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Abstract

Multilingual machine translation models must
adapt to the grammatical structure of the tar-
get language, yet how structural information
shapes decoder computation remains unclear.
Using the eigenvalue spectra of per-(layer,
head) attention Gram matrices instead of raw
attention weights, we show that cross-attention
geometry in NLLB-200 is organized around the
target language: these spectral features carry a
strong, distributed signal about target-language
word order (SVO vs. SOV) when English is the
source, with near-perfect decodability across
cross-validation. The signal is not concentrated
in a small subset of heads, but is broadly dis-
tributed across layers and heads—yet it de-
grades sharply at every level of aggregation
when English is the target. This asymmetry sug-
gests that cross-attention geometry reflects the
demands of target-side generation rather than
source-side structure. Leave-one-language-out
evaluation confirms that the signal generalizes
to unseen languages, ruling out language iden-
tity as a confound.

1 Introduction

Multilingual neural machine translation models
must implicitly represent the structural properties
of dozens or hundreds of languages simultaneously.
Among the most fundamental of these properties is
word order: whether a language places the verb be-
fore or after its object (SVO vs. SOV) has pervasive
consequences for how source and target sequences
align during generation. Locating this typological
information within the model is essential for the
interpretability of multilingual NLP models.
Beyond interpretability for its own sake, locat-
ing where target-language structure is encoded has
practical stakes: it points to where cross-attention
could be intervened on for language-specific fine-
tuning, how to diagnose degraded generation qual-
ity for low-resource target languages, and whether
a lightweight typology signal is recoverable from

attention geometry without decoding a full transla-
tion.

Prior work on probing transformer representa-
tions has focused predominantly on encoder-side
models (Conneau et al., 2018; Belinkov, 2022)
or on self-attention in encoder-decoder architec-
tures (Raganato and Tiedemann, 2018). The cross-
attention mechanism of the decoder, which medi-
ates the interface between source representations
and target generation, has received comparatively
little attention as a locus of typological informa-
tion. It is also unclear whether word-order signals,
if present, are carried by specific layer-head pairs
or distributed across the network.

To address these gaps, we probe the cross-
attention mechanism of NLLB-200 (NLLB Team
et al., 2022) across three model sizes and 22 typo-
logically diverse languages. Our analysis relies on
the eigenvalue spectra of attention Gram matrices,
which capture the global shape of the attention dis-
tribution independently of specific token identities
or alignments. This spectral representation is both
stable and low-dimensional, making it a suitable
target for probing without the confounds of raw
attention weights. Our central hypothesis is that
word-order information is encoded in the geometric
structure of cross-attention, and that its distribution
depends on the translation direction—specifically,
whether the model generates into a varied target
language or into fixed English. Our experiments
confirm this hypothesis: the signal is strong and
linearly decodable when English is the source, but
severely degraded when English is the target, re-
vealing that cross-attention geometry primarily re-
flects the demands of target-side generation rather
than source-side structure.

Our implementation is available online.'

Yhttps://github.com/eikyou/
NLLB-Attention-Geometry-Probing
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2 Related Work

Probing transformer representations. The
probing classifier framework (Conneau et al., 2018;
Belinkov, 2022) has been widely used to study
what linguistic information is encoded in neural
model representations. Applied to NMT, Belinkov
et al. (2017) showed that encoder representations
capture morphological information, while decoder
representations are weaker on this task. Raganato
and Tiedemann (2018) probed encoder represen-
tations in transformer-based MT and found that
higher layers encode more semantic information.
Xu et al. (2021) showed that word translation oc-
curs progressively in encoder layers, with cross-
attention in the decoder serving primarily as a se-
quential alignment mechanism.

Attention analysis. Voita et al. (2019) showed
that a small subset of self-attention heads in NMT
encoders performs most of the useful work, with
the remainder prunable without performance loss.
Zhang et al. (2023) analyzed functional head spe-
cialization in a multilingual MT transformer and
found that different language pairs share the same
heads for the same functions, with deep cross-
attention heads cooperating for word reordering.
The interpretability of attention weights has been
actively debated: Jain and Wallace (2019) argued
that attention distributions are largely uncorrelated
with feature importance, while Wiegreffe and Pin-
ter (2019) contested this claim; Sun and Maraso-
vi¢ (2021) further showed that raw weights con-
flate contributive and non-contributive components.
Kim et al. (2021) found the most important heads
for translation quality are shared across language
pairs, suggesting limited functional specialization.

Word order in multilingual models. Nikolaev
and Pado (2022) demonstrated that mBERT"’s zero-
shot performance on subordinate-clause detection
is dominated by SVO/SOV typology. Otmakhova
et al. (2022) showed that typologically different lan-
guages encode morphosyntactic features differently
across BERT layers. Ji et al. (2023) showed that
typologically similar languages share similar posi-
tional representations in a multilingual dependency
parser, with SVO/SOV typology correlating with
the structure of the positional space. Brinkmann
et al. (2025) found that LL.Ms develop cross-lingual
abstractions of morphosyntactic concepts across di-
verse languages.

Our work differs from all of the above in
three key respects: we target the decoder’s cross-
attention in a generative MT model rather than
encoder representations, we rely on spectral geom-
etry rather than raw attention weights or token-level
alignments, and we explicitly control for transla-
tion direction to isolate source-side from target-side
effects.

3 Experimental Setup

3.1 Model

We experimented with three sizes of NLLB-200
(NLLB Team et al., 2022): 600M, 1.3B, and 3.3B
parameters. All models share the same encoder-
decoder Transformer architecture and vocabulary,
differing only in depth and size of hidden di-
mension. We focus on NLLB-200 as the largest
publicly available massively multilingual encoder-
decoder MT model, whose training is predomi-
nantly pivoted through English, making it well
suited for probing the eng—X vs. X—eng asym-
metry studied here.

3.2 Data

We used the FLORES-200 development set (NLLB
Team et al., 2022), which provides profession-
ally translated sentences across all 200 NLLB lan-
guages. We selected 22 languages paired with En-
glish: 11 SVO (French, German, Thai, Indone-
sian, Chinese, Russian, Vietnamese, Portuguese,
Swahili, Finnish, Swedish) and 11 SOV (Japanese,
Korean, Turkish, Persian, Hindi, Georgian, Tamil,
Azerbaijani, Mongolian, Urdu, Bengali), giving
997 sentences per language. Word-order labels
were taken from WALS (Dryer and Haspelmath,
2013).

We restrict the contrast to SVO vs. SOV because
these are the only word-order categories attested at
scale in NLLB-200 with stable WALS labels: VOS,
OVS, and OSV are attested almost exclusively in
endangered or extinct languages, none of which
are represented in NLLB-200, while the handful of
VSO languages present (e.g., Arabic, Irish) are too
few to support a balanced comparison.

To isolate source- from target-side effects, we
compare two translation modes: eng—X (En-
glish fixed as source, target varied across the 22
languages) and X—eng (English fixed as target,
source varied).
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Figure 1: Probe accuracy per-(layer, head) averaged over 5 folds and 3 seeds for the 3.3B model. The eng— X map
(left) shows a sparse but distinct signal, while the signal in the X—eng map (right) is virtually non-existent.

3.3 Feature Extraction and Probing

At each decoding step t, the cross-attention module
produced a tensor of shape [L, H, T, S|, where L,
H, T, and S denote the numbers of layers, heads,
generated tokens, and source tokens. For each layer
[ and head h, we extracted the attention matrix
A € RT*S and formed the Gram matrix AA T Its
eigenvalues are invariant to permutations of token
order, allowing the spectrum to capture attention ge-
ometry independently of token identity or surface
positional information. We computed the top-k
eigenvalues, normalized them by their sum, and
concatenated them across all L x H layer-head
pairs to form the full feature vector, with subsets
used for per-layer and per-head probes. We set
k = 12, the smallest value retaining 98% of the cu-
mulative normalized eigenvalue mass on average.

We trained a logistic regression probe
(Belinkov, 2022) with standardized features
(StandardScaler) to predict a binary label: y = 1
if the non-English language in the pair is SVO,

= 0 if SOV. A linear probe ensures that any
recovered signal reflects structure in the features
rather than classifier capacity.

We used two evaluation protocols: cross-
validation with StratifiedGroupKFold
(groups=sentence ID) with 5 folds averaged
over 3 seeds, measuring generalization to unseen
sentences from the same languages; and leave-one-
language-out (LOO), where the probe is trained
on 21 languages and evaluated on the held-out one,
testing generalization to unseen languages and
ruling out language identity as a confound.

Following Hewitt and Liang (2019), we ad-
ditionally ran control tasks with randomly per-
muted word-order labels to verify that the probe
is not merely memorizing labels and computed
selectivity—defined as the probe’s accuracy on the
true word-order task minus its accuracy on the con-
trol task with permuted labels.

4 Results
4.1 Cross-Validation

Cross-validation accuracy exceeded 0.999 across
all three model sizes in the forward direction, and
remained substantial when features were aggre-
gated across all layer-head pairs in the reverse di-
rection: 0.904 (600M), 0.906 (1.3B), and 0.919
(3.3B). Control-task selectivity is positive at the
per-layer, per-head, and full-feature level in both
translation directions, confirming that these accu-
racies reflect genuine word-order structure rather
than label-fitting. Taken together, these results in-
dicate that the word-order signal is robust across
model scales and persists when the representations
are considered at different levels of granularity.

Per-(layer, head) structure. Joint accuracy
heatmaps showed no consistent structure: high-
accuracy layer-head pairs were scattered across
the grid without forming coherent horizontal or
vertical bands (Figure 1). This suggests that word-
order information is not concentrated in a dedicated
subset of layer-head pairs, but is instead broadly
distributed across the cross-attention mechanism,
with different heads contributing to the signal at
different layers.
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Figure 2: Leave-one-language-out accuracy for all six experimental conditions (three model sizes X two translation
directions). Each cell shows the probe accuracy when the corresponding language is held out from training.
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Figure 3: Layer-wise probe accuracy averaged over 5
folds and 3 seeds for eng— X (top) and X—eng (bottom)
translation across three model sizes. Each point is a
probe trained on the concatenated features of all heads
within that layer, not an aggregation of per-head probes.

Per-layer profiles. In the forward direction, the
per-layer accuracy profiles showed a clear depth-
dependent structure (Figure 3). In the 600M model,
accuracy remained high across all layers with a
modest decline toward the final layers. In the 1.3B
and 3.3B models, accuracy rose to a broad plateau
in the middle layers, reaching a peak around layer
13, then degraded in the final layers, suggesting that
word-order structure is most legible in the middle
of the network. In the reverse direction, no pro-
nounced mid-layer peak was observed: accuracy
remained below 0.8 across all layers and declined
gradually with depth. Overall, this suggests that
the depth profile of the word-order signal depends
on translation direction.

Per-head profiles. When features were aggre-
gated from a single head across all layers, the
forward-direction accuracy was uniformly high,
with no head consistently lagging behind the mean.
However, this uniformity at the per-head level
does not imply specialization: the per-(layer, head)
heatmap (Figure 1) shows that high-accuracy pairs
are scattered across the network without forming
coherent vertical or horizontal bands, indicating
that the signal is distributed rather than concen-
trated in a dedicated subset. In the reverse direc-
tion, per-head accuracy was substantially lower,
with most heads performing only modestly above
chance and no head emerging as a consistent car-
rier.

4.2 Leave-One-Language-Out Analysis

The signal generalizes well to unseen languages:
in the forward direction, most languages achieved
accuracy above 0.99 across all model sizes (Fig-
ure 2). In the reverse direction, accuracy was lower
but remained high for most languages, typically
between 0.84 and 0.99. The outliers are linguisti-
cally interpretable and suggest that the probe tracks
corpus-level word-order distributions rather than
WALS typological labels.

Chinese and Thai were outliers in both transla-
tion directions. In the forward direction, Chinese
accuracy degraded monotonically with model size,
while Thai was unstable across models. In the re-
verse direction, both languages showed consistently
low accuracy, consistent with their highly analytic,
isolating structure, where individual tokens are less
constrained to a single grammatical role. Japanese
and Turkish achieved near-perfect accuracy in the
forward direction but fell near chance in the reverse
direction, consistent with the overall asymmetry.
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Georgian improved monotonically with model
size in the forward direction, suggesting that its
complex morphosyntax requires greater model ca-
pacity to produce a geometrically distinctive signal.

In the forward direction, Finnish (SVO) was mis-
classified as SOV across all model sizes, while Per-
sian (SOV) was misclassified as SVO. Both have
structural properties that could plausibly disturb
attention geometry independently of clause-level
word order: Finnish’s rich agglutinative morphol-
ogy packs information into single inflected forms,
while Persian relies heavily on light-verb construc-
tions, where a nominal element precedes a seman-
tically bleached verb.

Finally, writing direction is not a confound. Per-
sian (RTL) is a LOO outlier, but Urdu — also RTL
and typologically similar — generalizes well. This
confirms that the misclassification of Persian re-
flects its predicate structure rather than any artifact
of right-to-left script processing.

5 Discussion

Asymmetry across translation directions. The
signal is strongly asymmetric: robust and layer-
structured in the forward direction (eng—X), but
degraded at every layer-head pair in the reverse
(X—eng). Since the same features and probe are
used in both settings, and the effect persists under
LOO evaluation, this asymmetry supports the hy-
pothesis that cross-attention geometry is shaped by
target-side generation. Producing a language with
a particular word order induces structured attention
geometry, whereas this influence is largely uniform
when the target is English. This interpretation is
supported by Kudugunta et al. (2019), who showed
that encoder representations depend on the transla-
tion target. In eng— X, the varying target induces
variation in the (English) encoder representations
that cross-attention exploits; in X—eng, the target
is fixed, removing target-driven variation across
examples for a linear probe to detect.

What the eigenvalue spectrum encodes and why
a linear probe works. The signal is recoverable
from the spectrum of AA " alone—without token
identities or raw attention weights—indicating that
word-order information is encoded in the global
shape of the attention distribution rather than in
specific alignments. The high accuracy of a linear
classifier trained on these spectral features confirms
that SVO and SOV targets yield systematically dif-
ferent spectral profiles. This is non-trivial: it im-

plies that the cross-attention dynamics produce a
low-dimensional geometric summary that already
separates typological classes linearly, without re-
quiring non-linear transformations. Crucially, us-
ing the spectrum bypasses the known confounds of
raw attention weights (which conflate multiple fac-
tors) and provides a more stable and interpretable
signal.

Comparison with scalar attention statistics.
Repeating LOO evaluation with four scalar fea-
tures (entropy, confidence, coverage, variance)
instead of eigenvalues reproduces the same
eng—X vs. X—eng asymmetry, confirming it re-
flects a genuine property of attention distributions.
However, the scalars differ in informativeness: en-
tropy and confidence recover a stronger signal than
coverage and variance, which are substantially less
discriminative. Eigenvalues remain our primary
choice, as they retain k-dimensional geometric
characterization rather than collapsing the distri-
bution to a single scalar.

Relation to prior work on attention heads. Our
finding that the signal is distributed across many
layer-head pairs, rather than concentrated in a
few specialized heads, contrasts with observations
on encoder self-attention (Voita et al., 2019), but
agrees with findings that cross-attention heads in
multilingual MT are not strongly language-pair spe-
cific (Kim et al., 2021). This suggests that cross-
attention may operate as a collective mechanism,
encoding structural information in the joint distri-
bution across heads.

6 Conclusion

We investigated whether the geometry of cross-
attention in NLLB-200 encodes target-language
word order, using eigenvalues of per-(layer, head)
Gram matrices as spectral features for a linear
probe. We found that the signal is strong, dis-
tributed across the network, and driven by the tar-
get language: highly accurate when English is the
source, it collapses at the layer-head level when
English is the target. This asymmetry indicates that
cross-attention geometry reflects target-side gener-
ation demands rather than source structure. Leave-
one-language-out evaluation showed that general-
ization failures track corpus-level word-order dis-
tributions rather than typological labels.
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7 Limitations

Our analysis is limited to a single model family,
NLLB-200; whether this asymmetry generalizes to
other multilingual MT architectures (e.g., M2M-
100) or LLM-based translation systems remains an
open question. We focus on SVO vs. SOV word
order; whether cross-attention geometry also en-
codes other typological features (e.g., adposition
type, adjective—noun order) is left for future work.
The outlier status of analytic languages such as Chi-
nese and Thai may partly reflect their shorter BPE-
tokenized sequences, which could affect attention
geometry independently of word order; we leave a
systematic analysis of this confound to future work.
Our evaluation relies solely on the FLORES-200
development set, which consists primarily of news-
domain text; whether these findings generalize to
other domains remains untested. Finally, our analy-
sis is limited to 22 languages paired with English.
Whether these findings generalize to non-English-
pivoted translation pairs remains an open question
for future work.
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