.

Languages tested and post-processing: LAN-
GUAGES_TESTED_COMMENT, for the comment
string, as specific as possible it is stated in the
paper. LANGUAGES_TESTED, we post-process this
string into a list of all languages used in the exper-
iments. LANGUAGES_TESTED_ENG_INCLUDED,
indicates whether English was tested. LAN-
GUAGES_TESTED_MONOLINGUAL_ENG, indi-
cates whether only English was tested. LAN-
GUAGES_TESTED_LANG_COUNT, number of
tested languages.

Fine-tuning materials:
FINE_TUNING_MATERIALS,  resources  used
for fine-tuning in the experiments.

Experimental materials: EXPERIMEN-
TAL_MATERIALS_COMMENT,  materials  as
referenced by authors and summarized
through  Al-based workflow. EXPERIMEN-

TAL_MATERIALS, annotated in post-processing
to indicate whether they are naturalistic language
or controlled stimuli, both, or “unknown” (if
under-specified/referring to other’s paper dataset).

B.4 Interpretability techniques

General: INTERP_CATEGORY, categorized as:

* Behavioral: Methods based on last layer
input—output behavior.

38231



Phenomena

Description

Benchmarks

Dependency parsing &
constituency

Hierarchical structure
Word order

Agreement & feature-
checking

POS & other lexical
properties
Negation & NPIs

Binding & coreference

Ellipsis & filler—gap
dependencies

Typology

Argument structure &
constructions

Aggregated evaluation suites combining multiple syntactic phenomena (e.g. BLIMP, CoLA, Syntax-
Gym), often reporting composite performance metrics rather than phenomenon-specific analyses.
Structural representations of sentence form, including dependency relations, constituency trees, and
syntactic functions (e.g., subject vs. object), without targeting hierarchical depth or processing com-
plexity.

Properties of abstract hierarchical organization independent of specific formalisms, including tree
depth, recursion, center embedding, attachment ambiguity, and structural complexity.

Constraints on the linear ordering of words and phrases, including canonical and non-canonical
orders, scrambling, and variation in surface order.

Morphosyntactic dependencies involving grammatical features such as number, gender, person, and
tense, typically requiring local or semi-local syntactic constraints.

Lexical-level categories and features, such as part of speech, verbal subcategorization, or lexical
aspect; excludes tasks like named entity recognition that are primarily semantic or discourse-driven.
Licensing and interpretation of negation and negative polarity items, involving interactions between
syntax, semantics, and scope.

Constraints on anaphora and antecedent resolution, including reflexives, pronouns, and coreference
relations, typically requiring hierarchical and discourse-sensitive representations.

Long-distance dependencies such as wh-movement, gap filling, and ellipsis resolution, requiring
sensitivity to abstract structure beyond linear proximity.

Cross-linguistic variation in syntactic patterns and constraints, including agreement systems, and
constructional differences across languages.

Systematic syntactic patterns linking form and meaning, including argument realization, alterna-
tions (e.g. active/passive, dative alternation), relative clauses, and other constructional schemas at
the syntax—semantics interface.

Table 2: The 11 Linguistic phenomena of our survey with brief definitions, which we annotated and organized
from general Benchmark, to those focusing on syntactic structure and surface-level form (blue-purple tones) to
form-and-function-related categories.

* Probing: Methods training a classifier on top
of a given TLM layer.

* Phase: MECHANISTIC_PHASE, the phase dis-
tinguishes post-hoc from intrinsic approaches
applied during model development.

* Mechanistic: Methods investigating inter-

nal dynamics, may incorporate behavioral or
probing elements.

Specific:

INTERP_METHOD, specific techniques
description, named as in the original paper.

* Locality: MECHANISTIC_LOCALITY, de-
scribes the level of analysis, ranging from
individual components (e.g., neurons, atten-
tion heads) to full model architectures (e.g.,
residual stream).

Probing: PROBING, classification of results to

claim evidence for syntactic representations in the Syntactic Awareness: MECHANIS-
TLM. TIC_SYNTACTIC EVIDENCE/ AWARENESS
Location: PROBING_LOCATION, specific loca- ~ captures whether mechanistic interpretability

tion article states where performance peaks within
the model.

Mechanistic Interpretability: We use the tax-
onomy introduced by Bereska and Gavves (2024)
to characterize 4 dimensions. We annotated each
mechanistic paper, 140 in total, along these dimen-
sions:

* Method: MECHANISTIC_METHOD, string as
general as possible as it is stated in the paper.

* Causal Nature: MECHANISTIC_CAUSAL
NATURE, ranges from purely observational
to interventional approaches.

studies claim evidence of syntactic awareness of
TLMs.

C Al-Based Workflow for Information
Extraction

During the review process, we developed a
semi-automated  strategy combining Note-
bookLM (Google Labs, 2023) and ChatGPT
(OpenAl, 2025) for structured information ex-
traction on 4 variables, MODEL_TYPE, SYNTAC-
TIC_PHENOMENA, EXPERIMENTAL_MATERIALS,
and method name (INTERP_METHOD), listed in
Table 3.
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Category Question

Model information
MODEL_TYPE

Which model do they test and which languages, do they do finetuning?

Experimental design
SYNTACTIC_PHENOMENA
EXPERIMENTAL_MATERIALS

What are the “Syntactic phenomena, the Specific: list set as referred to by authors”

What is the “Experimental materials: naturalistic language, controlled stimuli”

Interpretability
techniques

INTERP_METHOD

What is the Specific method name as referred to by the authors?

Table 3: Questions used for Al-based information extraction.

Each paper was first analysed using Note-
bookLLM (Google Labs, 2023) by posing a series
of targeted questions to extract relevant details
for these categories. The responses generated by
NotebookLM were then summarized into a coher-
ent paragraph using ChatGPT (OpenAl, 2025),!!
which we subsequently reviewed and used to pop-
ulate the database. See Fig. 21 for an example. The
workflow was iteratively refined during the course
of the review process until it stabilized; starting at
paper ID 120, this approach was applied without
further adaptation.

C.1 Validation of the Approach

The annotations in the database did not involve
subjective judgments or interpretation, but rather
the extraction of explicitly stated factual informa-
tion from each paper (e.g., the names of the mod-
els tested or the languages investigated). For this
reason, we do not believe that multiple annotation
or inter-annotator agreement would meaningfully
improve reliability. We conducted the following
types of validation.

The Al-assisted workflow was validated dif-
ferently depending on the variable. For the
MODEL_TYPE variable, NotebookLM was used
only to locate the relevant section of each pa-
per, after which the information was manually ex-
tracted and verified. Likewise, although the SYN-
TACTIC_PHENOMENA variable was initially pop-
ulated using the Al-assisted workflow, all entries
were manually checked and corrected during the
annotation of the general syntactic phenomena.
These two variables therefore underwent complete
manual validation.

" August 2025 release, incorporating GPT-4 and GPT-5
models.

For the EXPERIMENTAL_MATERIAL and IN-
TERP_METHOD variables, we manually inspected
a random sample of 50 papers annotated us-
ing the Al-assisted workflow. Annotations were
scored as 0 (incorrect), 0.5 (correct but incomplete
or superficial), or 1 (correct). No annotation re-
ceived a score of 0. The resulting accuracy was
97% for EXPERIMENTAL_MATERIAL and 93% for
METHOD, and all identified issues were corrected
in the final database.

C.2 Limitations of Workflow

Some linguistic phenomena referenced in articles
pertained to related work rather than the studies’
own experiments, which can introduce ambiguity
in Al-assisted summaries. During the manual an-
notation of the general syntactic phenomena, we
identified and corrected a few such cases, but mi-
nor residual errors may remain.

D Additional Results to Section 3

D.1 Additional Results to the Overview

We plot the coverage of model type and TLMs lan-
guage coverage in Fig. 10. Most work focuses on
a single model paradigm, primarily bidirectional
models (59%) or causal models (28%), with only
a small fraction directly comparing both (13%);
similarly, evaluations largely target monolingual
TLMs (66%), while multilingual (20%) and both
monolingual-multilingual settings (14%) remain
underexplored.

We identified 54 unique TLMs and 609 non-
duplicate model instances in the database; mod-
els were counted once per study and grouped by
family or model name when appropriate (e.g.,
studies comparing BERT-base, BERT-large, or
cased/uncased variants contributed a single BERT
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Phenomenon N Acceptable Example Unacceptable Example

ANAPHOR AGR. 2 Many girls insulted themselves. Many girls insulted herself.

ARG. STRUCTURE 9 Rose wasn't disturbing Mark. Rose wasn't boasting Mark.

BINDING 7 Carlos said that Lori helped him. Carlos said that Lori helped himself.

CONTROL/RAISING 5 There was bound to be a fish escaping. There was unable to be a fish escaping.

DET.-NOUN AGR. 8 Rachelle had bought that chair. Rachelle had bought that chairs.

ELvipsis 2 Anne’s doctor cleans one important  Anne’s doctor cleans one book and
book and Stacey cleans a few. Stacey cleans a few important.

FILLER-GAP Brett knew what many waiters find.  Brett knew that many waiters find.

IRREGULAR FORMS
ISLAND EFFECTS
NPI LICENSING
QUANTIFIERS

SUBJECT-VERB AGR.

(=200 SN e SR NS N |

Aaron broke the unicycle.

Whose hat should Tonya wear?
The truck has clearly tipped over.
No boy knew fewer than six guys.
These casseroles disgust Kayla.

Aaron broken the unicycle.
Whose should Tonya wear hat?
The truck has ever tipped over.
No boy knew at most six guys.
These casseroles disgusts Kayla.

Figure 9: Table from Warstadt et al. (2020a); minimal pairs from each of the 12 linguistic phenomenon categories
covered by BLiMP. Column N records the number of different subphenomena exemplifying the relevant general

phenomenon, 67 in total.
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Figure 10: Count distribution by model type and language
coverage.

count). Fig. 11 shows that most of the results in our
database focus on a single model, BERT, which
accounts for 30% of all TLMs results. BERT and
its variants together represent 58% of the data-
points, while the four most extensively studied
models account for 62% overall.

D.2 Additional Results to Linguistic
Phenomena

Model type & language. Regarding coverage
across TLMs, the distribution varies notably
across syntactic phenomena, with bidirectional
TLMs dominating most phenomena (ranging from
~60% to 73%) evaluation, while causal and both
model types were more often tested on phenom-
ena like POS and other lexical properties and de-
pendency parsing and constituency (<20%). See
Fig. 20 for a distribution of studies across syn-
tactic phenomena, model type, and interpretabil-

Model Type
causal: Decoder-Only
I bidir: Encoder-Only

Model Family

Figure 11: The 20 most frequently used TLMs. TLMs
are counted once per study and grouped by family or
model name when available (e.g., one BERT count for
studies comparing BERT-base/large/(un)cased). Over-
all, the database includes 54 unique TLMs and 609
non-duplicate instances across studies, as illustrated
above.

ity method. When looking at the composition
of phenomena within each model type, Fig. 12,
agreement and feature-checking and dependency
parsing and constituency constitute the majority
across all TLM tasks. Phenomena such as argu-
ment structure and other constructions are more
prominent in causal TLMs.

Moreover, 62% of the articles focus on only one
syntactic category, with 24% testing two, Fig. 13.
This reflects a common emphasis on individual
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syntactic phenomena, which should not be inter-
preted as a limitation in itself. Rather, progress
in the field benefits from combining fine-grained,
phenomenon-specific analyses with more holistic
approaches, as there is no single or definitive test
for syntactic competence.

Across syntactic phenomena, monolingual
TLMs dominate coverage in most categories (typ-
ically around ~50-65%), while studies testing
both and multilingual TLMs tend to contribute
moderately (usually 15-30%) depending on the
phenomenon, see Fig. 14.
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Figure 12: Heatmap of counts illustrating model type
and syntactic phenomena.
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Figure 13: Counts of syntactic phenomena investigated
per study.

D.3 Additional Results to Methods

Fig. 15 shows the counts of methods over the
years, categorized according to whether they are
observational or interventional. Notably, a signif-
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Figure 14: Counts heatmap of model language cover-
age and syntactic phenomena.
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Figure 15: Counts of methods over years, grouped by
observational and interventional approaches.

icant temporal trend is that probing methods have
diminished substantially in recent years, possibly
due to the growing awareness of their limitations.
For instance, following the publication of the in-
fluential criticism in Belinkov (2022), the number
of probing studies with bidirectional TLMs in our
database declined sharply, from 27 studies in 2022
to just 11 in 2023.

Linguistic phenomena. Fig. 16 shows a largely
balanced distribution of methods across syntactic
phenomena, with three notable exceptions. First,
behavioral methods dominate for the phenomena
that are most clearly at the syntax-semantics in-
terface: negation & NPIs and binding and coref-
erence. Second, mechanistic methods dominate
in benchmark-based evaluations. Third, probing
methods dominate in dependency parsing & con-
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stituency and POS & other lexical properties; for
the latter, again we suspect this is an artifact of
time, since these were among the first phenomena
to be checked frequently with probing methods in
earlier years. Moreover, tasks related to POS tag-
ging and lexical properties are generally easier to
formulate as classification problems than phenom-
ena such as binding or argument structures, which
may also contribute to this pattern.
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Figure 16: Top: Percentages of methods across syntac-
tic phenomena; only phenomena with more than 20 in-
stances are included. Linguistic phenomena are sorted
by percentage of behavioral method. Bottom: Counts
of experimental materials and model types by method
(unknown experimental material with fewer than 10
counts excluded).

Experimental material. With respect to experi-
mental materials, instead, clear differences emerge
(Fig. 16, bottom-left). Probing approaches (dark
green) occur more frequently with naturalistic
than with controlled data, particularly when tar-
geting lexical or morphosyntactic properties such
as POS (see Fig. 16, top); however, this pairing
reflects an empirical co-occurrence rather than a
methodological dependency, as the easy availabil-
ity of e.g. POS annotations makes naturalistic data
a convenient, but not necessary, choice for prob-
ing. Probing methods are instead almost absent in
studies with causal TLMs (Fig. 16, bottom-right);
we suspect that this is a historical accident, as most

studies of causal TLMs have been carried out in
2024-25, when probing methods have become less
common (note, however, that as mentioned above
many mechanistic methods include some probing
component).

Behavioral methods (lime yellow) pattern most
frequently with controlled data, which makes
sense given that many existing psycholinguistic
datasets can be adapted to test TLMs, as behav-
ioral methods need carefully designed data to test
for a given property. Thus, the frequent pairing of
behavioral methods with controlled data reflects
the adaptation of psycholinguistic paradigms to
test models, satisfying the need for carefully de-
signed data to test specific properties.

E Additional Results to Section 4

E.1 Additional Results to BLIMP

Fig. 17 (left) shows the average BLiMP scores as
a function of training data size, color-coded by
model type. The first thing to note is how good
models are according to this benchmark: the over-
all BLIMP score is 72% (random baseline: 50%).
We also observe the well-known scaling pattern in
deep learning: TLMs trained on larger amounts of
data tend to perform better (linearly in log scale),
as do larger TLMs (see also Fig. 17, left).

As for the difference between model types,
note that, for a given size or amount of train-
ing data, bidirectional models tend to outperform
causal models (as also observed in Waldis et al.,
2024). Since BLiMP uses sentence-level com-
parisons, this cannot solely be due to the fact
that bidirectional models, but not causal models,
have access to the whole context of the stimu-
lus when they process the critical fragment (e.g.
themselves/herself in the first example in Fig. 9).
We hypothesize instead that bidirectional models
reach better sentence representations due to the
bidirectional nature of the training task. However,
for larger amounts of training data and model sizes
(>30B training tokens and >1B parameters) only
causal models have been examined in the litera-
ture we cover (Fig. 17, right), such that we cannot
know whether the trend continues at these scales.

Statistical modeling. We fit a mixed-effects re-
gression model predicting average BLiMP accu-
racy scores (134 data points in total), with model
type (causal/bidirectional) and training data size
as fixed effects and model name and study ID
as random effects. Full model specifications and
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Figure 17: Left: BLIMP (Warstadt et al., 2020a) average scores plotted against the number of training tokens (log
scale). Right: BLiMP average scores shown by model size and model type. If a paper reports scores for TLMs
trained on varying sizes of training data, we include only the fully trained models in the boxplot.

coeff. SE
Intercept 77.06%**  (1.91)
Model Type (causal) -8.9Q%*k (2.16)
Training Data Size (in billions) ~ 0.002***  (0.00)
Observations 134
Log-Likelihood: -492
BIC 1012
AIC 995

Note: * p < 0.05, ** p < 0.01, *** p < 0.001.

Table 4: Mixed-effects regression model predicting
average BLiMP accuracy scores. Standard errors in
parentheses.

estimates are reported in Table 4. Although the
explained variance is modest (log-likelihood =
—494, AIC = 997, BIC = 1012), both model
type and training data size were significant predic-
tors: causal models performed worse (8 = —9.1,
SE = 2.08, p < 0.001), and training data size
showed a small positive effect (5 = 0.002, SE =
0.0, p < 0.001).1?

Variance across phenomena. We test whether,
on average, models that are good/bad at a given
phenomenon are also good/bad at other phenom-
ena. We ranked TLMs by performance within each
linguistic phenomenon and added slight jitter to
handle ties. Then, we computed Kendall’s 7 cor-
relations between these rankings across linguistic
phenomena categories. Fig. 18 presents a heatmap
with the correlation score between each phe-
nomenon. Kendall’s 7 correlations show strong

>The intercept (8 = 77.57, SE = 1.83, p < 0.001)
represents the expected score for a bidirectional TLMs at zero
training data (represented in billions of tokens).

and consistent relationships across most linguistic
phenomena, with an average correlation of about
0.58 (SD = 0.14), indicating very strong agree-
ment in TLM performance across tasks. Quanti-
fiers are a clear outlier, exhibiting weak to mod-
erate correlations with other categories. In con-
trast, several pairs show especially high alignment,
notably Argument Structure and Control/Raising
(7 = 0.82) and Filler-Gap and Island Effects (7 =
0.75).

st .

Argument .
Determiner-Noun
Agreement

1.00

0.75

°

3 IS
3

Island Effects 0.50
Subject-Verb 072
Agreement . 0.25

Control/Raising Sy

)
o
5]
Kendall ©

Anaphor
Agreement

°

--0.25

Irreg. Forms -SUEES

Quantifiers 1P --0.50

Binding -SUEEE

--0.75

NPI Licensing -JUNsS
--1.00

Filler-Gap

%
%

. © O O R
. e e & Lo < . < N 2
oF ST € B S
OFES T ELS N G o F
?.c}@\(\ & N & & o &
SRS L S =
<

Figure 18: Computed model rankings per phenomenon,
then Kendall’s 7 coefficient, visualized as a heatmap.

E.2 Additional Results to Beyond
Benchmark and English

Fig. 19 displays the distribution of TLM accuracy
scores grouped by language support, based on the
five categories reported by Joshi et al. (2020) and
model type (bottom).
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Figure 19: Top: Language support categories, cate-
gories taken from Joshi et al. (2020), with nan and En-
glish (category 5.) separately. Bottom: Mean accuracy
scores by language group and model type.

Statistical modeling. We estimate a mixed-
effects regression model to predict accuracy scores
as a function of model type, linguistic phe-
nomenon, and language support category, with
random intercepts for model name and study ID.
To ensure comparability across languages, we ex-
clude instances with missing language support an-
notations (i.e., “nan” category in Fig. 19), as well
as all scores annotated as benchmark. The result-
ing analysis is performed on 1,577 observations.
Language support is treated as an ordered cate-
gorical variable (following Joshi et al., 2020). Full
model specifications and estimates are reported in
Table 5, and a forest plot of the estimated coeffi-
cients is shown in Fig. 5.

E.3 Additional Results to Probing

We analyze 147 studies in total that employ prob-
ing methods, which includes all papers coded as
probing, plus some coded as mechanistic when
they also employed probing methods. Fig. 8
(left) shows that probing-based studies success-
fully identify syntactic information at comparable
rates across linguistic phenomena categories.

E.4 Additional Results to Mechanistic
Interpretability

We aim to characterize the mechanistic inter-
pretability field by categorizing all 140 mecha-
nistic papers by level of analysis and method. To
abstract over this diverse set of approaches and
assess what TLMs learn about syntax, we eval-
uate whether studies report evidence of syntactic
knowledge or instead highlight its limitations. Al-
though few in counts, Fig. 8 (right), the mixed
and critical findings suggest that models rely heav-
ily on surface-level patterns rather than abstract
syntactic rules, exhibiting limited and inconsistent
sensitivity to structural changes. Also, TLMs’ syn-
tactic abilities vary across conditions, improving
with more data and in high-resource languages but
remaining weak in low-resource settings, and can
even degrade with fine-tuning.
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Figure 20: Distribution of studies in our database across syntactic phenomena, model type (bidirectional, causal,
both TLMs types) and interpretability method, ordered by overall counts.
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What is the Specific method name as referred to by the authors?

The authors refer to their specific method as "Hewitt and Manning (2019)’s dependency-trained probe” 1
2 . They describe it as a re-purposing or unprecedented application of this probe to investigate theoretically-

motivated generative phrase-structure trees 2 3 .

This "structural probe developed by Hewitt and Manning (2019)" was originally designed to recover
dependency trees 3 4 . The researchers adapted this probe to test for generative syntax structures in Large
Language Models (LLMs) by examining how its predicted distances varied in syntactically-predicted ways across
different sentence constructions 1

Il Desaalanota D [b q]

Please summarize it in one paragraph:

The authors refer to their specific method as "Hewitt and Manning
(2019)'s dependency-trained probe". They describe it as a re-
purposing or unprecedented application of this probe to investigate
theoretically-motivated generative phrase-structure trees

This "structural probe developed by Hewitt and Manning (2019)" was
originally designed to recover dependency trees

. The researchers adapted this probe to test for generative syntax
structures in Large Language Models (LLMs) by examining how its
predicted distances varied in syntactically-predicted ways across
different sentence constructions.

The study employs Hewitt and Manning's (2019) dependency-trained structural probe, criginally
designed to recover dependency trees, and repurposes it to investigate generative phrase-structure
syntax in LLMs. By adapting this probe, the researchers analyze whether the predicted distances within
the model’'s embedding space align with syntactically meaningful patterns across various sentence
constructions, enabling a novel, theoretically motivated evaluation of how well LLMs capture hierarchical

syntactic structures.

0 PPL O

Figure 21: Illustration of the Al-based workflow. Top: NotebookLLLM (Google Labs, 2023) interaction depicting
how the model assists with information extraction; numbers refer to the original source in the paper. Bottom:
Example of a ChatGPT (OpenAl, 2025) session showing a query and the generated response.
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