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Abstract
Cross-lingual sentence retrieval makes exist-
ing translations accessible for reuse in low-
resource language technology. For Bahnar–
Vietnamese, we investigate when lexical ev-
idence, multilingual representations, or their
combination best identifies a query’s transla-
tion. We compare lexical, alignment-based,
neural, and hybrid methods in a fixed candidate
pool, with configurations selected on develop-
ment data. Their strengths differ by ranking
depth: symmetric IBM1 reaches 0.4933 Re-
call@1 against 0.2424 for LaBSE, the strongest
off-the-shelf encoder, while supervised DPR-
XM leads at Recall@10 with 0.7221. IBM1
reranking of XLM-R LoRA candidates yields
the highest Recall@1 point estimate, 0.5162.
Paired tests support the gain over the neural
first stage; the difference from IBM1 is not
significant at the 0.05 level. Candidate-set anal-
ysis links reranking performance to first-stage
coverage. Experiments on Khmer–Vietnamese,
Lao–Vietnamese, and Zhuang–Chinese show
that pair-specific adaptation improves neural
retrieval, while lexical reranking gains vary.
These findings make ranking depth central to
method selection and motivate checking neu-
ral headroom and lexical representation quality
when considering reranking. Data and code are
available in our GitHub repository.

1 Introduction

Finding translations in existing texts can expand
the parallel data available for low-resource Natu-
ral Language Processing (NLP), as demonstrated
by improvements in low-resource translation from
mined sentence pairs (Keung et al., 2020). Cross-
lingual sentence retrieval locates such pairs by rank-
ing sentences in one language for a query in an-
other. This ranking step supports parallel-data min-
ing (Artetxe and Schwenk, 2019; Schwenk et al.,

2021); the resulting aligned pairs can also populate
translation memories for computer-assisted transla-
tion (Semmar et al., 2006).

Bahnar–Vietnamese offers a case study in how to
retrieve such pairs with limited language-specific
resources. Bahnar is spoken by the Bahnar people
in Vietnam and belongs to Bahnaric, a broader
Austroasiatic subgroup (Gregerson et al., 1976;
Nguyen et al., 2025). We use Bahnar–Vietnamese
for the evaluated pair and Bahnaric–Vietnamese
when discussing prior language-technology work.
Our evaluation uses a fixed Vietnamese candidate
pool with one documented counterpart per Bahnar
query, as defined in Section 3. This setting isolates
candidate ranking from the additional collection
and filtering steps of open-web bitext mining.

Prior NLP work on Bahnaric–Vietnamese has
mainly focused on translation, demonstrating the
utility of lexical resources, loanwords, dictionary
mappings, and rule-based components under low-
resource conditions (Bui et al., 2024; Nguyen
et al., 2025). These findings motivate a retrieval-
specific comparison of lexical evidence and mul-
tilingual representations for ranking existing sen-
tences. Three linked questions guide this compar-
ison: which signal best identifies the documented
counterpart, how task-specific adaptation changes
neural retrieval performance, and whether lexical
and neural signals complement each other. The
intended use also determines the relevant ranking
depth. Returning one sentence requires accurate
top-rank decisions, whereas presenting candidates
for reranking or human review requires coverage
beyond the first rank.

We investigate these questions by comparing
lexical, alignment-based, neural, and hybrid meth-
ods in the candidate-ranking setting of prior sen-
tence retrieval and parallel sentence mining work
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(Trijakwanich et al., 2021; Schwenk et al., 2021).
The same development-selection rule applies to
off-the-shelf representations and models trained on
language-pair-specific supervision. To test com-
plementarity, we combine sentence scores from
XLM-RoBERTa (XLM-R) (Conneau et al., 2020)
trained with Low-Rank Adaptation (LoRA) (Hu
et al., 2022) and lexical scores from IBM Model 1
(IBM1) (Brown et al., 1993). Selecting both stage
order and score combination allows us to examine
which component should retrieve candidates and
which should refine their ranking.

Symmetric IBM1 is the strongest single sys-
tem at the top rank, while the supervised modular
multilingual variant of Dense Passage Retrieval
(DPR), termed DPR-XM (Karpukhin et al., 2020;
Louis et al., 2025), provides the best coverage at
deeper ranks. The XLM-R-first IBM1 hybrid gives
the highest Recall@1 point estimate and improves
Mean Reciprocal Rank (MRR) over its first stage.

To test how far these findings extend, we also
train separate adaptation models on three further
pairs: Khmer–Vietnamese, Lao–Vietnamese, and
Zhuang–Chinese. Together, the controlled compari-
son and cross-pair diagnostics can inform model se-
lection for translation lookup and candidate-review
tools, including when lexical reranking is useful.

We make four empirical contributions:

• We provide a controlled comparison of lexical,
alignment-based, neural, and hybrid retrieval
for Bahnar–Vietnamese under a fixed candi-
date pool and common development-selection
protocol, with released data and code.

• We show that top-rank accuracy and deeper
candidate coverage favor different systems:
symmetric IBM1 leads among single systems
at rank 1, while DPR-XM leads at deeper cut-
offs. Surface-overlap analysis further reveals
differences obscured by aggregate scores.

• We demonstrate gains over the neural first
stage through XLM-R-first IBM1 reranking,
supported by paired tests, and examine how
stage order and candidate coverage shape hy-
brid reranking performance.

• We train pair-specific models for Khmer–
Vietnamese, Lao–Vietnamese, and Zhuang–
Chinese and use post-hoc diagnostics to ex-
amine how reranking gains vary with neural
headroom and lexical tokenization.

2 Related Work

Our comparison connects Bahnaric–Vietnamese
language technology with lexical, neural, and hy-
brid retrieval. We review these strands to distin-
guish the evidence motivating each component
from the retrieval questions evaluated here.
Bahnaric–Vietnamese NLP. Linguistic work sit-
uates Bahnar within the Bahnaric subgroup of Mon-
Khmer languages in Vietnam (Gregerson et al.,
1976), while the NLP studies discussed here focus
on translation. Vo et al. (2024) combine dictionary
lookup, entity mapping, and fine-tuned BARTPho
(Tran et al., 2022) for Vietnamese–Bahnar trans-
lation. BARTBahnar combines continual pretrain-
ing, bilingual fine-tuning, lexical mapping, and
post-processing (Nguyen et al., 2025). This use of
lexical resources alongside neural models reflects
broader low-resource NLP practice (Agić et al.,
2015; Haddow et al., 2022; Wang et al., 2021a) and
motivates testing their roles in sentence retrieval.
Lexical and word-alignment methods. Term
Frequency–Inverse Document Frequency (TF-IDF)
and Best Matching 25 (BM25) use surface over-
lap for sparse retrieval (Salton and Buckley, 1988;
Robertson and Zaragoza, 2009); Levenshtein dis-
tance measures string similarity through edit opera-
tions (Levenshtein, 1966). Loanwords and lexical
overlap in Bahnaric–Vietnamese resources moti-
vate these baselines (Nguyen et al., 2025). With
parallel training data, IBM1 learns lexical trans-
lation probabilities (Brown et al., 1993), provid-
ing cross-lingual evidence beyond surface match-
ing. GIZA++ and FastAlign offer related statistical
alignment models (Och and Ney, 2003; Dyer et al.,
2013), and Cross-lingual Contextualized Phrase
Retrieval uses word-aligned phrase pairs to train a
contrastive retriever (Li et al., 2024). We examine
IBM1 probabilities as direct sentence scores and as
reranking evidence.
Cross-lingual representations. Static embed-
ding alignment combines subword-aware fastText
representations (Bojanowski et al., 2017) with bilin-
gual mappings learned through orthogonal Pro-
crustes alignment (Artetxe et al., 2017). Contextual
alternatives include multilingual BERT (mBERT),
the multilingual version of Bidirectional Encoder
Representations from Transformers (BERT), along-
side XLM-R, multilingual MiniLM, and Language-
agnostic BERT Sentence Embedding (LaBSE) (De-
vlin et al., 2019; Conneau et al., 2020; Wang et al.,
2020; Feng et al., 2022). These models span the
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static and contextual representations we compare.

Neural retrieval. Contrastive learning supports
both unsupervised dense retrieval (Lei et al., 2023)
and Language Agnostic Multilingual Information
Retrieval (LAMIR), which combines semantic and
language objectives (Hu et al., 2023). These re-
trieval models differ in how they represent and
compare sentences. Contextualized Late Inter-
action over BERT (ColBERT) extends to cross-
language retrieval through ColBERT-X (Nair et al.,
2022); ColBERT-XM adds a modular multilin-
gual backbone and multi-vector Maximum Simi-
larity (MaxSim) interaction (Louis et al., 2025). Its
DPR-XM ablation uses one pooled vector per sen-
tence and dot-product scoring (Louis et al., 2025).
Other approaches combine dense, sparse, and multi-
vector retrieval (Chen et al., 2024), use contrastive
context prediction (Wu et al., 2022), or distill rep-
resentations through optimal transport on bitext
(Huang et al., 2023).

Task-specific adaptation and retrieval scoring.
LoRA enables adaptation through low-rank up-
dates to pretrained models (Hu et al., 2022). Con-
trastive representation learning with Information
Noise-Contrastive Estimation (InfoNCE) (Oord
et al., 2018) also informs sentence embedding meth-
ods such as Simple Contrastive Learning of Sen-
tence Embeddings (Gao et al., 2021). For retrieval,
Cross-domain Similarity Local Scaling (CSLS)
(Lample et al., 2018) and ratio margin (Artetxe
and Schwenk, 2019) adjust cosine similarity using
neighborhood statistics. These methods motivate
our comparison of task-specific adaptation and re-
trieval scoring.

Hybrid lexical-dense retrieval. Hybrid retrieval
combines lexical and neural signals through score
interpolation and reranking (Karpukhin et al., 2020;
Luan et al., 2021; Wang et al., 2021b). We use
symmetric IBM1 probabilities as bilingual lexical
evidence alongside XLM-R LoRA sentence simi-
larity. The empirical question is which component
should generate candidates and whether combining
their scores improves the ranking.

Cross-lingual transfer. Whether transfer suc-
ceeds depends on the language pair, the quality
of the data, and the available supervision (Lin et al.,
2019). We therefore test the adaptation recipe
on two pairs from the Facebook Low Resource
(FLORES) benchmark (Goyal et al., 2022), Khmer–
Vietnamese and Lao–Vietnamese, and on Zhuang–
Chinese, training a separate model for each pair.

Direct reuse of a Bahnar-trained checkpoint is eval-
uated separately in Appendix G.

3 Task and Data

The benchmark holds the candidate pool fixed so
that differences in retrieval reflect how systems
rank the available sentences. We define this setting,
its supervision sources, and the metrics below.
Task definition. Following prior work on cross-
lingual sentence retrieval and parallel sentence min-
ing (Trijakwanich et al., 2021; Schwenk et al.,
2021), we formulate Bahnar–Vietnamese parallel-
sentence retrieval (bitext retrieval) as a controlled
candidate-ranking task. Given a Bahnar query
sentence q and a Vietnamese candidate set C =
{c1, . . . , cn} of size n, the system ranks the candi-
dates by how well they correspond to the query.
Each query has exactly one documented Viet-
namese counterpart in the candidate pool. For final
evaluation, each Bahnar sentence in the held-out
test set is used as a query and all Vietnamese sen-
tences in the same test set form the candidate pool.
Data resources and splits. We use sentence-
level parallel pairs for model training, development
selection, and retrieval evaluation, and a separate
lexicon for fastText-Procrustes mapping and Kab-
sch alignment. The sentence resource contains
51,930 pairs for train-development splitting; ex-
act duplicate bilingual pairs are grouped before a
deterministic seed-42 split, and no exact bilingual
pair is shared among the training, development,
and test sets. A separate 2,001-pair test set is held
out for final retrieval evaluation. The lexicon con-
tains 10,358 single-word and multi-word entries;
both alignment methods use only its training split.
Table 1 gives the size of each split.

Table 1: Bahnar–Vietnamese sentence and lexicon split
sizes. The lexicon has no development split (–).

Resource Train Dev Test

Sentence pairs 46,736 5,194 2,001
Lexicon resource 8,285 – 2,073

Data construction and verification. The cor-
pus was compiled from sources containing paired
Bahnar and Vietnamese forms. Field materials in-
clude short stories, folk verses, and other texts
from Bahnar-speaking communities in Vietnam,
while documentary sources include dictionary en-
tries, books, and songs. After digitization, native
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Bahnar speakers checked the Bahnar text and corre-
sponding Vietnamese forms for transcription errors,
incorrect pairings, and obvious translation errors.
The sentence data span heterogeneous domains and
styles, including administrative text, agricultural
and technical instructions, everyday and narrative
sentences, and religious-style passages. This varia-
tion introduces differences in sentence length, topic,
vocabulary, and cross-lingual lexical overlap; Ap-
pendix A gives examples.

Evaluation metrics. We report Recall@1, Re-
call@5, and Recall@10 (R@1, R@5, R@10) and
MRR (Manning et al., 2008). Recall@10, for
example, is the fraction of queries whose docu-
mented counterpart occurs among the ten highest-
ranked candidates. With one documented coun-
terpart per query, Recall@1 equals top-1 accu-
racy. In the primary benchmark, MRR averages the
reciprocal rank of the counterpart within the ten
highest-ranked candidates and assigns zero when
it is ranked lower; for the hybrid, these are the ten
reranked first-stage candidates. All methods there-
fore use the same cutoffs; Appendix B gives the
formal definitions and statistical tests.

4 Methods

In the setting of Section 3, each method assigns
a relevance score s(q, c) to a Bahnar query q and
Vietnamese candidate c, using surface similarity,
learned lexical probabilities, or cross-lingual repre-
sentations. We first describe the individual signals,
then combine XLM-R LoRA and IBM1 in a two-
stage reranker; Appendix C details the baselines.

Embedding-based retrieval scores. We com-
pare cosine similarity, CSLS (Lample et al., 2018),
and the ratio margin of Artetxe and Schwenk (2019)
for fastText-Procrustes, the off-the-shelf encoders,
XLM-R LoRA, and full XLM-R fine-tuning. Let
Q be the query set, cos(q, c) the cosine similar-
ity of the sentence embeddings of q and c, and
Nk(q) ⊂ C and Nk(c) ⊂ Q the k candidates near-
est to q and the k queries nearest to c. Equation 1
gives their mean similarities:

rq =
1

k

∑

c′∈Nk(q)

cos(q, c′),

rc =
1

k

∑

q′∈Nk(c)

cos(q′, c).
(1)

Equations 2 and 3 use these means to adjust cosine

similarity for the local neighborhoods:

sCSLS(q, c) = 2 cos(q, c)− rq − rc, (2)

smargin(q, c) =
cos(q, c)

max{12(rq + rc), ϵnum}
. (3)

Here, ϵnum > 0 is a small numerical floor on the
denominator. We use k = 10 for both criteria
and compute the neighborhood means over the full
query set and candidate pool before ranking.

4.1 Lexical and Static Embedding Methods

Lexical and edit-distance baselines. We eval-
uate character n-gram TF-IDF and BM25 as sur-
face lexical baselines (Salton and Buckley, 1988;
Robertson and Zaragoza, 2009). These meth-
ods test whether surface overlap, names, num-
bers, loanwords, and related Latin-script forms pro-
vide useful retrieval evidence. We also evaluate
Levenshtein-based string similarity (Levenshtein,
1966) and token Jaccard similarity (Jaccard, 1912).
Table 7 lists normalization variants: accent, punc-
tuation, and space removal.
Static embedding alignment. We train separate
Bahnar and Vietnamese fastText embeddings (Bo-
janowski et al., 2017) as a non-transformer base-
line and learn a supervised orthogonal Procrustes
mapping from the lexicon training split, following
standard bilingual embedding alignment methods
(Artetxe et al., 2017). At retrieval time, Bahnar
query embeddings are mapped into the Vietnamese
space, and candidates are ranked with cosine simi-
larity, CSLS, or ratio margin (Lample et al., 2018;
Artetxe and Schwenk, 2019). Alignment-unit, pool-
ing, and normalization variants are listed in Ap-
pendix D.
IBM1 word-alignment baseline. We evaluate
IBM1 as a classical lexical alignment baseline
(Brown et al., 1993). It learns word-level trans-
lation probabilities from the Bahnar–Vietnamese
training pairs and belongs to the statistical align-
ment tradition behind GIZA++ and the related
FastAlign system (Och and Ney, 2003; Dyer et al.,
2013). For a Bahnar query q and Vietnamese can-
didate c, Equation 4 defines the forward IBM1 re-
trieval score as

s→(q, c) =
1

|q|
∑

b∈q
logmax

{
max
v∈c

p(v | b), ϵ
}
,

(4)
where b and v range over the token occurrences
in q and c, |q| and |c| are their token counts, and
p(v | b) is the learned Bahnar-to-Vietnamese lexi-
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cal probability. A small positive probability floor ϵ
keeps the natural logarithm finite. The backward
score s←(q, c) uses the reverse model p(b | v),
maximizes over b ∈ q, and averages over the |c|
candidate tokens. Equation 5 averages the two di-
rections to obtain the symmetric score:

ssym(q, c) =
1

2
[s→(q, c) + s←(q, c)] . (5)

The development-selected IBM1 variant addition-
ally uses text normalization and subtracts a length
penalty with weight λ:

sIBM1(q, c) = ssym(q, c)− λ
∣∣|q| − |c|

∣∣
max(|q|, |c|) . (6)

4.2 Neural Encoders and Adaptation

Off-the-shelf multilingual encoders. We eval-
uate mBERT (Devlin et al., 2019; Pires et al.,
2019), XLM-R (Conneau et al., 2020), multilingual
MiniLM (Wang et al., 2020), and LaBSE (Feng
et al., 2022) without task-specific fine-tuning, us-
ing mean-pooled token representations or the native
pooling of sentence-transformer models.

Modern dense retrievers. We train four super-
vised dense retrievers on the same 46,736 train-
ing pairs: LAMIR, DPR-XM, ColBERT-X, and
ColBERT-XM (Hu et al., 2023; Nair et al., 2022;
Louis et al., 2025). DPR-XM encodes each sen-
tence as one L2-normalized vector and scores can-
didates by their dot product, whereas ColBERT-X
and ColBERT-XM use token-level late interaction;
Table 5 in Appendix D lists the selected check-
points.

XLM-R LoRA adaptation. We adapt XLM-R
using LoRA adapters and separate source and tar-
get projection heads (Conneau et al., 2020; Hu
et al., 2022). The projection heads map contextual
representations into the shared 256-dimensional
space of the query and candidate embeddings in
Figure 1. Let ui and vi be the projected sentence
embeddings of the i-th Bahnar and Vietnamese sen-
tences in a minibatch of B training pairs. The
model is trained with a symmetric in-batch In-
foNCE objective (Oord et al., 2018), related to con-
trastive sentence representation learning (Reimers
and Gurevych, 2019; Gao et al., 2021):

L = − 1

2B

B∑

i=1

[
log

ecos(ui,vi)/τ

∑B
j=1 e

cos(ui,vj)/τ

+ log
ecos(ui,vi)/τ

∑B
j=1 e

cos(uj ,vi)/τ

]
.

(7)

Here, τ = 0.07 is the temperature, and j ranges
over all pairs in the minibatch: the aligned pair has
j = i, and the other pairs supply in-batch nega-
tives. We compare sentence-mean and token-mean
pooling with token pooling weighted by Inverse
Document Frequency (IDF), together with optional
lexicon-derived Kabsch alignment (Kabsch, 1976).
At retrieval time, the resulting sentence represen-
tations are evaluated with cosine, CSLS, and ratio-
margin scoring. Algorithm 1 in Appendix D sum-
marizes training and retrieval.

Full-encoder XLM-R fine-tuning. To compare
Parameter-Efficient Fine-Tuning (PEFT) with full
fine-tuning, we train separate Bahnar and Viet-
namese XLM-R encoders initialized from XLM-R
base (Conneau et al., 2020). We compare one-way
and symmetric InfoNCE-style contrastive objec-
tives (Oord et al., 2018; Gao et al., 2021), together
with alternative pooling and projection settings and
all three retrieval criteria.

4.3 Hybrid Reranking

Figure 1 organizes the two-stage pipeline into a
neural retriever, an IBM1 lexical scorer, and a hy-
brid reranker. XLM-R LoRA and IBM1 learn from
the same parallel training pairs; the dashed arrow
denotes InfoNCE training of XLM-R LoRA.

Neural retriever: candidate generation. De-
velopment selection compares XLM-R-first and
IBM1-first pipelines and chooses XLM-R LoRA
with ratio margin (sneural = smargin) to gener-
ate candidates. Ranking the Vietnamese candi-
date pool by this score yields the neural top-K
set CK(q) ⊂ C, with the selected K = 10 distinct
from the neighborhood size k. First-stage coverage
bounds reranking recall because the documented
counterpart must be retained to be retrieved.

IBM1 lexical scorer: lexical evidence. The
IBM1 lexical scorer combines forward and back-
ward scores using Equation 5 and applies the length
penalty in Equation 6 to obtain sIBM1(q, c) for each
retained candidate. These scores provide word-
level translation evidence to complement neural
similarity within the same candidate set.

Hybrid reranker: score interpolation. For each
retained candidate c ∈ CK(q), each component
score s is min–max normalized:

s̃(q, c) =
s(q, c)−minc′ s(q, c

′)
maxc′ s(q, c′)−minc′ s(q, c′)

.

Both extrema are taken over c′ ∈ CK(q). When
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the score range is below a small positive threshold
ϵnorm, all normalized scores for that component
are set to zero, including when K = 1. Equation 8
combines the normalized neural and IBM1 scores
with an optional string-similarity term:

shybrid(q, c) = αs̃neural(q, c) + βs̃IBM1(q, c)

+ γs̃edit(q, c),
(8)

where the weights α, β, and γ scale the neural,
IBM1, and string-similarity components, respec-
tively, and sedit ∈ [0, 1] is a character-level string-
similarity ratio between q and c. Development
selection gives α = 0.25, β = 0.75, and γ = 0,
with IBM1 length penalty λ = 0.1. Sorting CK(q)
by shybrid gives the reranked list in Figure 1, where
c(i) and ĉ(i) mark the candidate at rank i before and
after reranking, respectively.

5 Bahnar–Vietnamese Experiments

The experiments in this section compare individ-
ual retrieval signals and their combination through
reranking; the next section examines transfer across
language pairs. Together, they address six Research
Questions (RQs):

RQ1. When are surface lexical, edit-distance,
and static embedding methods effective?

RQ2. Can classical word alignment provide a
strong sentence-level retrieval signal?

RQ3. How well do off-the-shelf encoders and
in-domain modern dense retrievers perform?

RQ4. Does task-specific XLM-R adaptation im-
prove neural retrieval?

RQ5. Do lexical and neural retrieval signals com-
plement each other in hybrid reranking?

RQ6. Do the main findings hold for other low-
resource language pairs?

Section 5.2 addresses RQ1–RQ5 on the Bahnar–
Vietnamese test set, and Section 6 addresses RQ6.

5.1 Experimental Setup

Training and evaluation data. Using the splits
defined in Section 3, we fit sentence-trained compo-
nents on the 46,736 training pairs and select config-
urations on the 5,194 development pairs, reserving
the 2,001-pair test set for final evaluation. IBM1
lexical probabilities and the monolingual fastText
embeddings use only the sentence training pairs.
Both the fastText-Procrustes mapping and Kabsch
alignment use only the lexicon training split.

Selection protocol. Every model, preprocessing,
training, and retrieval choice is made on develop-
ment data alone. Within each method family, con-
figurations are ranked by development Recall@1,
then MRR and Recall@5 as tie-breakers, followed
by configuration name if all three metrics tie. For
the primary benchmark, only the development-
selected configuration from each family is eval-
uated on the held-out test set. Later sensitivity and
diagnostic analyses on the test set are post hoc and
do not affect selection.

Dense and hybrid selection. For the modern-
dense family, selection covers both architecture
and checkpoint and yields DPR-XM. For the hy-
brid family, IBM1 and XLM-R LoRA are first se-
lected independently. We then select stage order,
K, score normalization, reranking formulation, in-
terpolation weights, and length penalty on the same
development set. Appendix D details the search
spaces; Tables 6 and 9 report development results
by family and scoring criterion, respectively.

5.2 Retrieval Results

Table 2 reports the held-out test result for one
development-selected configuration per method
family, using the methods described in Section 4.
By Recall@1, the hybrid, symmetric IBM1, and
supervised DPR-XM occupy the top three posi-
tions, followed by edit distance and BM25 ahead
of XLM-R LoRA.

Top-rank accuracy and coverage favor different
systems (RQ2–RQ4). Symmetric IBM1 is the
strongest single system at the top rank, whereas
DPR-XM leads at Recall@5 and Recall@10. The
preferred retriever therefore depends on whether
the task requires the documented counterpart at
rank 1 or within a larger candidate set. Task-
adapted XLM-R LoRA also outperforms the se-
lected off-the-shelf encoder, reaching 0.3648 Re-
call@1 compared with 0.2424 for LaBSE. Full
XLM-R fine-tuning has lower Recall@1 than both.
Combining XLM-R LoRA with IBM1 gives the
highest Recall@1 point estimate; the paired com-
parisons below assess this gain.

BM25 and fastText differ by overlap (RQ1).
The aggregate advantage of BM25 over fastText-
Procrustes comes mainly from pairs with higher
surface overlap. fastText-Procrustes outperforms
BM25 at Recall@1 in the two lowest character-
overlap quartiles, whereas the ordering reverses in
the high-overlap half. The contrast is largest in
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Figure 1: Development-selected XLM-R LoRA candidate generation and IBM1 reranking pipeline.

Table 2: Held-out test results for the development-selected configuration of each method family. Bold marks the
best score in each column and underlining the second best; shaded rows are our methods.

Group Development-selected method R@1 MRR R@5 R@10

Surface lexical BM25 character n-gram, 2–5 0.3723 0.4004 0.4393 0.4548
Edit distance Levenshtein ratio, strip accents 0.4248 0.4447 0.4703 0.4913
Static embedding fastText-Procrustes, ratio margin 0.1654 0.2114 0.2689 0.3298
Word alignment Symmetric IBM1, length penalty 0.4933 0.5459 0.6167 0.6662
Off-the-shelf encoder LaBSE, ratio margin 0.2424 0.2734 0.3153 0.3518
Modern dense retrieval DPR-XM, 20 epochs 0.4743 0.5506 0.6522 0.7221
Task-adapted neural XLM-R LoRA, token mean, ratio margin 0.3648 0.4462 0.5517 0.6402
Full fine-tuning Full XLM-R, token mean, CSLS 0.2224 0.2985 0.3968 0.4808
Hybrid XLM-R-first + symmetric IBM1 reranking 0.5162 0.5579 0.6157 0.6402

the highest-overlap quartile, where BM25 reaches
0.9361 Recall@1 compared with 0.0279 for fast-
Text. Figure 2 shows all four quartiles.

Reranking improves the neural first stage (RQ5).
Reranking raises Recall@1 over the XLM-R LoRA
first stage by 0.1514, from 0.3648 to 0.5162, and
MRR by 0.1117. The paired-bootstrap 95% Confi-
dence Interval (CI) for each gain (Efron and Tibshi-
rani, 1994) excludes zero, as shown in Figure 3, and
the exact McNemar test (McNemar, 1947) gives
p < 0.001. Against symmetric IBM1, the hybrid
has higher point estimates, but both CIs include
zero and the difference is not significant at the 0.05
level. Appendix F gives the full statistics.

Development selection favors XLM-R-first or-
dering (RQ5). On development data, the XLM-R
LoRA first stage keeps the counterpart in its top
10 for 0.7657 of queries, against 0.6213 for sym-

Q1 Q2 Q3 Q4
0.00

0.25

0.50

0.75

1.00

Character-trigram overlap quartile

R
ec

al
l@

1

BM25 fastText-Procrustes

Figure 2: Recall@1 of the development-selected BM25
and fastText-Procrustes systems by character-trigram-
overlap quartile of the 2,001 test queries. Q1 contains
the queries with the lowest overlap, and Q4 contains
those with the highest.
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Figure 3: Hybrid-minus-comparator differences in Re-
call@1 and MRR on the 2,001-query test set. Whiskers
show paired-bootstrap 95% CIs, and the dotted line
marks zero difference.

metric IBM1. The XLM-R-first pipeline also leads
after reranking on every reported metric, as shown
in Figure 6 in Appendix E. These results support
generating candidates with the neural model and
refining them with IBM1 lexical evidence.
Reranking improves all three seed runs (RQ5).
To assess variation across training runs, we repeat
the selected XLM-R LoRA configuration with dif-
ferent random seeds while keeping the retrieval
and reranking settings fixed. Across three XLM-R
LoRA training seeds, reranking raises Recall@1
by 0.1369–0.1584, and every hybrid run exceeds
symmetric IBM1. Figure 7 in Appendix F shows
the individual runs and their variation.
Larger candidate sets improve hybrid retrieval
(RQ5). The size of the candidate set determines
which translations remain available to the reranker.
In the post-hoc sensitivity analysis shown in Fig-
ure 8 in Appendix F, hybrid Recall@1 rises from
0.5162 at the development-selected K = 10 to
0.6157 at K = 100, where first-stage coverage
reaches 0.8951. At smaller candidate sizes, Re-
call@5 and Recall@10 coincide with first-stage
coverage for K ≤ 5 and K ≤ 10, respectively,
since reranking only reorders the retained set.

6 Transfer to Other Language Pairs

To answer RQ6, we evaluate the adaptation recipe
and lexical reranking on three additional language
pairs, training a separate model for each pair. The
comparison asks whether adaptation improves neu-
ral retrieval in these settings and whether lexical
evidence adds further gains.
Transfer setup. Models for Khmer–Vietnamese
and Lao–Vietnamese are trained on the 997 aligned
FLORES development pairs and evaluated on the

1,012-pair devtest split (Goyal et al., 2022), where
each source sentence is a query and all Vietnamese
sentences are candidates. Zhuang–Chinese uses the
corpus released with ZhuangBench (Zhang et al.,
2024): 4,944 training pairs and a separate 200-pair
evaluation pool in which each Zhuang query ranks
all 200 Chinese candidates. Appendix G describes
these setups, with hyperparameters in Table 8 and
data sizes and surface overlap across all four pairs
in Table 10.
Adaptation improves neural retrieval. In all
three transfer settings, pair-specific XLM-R LoRA
with CSLS gives the strongest neural retrieval re-
sults. Adaptation improves both top-rank accuracy
and candidate coverage over off-the-shelf XLM-
R, as shown in Figure 4. For example, Khmer–
Vietnamese Recall@1 rises from 0.5030 to 0.8014
under the same CSLS criterion. Lao–Vietnamese
and Zhuang–Chinese show the same pattern, which
supports training a separate model for each pair.

0.0 0.5 1.0

Zhuang–Chinese

Lao–Vietnamese

Khmer–Vietnamese

Recall@1

0.0 0.5 1.0

Recall@10

Off-the-shelf XLM-R XLM-R LoRA Hybrid

Figure 4: Recall@1 and Recall@10 on the three transfer
language pairs for off-the-shelf XLM-R, pair-specific
XLM-R LoRA, and the hybrid, all with CSLS.

Neural ranking leads at the top rank in the orig-
inal transfer setups. Adding lexical reranking to
the adapted neural retriever lowers Recall@1 and
MRR in all three transfer setups while preserving
Recall@10, as reported in Table 11 in Appendix G.
The unchanged Recall@10 follows from rerank-
ing the same ten neural candidates. The Zhuang–
Chinese result, which uses Chinese whitespace to-
kenization, motivates the diagnostic below.
Higher neural accuracy comes with smaller
reranking gains. Across the four evaluated lan-
guage pairs, reranking improves top-rank accuracy
on Bahnar–Vietnamese and on Zhuang–Chinese
with character tokenization, while reducing it on
the two FLORES pairs, whose neural first stages
are stronger. Figure 5 summarizes this monotonic
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association, with Spearman correlation ρ = −1
across the four heterogeneous settings. This diag-
nostic motivates examining how much room re-
mains for improving the neural ranking before
adding lexical evidence.

Chinese tokenization changes lexical reranking
performance. In the Zhuang–Chinese compar-
ison reported in Table 12 and discussed in Ap-
pendix H, whitespace tokenization yields sparse
IBM1 statistics, whereas character tokenization
changes hybrid Recall@1 from 0.2550 to 0.6450.
This post-hoc diagnostic uses the evaluation pool
without a separate Zhuang development set. Ta-
ble 11 reports the original transfer evaluation. To-
gether, these observations suggest examining both
neural headroom and whether tokenization yields
reusable bilingual lexical units when applying lexi-
cal reranking.

0.3 0.5 0.7 0.9
−0.1

0.0

+0.1

+0.2

Bahnar–Vietnamese

Zhuang–Chinese

Khmer–Vietnamese
Lao–Vietnamese

Neural first-stage Recall@1

∆
R

ec
al
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Figure 5: Neural first-stage Recall@1 and the hybrid-
minus-first-stage difference in Recall@1 across the four
pairs; Zhuang–Chinese uses character tokenization.

7 Conclusion

We compare lexical, alignment-based, neural, and
hybrid sentence retrieval for Bahnar–Vietnamese
under a common development-selection protocol.
Symmetric IBM1 is the strongest single system at
the top rank, whereas supervised DPR-XM gives
the best coverage at deeper ranks. Reranking XLM-
R LoRA candidates with IBM1 yields the highest
Recall@1 point estimate. Paired tests support the
gain over the neural first stage but not a signifi-
cant difference from symmetric IBM1 at the 0.05
level. Across three additional language pairs, pair-
specific adaptation improves neural retrieval, while
lexical reranking gains vary. Transfer diagnostics
suggest checking neural headroom and lexical rep-
resentation quality before adding reranking. These
findings can guide retrieval depth and reranking

choices for translation lookup and tools that present
candidates for human review.

Limitations

The evaluation in Section 3 focuses on Bahnar
within the Bahnaric subgroup and uses a fixed can-
didate pool with one documented counterpart per
query. Other Bahnaric languages, multiple valid
translations, missing matches, and noisy or par-
tially aligned collections require separate evalua-
tion. Adaptation findings concern XLM-R, while
cross-pair comparisons involve separately trained
models with different training-data sizes and super-
vision conditions.

Impact Statement

These findings can guide translation lookup and
parallel-data curation for underrepresented lan-
guages. Tools that help speakers and domain ex-
perts review candidate translations could support
language documentation and education. Human
validation remains appropriate in these applica-
tions and in administrative settings, where retrieval
errors may propagate into downstream resources.
Manual review of the representative sentence- and
lexicon-level examples found no personally identi-
fying information or offensive content.

Data and Code Availability

We make the data, code, and experimental artifacts
available on GitHub. The repository includes split
manifests, selected configurations, records of the
development selection, and result artifacts to docu-
ment the evaluation setup and model choices. The
code covers the comparison methods, including the
supervised modern dense retrievers, and the hybrid
pipeline. Together, these resources support inspec-
tion of the reported comparisons and reuse of the
data and retrieval components in future work.

AI Assistance Statement

We used GPT-6 Astra and Claude Opus 5.5 for
assistance with manuscript drafting and language
editing, as well as experiment implementation.
They also assisted in redrawing Figure 1 from a
sketch prepared by the authors. The authors for-
mulated the research questions, designed the ex-
periments, and conducted the analyses. All code,
results, figures, and text were reviewed and verified
by the authors, who take full responsibility for the
manuscript and its scientific claims.
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A Representative Data Examples

The examples below illustrate the lexical expres-
sions and sentence styles represented in the re-
sources used for training and evaluation.

Lexicon examples. Table 3 shows representative
Bahnar–Vietnamese lexicon entries, which include
single-word mappings and multi-word expressions.

Table 3: Representative lexicon entries.

Bahnar Vietnamese English gloss

’bia mượt mà smooth
’biah bằng phẳng flat
’blĕk ’blŏk đổi ý bất thường change one’s mind unpredictably
’brui chẳng có gì cả nothing at all
’bap ’bap mấp máy môi move one’s lips slightly

Sentence-level examples. Table 4 shows repre-
sentative sentence-level Bahnar–Vietnamese exam-
ples from the dataset, with English translations
provided for readability. The administrative and
instructional examples contain longer clauses and
specialized vocabulary, while the narrative exam-
ples illustrate other sentence styles.

B Metrics and Statistical Analysis

This section defines the metrics and statistics re-
ported in the paper. Let Q be the evaluation
queries and rank(q) the rank of the documented
counterpart of q in the list returned for q, with
rank(q) =∞ when the counterpart is not returned.

Retrieval metrics. In the primary benchmark,
Recall@t at cutoff t and MRR are

Recall@t =
1

|Q|
∑

q∈Q
1[rank(q) ≤ t],

MRR =
1

|Q|
∑

q∈Q

1[rank(q) ≤ 10]

rank(q)
.

(9)

Here, 1[·] is one when its condition holds and zero
otherwise; a counterpart not returned contributes
zero. Because each query has one documented
counterpart, Recall@t is the hit rate at cutoff t, and
Recall@1 is top-1 accuracy. MRR in the primary
benchmark is truncated at the ten highest-ranked
candidates. In the candidate-size sensitivity analy-
sis, the MRR cutoff instead follows K: reciprocal
rank is computed over all K reranked candidates.
For the hybrid, rank(q) is the position after rerank-
ing within CK(q).

First-stage coverage. First-stage Recall@K is
the fraction of queries whose counterpart is in
CK(q). Reranking only reorders CK(q), so this
value bounds hybrid Recall@t for every t, as illus-
trated in Figure 8. For t ≥ K, hybrid Recall@t
equals first-stage Recall@K.

Paired differences. For systems M1 and M2, let
µ be the per-query metric: 1[rank(q) = 1] for
Recall@1 or the truncated reciprocal rank in Equa-
tion 9 for MRR. Equation 10 defines their mean
paired difference:

∆ =
1

|Q|
∑

q∈Q
d(q), d(q) = µM1(q)− µM2(q).

(10)
The paired bootstrap resamples Q with replace-
ment 10,000 times and reports the 2.5th and 97.5th
percentiles of the resampled ∆ as the 95% CI.
The sign-flip test draws 10,000 vectors of inde-
pendent signs εq ∈ {−1,+1}. It estimates the two-
sided p-value as the fraction of draws for which∣∣ 1
|Q|

∑
q εqd(q)

∣∣ is at least |∆|.
McNemar test. For two systems M1 and M2, let
n10 be the number of queries that only M1 answers
correctly at rank 1, n01 the number that only M2

answers correctly, and nd = n10 + n01. Under the
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Table 4: Representative Bahnar–Vietnamese sentence pairs with English translations.

Domain Bahnar Vietnamese English translation

Administrative-style Sở nông nghiệp păng tơ iung pơ lei đei
xơ nong tổng hợp, pơ tâng uỷ ban nhân
dân tỉnh, Bộ nông nghiệp păng tơ iung
pơ lei adroi năr 25 rim khei (phara khei
12 pơ truh pơ tâng adroi năr 10) Păng
pơ tâng đột xuất ah đei hơ ‘nha.

Sở Nông nghiệp và Phát triển nông thôn
có trách nhiệm tổng hợp, báo cáo Ủy ban
nhân dân tỉnh, Bộ Nông nghiệp và Phát
triển nông thôn trước ngày 25 hàng tháng
(riêng tháng 12 gửi báo cáo trước ngày
10) và báo cáo đột xuất khi có yêu cầu.

The Department of Agriculture and Rural Devel-
opment is responsible for compiling and report-
ing to the Provincial People’s Committee and the
Ministry of Agriculture and Rural Development
before the 25th of each month (for December,
reports must be submitted before the 10th), and
for submitting ad hoc reports when requested.

Agricultural and
technical instruction

Wei năng rim năr; rim năr a thai ling
lang năng xu tơ drong hoat động dih ka
vă đei tơ drong xư lý ko tă ah tình huống
krup oei lech. Năng xu mă tơ pă dơng
tơ drong xa truh truh tơ drong hơ blih
môi trường( mă loi, PH hơ duh mê).

Quản lý hằng ngày: Hằng ngày phải
thường xuyên theo dõi quá trình hoạt
động của cá để có biện pháp xử lý kịp
thời khi tình huống xấu xảy ra. Theo dõi
thật kỹ từ cách cho ăn đến sự biến đổi
môi trường (đặc biệt pH, khí độc).

Daily management: Each day, the activity of the
fish must be monitored regularly so that timely
measures can be taken when adverse situations
occur. Monitoring should be very careful, from
feeding practices to changes in the environment,
especially pH and toxic gases.

Everyday narrative Kcma dang ei bë bon wih ta palei bon,
anhàk ba hloi bre bomà bon anoh!

Cho nên chúng ta sẽ về làng, dẫn theo cả
hai đầy tớ chúng ta đó.

Therefore, we will return to the village and take
both of our servants with us.

Religious-style narrative Hăp tok ko jung truh dôm linh tơ plenh,
ăm ko minh pah linh noh păng minh
pah dôm xơ nglong a thai văr truh teh,
noh hăp joa jâng tok.

Nó vươn cao tới tận các đạo binh trên
trời, làm cho một phần đạo binh đó và
một phần các tinh tú phải nhào xuống
đất, rồi nó đạp chân lên.

It grew high, reaching the armies of heaven; it
caused part of that army and some of the stars to
fall to the ground, and then it trampled on them.

null hypothesis, n10 ∼ Binomial(nd,
1
2). Equa-

tion 11 gives the exact two-sided p-value:

p = min
(
1, 2

min(n10,n01)∑

j=0

(
nd
j

)
2−nd

)
. (11)

Variation across seeds. Seed variation is re-
ported as the mean ± one sample Standard De-
viation (SD) over the S = 3 seeds:

SD =

√√√√ 1

S − 1

S∑

j=1

(aj − ā)2.

Here, aj is the metric value for run j, and ā is the
mean across runs.

Cross-pair correlation. The cross-pair associa-
tion uses Spearman’s rank correlation:

ρ = 1− 6
∑L

i=1 δ
2
i

L(L2 − 1)
,

where L = 4 is the number of language pairs and
δi is the rank difference for pair i between neural
Recall@1 and ∆Recall@1 (hybrid minus neural-
first-stage Recall@1). Neither variable has tied
ranks in this comparison.

Surface overlap and token statistics. For a sen-
tence pair (x, y), overlap is the Jaccard index
J(S, T ) = |S∩T |/|S∪T |, where S and T are the
normalized whitespace-token sets, or the character-
trigram sets, of x and y, respectively. We report
the mean over evaluation pairs and use character-
trigram Jaccard to divide the test pairs into the
quartiles shown in Figure 2. The same-script rate
is the fraction of evaluation pairs whose two sides
are written in the same script. In Table 12, average

tokens are counted per training target, the vocabu-
lary is the number of distinct token types, and the
hapax rate is the fraction of types that occur once.

C Baseline Systems

This section describes the comparison systems of
Section 4. Table 7 lists the evaluated and selected
settings of each family.

TF-IDF and BM25. Both represent each sen-
tence as a bag of character n-grams (n from 2 to 5
or from 3 to 6). TF-IDF weights n-grams by sublin-
ear term frequency and inverse document frequency
and ranks candidates by cosine similarity (Salton
and Buckley, 1988). BM25 uses k1 = 1.5 for
term-frequency saturation and b = 0.75 for length
normalization (Robertson and Zaragoza, 2009).

Levenshtein distance and token Jaccard. The
Levenshtein distance dist(q, c) counts the mini-
mum number of character insertions, deletions, and
substitutions that turn one string into the other (Lev-
enshtein, 1966); the Levenshtein ratio rescales it to
a similarity, 1− dist(q, c)/max(|q|, |c|). Lengths
here are measured in characters, whereas the IBM1
length penalty uses token counts. Token Jaccard
ranks candidates by the Jaccard index of the two
token sets (Jaccard, 1912).

fastText-Procrustes. We train 100-dimensional
skip-gram fastText embeddings (Bojanowski et al.,
2017) separately on the Bahnar and Vietnamese
sides of the sentence training pairs (window 5, 20
epochs). A sentence is embedded by mean or IDF-
weighted pooling of its word vectors. For Pro-
crustes alignment, the source and target matrices
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X and Y contain paired embeddings from the lexi-
con training split as rows, using either full lexicon
entries or entries in which both sides contain a
single token. The mapping is the orthogonal so-
lution W = UV ⊤ of minW⊤W=I∥XW − Y ∥F ,
where UΣV ⊤ is the singular value decomposi-
tion of X⊤Y , I is the identity matrix, and ∥·∥F
is the Frobenius norm (Artetxe et al., 2017). The
optional VecMap-style normalization applies unit-
length scaling and mean centering before mapping.
IBM1. IBM1 estimates the lexical translation
probabilities p(v | b) and p(b | v) by five iterations
of Expectation Maximization (EM) on the training
pairs (Brown et al., 1993). Equations 4–6 convert
these word-level probabilities into sentence scores,
combining the forward and reverse directions and
applying the selected length penalty.
Off-the-shelf encoders. We use the mBERT (De-
vlin et al., 2019), XLM-R base (Conneau et al.,
2020), multilingual MiniLM (Wang et al., 2020;
Reimers and Gurevych, 2019), and LaBSE (Feng
et al., 2022) checkpoints without further train-
ing. mBERT and XLM-R sentence embeddings
are mean-pooled token states; the two sentence-
transformer models use their native pooling.
LAMIR. LAMIR trains a single-vector dual en-
coder with a contrastive objective for language-
agnostic multilingual retrieval (Hu et al., 2023).
We use an XLM-R base backbone and select the
50-epoch checkpoint on development data.
DPR-XM. DPR-XM is the single-vector dense
passage retriever (Karpukhin et al., 2020) built on
the Cross-lingual Modular (X-MOD) base encoder
used by ColBERT-XM (Louis et al., 2025). Single-
vector sentence embeddings are scored by cosine
similarity; the 20-epoch checkpoint is selected.
ColBERT-X and ColBERT-XM. These models
use MaxSim late interaction to score a candidate by∑

imaxj e
⊤
q,iec,j , where eq,i and ec,j are the vec-

tors of query token i and candidate token j. Each
query token contributes its highest dot-product sim-
ilarity to any candidate token. ColBERT-X uses
an XLM-R base backbone (Nair et al., 2022), and
ColBERT-XM uses the X-MOD base backbone
(Louis et al., 2025). Checkpoints are evaluated
every 5,000 steps; the selected checkpoints are at
50,000 and 60,000 steps, respectively.
Full XLM-R fine-tuning. Separate Bahnar and
Vietnamese encoders are initialized from XLM-R
base and fine-tuned with all parameters. We com-
pare sentence or token pooling and identity, lin-

ear, or Multi-Layer Perceptron (MLP) projections,
using either the symmetric InfoNCE objective in
Equation 7 or its one-way variant.

D Method and Implementation Details

Algorithm 1 summarizes the adaptation procedure
in Section 4. Here, N is the number of training
pairs; superscripts B and V identify the Bahnar
and Vietnamese encoders f and projection heads g.
The symbol θ collectively denotes the LoRA param-
eters, while ϕ and ψ parameterize the projection
heads. Training pooling mtrain uses sentence mean
or token mean; retrieval pooling m additionally
supports token IDF. The optional Kabsch rotation
R and translation t are learned from the lexicon
training split. Token-level alignment requires token
mean or token IDF pooling.

D.1 Configuration Search and Selection
The searches below follow the data restrictions
and selection rule in Section 5.1. Both fastText-
Procrustes mapping and optional Kabsch alignment
are learned from the 8,285-entry lexicon training
split.

DPR-XM leads the modern dense development
comparison. Table 5 summarizes the develop-
ment results of the four modern dense retrievers,
all trained on the same 46,736 training pairs. DPR-
XM achieves the highest development Recall@1
and represents this family on the test set.

Configuration search. Table 6 summarizes the
development search for each method family; the
grid-searched families total 534 configurations.
Each fixed base representation in an embedding
family is evaluated with cosine, CSLS, and ratio
margin. The fastText-Procrustes, off-the-shelf en-
coder, XLM-R LoRA, and full XLM-R grids con-
tain 7, 8, 8, and 18 base representations, respec-
tively. The modern dense search compares four
architectures, selecting a checkpoint within each
as reported in Table 5. The hybrid grid contains
192 configurations for each stage order (XLM-R-
first and IBM1-first), for 384 configurations in total.
Table 7 lists the selected settings.

D.2 Implementation Settings

Preprocessing. We apply Normalization Form C
(canonical decomposition followed by canonical
composition) to all text, standardize apostrophe-
like and dash variants, and collapse repeated whites-
pace. Accent stripping uses Normalization Form
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Algorithm 1: Projection-based XLM-R adaptation and retrieval. θ denotes the LoRA parameters. Poolm projects after
mean pooling (m = sentence mean) or before mean or IDF pooling (m = token mean, token IDF).

Input: training pairs Dtrain = {(xi, yi)}Ni=1, lexicon training split Dlex, queries Q, candidate pool
C, training and retrieval pooling modes mtrain and m, alignment setting (none, token,
sentence), retrieval score s ∈ {cos, sCSLS, smargin}

Output: ranking of C for each q ∈ Q
1 fBθ , f

V
θ ← AddLoRA(XLM-R); initialize projection heads gBϕ , g

V
ψ ;

2 foreach minibatch {(xi, yi)}Bi=1 ⊂ Dtrain across all training epochs do
3 ui ← Poolmtrain(g

B
ϕ , f

B
θ (xi)); vi ← Poolmtrain(g

V
ψ , f

V
θ (yi));

4 update θ, ϕ, ψ to minimize L in Equation 7;

5 if Kabsch alignment is enabled then
6 (R, t)← Kabsch(Dlex);

7 if token-level Kabsch is enabled then
8 map each projected source token vector z to Rz+ t inside Poolm before pooling;

9 uq ← Poolm(gBϕ , f
B
θ (q)) for q ∈ Q; vc ← Poolm(gVψ , f

V
θ (c)) for c ∈ C;

10 if sentence-level Kabsch is enabled then
11 uq ← Ruq + t for q ∈ Q;

12 foreach q ∈ Q do
13 rank c ∈ C by s(q, c) computed from cos(uq,vc); // Equations 2–3, k = 10

Table 5: Development Recall@1/5/10 of the four in-
domain modern dense retrievers, all trained on the same
46,736 training pairs, and their selected checkpoints.

Method Checkpoint R@1 R@5 R@10

DPR-XM 20 epochs 0.5766 0.7403 0.7869
LAMIR 50 epochs 0.5381 0.7147 0.7711
ColBERT-X 50,000 steps 0.4471 0.5941 0.6450
ColBERT-XM 60,000 steps 0.4224 0.5668 0.6136

Table 6: Development search size (#) and selected Re-
call@1 by method family. Counts refer to architectures
for modern dense retrieval and configurations otherwise.

Family # Dev R@1

Surface lexical 16 0.0637
Edit distance 6 0.0760
fastText-Procrustes 21 0.1916
IBM1 5 0.4080
Off-the-shelf encoders 24 0.0630
Modern dense retrieval 4 0.5766
XLM-R LoRA 24 0.5094
Full XLM-R 54 0.2998
Hybrid 384 0.6103

D (canonical decomposition) followed by removal
of combining marks. Punctuation removal replaces

non-word, non-space characters with whitespace.
Table 7 lists the evaluated settings and highlights
selected values. We evaluate subsets of these com-
binations, with counts in Table 6.

Implementation and retrieval. All first-stage
methods score the full development or test pool
using the representations in Appendix C. For fami-
lies evaluated with cosine, CSLS, and ratio margin,
we precompute embeddings and the full cosine-
similarity matrix. CSLS and ratio-margin neighbor-
hood statistics (k = 10) are computed before rank-
ing and top-K truncation. We use ϵnum = 10−8

for the ratio-margin denominator, ϵ = 10−9 for
IBM1 lexical probabilities, and ϵnorm = 10−12 for
min–max normalization. The reranker reuses the
IBM1 lexical tables to score retained candidates.

Hardware and software. We implement all ex-
periments in Python 3.11 with NumPy (Harris et al.,
2020), pandas (McKinney, 2010), scikit-learn (Pe-
dregosa et al., 2011), gensim (Řehůřek and Sojka,
2010), PyTorch (Paszke et al., 2019), Hugging Face
Transformers (Wolf et al., 2020), SentenceTrans-
formers (Reimers and Gurevych, 2019), and PEFT
(Mangrulkar et al., 2022) as applicable. Neural
jobs use one GPU, four CPU cores, and 16 GB of
memory. Maximum sequence lengths are 256 for
XLM-R LoRA and 128 for DPR-XM. Table 8 lists
the XLM-R LoRA and hybrid hyperparameters.
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Table 7: Evaluated settings by method family; highlighted values are development-selected. A, P, and S denote
removal of accents, punctuation, and spaces.

Family Setting Evaluated values

Surface lexical
Scoring TF-IDF, BM25
Character n-grams 2–5, 3–6
Text normalization raw, A, A+P, A+P+S

Edit distance
Measure Levenshtein distance, Levenshtein ratio, token Jaccard
Text normalization raw, A, A+P, A+P+S

fastText-Procrustes

Alignment unit full lexicon entry, single-token entry
Pooling mean, IDF
Embedding normalization none, VecMap
Text normalization raw, P, A+P
Retrieval criterion cosine, CSLS, ratio margin

IBM1
Direction forward, symmetric
Text normalization raw, A, A+P
Length penalty λ 0, 0.1

Off-the-shelf encoders
Model mBERT, XLM-R, multilingual MiniLM, LaBSE
Text normalization raw, A+P
Retrieval criterion cosine, CSLS, ratio margin

Modern dense retrieval
Architecture LAMIR, DPR-XM, ColBERT-X, ColBERT-XM
Checkpoint selected per architecture; 20 epochs for DPR-XM

XLM-R LoRA

Pooling sentence mean, token mean, token IDF
Kabsch alignment none, sentence-level, token-level
Retrieval criterion cosine, CSLS, ratio margin
Epochs 50

Full XLM-R

Pooling sentence, token
Projection identity, linear-256, MLP-128, MLP-256
Objective one-way, symmetric InfoNCE
Temperature / learning rate 0.05, 0.07 / 5× 10−6, 10−5

Epochs 3, 5, 10
Retrieval criterion cosine, CSLS, ratio margin

Hybrid

Stage order IBM1-first, XLM-R-first
Candidate-set size K 5, 10
Neural score raw, reciprocal rank
Score normalization min–max, rank
Combination weighted sum, weighted product
Weights (α, β), γ = 0 (1, 0), (0.75, 0.25), (0.5, 0.5), (0.25, 0.75), (0, 1)
Weights (α, β, γ), γ > 0 (0.5, 0.4, 0.1)
Length penalty λ 0, 0.1

E Development and Overlap Analysis

The development-set comparisons below explain
the configuration choices evaluated in Table 2. A
separate held-out surface-overlap diagnostic exam-

ines where the selected systems succeed.
Development and test pools. Table 6 reports the
development Recall@1 of each selected configu-
ration. The development pool contains 5,194 can-
didates, whereas the test pool contains 2,001. De-
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Table 8: Training and reranking hyperparameters of
XLM-R LoRA and the hybrid. Bahnar denotes Bahnar–
Vietnamese, and Transfer the other three pairs.

Hyperparameter Bahnar Transfer

XLM-R LoRA
Initialization XLM-R base XLM-R base
LoRA rank 8 8
LoRA scaling 16 16
LoRA dropout 0.05 0.05
Pooling token mean token mean
Projection dimension 256 256
Max. sequence length 256 256
Epochs 50 10
Learning rate 2× 10−4 2× 10−4

Temperature τ 0.07 0.07
Seed 42 42

Retrieval
Criterion ratio margin CSLS
Neighborhood size k 10 10
Kabsch alignment none none

Hybrid
Candidate-set size K 10 10
Weights (α, β, γ) (0.25, 0.75, 0) (0.5, 0.5, 0)
Length penalty λ 0.1 0.1
IBM1 EM iterations 5 5

velopment scores therefore compare configurations
within that pool; differences from test scores also
reflect the change in candidate pool.

The best retrieval criterion depends on the rep-
resentation. Neighborhood correction generally
improves over cosine, but neither CSLS nor ratio
margin dominates across representations. Table 9
compares the three criteria with representation and
preprocessing held fixed within each row. Under
the selection order in Appendix D, LaBSE ties on
Recall@1 under CSLS and ratio margin, with ratio
margin selected by MRR. Full XLM-R ties on both
metrics, with CSLS selected by Recall@5.

Hybrid stage order. Figure 6 compares the best
development configuration for each stage order.
The selected score weights also differ: in Equa-
tion 8, the IBM1-first configuration uses α = 0.75
and β = 0.25, and the XLM-R-first configuration
uses α = 0.25 and β = 0.75. The stronger devel-
opment results of the XLM-R-first configuration
motivate generating candidates with XLM-R LoRA
and reranking them with IBM1, the pipeline evalu-

Table 9: Development Recall@1 under cosine, CSLS,
and ratio margin (Margin). Scores are compared within
each row; tied scores share a mark.

Representation Cosine CSLS Margin

fastText-Procrustes 0.1323 0.1902 0.1916
mBERT 0.0347 0.0356 0.0348
Off-the-shelf XLM-R 0.0239 0.0275 0.0277
Multilingual MiniLM 0.0273 0.0306 0.0287
LaBSE 0.0522 0.0630 0.0630
XLM-R LoRA 0.4686 0.5079 0.5094
Full XLM-R 0.2738 0.2998 0.2998

ated on the test set in Section 5.2.

0.5 0.6 0.7 0.8

Hybrid R@1

Hybrid MRR

Hybrid R@5

First-stage R@10

Development metric value

IBM1-first XLM-R-first

Figure 6: Development results of the best hybrid config-
uration for each first-stage retriever, both with K = 10.

BM25 and fastText reverse their ordering across
overlap quartiles. We analyze the development-
selected BM25 and fastText-Procrustes systems on
the held-out test set to examine how their relative
performance varies with surface overlap. Table 10
reports mean token and character-trigram Jaccard
overlap after normalization. Figure 2 separates
the pairs into character-trigram-overlap quartiles,
revealing the reversal in method ordering between
low- and high-overlap pairs. Q1 contains the 498
queries with the lowest overlap; Q2–Q4 contain
501 queries each.

F Uncertainty and Sensitivity to K

We examine three aspects of the hybrid results:
uncertainty in paired comparisons, variation across
training seeds, and sensitivity to K.

F.1 Paired Comparisons
We compare the development-selected XLM-R-
first IBM1 hybrid with symmetric IBM1 and with
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its XLM-R LoRA first stage using matched out-
comes on the 2,001 held-out queries. Following
standard practice for significance testing in NLP
(Dror et al., 2018), we use exact McNemar tests
(McNemar, 1947) for Recall@1, paired bootstrap
(Efron and Tibshirani, 1994; Koehn, 2004) 95%
CIs for differences in Recall@1 and MRR, and
paired sign-flip tests. The bootstrap and sign-flip
procedures each use 10,000 samples. Figure 3
shows the hybrid-minus-comparator differences
with their CIs.

Paired tests support the gain over the neural
first stage. Recall@1 improves by 0.1514 with a
95% CI of [0.13343, 0.17042], and MRR improves
by 0.1117 with a CI of [0.09876, 0.12519]. Both
intervals exclude zero. At rank 1, 359 queries are
answered correctly only by the hybrid and 56 only
by the first stage. The exact McNemar test gives
p = 3.29 × 10−55, and both sign-flip tests give
p < 0.001 as well.

The gain over symmetric IBM1 is not statisti-
cally significant. The hybrid has higher point
estimates than symmetric IBM1, but the paired
differences are not significant at the 0.05 level.
The Recall@1 gain is 0.0230 with a 95% CI of
[−0.00001, 0.04748]; the MRR gain is 0.0120 with
a CI of [−0.01019, 0.03461]. Both intervals in-
clude zero. At rank 1, 317 queries are answered
correctly only by the hybrid and 271 only by IBM1.
The exact McNemar test gives p = 0.0634, and the
Recall@1 sign-flip test gives p = 0.0653.

F.2 Variation Across Training Seeds

Reranking improves retrieval in each of the three
training runs shown in Figure 7. We repeat the
development-selected XLM-R LoRA configuration
with seeds 42, 13, and 87, retaining all runs and
fixing the architecture, preprocessing, retrieval cri-
terion, and K = 10 hybrid configuration. Mean
Recall@1 increases from 0.3951± 0.0265 for the
neural first stage to 0.5440 ± 0.0280 for the hy-
brid, where variation is one sample SD. The corre-
sponding MRR values are 0.4757 ± 0.0261 and
0.5840 ± 0.0257. Recall@1 gains range from
0.1369 to 0.1584 across the runs, and all three hy-
brid runs exceed symmetric IBM1 (0.4933).

F.3 Sensitivity to Candidate Size

Sensitivity setup. To characterize the candidate-
recall bottleneck, we rerun the selected hybrid with
K ∈ {1, 3, 5, 10, 20, 50, 100}, keeping its stage or-
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Figure 7: Recall@1 and MRR of the XLM-R LoRA
first stage and the hybrid for three training seeds on the
2,001-query test set. The bottom row shows the mean
±1 sample SD; the dotted line is symmetric IBM1.
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Figure 8: Hybrid retrieval and first-stage coverage
(Recall@K) on the 2,001-query test set. MRR uses
all K retained candidates. The dotted line marks the
selected K = 10; other values are post hoc.

der, retrieval criterion, normalization, interpolation
weights, and IBM1 length penalty fixed. Values
for K ̸= 10 are post hoc and do not change the
selected configuration, which uses K = 10.

Coverage and metric cutoffs. The first-stage
Recall@K curve gives the fraction of queries
whose counterpart is retained for reranking and
therefore provides an upper bound on recall attain-
able from that candidate set. Figure 8 reports how
retrieval performance and first-stage candidate cov-
erage vary with K. When an evaluation cutoff ex-
ceeds K, recall is computed over the available can-
didates, so hybrid Recall@5 and Recall@10 equal
the first-stage ceiling for K ≤ 5 and K ≤ 10, re-
spectively; MRR is computed over the K reranked
candidates. AtK = 1, reranking cannot change the
first-stage decision, so every metric equals 0.3648.
Section 5.2 relates the gains at larger K to the in-
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Table 10: Data sizes and surface-overlap statistics of the four language pairs. Each evaluation set is also the
candidate pool; for Bahnar–Vietnamese, it is the held-out test set.

Statistic Bahnar–Vietnamese Khmer–Vietnamese Lao–Vietnamese Zhuang–Chinese

Data
Training pairs 46,736 997 997 4,944
Development pairs 5,194 – – –
Evaluation pairs 2,001 1,012 1,012 200

Overlap
Token Jaccard 0.0986 0.0186 0.0359 0.0018
Char. 3-gram Jaccard 0.1114 0.0207 0.0246 0.0001
Same-script rate 1.0000 0.0020 0.0069 0.0000

Table 11: Retrieval results on FLORES Khmer–Vietnamese and Lao–Vietnamese, and Zhuang–Chinese. Scores are
compared within each pair.

Pair Method R@1 MRR R@5 R@10

Off-the-shelf XLM-R, cosine 0.1700 0.2442 0.3468 0.4427
Off-the-shelf XLM-R, CSLS 0.5030 0.5806 0.6828 0.7569
XLM-R LoRA, cosine 0.7441 0.8233 0.9289 0.9585
XLM-R LoRA, CSLS 0.8014 0.8631 0.9407 0.9694

Khmer–Vietnamese

Hybrid 0.7638 0.8322 0.9180 0.9694

Off-the-shelf XLM-R, cosine 0.3320 0.4274 0.5553 0.6512
Off-the-shelf XLM-R, CSLS 0.6630 0.7368 0.8370 0.8715
XLM-R LoRA, cosine 0.7905 0.8580 0.9506 0.9694
XLM-R LoRA, CSLS 0.8458 0.8982 0.9654 0.9802

Lao–Vietnamese

Hybrid 0.7925 0.8587 0.9496 0.9802

Off-the-shelf XLM-R, cosine 0.0000 0.0172 0.0400 0.0700
Off-the-shelf XLM-R, CSLS 0.0100 0.0302 0.0400 0.1050
XLM-R LoRA, cosine 0.5100 0.6249 0.7750 0.8500
XLM-R LoRA, CSLS 0.5700 0.6788 0.8400 0.8850

Zhuang–Chinese

Hybrid 0.2550 0.4712 0.7350 0.8850

Table 12: Post-hoc Zhuang–Chinese IBM1 tokenization diagnostic. Token statistics are computed on the 4,944
normalized Chinese training targets. R@10 is identical for all tokenizations and is left unmarked.

Chinese tokenization Avg. tokens Vocab. Hapax R@1 MRR R@5 R@10

Whitespace 2.24 9,649 92.5% 0.2550 0.4712 0.7350 0.8850
Character 18.01 2,235 19.3% 0.6450 0.7568 0.8850 0.8850
Chinese BERT WordPiece 17.88 2,376 20.9% 0.6450 0.7565 0.8800 0.8850

creased first-stage coverage.

G Transfer Setups and Results

These experiments evaluate models trained sepa-
rately for each language pair under the setups be-
low. They use the fixed hyperparameters listed in
Table 8, with a batch size of 16 and gradient accu-
mulation over 2 steps, without the development se-

lection used for Bahnar–Vietnamese in Section 5.1.
Table 10 gives the data sizes and surface overlap of
each pair. A separate exploratory analysis evaluates
zero-shot checkpoint transfer.

FLORES transfer setup. Khmer–Vietnamese
and Lao–Vietnamese use the aligned FLORES de-
velopment pairs as training data and the FLORES
devtest split as the evaluation pool. Each source-
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language sentence is a query, and all Vietnamese
sentences in this pool are candidates. The hybrid
uses fixed 0.5/0.5 neural–IBM1 weights instead
of the 0.25/0.75 weights selected on the Bahnar–
Vietnamese development data.
Zhuang–Chinese transfer setup. This experi-
ment uses the parallel corpus released with Zhuang-
Bench (Zhang et al., 2024), whose separate evalu-
ation set lets each Zhuang query rank all Chinese
candidates. The LoRA model is trained on the
Zhuang–Chinese pairs rather than transferred from
the Bahnar–Vietnamese checkpoint, and the IBM1
component uses whitespace tokenization on the
Chinese side. Appendix H examines the effect
of this tokenization choice. Table 11 summarizes
the transfer results for Khmer–Vietnamese, Lao–
Vietnamese, and Zhuang–Chinese retrieval.

Table 13: Exploratory strict Bahnar-checkpoint transfer
to Zhuang–Chinese retrieval.

Scoring R@1 MRR R@5 R@10

Cosine 0.0450 0.1200 0.1750 0.2700
CSLS (k = 10) 0.0600 0.1437 0.2100 0.3200

Zero-shot checkpoint transfer. This experiment
applies a Bahnar–Vietnamese checkpoint, consist-
ing of LoRA adapters and projection heads, directly
to the 200 Zhuang–Chinese evaluation pairs with-
out Zhuang–Chinese training or selection. The
checkpoint predates the train/development split
used in the main comparison and is evaluated sepa-
rately. Pair-specific Zhuang–Chinese training gives
higher retrieval scores than the checkpoint-transfer
results in Table 13.

H Cross-Pair Reranking Diagnostics

Reranking gains vary across the evaluated language
pairs. The following post-hoc analyses examine
neural headroom, lexical tokenization, and surface
overlap to interpret these differences; they are sep-
arate from configuration selection.
Neural first-stage headroom. Figure 5 plots neu-
ral Recall@1 against the change produced by hy-
brid reranking to examine whether stronger first-
stage rankings leave less room for improvement.
For Zhuang–Chinese, the hybrid value comes from
the tokenization diagnostic described below. As
discussed in Section 6, the observed association is
a diagnostic across the evaluated settings, whose
data and supervision conditions differ.

Chinese tokenization changes hybrid perfor-
mance with other settings fixed. To isolate the
effect of tokenization on the result in Table 11,
we vary Chinese tokenization while holding the
4,944 training pairs, neural top-10 candidates, five
IBM1 iterations, preprocessing, length penalty, and
0.5/0.5 interpolation weights fixed. Table 12 re-
ports the resulting lexical statistics and retrieval
scores. Whitespace tokenization yields sparse Chi-
nese lexical statistics: 48.9% of training targets
contain at most one token, and most vocabulary
types are hapaxes. Character tokenization and the
WordPiece tokenizer of Chinese BERT (Devlin
et al., 2019) both reach 0.6450 Recall@1 and yield
identical top-1 predictions on all 200 queries. The
improvement with the same training pairs points
to tokenization mismatch as the main issue in this
setup. These alternatives are post-hoc diagnostics
without a Zhuang development set.

Surface overlap alone does not explain cross-
pair reranking gains. Table 10 reports surface-
overlap statistics for the four language pairs. Rela-
tive retrieval performance varies with surface over-
lap within Bahnar–Vietnamese, as shown in Fig-
ure 2, but the cross-pair results do not support us-
ing overlap alone as a decision threshold for lexical
reranking. In particular, the Zhuang tokenization di-
agnostic shows a positive hybrid gain even though
Zhuang–Chinese has the lowest surface overlap.
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