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Abstract

The representation of grammatical knowledge
in individual LLM neurons and attention heads
remains poorly understood. We replicate the
feature-based approach of Kryvosheieva et al.
(2026) that uses functional localisation to il-
lustrate that distinct syntactic phenomena can
recruit the same units. We reproduce and ex-
tend the paper to new minimal pair datasets
(Dutch, Turkish, and Russian) and additional in-
terpretability techniques: Attention-based anal-
ysis, Differential Binary Masking (DBM), and
Distributed Alignment Search (DAS). We find
reproducible and robust evidence for syntactic
localisation in LLMs across several methods
and languages. However, localisation strength
depends on interpretability techniques (partic-
ularly for DBM) and varies across languages,
highlighting the value of validating mechanistic
claims using several techniques.1

1 Introduction

Large Language Models (LLMs) are capable of
distinguishing grammatical and ungrammatical
sentences, yet the representation of grammatical
knowledge within model architecture is not well
understood (Wilcox et al., 2018; Gulordava et al.,
2018; An et al., 2019; Warstadt et al., 2019; Gau-
thier et al., 2020; Linzen et al., 2016). Syntactic
Minimal Pairs, including BLiMP (Warstadt et al.,
2020), evaluate whether LMs show a probabilistic
preference for grammatical sentences over mini-
mally ungrammatical sentences. These datasets
test on phenomena such as anaphor agreement
(e.g. “Claude reinvestigates herself ”). These
have been developed for several languages, in-
cluding RuBLiMP for Russian (Taktasheva et al.,
2024) and SLING for Chinese (Song et al., 2022).
Kryvosheieva et al. (2026) investigate whether

*Corresponding authors: {ep757, sa2200}@cam.ac.uk
1Code and data available via https://github.com/

shivster2000/syntax-interpretability

different syntactic phenomena recruit shared or
distinct units using feature-based mechanistic in-
terpretability methods, which identify human-
interpretable properties encoded in model repre-
sentations. (Chi et al., 2020; Papadimitriou et al.,
2021; Brinkmann et al., 2025). They first identify
the top-k units that distinguish between language
and non-language stimuli; subsequent ablation of
these units was found to decrease language per-
formance more than ablating the same number of
arbitrarily selected units. They primarily investi-
gate English, as well as examining overlap in units
used across different syntactic phenomena in Rus-
sian and Chinese.

The Original Study Using minimal pair bench-
marks, Kryvosheieva et al. (2026) investigated the
localisation and overlap of syntax-responsive units
in LLMs, identifying units by selecting the top-n%
most responsive to each phenomenon. The paper
has three main findings: (i) LLMs recruit localised
units for specific phenomena (C1); (ii) different
instances of syntactic agreement recruit shared syn-
tactic units (C2); (iii) the pattern replicates in Rus-
sian and Chinese; there is partial overlap cross-
linguistically (typologically closer languages share
more units for agreement) (C3).

Our Study We reproduce the key findings of
Kryvosheieva et al. (2026) by conducting the orig-
inal ablation, cross-overlap, and cross-validation
analyses on BLiMP across seven LLMs, and on
RuBLiMP and SLING using Gemma-3 4B. Com-
plete replication results are reported in Appendix A.
Although our numerical results are not identical
to those of the original study, the differences are
small and the same overall patterns are recovered,
supporting the correctness and robustness of the
implementation across repeated runs. We use three
other mechanistic interpretability approaches: two
different unit localisation methods that replace the
original top-n% sampling in the ablation experi-
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ment, and an attention-head analysis pipeline based
on Clark et al. (2019).

Findings We illustrate that the findings of
Kryvosheieva et al. (2026) hold across different
methods of unit localisation, as well as at the
level of attention-heads. Crucially, different in-
terpretability methods yield different results and
different localized units, highlighting the need
for more cross-method studies. We corroborate
their findings by additionally performing cross-
validation and cross-overlap experiments on min-
imal pair-based datasets in other languages: Tur-
BLiMP (Başar et al., 2025), BLiMP-NL (Suijker-
buijk et al., 2025), and CLAMS-Ru (Mueller et al.,
2020).

2 Methodology: Background, Replication
and Extension of Kryvosheieva et al.
(2026)

2.1 Alternative Localisation Methods

Kryvosheieva et al. (2026) localise condition-
specific units via last-token pooling: LLM unit
activations are extracted for each condition, their
absolute values computed, and a Welch’s t-test ap-
plied to identify the top-k most discriminative units.
Kryvosheieva et al. (2026) introduce a two-fold
cross-validation method to test whether identified
LLM units are a generalisable syntactic feature,
rather than a coincidence of localisation, by split-
ting minimal pairs into two halves and measuring
the overlap of the top-n most syntactically respon-
sive units that are activated for a specific minimal
pair phenomena. They also analyse cross-overlap,
where they carry out localisation independently for
each minimal pair paradigm, and measure the over-
laps for the unit sets identified for each paradigm.

However their original top-n% selection proce-
dure may overlook more distributed syntactic repre-
sentations and provide only a partial picture of the
underlying computation. We therefore test whether
the central representational claim—that syntactic
phenomena recruit shared internal components—
remains stable under three alternative interpretabil-
ity methods: Attention head analysis, Differen-
tial Binary Masking (DBM) and Distributed
Alignment Search (DAS). Convergence across
methods would provide evidence that the original
result reflects genuine syntactic organisation in lan-
guage models, rather than an artefact of a particular
localisation procedure.

Attention Heads Attention heads provide a use-
ful level of analysis for syntax because they en-
code token-to-token relations relevant to dependen-
cies such as agreement, binding, and modification
(Clark et al., 2019; Zheng et al., 2024). We iden-
tify heads most sensitive to grammatical contrasts
in minimal pairs and test whether related phenom-
ena recruit overlapping head sets across models,
since individual heads and layers are not directly
comparable between models.

Differential Binary Masking DBM learns a bi-
nary mask over units, adapting the Hard-Concrete
gate of Louizos et al. (2018)—originally proposed
for network pruning—to localise units involved in
specific linguistic phenomena via a sparsity penalty
weighted by a coefficient λ. We consider two vari-
ants, differing only in the training signal used to
shape the mask. DBM’s discriminative objec-
tive finds model units that contain information
about a syntactic phenomena, separating grammat-
ical/ungrammatical sentences by training a small
gate to select useful units and a linear probe to clas-
sify sentences, without changing the original model.
DBM’s causal objective identifies units that are
responsible for a phenomenon, by ablating selected
units and checking whether the model’s grammati-
cality judgements are worse (De Cao et al., 2020,
2022). The discriminative objective operates on a
frozen model, whereas the causal objective forms
a real intervention via forward hooks on the live
model, every training step. Whilst the discrimi-
native objective identifies units that correlate with
grammaticality, the causal objective identifies units
that are causally implicated, by interventions on
the model. A full description of the methodology
can be found in Appendix H.2.

Distributed Alignment Search DAS (Geiger
et al., 2024) locates a linear subspace of a model
representation with a training objective defined
by interchange interventions (Huang et al., 2024).
In the original formulation, the subspace is pa-
rameterised as an n × n orthogonal matrix Q =
[u1 . . . un] rotating the representation into a new
coordinate system, with the first k rotated dimen-
sions designated as the subspace of interest. As
this is computationally expensive, we use the im-
plementation of Huang et al. (2024), which learns
only the k ≪ n orthogonal vectors forming the fea-
ture FA. This differs from DBM and the original
methodology in that it does not assume the rele-
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vant computation is aligned with an individual unit,
but rather a linear subspace; it can find a feature
distributed across many units. Notably, to allow
this method to be compared to the other unit-level
approaches, we convert the learned subspace to a
per-unit mask. This method also identifies units
that show a causal, not correlational relationship
with grammaticality. Our implementation is expli-
cated in detail in Appendix H.3.

DAS learns a subspace of units, whereas DBM
assumes individual units are causally linked. In
intervention, DBM on a causal objective zeroes
identified units, whereas DAS’s interchange inter-
vention swaps in the activation values of a different
sentence on the aligned subspace, allowing DAS
to find things DBM structurally cannot (distributed
features), and DBM to find things DAS might di-
lute (sparse, localized features). Based on the dif-
ferences in methodology, we would expect each
method to identify different results and different
localised units, with DBM causal and DAS being
aligned with each other.

Experimental Setup We apply DBM and DAS
to the top-1% ablation, 2-fold cross-validation, and
cross-overlap experiments of Kryvosheieva et al.
(2026), comparing the sensitivity and specificity of
the localisation methods. We also analyse attention
head overlap to determine whether different syntac-
tic phenomena recruit shared sets of heads. These
experiments are conducted on 12 paradigms from
BLiMP and subsequently on a RuBLiMP subset,
examining variation across phenomena and mod-
els (see Appendix B for a full description of the
selected phenomena and models). This restricted
selection enables comparison across models, meth-
ods, and languages while remaining computation-
ally feasible; Mistral and Falcon are excluded due
to resource and implementation constraints.

2.2 Benchmark Extensions
We further extend the unit-localisation analy-
sis of Kryvosheieva et al. (2026) to three addi-
tional benchmarks: BLiMP-NL (Suijkerbuijk et al.,
2025), TurBLiMP (Başar et al., 2025), and CLAMS
(Mueller et al., 2020). Using the released code-
base, Gemma-3-4B model and original experimen-
tal framework, we test whether syntax-specific lo-
calisation generalises across additional languages
and benchmark designs.

Cross-linguistic Evaluation BLiMP-NL con-
tains 8,400 Dutch minimal pairs across 84

paradigms and 22 syntactic phenomena, while Tur-
BLiMP covers 16 Turkish phenomena with 1,000
pairs each. Dutch and Turkish provide typolog-
ically distinct extensions: Dutch is a Germanic
Indo-European language, whereas Turkish belongs
to the Turkic family (Dryer and Haspelmath, 2013).
As BLiMP-NL does not support a systematic anal-
ysis of agreement as a functional category, we in-
stead examine whether A′-dependencies exhibit a
comparable shared-component structure.

Generalisation to Other Linguistic Metrics
We additionally consider CLAMS, the Cross-
Linguistic Assessment of Models on Syntax, to
extend the original study’s cross-dataset generalisa-
tion analysis to a cross-linguistic setting. CLAMS
contains subject–verb agreement paradigms across
multiple languages; we focus on Russian. As
CLAMS-Russian does not include a directly equiv-
alent subject–predicate agreement category, we use
its subject–verb agreement paradigms—including
long verb-phrase coordination and agreement
across object relative clauses—as the closest avail-
able syntactic counterpart to RuBLiMP. We ap-
ply the same unit-localisation procedure to both
datasets and compare the resulting unit sets, test-
ing whether localisation patterns generalise across
benchmarks targeting the same broad agreement
phenomenon or remain dataset-specific.

3 Results

We present the results of our analyses of local-
isation patterns across different methods, using
BLiMP and RuBLiMP phenomena, and different
minimal pair datasets.

3.1 Mechanistic Interpretability Results

We report our findings across various interpretabil-
ity methods, including attention heads, DBM, and
DAS, examining how syntactic localisation varies
across different methodological implementations.

3.1.1 Attention Heads
Across models, recurring overlap patterns emerge
among the top-10 attention heads. Figure 1
presents representative matrices for three mod-
els, with the remaining results reported in Ap-
pendix C. The most consistent overlap occurs be-
tween anaphor gender agreement, and Principle A
c-command, while anaphor gender agreement also
overlaps with determiner–noun agreement, particu-
larly in DeepSeek and Gemma. Similar sharing is
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(a) Gemma-3 4B (b) Llama-3.2-3B (c) Phi-4-mini

Figure 1: Pairwise attention-head overlap across selected BLiMP phenomena for Gemma-3-4B, Llama-3.2-3B, and
Phi-4 Mini. For each phenomenon, the ten heads with the largest grammatical–ungrammatical attention difference
are selected. Each off-diagonal cell reports the proportion of these heads shared by a pair of phenomena; the
diagonal is omitted.

observed among other agreement- and dependency-
related phenomena. The recurrence of these re-
lationships across models suggests that attention
heads are not exclusively tied to individual con-
structions, but may be reused for related syntac-
tic computations. This provides complementary
support for Kryvosheieva et al. (2026)’s claim that
distinct phenomena recruit shared internal compo-
nents.

The RuBLiMP results show substantial cross-
phenomenon attention-head overlap, although the
extent of sharing varies by model. Gemma shows
strong overlap between verb–accusative object con-
structions and adposition government, while Llama
exhibits particularly dense sharing, including be-
tween verb conjugation and duration aspect. These
patterns suggest reuse of attention heads across
related morphosyntactic phenomena involving
case, agreement, tense and aspect in Gemma
and Llama. Phi, however, produces a much sparser
overlap structure, indicating that localisation of
TAM is model-specific. Overall, the attention-
head analysis supports the existence of shared syn-
tactic components across languages, while showing
that their organisation and degree of reuse vary ac-
cording to both the language and the model.

3.1.2 Alternative Unit Localisation Methods:
DBM and DAS

Implementing DBM and DAS localisation methods
showed similar findings to the original experiments
of Kryvosheieva et al. (2026). Tables 4 and 6 in
Appendix D illustrate a decrease in performance
for different localisation methods across a range
of syntactic phenomena when the top 1% of units
are ablated, suggesting a level of functional locali-

sation that supports the claim of the initial experi-
ments. Ablations with DBM’s causal objective has
larger reductions in grammaticality accuracy than
units identified by DBM’s discriminative objective,
suggesting that causal localisation more effectively
identifies relevant functional units. We attribute
this finding to the fact that the DBM with a causal
objective is trained directly on the effect of ablat-
ing gated units–these tangibly affect performance,
whereas the discriminative objective learns units
that are predictive of differences in performance.
Our results suggest that predictive units are not
always causally involved in model behaviour.

Cross-Phenomena Overlap We find variance
in overlap magnitude with different localisation
methods across different datasets, with DAS having
higher cross-phenomena overlap than the original
method of Kryvosheieva et al. (2026). Figure 27
& Figure 25 in Appendix D illustrate similar find-
ings in the cross-overlap experiments to the orig-
inal paper. However, there is strong variation in
the size of overlap when different unit localisation
methods are employed; DAS shows higher overlap
across phenomena, e.g. 40.58% overlap for subject-
predicate agreement, compared to 13.79% over-
lap with the original method. These findings hold
across datasets too; the same pattern is observed
with the RuBLiMP data, highlighting that different
mechanistic interpretability methods can diverge
significantly depending on the methods used to
identify the subset of neurons implicated with a
phenomenon. This underscores the need to com-
pare across methods, rather than relying entirely on
one method.
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Figure 2: Effects of cross-validation on a subset of RuBLiMP, aggregated across Gemma-3-4B, Llama-3.2-3B,
and Phi-4 Mini. The ttest method reproduces the original methodology of Kryvosheieva et al. (2026), while the
remaining methods show the results of the alternative functional localisation approaches used in this work.

2-fold Cross-Validation 2-fold CV experiments
reveal sensitivity of the technique on specific unit
localisation techniques, but we broadly identify
similar high-overlap trends as Kryvosheieva et al.
(2026). We find DBM has substantially lower cross-
phenomena overlap than the baseline or DAS meth-
ods; this difference further highlights the necessity
of cross-method analyses.

Extent of Unit Localisation varies across Models
We also report significant variation across different
models in the extent of unit localisation; across a
variety of methods, models such as Llama showed
a smaller decrease in performance post ablation; Ta-
bles 3 and 5 in Appendix D illustrate a decrease in
performance of 27.60% for Gemma using DAS lo-
calisation, whereas for Llama the change was only
7.46%, when tested on a subset of BLiMP. Our ex-
tension of Kryvosheieva et al. (2026) using DAS
and DBM, therefore, complicates a universal def-
inition of syntactic localisation across all models,
with Gemma representing more syntax-responsive
units than Llama’s more diffuse representations.

3.2 Cross-Linguistic Evaluation

Cross-linguistic dataset extensions on Dutch, Turk-
ish, and Russian shows that syntax-localised units
are not uniformly distributed.

3.2.1 BLiMP-NL

Our results for Dutch generally show non-
uniform syntactic localisation with substantial
cross-category overlap and limited localisation.
The BLiMP-NL cross-phenomenon results, com-
pared with the previous RuBLiMP findings in
Figure 3, provide uneven support for syntax-
responsive localisation. Verb Second, Adverbial
Modification, and Parasitic Gaps exhibit the highest
within-category overlap, whereas Crossing Depen-
dencies and Quantifiers show considerably lower
values. For several categories, overlap with unre-
lated phenomena is comparable to, or greater than,
within-category overlap, weakening evidence for
phenomenon-specific localisation. The 2-fold anal-
ysis in Figure 28 in Appendix E shows similarly
variable stability, with cross-fold overlap ranging
from approximately 10% to 72%, against a 1%
random expectation. Parasitic Gaps provides the
clearest evidence of stable localisation, exhibiting
both high within-category and cross-fold overlap.

The weaker pattern elsewhere may partly re-
flect the smaller size of BLiMP-NL, which con-
tains approximately 8.4K minimal pairs compared
with 67K in BLiMP and 45K in RuBLiMP, po-
tentially making unit selection noisier. The A′-
dependency analysis, found in Figure 30 in Ap-
pendix E, also provides limited evidence for a
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(a) BLiMP-NL (b) RuBLiMP

Figure 3: Within- and cross-category unit overlap in BLiMP-NL and RuBLiMP. Bars show the mean overlap
among paradigms within each syntactic category and with paradigms outside that category for Dutch (left) and
Russian (right), using the Gemma model. Categories are ordered by the difference between within- and cross-
category overlap.

broader functional grouping. For A′-Movement
Restrictions, Relativization, Wh-Movement, and
Topicalization, within-category overlap is similar
to overlap with other A′ and non-A′ phenomena.
Parasitic Gaps is the main exception, with approx-
imately 13.5% within-category overlap compared
with 1.4–2.7% in the other conditions. The results
therefore do not support A′ dependencies as a uni-
formly represented functional category, although
some constructions recruit stable or partially shared
units.

3.2.2 TurBLiMP

The TurBLiMP results provide strong converg-
ing evidence for stable syntax-responsive locali-
sation. As shown in Figure 31 in Appendix F,
overlap between units localised from two indepen-
dent folds ranges from approximately 47% to 93%,
with every phenomenon substantially exceeding
the 1% random baseline. This indicates that similar
unit sets are recovered across different instances
of the same construction, replicating the cross-
validation findings of Kryvosheieva et al. (2026).
Figure 4 presents the overlap between Anaphor
Agreement and the remaining TurBLiMP phenom-
ena. The highest cross-phenomenon overlap is ob-
served with Subject Agreement, at approximately
15.6%, while the other comparisons range from
13.45% to 0.69%. A corresponding analysis cen-
tred on Subject Agreement is reported in Figure 32

in Appendix F. The strong overlap between the
two agreement phenomena supports the claim that
related agreement constructions recruit partially
shared units. However, elevated overlap with Sus-
pended Affixation and transitive Argument Struc-
ture indicates that this sharing is not exclusively
agreement-specific. Agreement therefore forms a
partially coherent functional category in TurBLiMP
while also sharing resources with broader mor-
phosyntactic processes. Overall, TurBLiMP pro-
vides stronger and more uniform evidence for sta-
ble syntactic localisation than BLiMP-NL, along-
side selective sharing between related phenomena.
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Figure 4: Cross-phenomenon overlap between Anaphor
Agreement and the remaining TurBLiMP phenomena
for Gemma-3 4B. Bars report the percentage of top-1%
localised units shared with Anaphor Agreement. The
dashed line indicates the analytical random expectation
of 1%.

3.3 CLAMS vs RuBLiMP

Figure 5 compares units localised for subject–
predicate agreement in RuBLiMP with those lo-
calised for subject–verb agreement in CLAMS-
Russian. Across 77 cross-benchmark paradigm
pairs, the mean overlap was 27.23 units, equivalent
to 3.94% of the 691-unit target set. This was sig-
nificantly greater than the random expectation of
6.91 units, or 1%, t = 14.54, p < .001.

Despite exceeding chance, cross-benchmark
overlap remained substantially lower than over-
lap within either benchmark. RuBLiMP paradigm
pairs shared an average of 186.16 units, or 26.94%,
whereas CLAMS-Russian pairs shared 109.57
units, or 15.86%. Welch’s t-tests confirmed that
cross-benchmark overlap was significantly lower
than both within-RuBLiMP overlap, t = −16.22,
p < .001, and within-CLAMS-Russian overlap,
t = −3.70, p = .0014. This pattern is unlikely
to result from unstable localisation in CLAMS-
Russian, as the 2-fold overlap reported in Ap-
pendix G ranged from 68.85% to 91.84%, well
above the 1% random expectation.

Together, these findings indicate that agreement
localisation includes a shared cross-benchmark
component, while remaining strongly sensitive
to benchmark-specific constructions and mate-
rials. The relatively modest cross-benchmark
overlap may also reflect the absence of an ex-
act subject–predicate agreement counterpart in
CLAMS-Russian, requiring subject–verb agree-
ment to be used as the closest available compar-

ison.

Figure 5: Agreement-unit overlap within and across
RuBLiMP and CLAMS-Russian for Gemma-3 4B. Bars
show the mean number of shared units across bench-
marks, within RuBLiMP, within CLAMS-Russian, and
under the analytical random baseline. Percentages are
calculated relative to the 691-unit target set.

4 Conclusion

Overall, our findings support the existence of
reusable syntactic and morphosyntactic represen-
tations across models and languages. Attention-
head overlap reveals shared components across
phenomena, although this sharing is broader and
less agreement-specific than in the residual-unit
analysis of Kryvosheieva et al. (2026). The DBM
and DAS results further corroborate the presence of
shared internal representations, while the neuron-
level analyses provide cross-linguistic and cross-
model evidence for morphosyntactic localisation.
There are nonetheless distinct differences in results
and units localised through different mechanistic
interpretability methods, highlighting the need for
further cross-method analyses. Moreover, the ex-
tent and organisation of this localisation vary across
models, suggesting that specialised syntactic infor-
mation is encoded differently across architectures.
The dataset extensions provide similarly qualified
support: syntax-responsive units generalise across
languages and benchmarks, but their stability and
degree of sharing depend on the construction and
dataset. These results strengthen the original claims
by providing further evidence for syntactic locali-
sation.
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5 Limitations

Several limitations should be considered when in-
terpreting the Dutch, Turkish, and methodological
extensions. For BLiMP-NL, the relatively small
amount of available data may have reduced local-
isation stability, as each paradigm contains only
100 minimal pairs. TurBLiMP, by contrast, is not
segmented at the paradigm level, which restricted
the analysis to broader phenomena and prevented a
more fine-grained assessment of whether overlap
was concentrated within closely related paradigms
or extended across different syntactic categories.
The methodological extensions were also limited
by computational constraints, requiring the use of
only 12 paradigms from BLiMP and RuBLiMP
rather than the full datasets. This reduced the
amount of evidence available for evaluating intra-
category variation and the broader generality of the
observed localisation patterns.
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A Reproduced results

A.1 English
We reproduce the original BLiMP experiments to verify the findings of the original study. The figures
below illustrate the comparison between the original and replicated 1% ablation, 2-fold cross-validation,
cross-overlap, and agreement-overlap results. Across these experiments, we find the same patterns as the
original results, corroborating the claims of syntactic unit localisation of the original paper for English.

40 30 20 10 0 10
Accuracy Difference (%)

Average ablation effect

Anaphor Agreement
Argument Structure
Binding
Control/Raising
DET-N Agreement
Ellipsis
Filler Gap
Irregular Forms
Island Effects
NPI Licensing
Quantifiers
S-V Agreement
Random

(a) Original BLiMP results.
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(b) Replicated BLiMP results.

Figure 6: Ablation effects of syntax-responsive units on BLiMP performance. For each of the 67 BLiMP
phenomena, coloured bars show the mean change in accuracy after ablating the top 1% of localised units relative
to the unablated model, averaged across seven models. Phenomena are ordered from the largest to the smallest
performance decrease. Grey bars show the corresponding effect of ablating a randomly selected 1% of units,
averaged across seven models and four random seeds. Error bars indicate 95% confidence intervals across models.
Results show the original BLiMP (left) and replicated BLiMP (right), on all 7 models.
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(a) Original BLiMP results.
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(b) Replicated BLiMP results.

Figure 7: Comparison of the original and replicated two-fold localisation results for BLiMP. Bars show the
mean percentage overlap between the top-1% unit sets identified from two independent halves of each paradigm.
In the replication, black markers show the results for the individual evaluated models. Bar colours denote the
corresponding BLiMP syntactic categories, and the grey bar marks the 1% random expectation.

(a) Original BLiMP agreement cross-overlap results. (b) Replicated BLiMP agreement cross-overlap results.

Figure 8: Comparison of the original and replicated agreement-specific unit overlap results for BLiMP. For
determiner–noun, subject–verb, and anaphor agreement, bars compare overlap within the corresponding agreement
category, with other agreement categories, and with non-agreement categories. Markers show the results for
individual models.
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(a) Original BLiMP results. (b) Replicated BLiMP results.

Figure 9: Comparison of the original and replicated two-fold localisation results for BLiMP. Bars show the
mean percentage overlap between the top-1% unit sets identified from two independent halves of each paradigm.
In the replication, black markers show the results for the individual evaluated models. Bar colours denote the
corresponding BLiMP syntactic categories, and the grey bar marks the 1% random expectation.

(a) Original BLiMP cross-overlap results. (b) Replicated BLiMP cross-overlap results.

Figure 10: Comparison of the original and replicated within- and cross-category unit overlap results for
BLiMP. For each BLiMP category, blue bars show the mean overlap among paradigms within the category, while
orange bars show the mean overlap with paradigms outside the category. Markers report the corresponding values
for individual models.

A.2 Russian
We also reproduce the original RuBLiMP analyses to assess whether the reported localisation patterns are
recoverable under an independent implementation. The figures below compare the original and replicated
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cross-validation, cross-overlap, and agreement-overlap results. Across analyses, we recover the same
overall patterns with only minor numerical differences, supporting the reproducibility of the original
unit-localisation method for Russian.
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(a) Original RuBLiMP cross-overlap results.
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(b) Replicated RuBLiMP cross-overlap results.

Figure 11: Within- and cross-category unit overlap. Results are shown for original RuBLiMP (left) and replicated
RuBLiMP (right), both using the Gemma model.
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(a) Original RuBLiMP agreement cross-overlap results. (b) Replicated RuBLiMP agreement cross-overlap results.

Figure 12: Cross-lingual overlap of units localised for agreement phenomena. Results are shown for original
RuBLiMP (left) and replicated RuBLiMP (right), both using the Gemma model. Bars report mean overlap as
a percentage of the top-1% localised units: within the same agreement category (blue), across other agreement
categories in the same language (orange), with non-agreement phenomena in the same language (grey), with
agreement categories in English BLiMP (green), and with non-agreement categories in English BLiMP (brown).
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(a) Original RuBLiMP 2-fold results.
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(b) Replicated RuBLiMP 2-fold results.

Figure 13: Two-fold cross-validation. targeting the top 1% of units. Results are shown for the original RuBLiMP
analysis (left) and the replicated RuBLiMP analysis (right).

A.3 Chinese

For Chinese, we evaluate whether the SLING localisation patterns reported in the original paper persist
under replication. The figures below present the original and reproduced 2-fold cross-validation, cross-
phenomenon overlap and agreement-specific overlap results. The replicated analyses preserve the same
broad structure, with only small numerical deviations, indicating that the reported SLING localisation
patterns are robust to reimplementation.
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(a) Original SLING cross-overlap results.
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(b) Replicated SLING cross-overlap results.

Figure 14: Within- and cross-category unit overlap. Results are shown for original SLING (left) and replicated
SLING (right), both using the Gemma model.
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(a) Original SLING agreement cross-overlap results. (b) Replicated SLING agreement cross-overlap results.

Figure 15: Cross-lingual overlap of units localised for agreement phenomena. Results are shown for original
SLING (left) and replicated SLING (right), both using the Gemma model.
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(a) Original RuBLiMP 2-fold results.
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(b) Replicated SLING 2-fold results.

Figure 16: Two-fold cross-validation. targeting the top 1% of units. Results are shown for the original SLING
analysis (left) and the replicated SLING analysis (right).
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B Selected BLiMP-style Phenomena

An overview of the experimental materials used in our methodological extensions are provided below.
The tables present the 12 paradigms selected for evaluation, alongside representative acceptable and
unacceptable examples, and summarise the models included in our experiments.

Phenomenon UID Acceptable example Unacceptable example

Anaphor Agreement anaphor_gender_agreement Katherine cannot help herself. Katherine cannot help himself.

Argument Structure animate_subject_passive Amanda was respected by some waitresses. Amanda was respected by some picture.

Binding principle_A_c_command A lot of actresses healed themselves. A lot of actresses healed herself.

Control/Raising existential_there_object_raising William has declared there to be no guests getting fired. William has obliged there to be no guests getting fired.

Determiner–Noun Agr. determiner_noun_agreement_1 Craig explored that grocery store. Craig explored that grocery stores.

Ellipsis ellipsis_n_bar_1 Brad passed one big museum and Eva passed several. Brad passed one museum and Eva passed several big.

Filler–Gap wh_questions_object_gap Joel discovered the vase that Patricia might take. Joel discovered what Patricia might take the vase.

Irregular Forms irregular_past_participle_adjectives The hidden cactus was out in the open. The hid cactus was out in the open.

Island Effects adjunct_island Who has Colleen aggravated before kissing Judy? Who has Colleen aggravated Judy before kissing?

Quantifiers existential_there_quantifiers_1 There aren’t many lights darkening. There aren’t all lights darkening.

Subject–Verb Agr. distractor_agreement_relational_noun A sketch of lights doesn’t appear. A sketch of lights don’t appear.

regular_plural_subject_verb_agreement_2 The guests aren’t cooking. The guest aren’t cooking.

Table 1: Examples of the 12 paradigms selected from the BLiMP benchmark (Warstadt et al., 2020) and used in our
methodological extensions.

Phenomenon PID Acceptable example Unacceptable example

Word Formation add_new_suffix Priekhala staren’kaya, malen’kaya, khuden’kaya zhenshchina. Priekhala starsken’kaya, malen’kaya, khuden’kaya zhenshchina.

Word Inflection change_verb_conjugation I nikomu uzhe ne dokazhesh’, chto ty – eto ty, – tak on dumal. I nikomu uzhe ne dokazhish’, chto ty – eto ty, – tak on dumal.

Government adposition_government Vpervye kosmonavt spal v nevesomosti. Vpervye kosmonavt spal v nevesomost’yu.

nominalization_case Pakhotnye ploshchadi podverzheny smyvu i vyduvaniyu vetrom. Pakhotnye ploshchadi podverzheny smyvu i vyduvaniyu veter.

verb_acc_object My opishem nashu aksiomatizatsiyu putem opisaniya struktury formul. My opishem nashu aksiomatizatsiya putem opisaniya struktury formul.

Anaphor Agreement anaphor_agreement_gender Tekhnika, kotoruyu on izobrel, poluchila nazvanie “skul’ptura sveta”. Tekhnika, kotoryj on izobrel, poluchila nazvanie “skul’ptura sveta”.

Aspect change_duration_aspect Pri etom vopros avtorstva dolgo ostavalsya otkrytym. Pri etom vopros avtorstva dolgo ostalsya otkrytym.

Floating Quantifier Agreement floating_quantifier_agreement_case Ego samogo uzhe malo kto priznaet avtoritetom. Ego samomu uzhe malo kto priznaet avtoritetom.

Subject–Predicate Agreement genitive_subj_predicate_agreement_person Detey u Magnusa i Elizavety ne bylo. Detey u Magnusa i Elizavety ne budu.

Negation negative_concord I konechno, nikto ne toropilsya vzyat’ vinu na sebya. I konechno, nikto toropilsya vzyat’ vinu ne na sebya.

Noun Phrase Agreement np_agreement_case Zoloto bylo obnaruzheno v etom rajone v 1923 godu. Zoloto bylo obnaruzheno v etogo rajone v 1923 godu.

Tense tense_marker Tonnel’ na Sinopskoy naberezhnoy otkroyut na budushchey nedele. Tonnel’ na Sinopskoy naberezhnoy otkroyut na minuvshey nedele.

Table 2: Examples of the 12 paradigms selected from the RuBLiMP benchmark (Taktasheva et al., 2024) and used
in our methodological extensions.
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C Attention Head results

C.1 BLiMP

The figures below present the full attention-head
analysis for the 12 selected BLiMP paradigms
across all five models. Although the individ-
ual heads are not directly comparable, recurring
phenomenon-level relationships emerge in each
model. In particular, Principle A c-command
shows consistently elevated overlap with Anaphor
Gender Agreement and Animate Subject Passive
constructions. These patterns suggest that at-
tention heads sensitive to related agreement and
dependency-based computations may be reused
across syntactic phenomena.

Figure 17: Pairwise attention-head overlap across
selected BLiMP phenomena for DeepSeek-LLM-7B-
Base. For each phenomenon, the ten heads with the
largest grammatical–ungrammatical attention difference
are selected. Each off-diagonal cell reports the propor-
tion of these heads shared by a pair of phenomena; the
diagonal is omitted.

Figure 18: Pairwise attention-head overlap across se-
lected BLiMP phenomena for Gemma-3 4B. Cells
report pairwise overlap among the ten most syntax-
responsive heads; the diagonal is omitted.

Figure 19: Pairwise attention-head overlap across se-
lected BLiMP phenomena for GPT-2 XL. Cells report
pairwise overlap among the ten most syntax-responsive
heads; the diagonal is omitted.

Figure 20: Pairwise attention-head overlap across se-
lected BLiMP phenomena for Llama-3.2 3B. Cells
report pairwise overlap among the ten most syntax-
responsive heads; the diagonal is omitted.

Figure 21: Pairwise attention-head overlap across
selected BLiMP phenomena for Phi-4-mini-instruct.
Cells report pairwise overlap among the ten most syntax-
responsive heads; the diagonal is omitted.
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C.2 RuBLiMP

We extend the analysis cross-linguistically to Rus-
sian using RuBLiMP, selecting 12 paradigms
spanning a range of morphosyntactic phenomena.
Gemma and Llama exhibit relatively dense over-
lap matrices, suggesting broad sharing of atten-
tion heads across phenomena involving agreement,
case, tense and aspect. This may partly reflect Rus-
sian’s rich inflectional morphology, in which these
features interact closely. Phi, however, shows a
substantially sparser overlap structure, indicating
that the extent and organisation of morphosyntactic
sharing are model-dependent.

Figure 22: Pairwise attention-head overlap across se-
lected RuBLiMP phenomena for Llama-3.2 3B. Cells
report pairwise overlap among the ten most syntax-
responsive heads; the diagonal is omitted.

Figure 23: Pairwise attention-head overlap across se-
lected RuBLiMP phenomena for Phi-4-mini-instruct.
Cells report pairwise overlap among the ten most syntax-
responsive heads; the diagonal is omitted.

Figure 24: Pairwise attention-head overlap across se-
lected RuBLiMP phenomena for Gemma-3 4B. Cells
report pairwise overlap among the ten most syntax-
responsive heads; the diagonal is omitted.
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D DBM and DAS Localisation Results

We extend the localisation methodology to DBM and DAS, explicated in Section 2.1. We carry out the
original 1% ablation experiments on a subset of BLiMP for 5 models, and cross-validation and cross-
overlap on Gemma, Llama, and Phi. Our findings match those of Kryvosheieva et al. (2026), however we
additionally show differences in ablation effects across models and methodologies.
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Figure 25: Cross-overlap effects on a subset of RuBLiMP aggregated across Gemma-3-4B, Llama-3.2-3B, and
Phi-4 Mini. The original methodology is illustrated in the ‘ttest’ method, and are compared with the results of the
alternative functional localisation methods we use.
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Figure 26: Cross-validation effects on a subset of BLiMP aggregated across Gemma-3-4B, Llama-3.2-3B, and Phi-4
Mini. The original methodology of Kryvosheieva et al. (2026) is illustrated in the ‘ttest’ method, and are compared
with the results of the alternative functional localisation methods we use.

Model Original DBM-discriminative DBM-causal DAS

Gemma-3-4B-PT -17.44% -2.79% -42.75% -27.60%
Phi-4-mini-instruct 0.82% 4.50% -62.42% -21.90%
Llama-3.2-3B -4.60% -0.09% -58.89% -7.46%
GPT2-XL -2.51% -1.74% -61.78% -13.17%
DeepSeek-LLM-7B-Base -1.71% -4.52% -51.50% -16.88%

Table 3: 1% ablation effects on a subset of BLiMP aggregated across Gemma-3-4B, Llama-3.2-3B, Phi-4 Mini,
GPT2-XL, and DeepSeek-7B. ∆ between performance change following random ablation and performance change
following ablation of localised units is illustrated. The original methodology of Kryvosheieva et al. (2026) is
compared with the results of the alternative functional localisation methods we use. Differences in ablation effect
are shown across different models, with high variance across methodologies, without a clear pattern per model.
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Figure 27: Cross-overlap effects on a subset of BLiMP aggregated across Gemma-3-4B, Llama-3.2-3B, and Phi-4
Mini. The original methodology of Kryvosheieva et al. (2026) is illustrated in the ‘ttest’ method, and are compared
with the results of the alternative functional localisation methods we use. N/A here denotes instances where no
within-category overlap data was available.
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Suite Original DBM-discriminative DBM-causal DAS

principle_A_c_command -11.34% -1.94% -47.16% -11.78%
regular_plural_subject_verb_agreement_2 -8.26% -4.22% -29.14% -11.00%
adjunct_island -8.88% -0.36% -55.70% -29.58%
ellipsis_n_bar_1 -5.70% -6.94% -57.52% -24.92%
determiner_noun_agreement_1 -8.46% 0.16% -31.52% -18.94%
animate_subject_passive -7.04% -0.32% -41.56% -11.34%
distractor_agreement_relational_noun -6.28% 1.20% -51.68% -21.28%
anaphor_gender_agreement -4.60% -6.78% -64.62% -12.98%
existential_there_object_raising -5.94% 0.44% -58.28% -17.50%
existential_there_quantifiers_1 -3.18% -1.32% -73.42% -7.52%
wh_questions_object_gap -0.88% -0.58% -66.34% -19.30%
irregular_past_participle_adjectives 9.50% 9.52% -88.70% -22.66%

Table 4: 1% ablation effects on a subset of BLiMP aggregated across Gemma-3-4B, Llama-3.2-3B, Phi-4 Mini,
GPT2-XL, and DeepSeek-7B. ∆ between performance change following random ablation and performance change
following ablation of localised units is illustrated. The original methodology of Kryvosheieva et al. (2026) is
compared with the results of the alternative functional localisation methods we use. Differences in ablation effect are
shown across different phenomena, with no clear cross-method pattern as to which phenomena show the strongest
localisation effects.

Model Original DBM-discriminative DBM-causal DAS

Gemma-3-4B-PT -30.26% -2.39% -20.77% -36.90%
Phi-4-mini-instruct -17.13% -5.25% -19.56% -31.48%
Llama-3.2-3B -2.57% -0.37% -22.13% -11.70%

Table 5: 1% ablation effects on a subset of RuBLiMP aggregated across Gemma-3-4B, Llama-3.2-3B, and Phi-4
Mini. ∆ between performance change following random ablation and performance change following ablation of
localised units is illustrated. The original methodology of Kryvosheieva et al. (2026) is compared with the results of
the alternative functional localisation methods we use. Differences in ablation effect are shown across different
models, with high variance across methodologies, without a clear pattern per model.
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Suite Original DBM-discriminative DBM-causal DAS

np_agreement_case -28.47% -0.07% -5.00% -32.20%
anaphor_agreement_gender -27.73% -4.70% -30.83% -22.03%
change_verb_conjugation -24.00% -5.87% -21.80% -31.47%
add_new_suffix -17.97% 1.60% -7.60% -28.33%
verb_acc_object -19.27% -0.67% -8.67% -25.13%
nominalization_case -20.47% -4.23% -4.97% -33.17%
floating_quantifier_agreement_case -19.53% -0.03% -21.27% -22.27%
adposition_government -16.63% -12.50% -18.17% -26.97%
negative_concord -12.23% 0.17% -16.07% -30.07%
genitive_subj_predicate_agreement_person -6.80% -1.03% -46.87% -20.63%
tense_marker -5.47% -3.97% -25.87% -21.57%
change_duration_aspect -1.27% -0.73% -42.73% -26.47%

Table 6: 1% ablation effects on a subset of RuBLiMP aggregated across Gemma-3-4B, Llama-3.2-3B, Phi-4
Mini. ∆ between performance change following random ablation and performance change following ablation of
localised units is illustrated. The original methodology of Kryvosheieva et al. (2026) is compared with the results of
the alternative functional localisation methods we use. Differences in ablation effect are shown across different
phenomena, with no clear cross-method pattern as to which phenomena show the strongest localisation effects.
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E BLiMP-NL

We provide the full BLiMP-NL results underlying
the analysis in Section 3.2.1. The figures report
cross-phenomenon overlap across all syntactic cat-
egories, 2-fold consistency for the 84 individual
paradigms, and overlap within and across selected
A′-dependency phenomena. These analyses allow
the variation in phenomenon-specificity and locali-
sation stability across the Dutch benchmark to be
examined in greater detail.
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Figure 28: Two-fold localisation consistency for the
84 BLiMP-NL paradigms in Gemma-3 4B. Each bar
shows the percentage overlap between top-1% unit sets
identified using two independent halves of a paradigm.
Paradigms are ordered from highest to lowest overlap
and coloured by syntactic category; the grey bar marks
the analytical random expectation of 1%. The dotted
lines indicate the lowest value in RuBLiMP and SLING.
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Figure 29: Full Within- and cross-category unit over-
lap in BLiMP-NL for Gemma-3 4B. For each syntactic
category, blue bars show the mean pairwise overlap be-
tween top-1% unit sets localised for paradigms within
that category, while orange bars show the mean overlap
with paradigms from other categories. N/A indicates
that no within-category paradigm pair was available.

Figure 30: Cross-phenomenon overlap for selected A′-
dependency categories in BLiMP-NL. For each category,
bars compare overlap within the category, with other
A′ categories in BLiMP-NL, with non-A′ categories
in BLiMP-NL, with A′ categories in English BLiMP,
and with non-A′ categories in English BLiMP. Values
report the percentage of shared top-1% localised units
in Gemma-3 4B.
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F Turkish

We present the supplementary TurBLiMP results
for Gemma-3 4B. The figures report 2-fold cross
validation and cross-phenomenon overlap centred
on Subject Agreement, alongside the full pairwise
overlap matrix across all TurBLiMP phenomena.
Together, these analyses provide a more detailed
view of the extent to which agreement-related con-
structions recruit shared units and how these pat-
terns relate to broader morphosyntactic overlap
across the dataset.

Figure 31: Two-fold localisation consistency across Tur-
BLiMP phenomena for Gemma-3 4B. Each bar shows
the percentage overlap between the top-1% unit sets
identified using two independent halves of the examples
for a phenomenon. The grey bar indicates the analytical
random expectation of 1%.

Figure 32: Cross-phenomenon overlap between Sub-
ject Agreement and the remaining TurBLiMP phenom-
ena for Gemma-3 4B.

Figure 33: Pairwise unit overlap among TurBLiMP
phenomena for Gemma-3 4B. Each off-diagonal cell
reports the percentage of top-1% localised units shared
by a pair of phenomena. The diagonal, corresponding
to self-overlap, is omitted; the analytical random expec-
tation is 1%.

G CLAMS: Russian

Figure 34: Two-fold localisation consistency across the
CLAMS-Russian subject–verb agreement paradigms for
Gemma-3 4B. Each bar shows the percentage overlap
between top-1% unit sets identified using two indepen-
dent halves of a paradigm. The grey bar marks the
analytical random expectation of 1%.

Figure 34 presents the 2-fold overlap for each
subject–verb agreement paradigm in CLAMS-
Russian. The overlap between units localised using
two independent halves of each paradigm was con-
sistently high, ranging from 68.85% for simple
agreement to 91.84% for object-relative agreement
across animate nouns. All paradigms substantially
exceeded the random expectation of 1%, indicating
that unit localisation was stable within paradigms
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and was not strongly dependent on the particular
subset of examples used.

H Unit Localisation Methodologies

H.1 Experimental Model Selection

Model Attribution Param. L H Lang.

GPT2-XL Radford et al. (2019) 1.5B 48 1600 1
Llama-3.2-3B Meta (2024) 3.2B 28 3072 8
Phi-4-mini-instruct Microsoft (2025) 3.8B 32 3072 23
Gemma-3-4B-PT DeepMind (2025) 4.3B 34 2560 140+
DeepSeek-LLM-7B-Base DeepSeek (2024) 6.9B 30 4096 2

Table 7: Models used in our experiments attention
heads, DBM, and DAS, sorted according to parameter
count (Param.). For each model, we additionally report
the number of layers (L), hidden size (H), and the num-
ber of languages included during training (Lang.)

H.2 Methodology: Differential Binary
Masking: (DBM)

To localize the specific network units responsible
for syntactic phenomena, we replace the univariate
Welch t-test baseline (Kryvosheieva et al., 2026)
with Differential Binary Masking (DBM). Rather
than scoring units independently, DBM learns a
sparse binary mask over units end-to-end via gradi-
ent descent. To overcome the non-differentiability
of discrete binary masks, we use the Hard-Concrete
distribution (Louizos et al., 2018), which acts as a
differentiable relaxation of an L0 penalty.

For each layer l, the model learns a set of con-
tinuous parameters αl. During training, the model
samples differentiable gates z ∈ [0, 1] using the
reparameterisation trick, allowing us to exact a con-
tinuous L0 penalty. We use two distinct objectives
for optimizing these gates: a computationally ef-
ficient discriminative proxy, and a direct causal
intervention.

H.2.1 The Discriminative Objective
The discriminative objective identifies units that to-
gether separate the phenomenon condition from
a control condition. Operating entirely on pre-
computed representations, this approach serves as
an efficient multivariate alternative to the baseline
t-test.

Following the intuition of the baseline, we oper-
ate on the absolute, standardized activations of the
units, |X|. This ensures the classifier captures units
that signal importance via increased variance (mag-
nitude of activation) rather than strictly shifting
their mean. To prevent severe overparameterisation
given the limited number of benchmark sentences,

we train independent gated linear classifiers per
layer rather than a single joint classifier.

The loss for layer l combines Binary Cross-
Entropy (BCE) with an expected L0 sparsity
penalty and L2 weight decay:

Ll = BCE(y, σ((|Xl| · zl)Wl + bl))

+ λlE[L0(zl)] + λdecay∥Wl∥22
(1)

H.2.2 The Causal Objective
While the discriminative objective relies on a cor-
relational proxy, the causal objective directly op-
timizes the mask against the actual intervention
(ablation) used during final evaluation.

We attach custom forward hooks to the frozen
language model. During the forward pass, the sam-
pled gates z act as physical soft-ablations on the
hidden states h:

hablated = h⊙ (1− z) (2)

Initialization Strategy: In standard L0 pruning,
z = 1 denotes retaining a weight, so gates are
initialized open to begin training from an intact
network. In our causal formulation, z = 1 denotes
ablating a unit. If initialized using standard param-
eters, the model would begin training with ≈ 97%
of its units ablated, severely degrading the gradient
signal. Instead, we analytically compute the ini-
tial parameters logα0 such that the initial ablation
probability is close to the target sparsity threshold,
allowing the mask to grow toward harmful units
rather than shrinking from total network collapse.

The causal loss directly minimizes the model’s
post-ablation grammaticality margin (the log-
probability difference between positive and neg-
ative sentences) alongside the sparsity penalty:

L = E
[︂
logP (xpos | hablated)

− logP (xneg | hablated)
]︂
+
∑︂

l

λlE[L0(zl)]

(3)

H.2.3 Dynamic Sparsity Control
Because different layers exhibit varying degrees
of recoverable signal, applying a single, global
sparsity penalty λ often leads to under-masking in
critical layers and over-masking in irrelevant ones.
We implement a layer-wise dual-ascent optimiza-
tion strategy. Every 20 steps, each layer’s penalty
weight λl is independently updated based on its
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distance from the global target sparsity fraction
ptarget:

λ
(t+1)
l = λ

(t)
l exp

(︂
η · (p(t)l − ptarget)

)︂
(4)

This ensures all layers converge robustly to the
desired sparsity constraint without requiring man-
ual hyperparameter tuning for the penalty bounds.
Finally, for both objectives, the continuous impor-
tance scores logα are converted into binary form
to extract the exact top-k units for downstream
evaluation.

H.3 Methodology: Distributed Alignment
Search (DAS)

While the univariate t-test and Differential Binary
Masking (DBM) methods evaluate units indepen-
dently, they rely on the assumption that causally rel-
evant computation aligns with the network’s stan-
dard basis (e.g. individual neurons). To relax this
assumption, we implement Distributed Alignment
Search (DAS) (Geiger et al., 2024), which searches
for a distributed, dense causal representation. In-
stead of selecting discrete units, DAS learns an
orthogonal rotation of a layer’s hidden space and
applies an interchange intervention to test whether
a small, fixed-width subspace of the rotated coordi-
nates carries the phenomenon’s causal effect.

H.3.1 Low-Rank Subspace Intervention
The original formulation of DAS (Geiger et al.,
2024) parameterises a full D ×D orthogonal rota-
tion matrix R (where D is the hidden dimension),
slices the first k columns to form the aligned sub-
space, and applies the inverse rotation. In practice,
representing R requires a matrix-exponential of a
skew-symmetric generator, resulting in an O(D3)
computational cost per forward pass. For mod-
ern language models with large hidden dimensions,
this becomes a severe bottleneck.

To address this, we adopt the low-rank sub-
space parameterisation proposed by Huang et al.
(2024). Rather than a full rotation, this directly
parameterises the k orthogonal vectors spanning
the aligned subspace using a matrix W ∈ RD×k

with orthonormal columns (i.e., W TW = Ik). The
interchange intervention II , which patches the hid-
den states of a “base” (ungrammatical) sentence
with those of a “source” (grammatical) sentence, is
implemented as a rank-k projection:

II(hbase, hsource) = (I−WW T )hbase+WW Thsource
(5)

Equivalently, this is computed without instantiating
the full D ×D projection matrix via:

hint = hbase +W (W T (hsource − hbase)) (6)

This reduces the computational cost of the forward
hook to O(D · k) while remaining algebraically
identical to the original full-rotation formulation.
Because the intervention relies on precise position-
wise alignment, we restrict this analysis strictly to
sentence pairs that tokenize to equal lengths.

H.3.2 Optimization Objective
DAS fits one orthogonal subspace independently
per layer. During training, the base model’s weights
remain frozen. For each sequence pair, we capture
the unperturbed hidden states of the grammatical
sentence (hsource). In a subsequent forward pass
on the ungrammatical sentence (hbase), we apply
the interchange intervention using our learned sub-
space W .

The parameter W is optimized to maximize the
teacher-forced log-probability of the ungrammat-
ical sentence’s tokens under the intervention. By
maximizing this grammaticality margin, DAS iden-
tifies the subspace that maximally “rescues” the
model’s likelihood, confirming its causal contribu-
tion to the phenomenon – the trained result is a
quantity to be reported, rather than a binary confir-
mation.

H.3.3 Bridging DAS to a Per-Unit Mask
Standard evaluation pipelines require a binary mask
indicating unit importance, which fundamentally
differs from the continuous subspace W learned
by DAS. To translate the learned subspace back to
the standard basis for direct comparison with DBM
and t-test baselines, we compute a participation
score for each individual unit. The importance of
the i-th unit in layer l is calculated as the L1 norm
of its corresponding row in W (its loading across
the k basis vectors):

scorel,i = ∥Wl,i,:∥1 =
k∑︂

j=1

|Wl,i,j | (7)

These continuous scores are then hard-binarized
by selecting the exact top-k values globally across
the network, yielding a binary mask directly com-
parable to those produced by standard unit-level
localization methods.
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