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Abstract

WALS and Grambank encode typological in-
formation in different forms: WALS assigns
one value to each multi-valued feature, whereas
Grambank mostly records the availability of
constructions. Computational pipelines com-
monly expand both into independent binary
columns. We compare that binary encoding
with a categorical objective that jointly normal-
izes the values of each feature. The models
otherwise share architecture, data, optimiza-
tion and capacity. On WALS, the categorical
objective recovers more of the structure im-
plicit in feature definitions: distances track
ordinal scales, compositional dimensions be-
come consistent directions, and 45% of cross-
feature nearest neighbours share a grammat-
ical domain, compared with 20% for the bi-
nary model. The advantage persists under
reparameterization-invariant diagnostics. Exter-
nal evaluations show the same pattern: categor-
ical embeddings rank independently supported
implicational universals more strongly, recover
the two clause orders associated with languages
lacking a single dominant order even when the
corresponding feature is withheld, and correlate
more strongly with corpus word-order variabil-
ity among languages assigned the same WALS
label. Held-out-branch prediction differs less
between objectives, especially on Grambank.
Preserving feature-level competition therefore
changes representation geometry even when
predictive accuracy changes little.

1 Introduction

WALS feature 81A asks which order of subject,
object and verb dominates in a language’s basic
clause, and offers seven answers: SOV, SVO, VSO,
VOS, OVS, OSV, and no dominant order. Japanese
is SOV, English SVO, Classical Arabic VSO. Ex-
actly one answer is correct per language, which is
what makes 81A a multiple-choice question.

How a question like 81A is encoded matters
because typological vectors are used in transfer,
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imputation and typology-conditioned models to se-
lect informative languages or features (Ponti et al.,
2019; Ji et al., 2023). These uses depend on neigh-
bourhood structure as well as cell-level prediction.
Under the categorical objective, 45% of a value’s
nearest neighbours from other features share its
grammatical domain, against 20% under the bi-
nary objective; among languages assigned the same
database label, predicted uncertainty also correlates
more strongly with treebank word-order variability
(r = 0.68 against 0.19).

Most computational work converts 81A into
seven yes/no questions. The encoding intro-
duced with URIEL and lang2vec and continued
in URIEL+ (Littell et al., 2017; Khan et al., 2025)
gives each value its own binary column and marks
the column matching the language. Typological
data in this form is used for transfer, probing and
database completion (Malaviya et al., 2017; Ponti
et al., 2019; Bjerva and Augenstein, 2018; Ostling
and Tiedemann, 2017; Choenni and Shutova, 2022;
Buis and Hulden, 2019; Ji et al., 2023), including
recent completion methods based on large language
models (Wang et al., 2026; Hus and Anastasopou-
los, 2026). This encoding contains no relation
among the seven columns: it does not encode that
SOV and OSV both place the verb last, that SOV
and SVO both begin with the subject, or that VSO
and VOS both begin with the verb. In the binary
representation, SOV is no closer to OVS than to
tone system absent.

A categorical objective instead preserves the fea-
ture’s answer set and normalizes all of its values
jointly with a softmax. The appropriate objec-
tive depends on how a database was constructed.
WALS assigns one value per feature, so binary
expansion is an additional transformation that re-
moves explicit relations among alternatives. Gram-
bank mostly asks independent yes/no questions
about construction availability, for which a binary
column is appropriate. Its multi-valued parameters
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undergo the same expansion as WALS features,
so the comparison also applies to that subset of
Grambank. Figure 1 summarizes the pipeline and
evaluations.

Both objectives yield vector spaces, which we
evaluate directly. This extends work that learns
typological representations primarily for prediction
(Malaviya et al., 2017; Bjerva et al., 2019a,b; Mu-
rawaki, 2015). Our diagnostics test whether the
geometry represents graded relations among alter-
natives that independent binary columns do not
encode explicitly.

This comparison also bears on gradient typology
(Bickel, 2007; Levshina, 2019; Round and Cor-
bett, 2020; Baylor et al., 2023, 2024). Typological
databases use discrete labels even when the under-
lying distributions are gradient. We quantify how
much of that structure is recoverable from discrete
annotations under each objective and identify the
feature types that account for the difference. Ponti
et al. (2019) motivate continuous representations
of broad typological categories, and Bjerva (2024)
discusses the mismatch between database labels
and gradient typology.

Contributions. We compare two models that dif-
fer only in whether values compete (§3), and mea-
sure the effect on held-out-branch prediction in the
setting of Bjerva et al. (2019a) (§4). We test the
value geometry against an annotation of 61 WALS
features in four structural kinds, using a diagnos-
tic matched to each (§5), and examine how values
from different features are arranged relative to one
another (§6). We then compare the space against
evidence outside the annotation: implicational uni-
versals, the two orders WALS names for alternat-
ing languages, and word-order variability measured
from treebanks (§7).

2 Background

Two databases, two kinds of question. WALS
(Dryer and Haspelmath, 2013) is a reference work
of specialist-written chapters. Each chapter poses
one question about a broad property and assigns
every language a single value. Because one author
designs the answer set as a whole, the values usu-
ally stand in a definite relation to each other: points
on a scale, cells of a two-way classification, or sub-
types of a shared property. Grambank (Skirgard
et al., 2023) is organized as a questionnaire, and
each parameter asks whether a construction or el-
ement is available, answered independently of the

others. Evidence that WALS gathers into one multi-
valued question is therefore spread across several
Grambank parameters. We use both because they
are the two most prominent general-purpose typo-
logical databases.

Competing values against independent columns.
Independent columns allow any subset of values to
be active, which is appropriate when the columns
record availability. Even dominance need not have
a single answer, as WALS acknowledges with no
dominant order. However, independent columns
do not explicitly encode relations among alterna-
tives. Activating two columns does not distinguish
a language with no dominant order from one with
a dominant order plus a second attested order, and
the representation does not encode that SOV and
SVO share subject-initiality while differing in ob-
ject position.

Gradient typology. Many typological studies
quantify category strength continuously from text,
for example by measuring how often an object fol-
lows the verb or how mixed a language’s ordering
is (Bickel, 2007; Levshina, 2019; Levshina et al.,
2023; Round and Corbett, 2020; Baylor et al., 2023,
2024). We use word-order entropy from this work:
it is near zero when a language consistently uses
one direction and high when both directions occur
at similar rates. A useful representation of a dis-
crete database should preserve such intermediate re-
lations when they are supported by cross-linguistic
co-occurrence.

Comparative concepts and semantic maps.
Haspelmath (2010) separates language-particular
descriptive categories from comparative concepts
constructed for cross-linguistic comparison; “SOV
order” is one such comparative concept. Typol-
ogy has long represented comparative concepts spa-
tially. In the semantic-map method, grammatical
functions form a graph, and the functions covered
by one form in a language must constitute a con-
nected region (Haspelmath, 2003; Georgakopoulos
and Polis, 2018; Croft, 2003; van der Auwera and
Plungian, 1998). A newly described language in
which one form covers two distant functions with
no intervening functions would provide evidence
against that map (Cysouw, 2007). We estimate
analogous relations among database values from
their cross-linguistic co-occurrence.

Language vectors and value vectors. Much
NLP represents languages as vectors, built from
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Figure 1: Overview. Both databases are provided to a single model that learns one vector per language and one per
feature-value. The two settings we compare differ only in the boxed component: a softmax normalizes a feature’s
values against each other, a sigmoid scores each independently. Language and value vectors occupy one space but
are analysed separately throughout. The three evaluations are held-out-branch prediction (§4), the structure of the
value geometry (§5, §6), and agreement with evidence from outside the databases (§7).

databases (Littell et al., 2017; Khan et al., 2025) or
learned from multilingual models and probed after-
wards (Ostling and Tiedemann, 2017; Bjerva and
Augenstein, 2018; Choenni and Shutova, 2022);
Murawaki (2015) also learns continuous typologi-
cal spaces for phylogenetic inference. Our primary
objects are feature values, so that SOV and definite
affix each have a vector. Section 6 tests whether val-
ues that a typologist would group together occupy
nearby regions of this space.

3 Models

Both models learn a vector ¢; € R? per language
and a vector per typological value, and score a
value against a language by the dot product E;—v.
Training fits the observed cells of a language-by-
value table and skips the rest. The two differ only in
how scores become probabilities. Both are trained
from scratch on the database tables; no pretrained
language model and no text enter either.

Independent binary (BIN). Following the fac-
torization of Bjerva et al. (2019a), each value j has
an embedding f; and is predicted on its own,

pVy=11t)=c(d ), O

with o the logistic function and a binary cross-
entropy loss. The probability of SOV is computed
without reference to the probability of SVO.

Categorical (CAT). A feature j with K; values
gets a table VW) e REi*d and one distribution
over the set,

exp (E;r Vk(j)>
2?:1 exXp (ez‘TVk('j)> |

Normalizing over the feature’s values couples them:
raising the score of one lowers the probability of

p(Yij =k [ &)= 2
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the rest, so an example asserting that a language is
SOV also asserts that it is not SVO and not VSO,
and every value vector in the feature moves. Under
Eq. 1 the same example moves one.

Training and filtering. Both models use d=64,
batch size 64, Adam at 10~3 with an L2 penalty of
0.1 on the vectors used in each batch, early stop-
ping with patience 10, and a 200-epoch cap. We
keep languages with at least ten observed values
and values attested in at least ten languages, which
leaves 1,683 WALS languages (1,641 with a Glot-
tocode) over 640 values and 2,360 Grambank lan-
guages over 392 (Appendix A). The prediction ex-
periments in §4 evaluate on genealogical branches
with at least five languages: WALS genera, groups
of evidently related languages about as deep as
Germanic or Romance, and for Grambank a com-
parable Glottolog clade. We train five seeds, 42
to 46, and report means with standard deviations;
where we compare seeds pairwise we use all ten
pairs the five seeds allow. BIN matches CAT in
architecture, data, optimizer, regularization and ca-
pacity, with the details and limits of that match in
Appendix B.

Comparing value geometry. We compare value
vectors by cosine distance after subtracting each
feature’s mean value vector in both models. Soft-
max probabilities are invariant to adding the same
vector to every value of a feature. Scores also
identify the vectors only up to an invertible map,
¢; — Al; and v — A~ Tw, which can change
cosines (Roeder et al., 2021; Nielsen et al., 2026).
The L2 penalty favors balanced solutions, which
are unique up to rotations that preserve cosine (Sre-
bro et al., 2005). Because early stopping need not
reach that optimum, Appendix H repeats the mea-
surements with whitened vectors and score profiles,



both invariant to the relevant reparameterization.

4 Predicting held-out branches

We first evaluate held-out-branch feature predic-
tion using the design of Bjerva et al. (2019a). A
genealogical branch is held out, the model trains
on every observed cell outside it, a fraction p of
the held-out branch’s cells is added as in-branch
supervision, and the remaining cells are predicted.
Each run is scored by micro-F1 over held-out cells,
equivalent to accuracy for these single-label cells;
we report the mean over branches and five repeats.
Branch-level holdout prevents the model from re-
lying on a close relative of the target language and
is standard in typological completion (Bjerva et al.,
2019a; Buis and Hulden, 2019; Bjerva, 2024).

Branches are defined separately for each
database. We use the WALS genus column di-
rectly. Grambank has no equivalent, so we use a
Glottolog clade two levels below the family root,
chosen to approximate WALS-genus granularity
but not intended as an exact equivalent.

We do not replicate the accuracy reported by
Bjerva et al. (2019a). Their frequency baseline
is far lower than the one public WALS sources
yield (0.294 in their Table 1 against 0.524 here),
and on the same measure their reported figure at
p = 0.20 is close to 0.88 against 0.580 for our
matched binary model, a gap of roughly 0.30 that
we could not close and cannot account for from the
published description. Everything below therefore
compares CAT with BIN under identical data, splits
and scoring, and not with a published number.

Figure 2 plots both models against the frequency
baseline across supervision levels. On WALS,
both fall well below that baseline when in-branch
evidence is scarce, and BIN is ahead of CAT at
p < 0.05; the ordering reverses at p = 0.10 and
widens at p = 0.20, where CAT reaches 0.622
against 0.580. Over the 81 held-out branches, the
p = 0.20 difference lies between +0.034 and
40.051 (CAT ahead on 70), while the difference
at p = 0.05 lies between —0.023 and —0.008 (Ap-
pendix H). The early BIN advantage follows partly
from the number of training targets: one observed
cell of a K-valued feature supplies K binary targets
to BIN but one categorical target to CAT. On Gram-
bank, both models remain near the high frequency
baseline (0.723); at p = 0.20, CAT exceeds BIN by
0.017 (+0.014 to +0.021 over 52 branches). Most
Grambank parameters are binary, so only the multi-

valued parameters differ substantively between the
two objectives. CAT’s mean is higher at every su-
pervision level, and from p = 0.05 onward the
branch-resampling intervals exclude zero.

The predictive margins are modest. Bjerva
(2024) argues that filling database gaps does not
by itself constitute a contribution to typological
knowledge because the predictions largely recover
existing correlations. The remaining analyses there-
fore focus on representation structure.

5 Within-feature structure

To evaluate within-feature geometry, we annotated
61 WALS features, assigning each to one of four
structural types and using a diagnostic matched to
that type.

An ordinal scale orders its values, as 22A does
for inflectional synthesis, from two categories per
word up to nine. Here we correlate the distance
between two values with the gap in their annotated
rank, and score the result against a null that per-
mutes the value labels within the feature.

A presence-to-subtype feature offers an absent
value and several ways of being present. Feature
9A distinguishes no velar nasal, a velar nasal barred
from initial position, and one that occurs initially.
The diagnostic is triplet accuracy: for each triple
consisting of the absent value and two subtypes, the
two subtypes should be closer to each other than
either is to absence. Numeral classifiers (55A) is
a clear case, where optional and obligatory classi-
fiers both presuppose a classifier system and should
group against no classifiers.

The final two types are grid-like but encode dif-
ferent factor structures. A Boolean lattice crosses
presence against presence: 4A records whether a
voicing contrast exists among plosives and whether
one exists among fricatives, and a value is a con-
junction of two independent yes/no facts. A cross-
product crosses one set of competing strategies
against another: 34A crosses which nouns take
plural marking, human or all, against whether the
marking is optional or obligatory, and a language
selects one level from each set. For a lattice we ask
whether each component is carried by a direction:
every pair of values differing in that component
alone should be displaced the same way, so we
measure how well those difference vectors align.
For a cross-product we ask whether each axis is
recoverable as a grouping, classifying each value
by nearest centroid among the groups on that axis,
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Figure 2: Held-out-branch performance against in-branch supervision p (branch-averaged micro-F1), with the
frequency baseline for each database. Shading marks where the two models differ; BIN leads on WALS while
supervision is thin, and CAT leads from p=0.10. On Grambank the frequency baseline is high and both models stay

close to it.

with the value held out of its own centroid.

Table 1 reports all four diagnostics. CAT has the
higher mean for every type, with the largest differ-
ence on presence-to-subtype (+0.189 in triplet ac-
curacy). The effect occurs across multiple features:
CAT wins 12 of 20 ordinal features and ties 4, wins
8 of 15 presence features and ties 6, and wins 6 of
7 lattices. At the feature level, CAT wins 32, ties 12
and loses 8 of the 52 (sign test p ~ 2 x 10™%); by
type, only presence-to-subtype reaches p < .05 on
its own (Appendix H). Figure 3 shows 22A, where
BIN places the ends of the ordinal scale closer to-
gether than the middle, and 37A, where it weakens
the separation between absence and presence.

Lattices are the weakest case for both models;
the difference there reaches only p = 0.06, so
evidence for a model difference is weaker.

6 Cross-feature organization

We next test whether cross-feature neighbours
share linguistic domains. Taking each of the 640
WALS values and asking what share of its nearest
neighbours from other features fall in the same
WALS area, CAT reaches 0.450 at the nearest
neighbour against a chance rate of 0.162, while
BIN reaches 0.195, which is close to chance; Fig-
ure 5 breaks the same measurement down by area,
and Table 3 gives the rates at larger k. The rates are
computed within each seed and then averaged, and
no single BIN seed reaches 0.23, so the mean is not
an unstable structure averaged into noise. The com-
parison also survives the reparameterization con-
cern of §3: on whitened vectors CAT reaches 0.550
against 0.351, and on score profiles across lan-
guages (0.401 against 0.212 (Appendix H). Whiten-

Structure n CAT BIN  W/T/L
Ordinal scale 20 252 157  12/4/4
Presence to subtype 15 .693 .504  8/6/1
Cross-product 10 .695 598 67272
Boolean lattice 7 .084 .004 6/0/1

Table 1: Within-feature recovery by structure, five-seed
means, with wins, ties and losses counted per feature.
A tie is a feature on which the two five-seed means are
equal; most are three-valued features that both models
score identically on every seed. Each row uses the diag-
nostic described in the text, so rows are not comparable
with each other. Ordinal and lattice rows are margins
over a within-feature label-permutation null; presence
and cross-product rows are accuracies. All four differ-
ences favour CAT at p < 0.01 on a paired ¢-test across
the five seeds, except the lattice row at p = 0.06; that
test measures optimization variance, and the text gives
tests over features. Cross-product features number 18
before filtering and 10 after.

ing helps BIN most, because its raw vectors share
one dominant direction, the narrow band of Fig-
ure 4, which hides some of the domain structure it
does carry.

Figure 7 lists the nearest cross-feature neigh-
bours for four values from different areas. Un-
der CAT, strongly suffixing morphology (26A) is
nearest to tense-aspect suffixes (69A), case suf-
fixes (51A) and plural suffixes (33A), grouping
affix-position properties across verbal and nominal
morphology; under BIN, its neighbours include
long vowels and locational marking. Ergative-
absolutive alignment in full noun phrases (98A) is
adjacent to the same alignment in pronouns (99A)
and to oblique-patient constructions (108A). Ob-
Jject before verb (83A) has the combined OV-and-
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Figure 3: Distances among the values of three features: 22A (ordinal), 37A (presence to subtype) and 71A (cross-
product). Left, the annotated structure; middle, CAT averaged over five seeds; right, BIN. Dark cells are pairs the
model places close together. BIN inverts the 22A scale and blurs the 37A boundary between absence and presence.

postposition value of 95A, SOV and postpositions
among its nearest neighbours. A complex tone sys-
tem (13A) is nearest to exclusively isolating mor-
phology and zero case-marking, plausibly reflect-
ing the areal profile of mainland Southeast Asia
without implying a direct dependency between
those features.

Feature centroids show similar domain organi-
zation. After collapsing each feature to the mean
direction of its values, object—verb order is adja-
cent to genitive—noun, adposition and adjective—
noun order, and the two clause-order features, 81A
and 82A, are adjacent. Such neighbourhoods mat-
ter for transfer-language selection, imputation and
typology-conditioned models: a representation that
placed adposition order among phonological fea-

tures would provide poorly matched sources for
these uses.

Some established typological patterns are recov-
ered under both objectives. Within the word-order
values, both models separate head-final from head-
initial almost perfectly, with 0.96 of the five nearest
neighbours on the same pole in each case, consis-
tent with strong Greenbergian correlations in the
co-occurrence data (Greenberg, 1963; Dryer, 1992).
Seed-to-seed stability differs more: across the ten
seed pairs, Jaccard overlap among a value’s ten
nearest neighbours is 0.706 under CAT and 0.204
under BIN on WALS; Figure 4 gives a qualitative
projection. Language vectors also recover Glot-
tolog family membership above chance under both
objectives and about twice as strongly under CAT.
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Because typological and genealogical similarity co-
vary, we use this only as a representation-quality
diagnostic (Appendix D).

7 External validation

7.1 Implicational universals

An implicational universal is a cross-linguistic con-
ditional: object before verb tends to go with post-
positions. We convert 191 entries from the Kon-
stanz Universals Archive into implication formulas
over Grambank values, following the operational-
izations of Verkerk et al. (2026). Of these, 172 can
be evaluated in our space; the remainder either con-
tain aggregates our scoring does not handle, carry
no implication arrow, or refer to values that our
attestation threshold removed from the Grambank
matrix, and we call this last restriction the coverage
filter.

Proposed universals can reflect genealogical or
areal confounds: a statement may hold in a sample
because a few large families share the trait or be-
cause neighbouring languages borrowed it. Verkerk
et al. (2026) test each candidate with a spatiophylo-
genetic regression and a co-evolutionary analysis.
Sixty formulas pass both tests, 29 pass the spatio-
phylogenetic test alone, and 102 pass neither; after
our coverage filter the groups contain 55, 27 and
90 formulas. If the representation encodes the de-
pendencies supported by these external analyses,
fully supported formulas should score above un-
supported formulas, with the intermediate group
between them.

CAT exhibits this ordering. Formulas pass-
ing both tests reach a structured implication co-
sine of +0.684, with 52 of 55 above the null;
those passing one reach 40.262; those passing
neither reach +0.185 (Mann—Whitney test of well-
supported against unsupported, p < 0.0001). BIN
separates the classes far less, scoring unsupported
formulas at +0.552 against supported at +0.766.
Its raw cosines sit on a higher baseline, since ran-
dom cross-feature pairs average 4+0.328 under BIN
and 0.000 under CAT, so the two models are best
compared on a scale-free measure. BIN can eval-
uate only 146 of the 172 formulas, because a two-
valued feature gives it a single column and no vec-
tor for the absent value; on those 146, the proba-
bility that a fully supported formula outscores an
unsupported one is 0.81 for CAT and 0.64 for BIN,
a difference of +0.17 (40.08 to +0.27 under a
bootstrap over formulas). Agreement is strongest

for the narrow word-order and hierarchy universals
that Verkerk et al. (2026) find best supported, and
near zero for the group they label other, which col-
lects formulas from several unrelated domains and
has no shared subject matter for the geometry to
reflect (Table 4); Figure 9 shows the separation for
both models.

7.2 Languages with two dominant orders

WALS asks a second clause-order question that
standard binary expansion does not connect to 81A.
Feature 81B names the two dominant orders of
languages that have two, and its 66 languages are
almost all recorded in 81A as having no dominant
order; the exception is Suri, recorded as SVO in
81A with an SOV alternative in 8§1B. Binary expan-
sion retains 81B as separate columns but encodes
no constraint linking an 81B pair to no dominant
order in 81A.

We ask whether the predicted distribution over
81A values concentrates on the pair that 81B names.
For each language with an 81B value, we measure
the share of predicted order-mass falling on the two
orders it names. CAT places 0.613 & 0.002 there
against a chance share of 0.400, and BIN places
0.496 + 0.004 (paired p=1.3 x 107%). Three 81B
values pass the attestation threshold and were in
training, but retraining both models without 81B
leaves the result unchanged (CAT 0.612 £ 0.002,
BIN 0.500 % 0.006). The pair can be inferred from
elsewhere in the table: for 40 of the 65 languages
with 82A (subject and verb) and 83A (object and
verb) recorded, those two values single out the
same pair, yet withholding them as well lowers
CAT only to 0.600 (BIN 0.493). The categorical
distribution over 81A therefore agrees more closely
with the pair implied by related features and dis-
tinguishes the specific alternatives associated with
each language.

We also expected two-order languages to fall be-
tween fixed and fully free languages in predicted
entropy, but their entropy is 1.52, above the 1.38
for languages with no 81B value. This comparison
does not test the intended scale. A language may
lack an 81B value because its freedom extends be-
yond two orders or because no second order was
established; the latter is common. Languages with-
out an 81B value have 46 observed WALS features
on average, compared with 64 for languages with
an 81B value, so they cannot be interpreted as a
uniformly free comparison group.

355



seed 42 seed 43

categorical

@ head-initial value

Figure 4:

seed 44

@ head-final value

UMAP projections of the two WALS value spaces (cosine metric,
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other values
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min_dist=0.30), one column per training seed, with five head-directionality values marked. Head-final values
fall together under both objectives, and the separation between the head-directionality poles is if anything wider
for the binary model (2.59 % 0.34 against 2.02 4= 0.14). The principal difference concerns the remaining values:
categorical values occupy the interior of the space, whereas binary values concentrate on a narrow band. UMAP is a
visualization and no measurement in the paper depends on it.

7.3 Word-order variability in corpora

We next compare model predictions with token-
level word-order frequencies from Universal De-
pendencies treebanks (Nivre et al., 2020). We com-
pute, for each relation, how often the head precedes
its dependent and the entropy of that choice. Our
measurements cover 95 languages: those with a
UD treebank that survive filtering in the WALS
matrix and carry the relevant value. We computed
head-direction profiles for 54 of them directly from
the treebank repositories, extending an earlier set
of 41.

For each model, we obtain a predicted distri-
bution over the relevant WALS values and test
whether probability assigned to the head-initial
value tracks the corpus proportion and whether pre-
dicted entropy tracks corpus entropy. We apply the
same tests to URIEL, a maintained binary resource
in wide use (Khan et al., 2025).

Both models track direction, with mean |r| =
0.885 for CAT and 0.744 for BIN; variability cor-
relations are » = 0.365 and 0.100, respectively
(Table 2; paired p = 8.6 x 1075 and 5.1 x 107?).
On adjective—noun order, BIN is anti-correlated
with corpus variability. URIEL’s normalized or-
der columns reach 0.894 on direction and 0.341 on
variability. One possible source of the latter signal
is database disagreement: URIEL+ merges sources
using their maximum or average (Khan et al., 2025),
so conflicting source labels distribute mass across

multiple order columns. For CAT, softmax outputs
are normalized probability distributions and their
entropy directly measures predicted uncertainty;
renormalized independent sigmoid columns do not
have the same probabilistic interpretation.

Restricting the test to the 84 languages WALS
records with a single dominant order removes vari-
ation in the database label as a possible source
of the signal. On this subset, CAT reaches r =
0.682 £ 0.015 and BIN 0.191 + 0.094 (Figure 10).
The 95 languages come from 28 Glottolog fam-
ilies; after resampling families, the interval for
the CAT—BIN difference excludes zero on the
single-order subset (40.31 to +0.71) and on the
full-sample variability and direction measures (Ap-
pendix H).

Although geography is absent from training, pre-
dicted variability is spatially structured. Neigh-
bouring languages differ about a quarter less than
randomly paired ones (999-shuffle permutation test,
p < 0.001), same-family pairs less again, and
among languages WALS records as fixed the Aus-
tralian mean is roughly twice the global one (p <
10~'4). This pattern is consistent with descriptive
and theoretical work on flexible constituent order
in Australian languages (Dixon, 1980; Hale, 1983)
(Appendix G).

8 Discussion

Across the representation analyses, CAT recovers
more of the structure implicit in WALS feature
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UuD Variability r
Feat rel. CAT BIN
81A obj 428 165
83A obj 601 .349
85A adp .360 .059
86A  gen 169 .062
87A adj 269 —.137
Mean 365 .100

Direction |r|, mean .885 744

Table 2: Correlation with corpus word order over the 95
treebank languages, five-seed means. Variability com-
pares the entropy of a model’s predicted distribution
with the corpus entropy of the corresponding relation;
Direction compares the probability placed on the head-
initial value with the corpus proportion. URIEL is re-
ported separately in the text because its columns are not
in one-to-one correspondence with the WALS features
(Appendix F).

definitions. Within features, ordinal scales appear
as ordered distances, presence separates from sub-
types, and lattice components are partly recover-
able. Across features, same-domain nearest neigh-
bours occur at more than twice the BIN rate and are
more stable across seeds. External tests show the
same direction of difference: CAT orders implica-
tional universals by independent support, recovers
the two alternatives associated with WALS 81B,
and correlates more strongly with corpus word-
order variability among languages that share the
same WALS label. These differences are much
smaller in held-out-cell prediction, where the ob-
jectives remain close and both approach the high
Grambank frequency baseline.

For NLP applications, the relevant comparison
depends on how typological embeddings are used.
Transfer, imputation and conditioning use neigh-
bourhood relationships, whereas database comple-
tion evaluates individual cells (Ponti et al., 2019;
Ji et al., 2023). Preserving WALS feature struc-
ture requires no additional annotations; it changes
the training objective. In held-out-branch predic-
tion, CAT surpasses BIN only after the branch
contributes sufficient supervision, while BIN per-
forms better when in-branch evidence is extremely
sparse. Prediction accuracy and representation ge-
ometry should therefore be evaluated separately.
The present model is a 64-dimensional embedding
over two databases. Future work could incorporate
additional databases and the descriptive material
underlying feature values. Another extension is to
assign provisional coordinates to newly proposed

values from partial evidence without introducing a
separate predeclared binary column for each value.
For linguistic typology, the embedding provides
quantitative relations among comparative concepts.
Semantic maps already encode such relations us-
ing graph connectivity (Haspelmath, 2003; Geor-
gakopoulos and Polis, 2018); the learned space
extends this idea to the retained database values
using cross-linguistic co-occurrence. The corpus
analysis further shows that co-occurrence among
discrete labels retains information about gradient
word-order variability (Levshina, 2019; Levshina
et al., 2023; Baylor et al., 2024). The universals
analysis should not, however, be interpreted as dis-
covering new universals from database correlations.
Establishing a universal requires language-level de-
scriptive evidence and controls for ancestry and
contact (Newmeyer, 2005; Ploeger et al., 2024).

Limitations

The main result concerns representation. A categor-
ically trained value space recovers more structure
from the database annotations than the matched
binary encoding, but this does not establish that
grammatical categories themselves are continuous.

BIN is matched to CAT in architecture, data, op-
timization and capacity; it was not tuned indepen-
dently for maximum binary-system performance.
Public WALS data also yields a much easier fre-
quency baseline than the setting reported by Bjerva
et al. (2019a), so BIN is not a numerical replica-
tion of that published score. A separately tuned
binary system, for example one with per-value bias
terms, could reduce part of the observed gap (Ap-
pendix B). URIEL+ cannot serve as an indepen-
dent predictive baseline because it is built from
WALS and Grambank, so we use it only for the
corpus comparison in §7.3.

The substructure annotation is single-author and
checked against WALS chapter prose, with less
certain cells marked provisional. It has not been
independently re-annotated; a blind re-annotation
protocol and Cohen’s x script were prepared for
that purpose. At the feature level, only the presence-
to-subtype advantage is significant on its own, the
ordinal result is borderline, and cross-products and
lattices contain too few retained features for a clear
type-specific result. Features with only two re-
tained values provide no within-feature direction
to recover.

The corpus analyses cover word order alone,
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where usage-based measures are well established;
extending the test to other grammatical domains
would require domain-specific continuous mea-
sures. The 95 languages are those whose treebanks
resolve to a Glottocode in the WALS matrix and
yield a usable profile; 18 treebank languages re-
main unresolved, and a hand-checked alias table
could add some of them. Some treebanks are trans-
lations. Kann (2025) finds that translated parlia-
mentary text follows the source in subject—verb
order proportions but shifts toward the target lan-
guage’s dominant order, which could understate
variability for languages measured mainly from
translated material. The universals probe also in-
herits the coverage and operationalization decisions
of Verkerk et al. (2026); similarity between value
vectors does not directly test whether two strategies
can co-occur.

Ethical Considerations

This work uses published typological databases
(WALS, Grambank, URIEL+), the Konstanz Uni-
versals Archive and Universal Dependencies tree-
banks under their licenses; the models are trained
on database tables alone, and no text enters them.
Typological databases encode expert judgments
that can be incomplete or contested, especially for
under-documented languages. Our methods rep-
resent and rank existing annotations; they do not
establish the descriptive validity of those annota-
tions. Model-derived structure should therefore be
checked against descriptive sources before use.
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A Training details

Embedding dimension d=64, batch size 64, Adam
(61=0.9, B2=0.999) at learning rate 1073, early
stopping on a 5% validation split with patience 10,
a 200-epoch cap, and seeds 42-46. Adam’s built-in
weight decay would shrink every row at every step,
including the many rows absent from a batch, and
its adaptive step turns that into a constant-rate pull
toward zero. We therefore set it to zero and add an
explicit L2 penalty, with coefficient 0.1 as in Bjerva
et al. (2019a), on the language and value vectors
that appear in each batch. Both tables start from
N(0,0.012), and neither model has bias terms.
Filtering retains languages with at least ten ob-
served values and values attested in at least ten lan-
guages. The retained matrices hold 1,683 WALS
languages (1,641 of them with a Glottocode, the
set used wherever a Glottocode is needed) over 640
values and 2,360 Grambank languages over 392
values. Parameter counts are 147k for BIN against
149k for CAT on WALS, and 164k against 176k on
Grambank, so CAT carries 1% and 7% more.

Branches for the held-out-branch experiments,
those with at least five languages, come from the
WALS genus column for WALS, and for Gram-
bank from a Glottolog clade taken two levels below
the family root, since Grambank has no genus col-
umn. The frequency baseline in Figure 2 predicts
each feature’s most frequent value under the same
splits, giving 0.524 on WALS and 0.723 on Gram-
bank at p=0.20. For reference, the global majority-
class rate over the retained matrices is 0.543 across
169 WALS features and 66,472 observed cells, and
0.741 across 192 Grambank features and 342,621
observed cells.

B The binary baseline

Public WALS sources yield a much higher fre-
quency baseline than the setting reported by Bjerva
et al. (2019a), and we could not reconstruct from
the published description the evaluation protocol
that produced the reported score. We therefore do
not present BIN as a numerical replication. It is
an architecturally matched control: the same em-
beddings, the same scoring function, the same data,
optimizer and L2 penalty, differing only in Eq. 1
against Eq. 2. Because a two-valued feature needs
only one binary column, BIN has 609 value vec-
tors on WALS where CAT has 640. Its seed-42 run
on WALS stops at epoch 17 and keeps its epoch-7
weights, where training and validation loss are both
0.440, so it is neither underfitting nor overfitting
at the retained point. Across seeds BIN’s retained
epochs are 6, 7, 14, 14 and 29 against 56 to 83
for CAT; the binary objective reaches its validation
optimum sooner, and its geometry is fixed earlier
in training. It carries slightly fewer parameters than
CAT. We did not test a binary system tuned specifi-
cally for peak predictive performance; such tuning
could reduce part of the observed gap.

C Substructure annotation

Coverage. Sixty-one WALS features carry a
schema, distributed as ordinal 20, presence-to-
subtype 15, cross-product 18 and Boolean lattice
8. Table 1 reports the 52 that retain at least three
values after filtering, three values being the mini-
mum for a distance profile. The annotation files list
each feature, its structural type, its values, and the
coding of its ranks, components or dimensions.

What the annotation records. An ordinal fea-
ture receives an integer rank per value, taken from
the ordering the chapter itself uses; 22A counts

360


https://doi.org/10.1126/sciadv.adg6175
https://doi.org/10.1126/sciadv.adg6175
https://doi.org/10.1126/sciadv.adg6175
https://papers.nips.cc/paper/2655-maximum-margin-matrix-factorization
https://papers.nips.cc/paper/2655-maximum-margin-matrix-factorization
https://doi.org/10.1515/lity.1998.2.1.79
https://doi.org/10.1038/s41562-025-02325-z
https://doi.org/10.1038/s41562-025-02325-z
https://arxiv.org/abs/2609.03775
https://arxiv.org/abs/2609.03775
https://arxiv.org/abs/2609.03775
https://aclanthology.org/E17-2102/
https://aclanthology.org/E17-2102/

inflectional categories per word, so its four values
are ranked 1 to 4. A presence-to-subtype feature re-
ceives a presence bit per value and, where present,
a subtype label; 37A distinguishes no article at
all and an indefinite article only on the absent side,
against a definite affix, a definite word distinct from
the demonstrative, and a demonstrative used as an
article on the present side. A cross-product receives
a coordinate per dimension; 34A assigns a domain
(human nouns, all nouns) and an obligatoriness
level (optional, obligatory, mixed), so only human
nouns, optional is the pair (human, optional). A
Boolean lattice receives a vector of component bits;
4A assigns voicing in plosives and voicing in frica-
tives, so in both is [1, 1], in plosives alone is [1, 0]
and no voicing contrast is [0, 0].

Reference distances and diagnostics. Scales
use the absolute difference in rank. Presence-to-
subtype features use a three-level distance, zero
within a subtype, one half between subtypes on
the same side of the presence boundary, and one
across it, and the reported diagnostic is the mean
across-boundary distance minus the mean same-
side distance. Cross-products and lattices use the
alignment of difference vectors described in §5: for
each dimension or component we take every pair of
values differing along it while agreeing on all oth-
ers, normalize the difference between their vectors,
and average the pairwise cosine among those dif-
ferences, reversing the sign for pairs that traverse
the same transition in opposite directions. Nulls
permute value labels onto vectors within a feature,
200 times per feature, and the reported score is the
observed value minus the mean of the null.

Provenance. Annotation is single-author and
checked against the WALS chapter text, with
medium-confidence cells marked provisional. A
blind re-annotation packet lists every feature with
its values but not its type, together with a strati-
fied sample for a second annotator and a Cohen’s
K script.

D Neighbourhoods, stability and
language vectors

Same-domain neighbour rates over all 640 WALS
values (609 for BIN) are 0.450, 0.342 and 0.294
at k = 1,5, 10 for CAT, against 0.195, 0.187 and
0.183 for BIN, with a chance rate of 0.162 set by
the distribution of area sizes. Restricted to the
word-order values, the share of neighbours that are
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Property Data CAT  BIN
Same-domain neighbour WALS 450 195
k=1, chance .162 +.011 =+.017
Same-domain neighbour WALS 342 187
k=5 +.006 =+.007
Seed stability WALS 706 204
Jaccard@10 +.133 £.144
Seed stability Grambank .672 430
+.138 £.190
Family kNN WALS 277 125
lang. vectors, chance .044 +.004 £.005
Family kNN Grambank 448  .230
chance .085 +.003 +£.031

Table 3: Properties of the learned space, five-seed means.
Same-domain neighbour: the share of a value’s k nearest
neighbours from other features that share its WALS area,
computed over all 640 values (609 for BIN, which has
one column per two-valued feature). Family kNN clears
a 500-permutation baseline at p<0.002.

themselves word-order values runs 0.78, 0.66 and
0.47 at k = 1,5, 10 for CAT against 0.42, 0.26 and
0.21 for BIN (Figure 6).

Seed stability measured by Procrustes-aligning
whole value clouds between seed pairs, where
lower disparity means more reproducible (Fig-
ure 8a), is 0.043 £+ 0.001 on WALS and 0.072 +
0.003 on Grambank for CAT, against 0.126+0.005
and 0.222 4 0.029 for BIN.

Language and value vectors are coupled only
through the score KZTU. Principal angles between
the top-ten subspaces of the two clouds average
16.9° for CAT, where two random ten-dimensional
subspaces average about 70°, and a linear boundary
separates the clouds at 88%. Ranking languages by
cosine to a value vector retrieves genuine carriers
of that value at precision@ 10 of 0.364 for CAT,
against a base rate of 0.063 (5.8x), and at 0.066
for BIN, 1.06 times its base rate.

E Universals probe

Source and coverage. Verkerk et al. (2026) oper-
ationalize 191 proposed Universals Archive state-
ments as formulas over Grambank parameters and
test each one. We take their formulas and support
labels as given. After excluding formulas contain-
ing sum aggregates, formulas with no implication
arrow, and formulas referring to values absent from
our retained Grambank space, 172 remain testable.

The three grades of support. Two independent
tests are reported per formula. A spatiophyloge-
netic regression asks whether the implication sur-
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five-seed means with one-standard-deviation bands.

vives control for shared ancestry and geographic
proximity, which addresses the two standard con-
founds: a trait pair may co-occur because the lan-
guages showing it descend from one ancestor, or be-
cause they are neighbours. A co-evolutionary anal-
ysis asks the complementary question of whether
the two traits change together along the phylogeny,
which speaks to whether one state tends to bring
the other about. Of the 191 formulas, 60 pass both,
29 pass the spatiophylogenetic test alone, and 102
pass neither; after our coverage filter the groups
hold 55, 27 and 90. We call these fully supported,
partially supported and unsupported. These support
labels are defined independently of our representa-
tions from phylogenetic and spatial analyses of the
Grambank data.

Scoring a formula. For a formula A — C we
resolve antecedent and consequent into Grambank
feature-value tokens and compare their directions
in the value space. A simple formula, with one
value on each side, reduces to a single cosine be-
tween the antecedent direction and the consequent
direction. Compound formulas keep their logical
structure. A conjunctive antecedent, requiring sev-
eral values at once, is represented by the centroid
of its tokens; a purely disjunctive antecedent, satis-
fied by any of several values, takes the minimum
over its triggers, so the least-supported disjunct
determines the antecedent score. On the conse-
quent side a disjunction takes a maximum, since
satisfying any disjunct satisfies the implication, a
conjunction takes a minimum, since all conjuncts
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must hold, and a mixed consequent falls back to
a centroid. The result is M1, the structured impli-
cation cosine reported in §7.1. We compare M1
with a null distribution built from 30,000 random
cross-feature token pairs.

Limitations of the probe. Two classes of for-
mula fall outside its scope. Co-existence state-
ments ask whether two strategies can appear in
one language, which is not the question of whether
their value profiles are distributionally similar. An-
tecedents defined by absence pool heterogeneous
language types, so a token such as no prefixal ob-
Jject indexing does not correspond to a coherent
direction. We exclude both classes because co-
sine similarity does not encode co-existence di-
rectly and absence-valued antecedents pool hetero-
geneous language types.

Domain # Ml margin
Narrow word order 65 40.50 +1.03
Hierarchy 25 40.61 +1.29
Broad word order 64 +40.21 +0.50
Other 18 +40.03 +0.10

Table 4: CAT by universal domain, five-seed means.
Above-null rates are 56/65, 23/25, 41/64 and 10/18.

F Corpus variability details

Corpus profiles give, for each dependency relation,
the share of tokens whose dependent precedes its
head and the binary entropy of that share in bits.
We use six core relations (obj, nsubj, case, obl,
nmod, amod) and require at least twenty observa-
tions of a relation before scoring it. Profiles for
54 languages were computed for this paper from
the treebank repositories in the same format as the
pre-existing 41; where a language has several tree-
banks, all of them are pooled. Averaged over the
five word-order features, CAT exceeds BIN on di-
rection at p = 8.6 x 1076 and on variability at
p = 5.1 x 1075 under a paired test across seeds;
Appendix H gives intervals over families. URIEL+
coverage varies by feature and its scores are com-
puted on whatever subset it covers. Figure 10 plots
predicted uncertainty against measured variability
for the 95 languages and for the 84 with a single
dominant order.

G Geography of predicted variability

Predicted P(no dominant order) varies systemati-
cally across geographic regions among the 1,641
WALS languages with a Glottocode. Nearest-
neighbour pairs differ by 0.089 against a permu-
tation null of 0.120 (999 shuffles, p < 0.001,
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Figure 9: Formulas surviving the phylogenetic and spa-
tial controls against those surviving neither, in each
model’s raw cosine. The ratios are not comparable
across models, because random cross-feature pairs av-
erage +0.33 under BIN and 0.00 under CAT; on a com-
mon scale the separation is an area under the curve of
0.81 for CAT against 0.64 for BIN (§7.1).

n = 900), and within-family pairs differ by 0.069
against 0.120 across families. Macroarea means
are Australia 0.325, North America 0.223, South
America 0.157, Papunesia 0.095, Africa 0.089 and
Eurasia 0.082. Restricted to languages WALS
records with a single dominant order, Australia
averages 0.159 against 0.079 elsewhere (Mann—
Whitney p = 9.2 x 10~1%).

The pattern is not a held-out prediction, since
81A is observed during training for most of these
languages and both models reconstruct the discrete
distinction essentially perfectly, with areas under
the curve of 1.000 and 0.996. These geographic

differences concern graded predictions; the discrete
81A labels themselves do not encode their magni-
tude.

H Additional robustness checks
Reparameterization. Table 5 gives the cross-
feature same-domain rate per seed in three forms.
Centred is the measurement of Table 3. Whitened
multiplies the centred vectors by the inverse square
root of the value covariance, which gives the same
cosines, up to a rotation, under any invertible repa-
rameterization. Score profiles represent each value
by its scores over all languages, centred over lan-
guages, which depend on the scores alone. CAT
leads in every seed under all three. BIN’s raw vec-
tors share a dominant direction (mean cosine be-
tween values of different features 0.448, against
0.020 for CAT); whitening removes it and nearly
doubles BIN’s rate, so the dominant direction ac-
counts for part of BIN’s deficit in Table 3; the re-
maining vectors still contain some domain struc-
ture.

Prediction over branches. Resampling held-out
branches (10,000 draws), the CAT—BIN difference
on WALS is —0.006 at p=0 (95% interval —0.017
to +0.005), —0.015 at 0.05 (—0.023 to —0.008),
+0.013 at 0.10 (+0.006 to +0.021) and +0.042
at 0.20 (4+0.034 to +0.051), over 81 branches.
On Grambank it is +0.003 at p=0 (—0.009 to
+0.015), then +0.006, +0.011 and +0.017 at 0.05,
0.10 and 0.20, each interval above zero, over 52
branches.
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Figure 10: Predicted uncertainty against word-order
variability measured in treebanks (mean binary entropy
over the six relations with at least 20 observations), seed
42. Top row, the 95 languages, using the entropy of
the predicted clause-order distribution. Bottom row, the
84 languages WALS records with a single dominant
order, using the predicted probability of no dominant
order; here the database gives the same verdict for every
language, so the label supplies no gradience. Seed 42 is
BIN’s strongest on the bottom row: across the five seeds
its correlation there runs from 0.05 to 0.35, and CAT’s
from 0.69 to 0.74.

Two dominant orders. Retraining without 81B
gives 0.612 £ 0.002 for CAT and 0.500 4 0.006
for BIN, compared with 0.613 and 0.496 with 81B
included. For 40 of the 65 languages with both
82A and 83A recorded, those two values alone
determine the 81B pair among the retained orders.
Withholding 82A and 83A as well gives 0.600 =
0.003 for CAT and 0.493 4 0.007 for BIN. The
CAT—BIN difference is therefore 0.117 with 81B,
0.112 without 81B, and 0.107 when 82A and 83A
are also withheld.

Universals on a common scale. On the 146 for-
mulas both models can evaluate, fully supported
formulas outscore unsupported ones with proba-
bility 0.809 for CAT (0.726 to 0.883) and 0.636
for BIN (0.536 to 0.733); the difference is +0.17
(4+0.08 to +0.27; 5,000 draws over formulas).
Measured as the supported-minus-unsupported gap
divided by the standard deviation of each model’s
null, the separation is 0.78 for CAT and 0.29 for
BIN.

Corpus comparison over families. The 95 tree-
bank languages belong to 28 Glottolog families, so
we resample families (1,000 draws). A family-level
bootstrap matches Table 2 to within 0.02 on the

42 43 44 45

Centred

CAT 444 439 444 469 .453 450
BN 213 .161 .189 .218 .207 .198
Whitened

CAaT .553 .528 .555 .547 .566 .550
BIN 396 443 299 319 .297 .351
Score profiles

CAT 405 408 .395 403 .394 .401
BIN 174 .199 .253 243 .190 .212

46 mean

Table 5: Share of a value’s nearest neighbour from
another feature that falls in its WALS area, per seed.
Chance is .157 over CAT’s 640 values and .162 over
BIN’s 609. The centred rows reproduce Table 3 exactly
for CAT and within .003 for BIN.

means and 0.05 on single features. The CAT—BIN
difference is +0.14 on direction (+0.08 to +0.19),
+0.26 on variability (4-0.14 to +0.32) and +0.49
on the single-order subset (4-0.31 to +0.71).

Feature-level inference. Over the 52 features of
Table 1, CAT wins 32, ties 12 and loses 8 (two-sided
sign test p = 1.8 x 10~%); by type the sign-test
p is .077 for ordinal scales, .039 for presence-to-
subtype, .29 for cross-products and .125 for lat-
tices.
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