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Abstract

Typological distance predicts that Portuguese-
to-Nheengatu transfer should fail: the lan-
guages are genetically unrelated and typolog-
ically divergent (URIEL+ genetic 1.0, syn-
tactic 0.61). We argue that 400 years of
contact-induced structural convergence may
provide a computational bridge invisible to
these measures, so that transfer should suc-
ceed at the levels where contact has operated
most deeply. Across five experiments on a
parallel corpus of about 5,000 sentence pairs,
we find a progressive pattern: word-level and
lexical-semantic methods fail, while fine-tuned
XLM-RoBERTa reaches Precision@1 of 24.7%
and MRR of 0.371 on cross-lingual sentence
retrieval—more than double a BM25 character-
n-gram baseline and 1.7× that of zero-shot
LaBSE, the strongest off-the-shelf retriever we
test. Crucially, Portuguese beats Spanish—
typologically near-identical and no less repre-
sented in pretraining, but without comparable
contact history—on every metric and all five
seeds, and the two sources share substantial lex-
ical overlap, so lexical overlap alone is unlikely
to explain the gap. These results suggest that
contact history can distinguish transfer sources
that typological distance treats as equivalent.

1 Introduction

Nheengatu (ISO 639-3: yrl)1 is a Tupian language
and the only living descendant of Tupinambá, the
former lingua franca of colonial Brazil (Moore,
2014; g1 Ceará, 2025). According to the 2022
Brazilian census, it is spoken by 13,070 people in
Brazil, making it the country’s eighth most spoken
Indigenous language (IBGE, 2024). It is co-official

1Also written Yẽgatu, or Yẽgatú with stress marked (Fin-
bow and O’Neill, 2022), following the orthography the Rio
Negro communities unified with FOIRN/UFAM in 2016; the
language is also known as Língua Geral Amazônica. We use
the spelling that is standard in the computational literature
(Alencar, 2023).

with Portuguese in São Gabriel da Cachoeira (Ama-
zonas) and is also spoken in neighboring Colombia
(Moore, 2014; g1 Ceará, 2025). In the Upper Rio
Negro, where it serves as a supra-ethnic lingua
franca, it has been adopted by several Indigenous
groups, while community-led revitalization initia-
tives are expanding its use in Pará (Cintra, 2018;
Silva Meirelles, 2020). Despite its demographic
importance and ongoing revitalization, Nheengatu
remains severely under-resourced: existing com-
putational research relies on essentially the same
small set of textual resources as ours (Adelani et al.,
2024; de Alencar, 2024; Pinhanez et al., 2024).

Portuguese is the natural candidate for cross-
lingual transfer: every parallel resource in our cor-
pus pairs Nheengatu with it, and Adelani et al.
(2024) find that zero-shot POS transfer into Nheen-
gatu is stronger from Brazilian Portuguese than
from English (31.5 vs. 28.9 accuracy). Typolog-
ically, however, the pair is unfavorable. URIEL+
(Khan et al., 2025) places the two at maximal ge-
netic distance (1.0) and at syntactic distance 0.61,
against 0.38 for Spanish–Portuguese.2 Since trans-
fer is “substantially less effective . . . for distant lan-
guages” (Lauscher et al., 2020) and typological
distance generally guides transfer-source selection
(Lin et al., 2019; Rice et al., 2025; Ng et al., 2026),
transfer for this language pair should be weak.

What these measures miss is 400 years of intense
language contact. Portuguese conjunctions have
grammaticalized in Nheengatu (adversative ma, ex-
planatory porke), each more fixed than in the source
(Cândido et al., 2021), and Finbow and O’Neill
(2022) document pronominal restructuring toward
Portuguese, borrowed preverbal modals (pudéri <

2Computed with the urielplus package (database integra-
tion plus imputation). We report URIEL+ rather than URIEL
(Littell et al., 2017), which has no observed syntactic features
for Nheengatu and returns the same distance for every lan-
guage with an empty syntax vector. Sparsity is systemic: 87%
of URIEL+’s typological matrix is imputed (Ng et al., 2025).
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poder ‘can’), and a rapidly expanding GO-future
under pressure from Brazilian Portuguese ir + in-
finitive. Alves (2026) finds the same auxiliary con-
structions in annotated corpus data. In our corpus,
hundreds of loanword types—roughly 6% of the
vocabulary—include legal borrowings such as es-
tado → istadu ‘state’ (Cruz, 2011; Avila, 2021).
These convergences motivate our central claim:

Contact-induced structural convergence
acts as a de facto typological bridge
that may enable cross-lingual transfer—
but not uniformly. For Portuguese and
Nheengatu, transfer should be strongest
at the linguistic levels where such con-
vergence has been independently doc-
umented. Computationally, this pre-
dicts a progressive pattern: methods
operating at shallower levels should
fail, whereas methods exploiting supra-
lexical representations—those spanning
more than the word—should succeed.

We make three contributions: (i) a contact-
informed hierarchy linking independently docu-
mented levels of contact to the computational levels
that probe them; (ii) the first evaluation of cross-
lingual sentence representations for Nheengatu;
and (iii) evidence from a controlled Portuguese–
Spanish comparison for a contact-related signal
beyond typological similarity. Five experiments
follow: four probing successive contact levels, one
a source-language control.

2 Related Work

Cross-lingual transfer. Multilingual transform-
ers such as mBERT (Pires et al., 2019) and XLM-
RoBERTa (Conneau et al., 2020) enable cross-
lingual transfer in low-resource settings (Lauscher
et al., 2020). Transfer is strongest when the low-
resource target has a structurally similar high-
resource partner: Senel et al. (2024) show that us-
ing a high-resource cousin language substantially
boosts NLU across five low-resource Turkic lan-
guages. For Indigenous languages of the Amer-
icas, Ebrahimi et al. (2022) show that zero-shot
transfer is weak but fine-tuning on small amounts
of target text substantially improves results. Ade-
lani et al. (2024) demonstrate that Brazilian Por-
tuguese outperforms English as a transfer source
for low-resource Brazilian languages, motivating
Portuguese as a plausible candidate. When direct

parallel data is scarce, synthetic training data pro-
duced by machine translation (“translate-train”) is
a standard control (Conneau et al., 2018b), though
it can introduce translationese artifacts (Artetxe
et al., 2020).

Contact linguistics and transfer. Contact lin-
guistics provides the theoretical basis for our hy-
pothesis. Thomason and Kaufman (1988, 35) hold
that contact outcomes are primarily determined
by the sociolinguistic history of speakers rather
than by the structure of their languages—so contact
can reshape grammar in ways typological distance
metrics cannot anticipate. Law (2013) documents
contact-induced borrowing of bound morphemes
in Lowland Mayan, producing structural conver-
gence unlikely between unrelated languages. For
Portuguese–Nheengatu specifically, such conver-
gence at the clause-combining and constructional
levels is well documented (Cândido et al., 2021;
Finbow and O’Neill, 2022). Alves (2026) mea-
sures that convergence: by word order entropy
over 24 syntactic features, Nheengatu patterns with
Portuguese rather than Tupinambá in subject, ob-
ject, and root position; in auxiliaries and copu-
las, which Tupinambá lacks; and in subordinator
placement. He quantifies where it is detectable;
we test whether it aids transfer. More broadly,
cross-lingual transfer has been shown to succeed
where source and target languages share deep struc-
tural, phonological, and morphological properties
(Bankula and Bankula, 2025; Haddad-Najjar and
Abu-Rabia, 2024; Barking et al., 2025), and to op-
erate differentially across linguistic levels (Cosma,
2026; Blevins et al., 2022).

Nheengatu NLP. Prior computational work on
Nheengatu is limited and largely rule-based or
resource-building. de Alencar (2021) imple-
ments a Nheengatu grammar fragment in Gram-
matical Framework with Portuguese and English
modules—structural overlap made computationally
exploitable, but through hand-crafted rules rather
than learned representations. The same line of
work yields the Yauti analyzer (Alencar, 2023) and
the first Universal Dependencies (UD) treebank
for the language (de Alencar, 2024; Alexandre
and Alencar, 2026). Alexandre et al. (2021) com-
pile a tagged Nheengatu corpus. Neural work is
scarcer: Pinhanez et al. (2024) fine-tune translators
from Nheengatu into English, and prior work on
Indigenous-language generation has used Spanish
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as a pivot with NLLB-200 (Fernandes, 2026). All
of this takes the transfer source as given; we ask
which source transfers, and why. Ours is the first
evaluation of cross-lingual sentence representations
for Nheengatu, and the first source comparison that
holds typological distance constant—Adelani et al.
(2024) contrast English with Portuguese, which
differ in typology as well as contact history.

3 Corpus

The corpus comprises 4,997 Portuguese–
Nheengatu sentence pairs spanning legal, narrative,
historical, and pedagogical registers, drawn from
four sources: the Brazilian Constitution translated
into Nheengatu (2,020 pairs); historical fragments
from the Tycho Brahe corpus (Veronesi, 2026)
(597 pairs); and Navarro’s pedagogical grammar
(Navarro, 2016) (2,139 pairs) and Casasnovas’s
grammatical notes (Casasnovas, 2006) (241
pairs), both obtained via the CompLin/nheengatu
repository (Alencar, 2023). Quality filtering
removed 31 misaligned pairs via length-ratio
outlier detection (±3σ) followed by manual
verification. All resources—code, datasets, trained
models, and the machine-translated Spanish
control set—are publicly available.3 The hapax
rate (the proportion of word types occurring
exactly once) is reported in Table 1. Nheengatu’s
hapax rate of 60.6% greatly exceeds Portuguese’s
45.5%, reflecting its productive agglutinative
morphology and the resulting lexical sparsity. All
four sources are written and edited; no spoken or
informal Nheengatu is represented, so the contact
features we measure are those that have entered
the written standard.

Metric Portuguese Nheengatu

Total word tokens 66,990 59,334
Unique word types 6,653 8,149
Hapax rate (freq. = 1) 45.5% 60.6%
Type/token ratio 9.9% 13.7%

Table 1: Vocabulary statistics for the cleaned corpus
(4,997 pairs).

Beyond aggregate statistics, the corpus directly
attests the contact phenomena our hypothesis con-
cerns (Table 2): phonologically adapted loanwords,
the borrowed adversative ma (61 tokens), preverbal
modal auxiliaries of the pudéri family (408 tokens),

3Code: https://github.com/rmaacario/nheengatu
-crosslingual Data and checkpoints: https://huggin
gface.co/rmacario/nhengatu-xlmr

the sú + Verb construction (37 pairs), and the rela-
tivizer waá (476 tokens).

Portuguese Nheengatu

LEXICAL
polícia pulisia

‘police’

CLAUSE-COMBINING
. . . mas ele não foi . . . ma aé nti usú

‘. . . but he did not go’

CONSTRUCTIONAL: MODAL
. . . não poderá ser superior. . . . . . ti upuderi usasá. . .

‘. . . may not exceed. . . ’

CONSTRUCTIONAL: RELATIVIZER
. . . cidade grande que está. . . . . . tauauasu uiku uaá. . .

‘. . . a big city that is. . . ’

Table 2: Contact phenomena attested in the corpus,
with English glosses. Corresponding items in bold.
The borrowed modal upuderi (< poder ‘can’) precedes
the verb, where native Nheengatu auxiliaries follow it.
The relativizer uaá/waá (< Tupi -ba’e) occurs with any
predicate without nominalizing it, like Portuguese que,
whereas Tupi–Guaraní subordination nominalizes the
verb (Finbow and O’Neill, 2022).

4 Experiments

Task and metrics. Our reference evaluation is
cross-lingual sentence retrieval: given a Por-
tuguese query sentence, rank all 1,000 Nheengatu
sentences in the test set and retrieve the correct
translation. Precision@k (P@k) measures whether
the correct translation appears in the top k results;
Mean Reciprocal Rank (MRR) is the mean recip-
rocal rank of the first correct retrieval. Retrieval
measures whether representations from two lan-
guages share a semantic space; it is standard in
XTREME via BUCC and Tatoeba (Hu et al., 2020;
Artetxe and Schwenk, 2019), and needs no target-
language annotation beyond parallel sentences—
relevant here, since no NLI or QA benchmark ex-
ists for Nheengatu, which AmericasNLI does not
cover (Ebrahimi et al., 2022). Experiments 1–4
use the same 80/20 train/test split (3,997 training
pairs; 1,000 test pairs). Experiments are grouped
by the linguistic level each method probes (Fig-
ure 1), mirroring the documented contact-informed
hierarchy. Constructional names the documented
phenomenon—schematic patterns with open slots,
such as sú + [Verb]; supra-lexical names what
we measure, since retrieval sees whole sentences
and cannot isolate constructions from other signal
above the word. (In Construction Grammar words

https://github.com/rmaacario/nheengatu-crosslingual
https://github.com/rmaacario/nheengatu-crosslingual
https://huggingface.co/rmacario/nhengatu-xlmr
https://huggingface.co/rmacario/nhengatu-xlmr
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and morphemes are constructions too, so the mor-
phological level covers bound affixation: -itá, ta-.)

Lexical ✗ fails twice
monolingual Word2Vec: 60.6% hapax rate,

only 25.9% survive min-count 3
cross-lingual Procrustes: 1,237 seed pairs

(estado→istadu ‘state’), ma ‘but’
(×61) — P@1 = 0.012

Morphological ▲ partial

fastText loan root + -itá plural: deputadu-
itá ‘deputies’ (×38)

Supra-lexical ✓ succeeds

XLM-R sú + Verb (×37): asú amupinima
↔ vou escrever ‘I will write’ —
P@1 = 0.247

Figure 1: Contact-informed hierarchy: each linguistic
level, the methods probing it, and examples attested in
our corpus (×n = corpus token/pair counts). The lexi-
cal level is probed twice—within Nheengatu and across
the language pair—and produces only a weak signal
(P@1 = 0.012, some 110× the 1/9,048 random base-
line), insufficient for retrieval; morphological patterns
are captured by fastText but do not scale to sentence
retrieval. Strong transfer sufficient for retrieval emerges
only at the supra-lexical level.

Experiment 1: Word2Vec. Goal: Establish
whether word-level semantic spaces are learnable
from this corpus. Skip-gram models (100d, win-
dow sizes 3 and 10, min_count=3, 10 epochs)
were trained separately on each language. At
min_count=3, Word2Vec retains only 2,108 Nheen-
gatu types (25.9% of 8,149 unique types); the dis-
carded 74.1% include morphologically productive
forms occurring only once or twice. Retained types
do not organize semantically: IsoScore 0.023 (Por-
tuguese 0.012), against 0.955 for an isotropic Gaus-
sian of the same dimensions (Rudman et al., 2022).
The corpus is therefore too sparse for reliable word-
level semantic learning.

Experiment 2: fastText. Goal: Test whether
character n-grams capture the morphological level
of contact. Skip-gram models with character n-
grams (minn=3, maxn=6, min_count=1, 20 epochs)
(Bojanowski et al., 2017) were trained on each lan-
guage. The model encodes Nheengatu affixes as
consistent directions: for five of eight morphemes
documented by Cruz (2011) and Avila (2021),

the derived-minus-root offset is far more coher-
ent within a morpheme than across morphemes
(plural itá, d = 2.10; 3pl ta-, d = 2.37), and bor-
rowed roots participate: istadu → istaduita ‘states’,
prupusta → prupustaita ‘proposals’. fastText cap-
tures morphological patterns consistent with docu-
mented contact phenomena, but mean-pooled fast-
Text sentence vectors achieve P@1 = 0.000, MRR
= 0.009: morphological signal does not scale to
sentence retrieval.

Experiment 3: Orthogonal Procrustes align-
ment. Goal: Test whether lexical-semantic align-
ment is achievable given contact-induced lexi-
cal overlap. We learn a linear mapping from
Portuguese fastText vectors (Common Crawl,
300d) to Nheengatu vectors (trained from scratch,
300d), seeding it with 1,237 automatically ex-
tracted Portuguese–Nheengatu candidate corre-
spondence pairs (including many non-loan look-
alikes)4 (Artetxe et al., 2018). The alignment fails:
on 248 held-out seed pairs P@1 = 0.012 and P@5 =
0.028, and even fitted and scored on all 1,237 pairs
it reaches only P@1 = 0.039—it cannot recover
its own training correspondences.5 These rates
are some 110× the 1/9,048 random baseline (fast-
Text’s case-sensitive vocabulary), so a weak lexical-
semantic signal is present, as the documented bor-
rowing predicts, but far too sparse for retrieval. The
from-scratch Nheengatu space clusters by surface
form rather than meaning (neighbors dominated
by morphological variants), and linear alignment
needs semantically organized spaces on both sides.

Experiment 4: XLM-R fine-tuning. Goal: Test
whether sentence-level representations succeed
where word-level methods fail. Sentence encoders
can exploit supra-lexical information—sentence
embeddings have been shown to encode linguis-
tic properties such as tense and clause coordina-
tion (Conneau et al., 2018a), as well as argument
frames (Kann et al., 2019)—of the kind restruc-
tured through contact (Table 2) (Cândido et al.,
2021; Finbow and O’Neill, 2022), without re-

4Generated by applying Nheengatu phonological adapta-
tion rules (Cruz, 2011) to Portuguese vocabulary and keeping
pairs whose adapted form occurs in our Nheengatu corpus;
this high-recall seed is deliberately broader than the validated
loanword inventory used in Experiment 5.

5We fit on 989 pairs and score 248 held out, so the figures
measure generalization, not memorization. Matched capacity
does not help: retraining Portuguese from scratch on the same
corpus gives P@1 = 0.02 against 0.01 for the pretrained source,
under leave-one-out on 100 shared seed pairs.
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quiring semantically organized word spaces. We
fine-tune XLM-RoBERTa base (270M parameters)
(Conneau et al., 2020) using Multiple Negatives
Ranking Loss (batch size 16, lr 2×10−5, 3 epochs,
max length 128, in-batch negatives yielding 15
negatives per anchor, no early stopping), which
maps parallel sentence pairs to nearby points in
a shared embedding space while separating non-
parallel pairs (Figure 2). As baselines we evaluate
BM25 over character 3-grams and two multilin-
gual sentence encoders zero-shot—LaBSE (Feng
et al., 2022) and paraphrase-multilingual-MiniLM-
L12-v2 (Reimers and Gurevych, 2020)—neither
of which covers Nheengatu. Table 3 reports the
seed-42 run; single runs of this recipe vary, with
five seeds under the Experiment 5 harness giving
P@1 = 0.281 ± 0.012 on the same test split. We
report seed 42 throughout, since the domain and
qualitative analyses below derive from that model.

zero−shot fine−tuned
Portuguese Nheengatu

Figure 2: PCA of test-set sentence embeddings (n =
1,000 pairs). Before fine-tuning, Portuguese and Nheen-
gatu occupy disjoint regions of the space; after fine-
tuning on the training set, they interleave.

System P@1 P@5 P@10 MRR

Random 0.001 0.005 0.010 0.007
fastText 0.000 0.006 0.013 0.009
XLM-R (z.s.) 0.011 0.042 0.062 0.034
MiniLM (z.s.) 0.036 0.085 0.116 0.066
BM25 (3-gram) 0.104 0.218 0.278 0.165
LaBSE (z.s.) 0.145 0.277 0.346 0.215
XLM-R (ft.) 0.247 0.504 0.621 0.371

Table 3: Sentence retrieval results (test set n = 1,000;
reference run, seed 42).

Fine-tuned XLM-R outperforms every baseline
(Figure 3): more than double BM25 over char-
acter 3-grams (0.104) and 1.7× LaBSE (0.145),
despite LaBSE’s larger size (471M vs. 270M pa-
rameters) and broad multilingual pretraining. Zero-
shot XLM-R (0.011) is weaker still, reflecting the

0.001

0.000

0.011

0.036

0.104

0.145

0.247

best off−the−shelf

1.7x

Random

fastText (mean−pool)

XLM−R zero−shot

MiniLM zero−shot

BM25 char 3−gram

LaBSE zero−shot

XLM−R fine−tuned

0.00 0.05 0.10 0.15 0.20 0.25
Precision@1

Figure 3: Precision@1 for all retrieval systems (seed
42). Off-the-shelf systems—lexical and neural alike—
top out at LaBSE’s 0.145 (dashed); fine-tuning XLM-R
on the training set clears that ceiling by 1.7×, consistent
with the hypothesis that contact history may provide a
transfer advantage.

known degeneracy of MLM-only sentence embed-
dings rather than anything specific to this pair. The
advantage is not lexical: on the 799 test queries
whose Nheengatu target contains no loanword from
our inventory, fine-tuned XLM-R still reaches P@1
= 0.233—close to its 0.247 over the full test set—
while BM25 falls to 0.080. And since LaBSE sits
only 4.1 points above the character-level baseline
where fine-tuned XLM-R sits 14.3, what in-domain
fine-tuning adds is not available either from surface
matching or from general multilingual pretraining—
which is what we would expect of a supra-lexical
signal.

Experiment 5: Source-language control. Goal:
Help isolate contact from generic multilingual
transfer. We compare Portuguese against Span-
ish, which is essentially as distant from Nheengatu
as Portuguese is (URIEL+ genetic 1.0 for both; syn-
tactic 0.66 for Spanish against 0.61 for Portuguese,
the latter on 183 Grambank features observed for
Nheengatu where URIEL has none) and no less rep-
resented in XLM-R’s pretraining data (9,374M vs.
8,405M tokens in CC-100; Conneau et al. 2020, Ta-
ble 6), so pretraining coverage cannot explain a gap,
and the two sources are themselves far closer to
each other (0.38) than either is to Nheengatu. Fol-
lowing the translate-train paradigm (Conneau et al.,
2018b), we machine-translate the Portuguese side
of every pair to Spanish with NLLB-200-distilled-
600M (Team et al., 2022) and re-run the pipeline,
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varying only the source language.6 Portuguese
wins on every metric and in all five seeds (Table 4);
the P@1 gap of +0.050± 0.007 is roughly seven
times its standard deviation, and at the query level
(reference run, seed 42) is significant under ap-
proximate randomization for P@1 (p = 0.00063)
and paired bootstrap for MRR (p < 10−5).7 Lexi-
cal forms are substantially shared: for 56% of the
133 adapted loanwords the Spanish form is string-
identical to the Portuguese (dekretu < decreto, un-
changed in Spanish), and mean character similar-
ity to the Nheengatu form is 0.746 for Portuguese
against 0.705 for Spanish. Lexical overlap alone
therefore does not account for the gap; and because
Spanish is derived from the Portuguese source, any
translationese (Artetxe et al., 2020) biases it toward
Portuguese, making the gap conservative.

Metric PT (contact) ES (control) Gap

P@1 0.281 ± 0.012 0.232 ± 0.005 +0.050
P@5 0.545 ± 0.034 0.453 ± 0.009 +0.091
P@10 0.673 ± 0.030 0.568 ± 0.006 +0.104
MRR 0.406 ± 0.018 0.340 ± 0.006 +0.066

Table 4: Source-language control (mean ± std over
5 seeds; XLM-R fine-tuning, shared fixed test split,
n = 1,000). Spanish is machine-translated from the
Portuguese source, so the gap is a conservative estimate
of any contact-related advantage.

Domain analysis. Performance varies by register
(Table 5). The Tycho historical corpus achieves the
highest P@1 (0.387). Sentence length does not ex-
plain this—the Constitution’s sentences are longer
(19.0 vs. 12.3 words) yet score lower—and the
two are comparably distinctive against the 1,000
candidates. What separates Tycho is an unusually
tight correspondence between the two sides’ token
counts (r = 0.96 vs. 0.86 for the Constitution):
a property of its translation regime, which favors
retrieval and bounds how far this figure general-
izes. Casasnovas performs lowest (P@1 = 0.057);
we report it for completeness (n = 35; not inter-
pretable).

6Experiments 4 and 5 share the fixed 80/20 split. Table 3 is
a single run from our initial implementation, Table 4 five-seed
means from the control harness; absolute scores differ between
the two, but the paired PT–ES comparison is unaffected, since
both conditions share each run’s randomness.

7A paired t-test over the five seeds also favors Portuguese
(t = 15.7, p < 0.001), but at n = 5 Wilcoxon and the sign
test both bottom out at p = 0.0625, their minimum achievable
value, so we test at the query level instead.

Domain P@1 Test pairs

Tycho (historical) 0.387 124
Constitution (legal) 0.252 401
Navarro (pedagogical) 0.218 440
Casasnovas† 0.057 35

Weighted average 0.247 1,000

Table 5: XLM-R fine-tuned performance by domain.
†n = 35; not statistically reliable.

Qualitative analysis: the existential construc-
tion. Table 6 groups the ten test sentences con-
taining Portuguese há by their Nheengatu render-
ing. The nine aikué existentials reach a median
rank of 4, and confusions can stay within the con-
struction: for one query, the top-ranked candidate
is another aikué existential. The lexical exception
Akuera, by contrast, falls to rank 137. This contrast
is consistent with the model representing the ex-
istential construction rather than simply matching
lexical items, although the sample is too small for
firm conclusions.

‘há’ rendered as Ranks of correct translation

Existential
aikué/Aikwé (n = 9)

1, 1, 2, 2, 4, 11, 21, 52, 70
(median 4)

e.g. Aikué igara igarapé upé
‘There is a canoe in the creek’

Lexical exception
Akuera ‘long ago’
(n = 1)

137

e.g. Akuera iaueuera aé
‘He has long been used to it’

Table 6: Retrieval ranks (among 1,000 candidates) for
the ten test sentences containing Portuguese há, grouped
by how Nheengatu renders it. The model seems to track
the aikué construction (median rank 4); the sentence
where há is not existential falls to rank 137.

5 Discussion

The progressive pattern matches the hypothesis.
Word2Vec and Procrustes fail because a 60.6% ha-
pax rate leaves the from-scratch Nheengatu space
too anisotropic to organize semantically—the fitted
map cannot retrieve even its own training pairs—
and fastText’s morphological signal does not scale
to sentence retrieval. Sparsity is part of that expla-
nation, but not of the source-language gap: the
Nheengatu side is the same text in both condi-
tions, and on the source side Spanish is if any-
thing slightly less sparse than Portuguese (43.4%
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vs. 45.5% hapax over the same 4,997 pairs), so
sparsity would favor the control—yet Portuguese
wins. Fine-tuning succeeds at the supra-lexical
level, aligning sentence representations without
needing organized word spaces. The Portuguese
advantage (Table 4) points to long-term contact
rather than generic Romance typology or model
capacity, and the domain results agree—register-
varied sentences (Tycho, Constitution) outperform
the short, formulaic ones (Navarro), while BM25
and LaBSE bound the lexical-overlap contribution.
P@1 = 0.247 is modest, but retrieval among 1,000
candidates is far harder than bilingual classification.
For practical use P@10 = 0.621 matters more: the
correct translation is in the top ten for nearly two-
thirds of queries, enough for translation-memory
lookup or parallel-text alignment, though not for
unattended retrieval.

6 Conclusion

Our results highlight a factor standard typologi-
cal resources do not encode: language contact—
a gap URIEL+’s own maintainers note (Shipton
et al., 2026). Two findings support this. First,
transfer from a Romance source to Nheengatu suc-
ceeds well above lexical and zero-shot baselines
despite maximal genetic distance, so typological
distance alone under-predicts transfer. Second, of
two comparably distant sources, the one with a doc-
umented contact history—Portuguese—transfers
significantly better, across all metrics and five seeds.
The progressive pattern across linguistic levels
further suggests that what multilingual sentence
encoders exploit is supra-lexical, consistent with
contact-induced convergence though not localized
to it by our design. We do not claim contact is nec-
essary for transfer, nor that this generalizes beyond
this pair and task, but it is a measurable factor in
transfer-source quality, worth encoding alongside
genealogy and typology.

Future work. Future work will (i) expand the
source-language comparison with non-contact and
genealogically related (Tupi–Guaraní) controls,
complementing Alves (2026); (ii) evaluate ad-
ditional tasks, including morphological tagging
and dependency parsing on the UD_Nheengatu-
CompLin treebank (de Alencar, 2024) against the
baselines of Alexandre and Alencar (2026), and a
Nheengatu natural language inference set follow-
ing AmericasNLI (Ebrahimi et al., 2022); and (iii)
collect and compare spoken Nheengatu against the

written registers studied here.

Ethics Statement

This research uses publicly available written texts
and is motivated by supporting Nheengatu lan-
guage technology for revitalization. Deployment
of any models should be conducted in consultation
with Nheengatu-speaking communities.
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