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Abstract
Machine Translation (MT) for low-resource
languages has been challenging so far, mainly
due to the small size or lack of parallel sen-
tences. Parallel sentence mining and filtering
are two automatic approaches which aim to
identify and curate such resources. Yet, they
usually rely on multilingual representation as
a backend, which is known to be of poorer
quality for low-resource language pairs, lead-
ing to the introduction of noisy pairs. We de-
vise SNAPP, a post-processing pipeline which
combines a segment-level filtering technique
with an unsupervised neural aligner to remove
highly similar but non-parallel sentence pairs.
Modular components further enable more spe-
cific adaptation to the language pair under con-
sideration. We evaluate filtering performance
on three language pairs of varying typologi-
cal distance. Finally, we show improvement on
the downstream MT performance with our post-
processing pipeline for the two harder language
pairs.

1 Introduction

While Neural Machine Translation (NMT) achieves
impressive performance in high-resource settings
(Vaswani et al., 2017), its effectiveness drops signif-
icantly when applied to languages with limited par-
allel data (Kvapilíková and Bojar, 2023, inter alia).
As the main bottleneck comes from the scarcity of
data for such languages, a notable approach is to
build such training corpora automatically from ex-
isting data. Parallel sentence mining, hence, aims
to extract pairs of translated sentences from two
monolingual corpora of comparable domains but
not sentence-aligned (Zweigenbaum et al., 2017).
However, embedding-based extraction approaches
are prone to erroneously pairing sentences that ex-
hibit high lexical similarity but diverge in meaning
(Hangya and Fraser, 2019).

In this article, we hence introduce SNAPP

(Segment-level Neural Alignment Post-

Processing), a post-processing pipeline designed
to improve the quality of mined parallel corpora
in low-resource settings. Our approach combines
the segment-level filtering approach of Hangya
and Fraser (2019) with the neural alignments from
SimAlign (Jalili Sabet et al., 2020). We extend
it with additional noise-reduction techniques,
including vector space correction, stop-word
filtering, and punctuation handling. We evaluate
the effectiveness of our approach by applying the
filtering pipeline to the BELOPSEM dataset (Okabe
et al., 2025b), which features three low-resource
language pairs with varying degrees of typological
distance: Occitan–Spanish (OCI–ES), Chuvash–
Russian (CHV–RU), and Upper Sorbian–German
(HSB–DE). Our filtering pipeline yields perfor-
mance improvements across all evaluated pairs,
systematically increasing retrieval scores over the
baseline mining pipeline.

Furthermore, we investigate the impact of the
resulting corpus quality on downstream MT perfor-
mance for the HSB–DE and CHV–RU language pairs.
We compare the NLLB model (NLLB Team et al.,
2024) across four distinct training configurations: a
zero-shot baseline, alongside three fine-tuned vari-
ants based on mined and filtered translation pairs.
We observe improvement thanks to our approach,
as more parallel pairs are found.

Our main contributions are as follows: (1) We
propose a post-processing pipeline for parallel sen-
tence filtering that integrates an unsupervised neu-
ral aligner into a segment-level filtering approach,
with modular components for language-specific
adaptation. (2) We empirically demonstrate the ro-
bustness and effectiveness of our pipeline across
three low-resource language pairs of varying typo-
logical distances. (3) We show that the improved
parallel corpus quality directly leads to enhanced
downstream NMT performance.
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We publicly release the SNAPP pipeline.1

2 Related Work

2.1 Parallel sentence mining and filtering

Mining Given the scarcity of parallel training
data for NMT models in low-resource scenarios,
parallel sentence mining aims to identify transla-
tion pairs in comparable monolingual texts, where
sentences are not aligned. The BUCC 2017 Shared
Task (Zweigenbaum et al., 2017) established a
benchmark and evaluation protocol for the task, fo-
cusing on four high-resource language pairs. Later
approaches improved mining quality with sentence-
level embeddings to identify such translation pairs
(i.a., Artetxe and Schwenk, 2019).

Filtering Mined corpora are known to contain
non-translation pairs, which affect the quality of
the downstream MT performance. Parallel sen-
tence filtering aims to remove such noise to com-
pile a high-quality parallel training data. The WMT
2018 and 2019 Shared Tasks (Koehn et al., 2018,
2019) focused on cleaning the provided noisy par-
allel corpora and evaluated their success based
on the performance of the trained MT systems.
While Koehn et al. (2018) provided noisy data for
the high-resource English–German language pair,
Koehn et al. (2019) introduced a low-resource sce-
nario to increase the task’s complexity, where di-
rect filtering via multilingual sentence embeddings
proved highly effective (Chaudhary et al., 2019).

Building upon these efforts, Sloto et al. (2023)
focused on the entire data curation process by pro-
viding participants with unaligned monolingual
corpora before any sentence mining. In these sen-
tence extraction pipelines, cross-lingual sentence
embeddings have proven highly advantageous for
initial candidate retrieval in low-resource scenarios
(Chaudhary et al., 2019; Koehn et al., 2019). How-
ever, such embedding-based approaches are prone
to erroneously pairing sentences that exhibit high
lexical similarity but diverge in meaning (Hangya
and Fraser, 2019). Therefore, recent Shared Task
findings advocate for the subsequent application
of robust alignment and data filtering steps (Sloto
et al., 2023), for instance, through a combination
of fine-grained sentence alignment and multi-stage
filtering heuristics (Steingrimsson, 2023).

Another approach to remove noisy pairs from
parallel corpora is to rely on classification tools,

1https://github.com/TUM-NLP/SNAPP

such as Bicleaner (Zaragoza-Bernabeu et al., 2022)
or the approach of Jiang et al. (2026). They need,
however, to be trained on parallel corpora. We do
not consider classification systems, as such transla-
tion pairs are scarce.

2.2 Mining for low-resource languages

Multilingual embedding-based methods have also
been successfully applied to mine parallel data to
noticeably improve low-resource Machine Transla-
tion (Kvapilíková and Bojar, 2023). Yet, previous
work mostly relied on fine-tuning or distilling ex-
isting multilingual models with parallel data (Hef-
fernan et al., 2022; Tan et al., 2023), while such
resources are limited for low-resource language
pairs. The PaSeMiLL mining pipeline (Okabe and
Fraser, 2025) provides a standardized setting to
evaluate such embedding-based extraction meth-
ods in low-resource settings. The pipeline com-
putes sentence embeddings by mean-pooling token
embeddings extracted from a pre-trained language
model. To identify semantically related sentence
pairs, it evaluates candidate similarities using the
Cross-Domain Similarity Local Scaling (CSLS)
metric (Lample et al., 2018), which mitigates the
hubness problem in vector spaces. Subsequently,
candidate pairs are filtered out if their similarity
score falls below a threshold computed dynam-
ically (Okabe and Fraser, 2025). Additionally,
the implementation allows for the application of
Cluster-based Isotropy Enhancement (CBIE) (Ra-
jaee and Pilehvar, 2021), which locally corrects
embedding biases to improve overall vector-space
isotropy before the extraction.

3 Background

3.1 UnsupPSE: Segment-level filtering

To filter out sentence pairs with high lexical overlap
but diverging meaning, Hangya and Fraser (2019)
propose ‘UnsupPSE’, an algorithmic segment-level
filtering approach. Operating strictly on the word
level, the method greedily aligns each source
word si to its most similar target word tj using
static embeddings evaluated via the CSLS metric
and orthographic similarity. Unaligned tokens re-
ceive a similarity value of zero. To accommodate a
small amount of unaligned words, similarity scores
are smoothed using a window-based local average.
A token sequence forms a contiguous segment if
all averaged scores exceed a predefined threshold.
Figure 2 in Appendix A shows the window-based

https://github.com/TUM-NLP/SNAPP


248

averaging of a HSB–DE candidate pair.
Each segment is matched at most once to the

counterpart sharing the highest number of word
alignments. To reduce noise, candidate segment
pairs are discarded if they fail to meet constraints
on minimum length or maximum length difference
(default: 5 words).

Finally, the overall similarity of the candidate
pair is evaluated using a combined metric that
weights the sum of all alignment similarities by
the length of the longest segment, normalized by
the respective lengths of the source and target sen-
tences. The candidate pair is retained if this final
score exceeds a tunable threshold.

3.2 SimAlign: Neural word alignment
Statistical alignment methods, such as fast_align
(Dyer et al., 2013), require large amounts of par-
allel data for reliable bilingual alignments, which
makes them ill-suited to low-resource scenarios.
This motivates the use of unsupervised neural align-
ers, which rely primarily on semantic similarity
rather than co-occurrence. A state-of-the-art neu-
ral alignment tool is SimAlign (Jalili Sabet et al.,
2020), which leverages pre-trained multilingual
word embeddings to determine the semantic simi-
larity between source and target tokens. This neural
unsupervised approach is particularly beneficial in
low-resource scenarios, as it allows for zero-shot
use without requiring parallel training data. By
relying on cross-lingual transfer, it can establish re-
liable mappings provided that the underlying multi-
lingual language model offers meaningful semantic
representations for the specific low-resource lan-
guage. SimAlign provides three distinct alignment
heuristics (Argmax, Itermax, and Match), which of-
fer different trade-offs between alignment precision
and recall. We detail the methods in Appendix B.

4 Filtering pipeline

Our SNAPP filtering pipeline essentially combines
the UnsupPSE approach (Hangya and Fraser, 2019)
with the neural alignment tool SimAlign (Jalili Sa-
bet et al., 2020). Figure 1 provides a summarized
overview of the pipeline.

4.1 Pre-processing
Tokenization and embedding The filtering
pipeline receives a candidate sentence pair in the
source and target languages. Using a multilingual
pretrained language model (mPLM) and its tok-
enizer, the pipeline tokenizes both sentences and

extracts their contextualized embeddings. Further-
more, as in the UnsupPSE approach, subword to-
kens are aggregated to the word level (based on
whitespace and punctuation boundaries) by aver-
aging their respective embeddings. An example of
this token aggregation is provided in Appendix C.

Mean vector subtraction To mitigate the ‘Cone
Effect’ (Ethayarajh, 2019), the resulting vectors are
then centered by subtracting the language-specific
mean vector. This mean vector is computed before
the pipeline’s execution by averaging the embed-
dings of all tokens from the initial monolingual
corpus of the respective language. We consider two
computation methods: either from a fixed mono-
lingual corpus only (‘static’) or from the dataset to
process (‘dynamic’) for better adaptability.

4.2 Word alignment and token similarity
Word alignment After the pre-processing step,
we apply the neural alignment tool SimAlign
(Jalili Sabet et al., 2020) to words. Following
Jalili Sabet et al. (2020), we extract contextual-
ized representations from the 8th layer of the lan-
guage model across the entire pipeline, including
for SimAlign. Among its three alignment heuris-
tics, we mainly use the Argmax strategy due to its
stricter alignment criterion (cf. Appendix B). It
notably leads to high precision with minimal false
positives that could negatively affect later scoring.
These word alignments are later used to compute
cosine similarity scores instead of CSLS. Because
our pipeline processes candidate pairs sequentially,
computing the neighborhood-based CSLS score
for contextualized word representations across the
entire vocabulary would be computationally pro-
hibitive. Instead, pairing standard cosine similarity
with mean-vector subtraction provides an efficient
and effective alternative to counteract vector space
anisotropy. We rely on the aggregated word-level
embeddings to assess the semantic similarity of the
aligned pairs.

Stop-word filtering To further reduce noise, the
filtering pipeline can additionally ignore unaligned
stop-words given their limited semantic value. Due
to typological differences in a language pair, such
words can be less frequent or absent in one of the
two languages (e.g., articles in Slavic languages).
Since they can break segment-level alignments on
one or both sides of a pair, we allow this step to be
applied independently to the source (‘src’) or the
target (‘trg’). This post-processing module relies
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Figure 1: Simplified visualization of the proposed filtering approach: SNAPP.

on a list of stop-words. Appendix D describes
how we collected the stop-words for three of the
languages which did not have available lists.

4.3 Parallel segment extraction
Following the segment-level approach of Hangya
and Fraser (2019), the cosine similarity scores are
averaged using a window-based method, to bridge
small semantic gaps between token alignments (cf.
Figure 2). Crucially, this smoothing compensates
for certain missed alignments (i.e., false negatives)
from the previous step. However, it is simultane-
ously highly sensitive to false-positive alignments,
which would artificially inflate adjacent scores dur-
ing the averaging process. Thus, this windowing
technique complements the conservative Argmax
alignment strategy well. Tokens with an averaged
similarity score exceeding a tunable threshold are
aggregated into contiguous segments. The target
segments are then mapped to their respective source
segments via a greedy assignment strategy based
on the number of shared alignments. We enforce a
0.25 upper bound on the relative length difference
between paired segments. This step aims to iden-
tify truly parallel segments while simultaneously
mitigating additional noise by penalizing unaligned
or non-parallel text spans.

4.4 Filtering
Finally, we compute a filtering score S according to
Equation (1) to determine whether a candidate pair
should be retained. This formula formalizes the
segment-weighted scoring metric as implemented
in Hangya and Fraser (2019):

S(s, t) =

∑
(si,tj)∈A

sim(si, tj)

|t|
· |segmax|

|s|
, (1)

where A represents the set of all aligned word pairs
(si, tj) obtained via SimAlign (Jalili Sabet et al.,
2020), sim(si, tj) denotes their cosine similarity
score, segmax corresponds to the longest extracted

segment in the source sentence s, and |s| and |t|
represent the respective lengths of the source and
target sentences after any applied stop-word re-
moval.

Although the formula remains identical to that
of Hangya and Fraser (2019), the underlying com-
ponents are derived through distinct methodologies.
Specifically, we substitute the static dictionary-
based word alignments with SimAlign, replace the
CSLS score with the cosine similarity, and we ad-
ditionally remove stop-words, notably altering the
algorithm’s behavior. If the score S exceeds a tun-
able threshold α, the candidate sentence pair is
retained, otherwise it is discarded.

5 Sentence filtering experiments

5.1 Sentence mining setup

5.1.1 Datasets and languages

We evaluate the efficacy of our SNAPP filtering
approach and focus on the language pairs in BE-
LOPSEM,2 a mining benchmark for low-resource
languages (Okabe et al., 2025b). It features three
language pairs of varying language proximity (and
hence difficulty): Occitan–Spanish, Upper Sorbian–
German, and Chuvash–Russian. Here, each low-
resource source language is paired with a high-
resource target language.

The design of the corpus follows the established
BUCC Shared Task method (Zweigenbaum et al.,
2017): true translation pairs have been randomly
injected in two comparable but non-parallel mono-
lingual corpora. The aim is hence to retrieve only
the parallel sentences with minimal noise.

Table 1 details the sentence counts for each
dataset of a language pair in BELOPSEM. The train-
ing set is a small set to set the filtering threshold,
while the test set is larger to replicate an actual
mining scenario.

2https://github.com/shuokabe/Belopsem

https://github.com/shuokabe/Belopsem
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Language Train Test

pairs source target parallel source target parallel

OCI–ES 7,899 7,780 486 23,675 23,334 1,457
CHV–RU 7,998 7,994 499 23,995 23,985 1,498
HSB–DE 15,980 15,999 1,000 47,847 47,999 3,000

Table 1: Number of sentences in the BELOPSEM dataset.

5.1.2 Baseline mining systems
To establish a robust baseline for evaluating our ap-
proach, we employ the PaSeMiLL mining pipeline.
We consider two settings where Glot500-m (Imani
et al., 2023) serves as the model backend, following
(Okabe et al., 2025b). This mPLM extends XLM-R
(Conneau et al., 2020) specifically to low-resource
languages. It notably covers the three low-resource
languages of the mining benchmark.

First, we consider its setting with the improved
cross-lingual representation (with Cluster-Based
Isotropy Enhancement, or CBIE) and denote it as
the ‘baseline’. We also report the performance with
the pipeline’s native post-processing approach as
‘baseline+PP’, where sentences are ranked accord-
ing to the ratio of aligned words in a sentence pair.
This setting also uses a lower similarity threshold
to start from a larger pool of sentence pairs (and
thus a higher recall value).

5.1.3 Mining evaluation
We assess the quality of the final mined and filtered
corpora using the standard precision (‘P’), recall
(‘R’), and F1-score (‘F’) metrics with the provided
gold sentence pairs. We also report the number of
sentence pairs (‘#Pairs’) after mining or filtering.

5.2 Post-processing: Main results

Overall performance Table 2 illustrates the per-
formance gains achieved by our post-processing
approach in its optimal configuration for each lan-
guage pair. Compared to both the standard baseline
and its native post-processing setting, our filter-
ing pipeline consistently increases the F1-score
across all three language pairs. Applying this
post-processing step allows the PaSeMiLL min-
ing pipeline to operate with a low filtering thresh-
old (here: −1.0) in order to maximize initial re-
call. Although this approach successfully increases
recall, it inherently leads to a substantial rise in
false positives. While our filtering pipeline yields
precision for OCI–ES that is comparable to the
base PaSeMiLL mining pipeline, it demonstrates
a notable improvement in precision for CHV–RU

Method P R F ∆ F #Pairs

Occitan–Spanish (OCI–ES)

baseline 90.50 77.14 83.29 Ref. -
baseline+PP 90.38 79.27 84.46 +1.17 -

PaSeMiLL (thr. = -1.0) 5.42 88.06 10.21 - 23,675
SNAPP (fast_align) 94.06 70.69 80.72 -2.57 1,095
SNAPP (best) 89.62 81.74 85.50 +2.21 1,329

Chuvash–Russian (CHV–RU)

baseline 46.67 37.38 41.51 Ref. -
baseline+PP 54.62 36.32 43.62 +2.11 -

PaSeMiLL (thr. = -1.0) 3.62 57.94 6.81 - 23,995
SNAPP (fast_align) 67.85 20.43 31.40 -10.10 451
SNAPP (best) 55.83 44.73 49.67 +8.16 1,200

Upper Sorbian–German (HSB–DE)

baseline 60.74 33.47 43.15 Ref. -
baseline+PP 61.03 43.53 50.82 +7.67 -

PaSeMiLL (thr. = -1.0) 3.48 55.50 6.55 - 47,847
SNAPP (fast_align) 89.73 30.00 44.97 +1.82 1,003
SNAPP (best) 80.26 49.73 61.41 +18.26 1,859

Table 2: Post-processing performance with Precision
(P), Recall (R), and F1-score (F) across the three lan-
guage pairs. ‘∆ F’ presents the F1-score gain against
the baseline. Baseline results are referenced from Ok-
abe et al. (2025b) with the CBIE configuration.

and HSB–DE. Consequently, the combination of
higher recall and a comparable or improved preci-
sion yields more accurate overall results than the
baseline PaSeMiLL mining pipeline. The hyperpa-
rameters used to obtain the results are presented in
Appendix E.

Regarding computational cost, our pipeline pro-
cesses approximately 5,000 candidate pairs per
hour on a single NVIDIA A100 GPU (80GB
VRAM).

Neural vs. statistical alignment Furthermore,
Table 2 compares the performance of our filter-
ing approach when using neural versus statistical
alignments. Specifically, we evaluate the neural
aligner SimAlign (Jalili Sabet et al., 2020) against
a baseline employing the fast_align statistical tool
(Dyer et al., 2013). Both pipeline variants were
executed using identical hyperparameter config-
urations. Fast_align requires the entire corpus
to generate alignments, whereas our pipeline pro-
cesses candidate pairs sequentially. To accommo-
date this, we pre-computed and filtered the statisti-
cal alignments for the PaSeMiLL candidate pairs
and accessed them dynamically during our post-
processing phase. While statistical tools rely on
large parallel corpora and often struggle under low-
resource or noisy conditions, neural aligners lever-
age pre-trained language models to operate effec-
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tively in zero-shot scenarios. Consequently, SimA-
lign yields a substantial performance improvement
over fast_align as shown in Table 2. Appendix F
further details the underlying causes of imprecise
alignments produced by fast_align in our scenario
and discusses various settings for filtering noise
before running the pipeline.

5.3 Ablation studies

Our pipeline allows for the activation and configu-
ration of various components to adapt filtering to
the characteristics of the language pair. This sec-
tion evaluates the impact of these diverse configu-
rations on the overall filtering performance across
the BELOPSEM language pairs. As the punctuation
handling configuration did not yield notable per-
formance improvements, a detailed analysis of this
component is deferred to Appendix G.

We evaluate three components of our pipeline:
(1) The mean-vector subtraction component (‘mean
vect.’) applied to embeddings in three configura-
tions: no subtraction (‘w/o’), static mean vector
(‘s’; using the training set), or dynamic mean vec-
tor (‘d’; using the training or test set). (2) The
stop-word filtering component (‘SW’), which can
be applied to the source (‘src’) or target (‘trg’)
languages. (3) The SimAlign alignment method,
where words can be aligned according to the three
heuristics: Argmax (‘A’), Itermax (‘I’), or Match
(‘M’). Tables 3, 4, 5, and 10 evaluate the impact of
individual components by varying one factor at a
time while keeping all other parameters fixed at the
optimal configuration for the respective language
pair.

We stress here that the optimal configurations
were strictly selected based on their performance
on their respective training sets. The tables report
the results of these selected configurations evalu-
ated on the unseen test sets, with the chosen optimal
configuration for each language pair highlighted in
gray. Notably, punctuation handling was enabled
exclusively for OCI–ES and remained disabled for
both CHV–RU and HSB–DE. We perform our abla-
tion study starting from the optimal setting (which
depends on the language pair), varying one factor
at a time.

5.3.1 Mean vector subtraction
Table 3 displays the effect of mean vector subtrac-
tion on the word embeddings during the word-level
aggregation stage, as described in Section 4.1. We
observe that applying this module significantly im-

Lang mean SW SW Sim- P R F #
Pair vect. src trg Align Pairs

OCI–ES
w/o No No A 34.53 84.56 49.03 3,568

s No No A 89.55 81.74 85.47 1,330
d No No A 89.62 81.74 85.50 1,329

CHV–RU
w/o Yes Yes I 8.15 51.74 14.07 9,515

s Yes Yes I 54.65 44.73 49.19 1,226
d Yes Yes I 55.83 44.73 49.67 1,200

w/o No Yes A 10.10 54.40 17.03 16,162
s No Yes A 80.26 49.73 61.41 1,859HSB–DE
d No Yes A 80.25 49.70 61.38 1,858

Table 3: Ablation study: Mean vector configuration. We
keep the other settings fixed compared to the best setting
(notably Itermax for CHV–RU).

proves performance by helping cross-lingual align-
ment. Without mean vector subtraction, the post-
processing stage retains most of the false positives
extracted by the initial PaSeMiLL mining pipeline.
The severe drop in precision (compared to the best-
performing configuration) and the high recall in-
dicate the negative effect of anisotropy in the raw
vectors provided by Glot500-m. Without centering
the vector space, the embeddings tend to point in a
similar direction, leading to high cosine similarity
scores even for wrongly aligned tokens (Ethayarajh,
2019). Thus, the subsequent window-based averag-
ing yields inflated final filtering scores and allows
numerous false positives to remain after the final
filtering step. By subtracting the mean vector for
each language, the respective embedding spaces are
shifted towards the origin, effectively mitigating
this directional imbalance.

Regarding the computation method, we observed
little difference between both static and dynamic
mean vectors; hence, applying this step is crucial,
regardless of the method. Ultimately, this sub-
traction enables a more robust distinction between
true translations and noise, thereby yielding higher-
quality filtering during post-processing.

5.3.2 Alignment methods

Table 4 displays the effect of the three alignment
methods in SimAlign. We observe that Argmax
yields the best overall performance for the OCI–ES

and HSB–DE datasets. This method benefits from
a conservative selection strategy that retains only
mutually maximal alignments, thereby increasing
the probability of correctness. The subsequent
window-based averaging effectively compensates
for the omitted alignments, resulting in high preci-
sion while maintaining a high recall.
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Lang mean SW SW Sim- P R F #
Pair vect. src trg Align Pairs

OCI–ES
d No No A 89.62 81.74 85.50 1,329
d No No I 85.57 83.05 84.29 1,414
d No No M 83.92 83.12 83.52 1,443

d Yes Yes A 60.26 39.79 47.93 989
d Yes Yes I 55.83 44.73 49.67 1,200CHV–RU
d Yes Yes M 56.18 43.39 48.96 1,157

HSB–DE
s No Yes A 80.26 49.73 61.41 1,859
s No Yes I 77.24 48.30 59.43 1,876
s No Yes M 78.33 41.70 54.43 1,597

Table 4: Ablation study: SimAlign alignment method.

In contrast, we note a performance drop for
Argmax on the CHV–RU dataset compared to Iter-
max and Match. Belonging to distinct language
families (Turkic and Slavic, respectively), the CHV–
RU pair exhibits the largest typological distance
among the evaluated datasets, with fewer direct
one-to-one word correspondences. Consequently,
the strict alignment criteria of Argmax produce too
few alignments compared to Itermax and Match.
This severe sparsity cannot be fully mitigated by
the window-based averaging, causing true positives
to fall below the filtering threshold.

Since Itermax and Match inherently lead to a
greater number of alignment links, they prove ad-
vantageous for this language pair with a more sub-
stantial typological distance. While both algo-
rithms inevitably introduce more false alignments
(lowering precision), the substantial gain in recov-
ered true positives (higher recall) effectively offsets
this drawback, yielding a higher overall F1-score.

5.3.3 Stop-word filtering
We investigate the impact of filtering unaligned
stop-words in Table 5. In general, stop-word filter-
ing bridges minor semantic gaps, yielding larger
contiguous segments and a subsequent increase in
overall recall (e.g., by up to 12.90 percentage points
for HSB–DE). Simultaneously, however, the vol-
ume of noise within the remaining pairs increases,
which leads to a decline in precision (dropping by
12.87 percentage points for HSB–DE). It emerges
that the impact of stop-word filtering depends on
the linguistic distance between the source and tar-
get languages. While the pipeline does not bene-
fit from this filtering for OCI–ES, it contributes to
the performance for CHV–RU and substantially for
HSB–DE. The latter two language pairs exhibit a
larger linguistic distance compared to the closely
related OCI–ES.

Lang mean SW SW Sim- P R F #
Pair vect. src trg Align Pairs

OCI–ES

d No No A 89.62 81.74 85.50 1,329
d No Yes A 84.36 82.16 83.24 1,419
d Yes No A 85.82 82.22 83.98 1,396
d Yes Yes A 79.16 85.24 82.09 1,569

CHV–RU

d No No I 60.95 40.32 48.53 991
d No Yes I 55.88 44.06 49.27 1,181
d Yes No I 60.90 40.45 48.62 995
d Yes Yes I 55.83 44.73 49.67 1,200

s No No A 88.18 38.53 53.63 1,311
s No Yes A 80.26 49.73 61.41 1,859
s Yes No A 86.29 39.03 53.75 1,357HSB–DE

s Yes Yes A 75.31 51.43 61.12 2,049

Table 5: Ablation study: Stop-word filtering.

6 Downstream evaluation: MT

6.1 Methodology

To evaluate the impact of the proposed filtering
on the quality of the training corpus for MT sys-
tems, we compare the performance of NLLB
(facebook/nllb-200-distilled-600M) (NLLB Team
et al., 2024) in different settings for the two harder
language pairs: HSB–DE and CHV–RU.

6.1.1 Datasets
Training To replicate an actual parallel data cu-
ration scenario, we rely on the correspondence be-
tween Wikipedia articles, in which some sentences
are naturally parallel. We use the Wikipedia dataset
provided by Wikimedia3 as our initial set of ‘com-
parable’ monolingual corpora. We only consider
articles whose titles match; the resulting datasets
mainly contain named entities (mostly place and
person names). Moreover, since articles are usu-
ally longer on the (target) high-resource side than
the (source) low-resource language, we cap their
length to 1.5 times the number of sentences of the
low-resource source side.

Evaluation We evaluated the performance of the
NLLB model for HSB–DE on the development set
of the WMT 2025 Shared Task on LLMs with Lim-
ited Resources for Slavic Languages (Okabe et al.,
2025a).4 For CHV–RU, we use the established FLO-
RES+ MT benchmark (NLLB Team et al., 2024)
which extends the previous version from Guzmán
et al. (2019) and Goyal et al. (2022).

3https://huggingface.co/datasets/wikimedia/
wikipedia

4https://github.com/TUM-NLP/
llms-limited-resources2025/tree/main/Sorbian/
hsb/MT

https://huggingface.co/datasets/wikimedia/wikipedia
https://huggingface.co/datasets/wikimedia/wikipedia
https://github.com/TUM-NLP/llms-limited-resources2025/tree/main/Sorbian/hsb/MT
https://github.com/TUM-NLP/llms-limited-resources2025/tree/main/Sorbian/hsb/MT
https://github.com/TUM-NLP/llms-limited-resources2025/tree/main/Sorbian/hsb/MT
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HSB–DE CHV–RU

HSB DE source CHV RU source

train 34,445 42,668 Wikipedia 111,156 139,327 Wikipedia
test 4,000 WMT 1,012 FLORES+

Table 6: Number of sentences in the monolingual train-
ing set before mining and in the MT test set.

Table 6 summarizes the dataset sizes before the
mining step (i.e., after the title matching and trun-
cation of the target side) and the evaluation set.

6.1.2 MT methodology
We mine and filter the datasets from Section 6.1.1
and then fine-tune the NLLB model (NLLB Team
et al., 2024) under four configurations.

Baseline We consider NLLB in a zero-shot set-
ting as a baseline. While German and Russian were
included in the pre-training corpus of the model,
Upper Sorbian and Chuvash were not (NLLB Team
et al., 2024). Consequently, zero-shot evaluation
is only applicable in the low-resource to high-
resource translation direction. For this setting, we
feed the input text into NLLB using its closest sup-
ported language proxy as the source language code:
Czech (ces_Latn) for Upper Sorbian and Kazakh
(kaz_Cyrl) for Chuvash.

Fine-tuning configurations Beyond the zero-
shot setting, we consider three fine-tuning con-
figurations. First, we use the corpus mined with
the base PaSeMiLL pipeline (‘baseline’ in Ta-
ble 2) configured with the optimal dynamic filter-
ing threshold for each language pair (λ = 1.5 for
HSB–DE and λ = 1.8 for CHV–RU). We denote
this setting ‘FT-mined’. Both subsequent configu-
rations are based on the candidate pairs, retrieved
by the PaSeMiLL mining pipeline with a static fil-
tering threshold of λ = −1.0 to maximize initial
recall. We then apply our post-processing pipeline
configured with the best-performing hyperparame-
ters (Table 8). In the third configuration, we assess
our best post-processing pipeline to curate sentence
pairs (‘FT-sentences’). Finally, we also extract the
longest contiguous segment pairs (‘FT-segments’)
for each candidate pair. This setting aims to keep
parallel segments from non-parallel (but similar)
sentence pairs, including those below the final fil-
tering threshold.

MT training Following the established paradigm
of rapid adaptation for low-resource languages
(Neubig and Hu, 2018), we fine-tune the

facebook/nllb-200-distilled-600M architec-
ture across the three evaluated settings. For this, we
follow Ahmadi et al. (2025) and expanded the tok-
enizer by introducing ‘hsb_Latn’ and ‘chv_Cyrl’
as new language tokens. We initialized their em-
beddings with the pre-trained weights from closely
related, better-resourced anchor languages. Specif-
ically, we use Czech (‘ces_Latn’) for Upper Sor-
bian, and Kazakh (‘kaz_Cyrl’) for Chuvash, as
both belong to the same language family and share
the same script.

All configurations were fine-tuned for 3 epochs
using the AdamW optimizer with an initial learning
rate of 2 × 10−5, a weight decay of 0.01, a per-
device batch size of 8, and a maximum sequence
length of 128 tokens.

6.1.3 Evaluation
For each language pair, we translate sentences in
both directions. We evaluate the quality of the trans-
lation using the standard BLEU (Papineni et al.,
2002) and chrF2 scores (Popović, 2015), computed
with the sacreBLEU toolkit (Post, 2018).5 We do
not consider neural metrics to keep a consistent
evaluation setting across all directions; Upper Sor-
bian and Chuvash are currently not supported by
such systems.

6.2 MT results

Table 7 displays the MT performance with NLLB
for both directions of the two language pairs. We
observe that in all four translation directions, our
filtering pipeline leads to improved MT scores com-
pared to the zero-shot setting, when applicable,
and the standard mining system (FT-mined), based
on the chrF2 score. Between the sentence and
segment extraction, we do not see a clear trend.
Since the larger size of the training corpus does
not imply a performance increase, the extracted
segments appear to contain more samples but more
noise. To verify translation performance gains, we
conducted paired bootstrap resampling (1,000 re-
samples) using sacreBLEU (Post, 2018). Improve-
ments over the baseline are statistically significant
(p-value < 0.01), with full p-values reported in Ap-
pendix H.

To ensure that our performance gains are driven
by data quality rather than simply increased data

5sacreBLEU signatures: BLEU: nrefs:1|case:mixed
|eff:no|tok:13a|smooth:exp|version:2.5.1;
chrF2: nrefs:1|case:mixed|eff:yes|nc:6|nw:0
|space:no|version:2.5.1.
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Direction Setting # Pairs # Words chrF2 BLEU

HSB → DE

zero-shot - - 35.60 9.20
FT-mined 2,169 32,647 42.60 15.30
FT-sentences 3,919 50,972 45.10∗† 17.50∗†
FT-segments 11,622 113,272 43.20∗† 14.40∗†

DE → HSB
FT-mined 2,169 32,647 27.20 4.20
FT-sentences 3,919 50,972 28.90∗† 5.00∗†

FT-segments 11,622 113,272 29.60∗† 5.60∗†

CHV → RU

zero-shot - - 21.00 1.60
FT-mined 7,789 55,866 21.00 2.50
FT-sentences 26,877 249,881 31.60∗† 7.10∗

FT-segments 69,568 735,944 33.10∗† 7.40∗

RU → CHV
FT-mined 7,789 55,866 20.00 1.40
FT-sentences 26,877 249,881 23.70∗† 2.50∗
FT-segments 69,568 735,944 22.80∗† 2.30∗

Table 7: Downstream machine translation performance
of the NLLB model for HSB–DE and CHV–RU. ‘# Pairs’
indicates the number of sentence or segment pairs used
for fine-tuning. ‘# Words’ represents the number of
words in the high-resource language. Superscript ∗
denotes statistically significant improvement (or differ-
ence) over ‘FT-mined’, while † indicates a significant
difference between ‘FT-sentences’ and ‘FT-segments’
(p-value < 0.01).

volume, we additionally evaluated the models us-
ing fine-tuning corpora with a matching number
of words on the high-resource language side. Re-
sults and analysis for this experiment are detailed
in Appendix I. Under this matched setting, the FT-
sentences configuration still leads to better transla-
tion quality than FT-mined, whereas FT-segments
can fall below it.

7 Conclusion

We present SNAPP, a parallel sentence filtering sys-
tem, which post-processes sentence pairs based on
unsupervised neural alignments to identify their
matching segments. SNAPP aims to address one
weakness of mean-pooled embedding approaches
in mining, where sentence pairs with high lexi-
cal overlap but different meanings could not be
discarded. Our system was mainly applied to low-
resource pairs, which suffer more from the issue
due to poorer multilingual representation. Our
pipeline yields improved mining quality for three
low-resource language pairs compared to the exist-
ing baseline, PaSeMiLL. We further included com-
ponents for language-specific adjustments; word-
level mean vector subtraction led to notably better
filtering performance thanks to fewer false posi-
tives. Further improvements were also observed
from stop-word filtering and the alignment strategy
in SimAlign, depending on the language distance
between the source and target languages. Finally,

we examined the impact of this improved corpus
quality on the downstream performance of ma-
chine translation systems. By evaluating the NLLB
model (NLLB Team et al., 2024) across four dis-
tinct configurations (a zero-shot baseline, alongside
fine-tuning on mined PaSeMiLL sentences, post-
filtered sentences, and post-filtered segments), we
observed improved translation performance thanks
to our proposed filtering system compared to the
base mining pipeline.

Future work will extend the approach to other
low-resource language pairs, specifically with
larger typological differences (as in CHV–RU). We
will further investigate the conditions in which ex-
tracted segments can consistently improve MT per-
formance and outperform mined sentence pairs.

Limitations

First, the performance of our proposed filtering ap-
proach is inherently bounded by the recall achieved
during the initial sentence-mining phase (in our
case, the PaSeMiLL mining pipeline; Okabe and
Fraser, 2025). All sentence pairs missed at this step
will be irrecoverable by our system.

A major factor influencing performance for both
mining and filtering in our experiments is the em-
bedding quality produced by the underlying lan-
guage model. Glot500-m was pre-trained on mono-
lingual sentences for all three low-resource lan-
guages. Our approach may, hence, yield different
results for other languages and models, depending
on their pre-training data.

We mainly focus on Glot500-m and do not
consider more advanced sentence embedding ap-
proaches, such as LaBSE (Feng et al., 2022) or
SONAR (Duquenne et al., 2023). As our goal
is to mine and filter parallel sentences for low-
resource languages, we posit that such resources
are not available to fine-tune (Kvapilíková and Bo-
jar, 2023) or distill (Heffernan et al., 2022; Tan
et al., 2023) the sentence embedding models. The
mining and filtering approach in our work only
relies on monolingual pre-training (Glot500-m),
which is more accessible to low-resource lan-
guages.

Moreover, the compiled stop-word lists can be
considered another limiting factor due to their
heuristic construction. While our pipeline oper-
ates unsupervised, relying only on monolingual
pre-training, using stop-word filtering introduces
a reliance on human effort and external resources.
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Specifically, manually verifying the 300 most fre-
quent candidate words required approximately two
hours per language and depended on the availabil-
ity of pre-annotated corpora (e.g., UD treebanks)
or existing translation tools. For extremely low-
resource languages, such datasets and systems are
often not available, thereby restricting the portabil-
ity of this specific component. Solely relying on
function words for the creation of the stop-word list
does not cover all language-specific stop-words.
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Ivana Kvapilíková and Ondřej Bojar. 2023. Boosting un-
supervised machine translation with pseudo-parallel

data. In Proceedings of Machine Translation Summit
XIX, Vol. 1: Research Track, pages 135–147, Macau
SAR, China. Asia-Pacific Association for Machine
Translation.

Guillaume Lample, Alexis Conneau, Marc’Aurelio Ran-
zato, Ludovic Denoyer, and Hervé Jégou. 2018.
Word translation without parallel data. In Interna-
tional Conference on Learning Representations.

Christopher D. Manning, Prabhakar Raghavan, and Hin-
rich Schütze. 2008. Introduction to Information Re-
trieval. Cambridge University Press.

Graham Neubig and Junjie Hu. 2018. Rapid adapta-
tion of neural machine translation to new languages.
In Proceedings of the 2018 Conference on Empiri-
cal Methods in Natural Language Processing, pages
875–880, Brussels, Belgium. Association for Com-
putational Linguistics.

Joakim Nivre, Marie-Catherine de Marneffe, Filip Gin-
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A Illustration of the UnsupPSE approach

Figure 2 displays an adapted version of the
segment-level processing of Hangya and Fraser
(2019).

B SimAlign: Alignment strategy
comparison

SimAlign provides three alignment strategies:
Argmax, Itermax, and Match. While the Argmax
strategy aligns tokens that are mutually most sim-
ilar, Itermax applies this approach iteratively to
increase the total number of alignments. Match, in
contrast, considers the alignment task as a graph
theory problem and computes a maximum-weight
maximal matching. Hence, Argmax favors align-
ment precision, whereas Itermax and Match lead
to higher recall.

C Example of token aggregation

Figure 3 shows an example of the subword ag-
gregation to move from the subword to the word
tokenization level. In this specific example, we
use the SentencePiece tokenizer from Glot500-m
(Imani et al., 2023) to tokenize the sentence.

D Stop-word list compilation

Obtaining predefined stop-word lists for low-
resource languages is often challenging. A com-
mon approach to generate such lists involves pro-
cessing a corpus of arbitrary sentences and calcu-
lating the term frequency of each word (Manning
et al., 2008). Based on the premise that stop-words
exhibit high frequency, the heuristic applied here
considers the 300 most frequent words as stop-
words. To further minimize the risk of including
non-stop-words, each candidate word was manu-
ally verified against the annotated corpus provided
by Universal Dependencies (Nivre et al., 2020).6

Words absent from the corpus were verified by
translating them into a high-resource language us-
ing respective translation tools.7 For Chuvash, no
annotated corpus was available. Therefore, we used
a Russian stop-word list provided by NLTK (Bird
et al., 2009) and translated the stop-words based on

6HSB corpus: https://github.com/
UniversalDependencies/UD_Upper_Sorbian-UFAL, OCI
corpus: https://github.com/UniversalDependencies/
UD_Occitan-TTB

7Sotra for HSB: https://sotra.app/, Google Trans-
late for OCI: https://translate.google.com/?sl=oc&
tl=en&op=translate

a Chuvash–Russian dictionary. The pre-compiled
stop-word lists for Chuvash, Upper Sorbian, and
Occitan are made publicly available in the accom-
panying code repository (linked in Section 1).

E Post-processing hyperparameters

Hyperparameters OCI–ES CHV–RU HSB–DE

PaSeMiLL static thresh.∗ -1.00 -1.00 -1.00
window-size 7 7 7
min-segment-length 0.10 0.10 0.35
segment-threshold 0.03 0.06 0.20
filtering-threshold 0.45 0.34 0.38

Table 8: Best-performing hyperparameters of the post-
processing pipeline for each language pair. ∗Static fil-
tering threshold for the PaSeMiLL mining pipeline.

Table 8 summarizes the hyperparameters used in
the filtering pipeline to obtain the results reported
in Tables 2, 3, 4, and 5.

F fast_align: Performance comparison

Method / Configuration Metrics

Alignment P R F

Occitan–Spanish (OCI–ES)

Dice Threshold = 0.1 96.44 48.39 64.44
Dice Threshold = 0.01 94.06 70.69 80.72
Dice Threshold = 0.001 93.75 70.01 80.16

Chuvash–Russian (CHV–RU)

Dice Threshold = 0.1 80.32 13.35 22.90
Dice Threshold = 0.01 67.85 20.43 31.40
Dice Threshold = 0.001 65.24 21.43 32.26

Upper Sorbian–German (HSB–DE)

Dice Threshold = 0.1 92.86 04.33 8.28
Dice Threshold = 0.01 89.73 30.00 44.97
Dice Threshold = 0.001 85.54 30.37 44.82

Table 9: Comparison of fast_align results for BE-
LOPSEM language pairs.

As previously noted, the alignments produced
by fast_align (Dyer et al., 2013) tend to contain
significant noise when applied to non- and partially
parallel corpora. This noise primarily stems from
the log-linear reparameterization underlying the
fast_align model. Consequently, fast_align inher-
ently prioritizes alignments that lie close to the
diagonal between the source and target sentences
(Dyer et al., 2013). In the context of non-parallel
or partially parallel candidate pairs, this geometric

https://github.com/UniversalDependencies/UD_Upper_Sorbian-UFAL
https://github.com/UniversalDependencies/UD_Upper_Sorbian-UFAL
https://github.com/UniversalDependencies/UD_Occitan-TTB
https://github.com/UniversalDependencies/UD_Occitan-TTB
https://sotra.app/
https://translate.google.com/?sl=oc&tl=en&op=translate
https://translate.google.com/?sl=oc&tl=en&op=translate
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Financowanje        wšěch    planowanych předewzaćow      pak                     je                    dale          zawěsćene             .

Die      Finanzierung      aller     geplanten   Vorhaben     ist        aber       weiterhin    gesichert     .

Figure 2: Visualization of the token alignment, averaging, and the subsequent building of contiguous segments for
the HSB–DE language pair (adapted from Hangya and Fraser, 2019). The blue bars represent the cosine similarity
values of aligned words. Contiguous segments are marked in bold. We use a window size of 7 for the averaging and
a threshold of 0.3 for the contiguous segments. We present an actual translation pair for HSB–DE from BELOPSEM
(‘However, the funding for all planned projects remains secure.’ in English).

'▁Er' '▁arbeitet' '▁seit' '▁2008' '▁als' '▁' 'stell' 'ver'

'Er' 'arbeitet' 'seit' '2008' 'als' 'stellvertretender' 'Stiftungsdirektor' '.'

'treten' 'der' '▁Stiftung' 's' 'direktor' '.'

Figure 3: Example token aggregation according to the algorithm of the post-processing script.

bias leads to many erroneously aligned words. To
mitigate this issue, a pre-filtering step is applied to
the fast_align output before it is accessed by the
post-processing pipeline. We apply the Dice Coef-
ficient (Dice, 1945) to the obtained alignments to
evaluate association strength solely based on align-
ment frequencies. Alignment pairs whose Dice
Coefficient falls below a predefined threshold are
classified as noise and subsequently discarded. The
Dice Coefficient is defined as follows:

Dice Coefficient =
2 · h
a+ b

(2)

In this context, h denotes the frequency with
which the words w1 and w2 are aligned with each
other across the entire fast_align output. Further-
more, a and b represent the total number of times
w1 and w2 appear within the initial fast_align align-
ments, respectively.

Table 9 compares the final post-processing per-
formance when the initial fast_align output is pre-
filtered using different Dice Coefficient thresholds.
The results demonstrate that a threshold of 0.1 is
too strict, incorrectly filtering out a large portion
of valid word alignments. During the subsequent

post-processing phase, this severe alignment re-
duction drastically shortens the detected parallel
segments, ultimately resulting in a high number of
false negatives.

G Ablation study: Punctuation handling

Punctuation handling entails the removal of the fi-
nal token if it consists solely of punctuation marks.
This approach is designed to mitigate the noise in-
troduced by the terminal punctuation mark, which
is frequently aligned with its corresponding coun-
terpart. Through subsequent window-based aver-
aging, this terminal mark can artificially inflate the
overall similarity, particularly for short sentences.
Although this configuration does not contribute
to the overall performance of the post-processing
pipeline, it nevertheless provides insights into the
false positives present within the remaining candi-
date pairs. By comparing the results in Table 10,
we can confirm that a significant amount of noise is
introduced by the artifactual inflation of similarity
scores caused by final punctuation tokens. While
this approach filters a substantial amount of noise,
it simultaneously results in a decline in recall.
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Lang mean SW SW Sim- Punct. P R F Pair
Pair vect. src trg Align Handl. Num.

d No No A No 84.97 83.05 84.00 1,424
OCI–ES

d No No A Yes 89.62 81.74 85.50 1,329

d Yes Yes I No 55.83 44.73 49.67 1,200
CHV–RU

d Yes Yes I Yes 71.77 37.85 49.56 790

s No Yes A No 80.26 49.73 61.41 1,859
d No Yes A No 80.25 49.70 61.38 1,858HSB–DE

d No Yes A Yes 91.71 43.90 59.38 1,436

Table 10: Ablation study results of the punctuation han-
dling configuration.

H Statistical significance of the MT
results

Table 11 reports the empirical p-values obtained
from statistical significance testing on the ma-
chine translation results presented in Table 7.
We conducted paired bootstrap resampling with
1,000 resamples using the sacreBLEU toolkit (Post,
2018). Across all four translation directions,
both FT-sentences and FT-segments achieve
statistically significant gains over the baseline
(FT-mined) for both chrF2 and BLEU (p < 0.001).
Furthermore, the direct comparison between
FT-sentences and FT-segments indicates statis-
tically significant differences (p < 0.001) in all set-
tings, with the sole exception of the BLEU scores
for both translation directions between Chuvash
and Russian (CHV–RU).

Direction Comparison chrF2 BLEU

HSB → DE
FT-mined vs. FT-senten. < 0.001 < 0.001
FT-mined vs. FT-segm. < 0.001 < 0.001
FT-senten. vs. FT-segm. < 0.001 < 0.001

DE → HSB
FT-mined vs. FT-senten. < 0.001 < 0.001
FT-mined vs. FT-segm. < 0.001 < 0.001
FT-senten. vs. FT-segm. < 0.001 < 0.001

CHV → RU
FT-mined vs. FT-senten. < 0.001 < 0.001
FT-mined vs. FT-segm. < 0.001 < 0.001
FT-senten. vs. FT-segm. < 0.001 0.0689

RU → CHV
FT-mined vs. FT-senten. < 0.001 < 0.001
FT-mined vs. FT-segm. < 0.001 < 0.001
FT-senten. vs. FT-segm. < 0.001 0.0709

Table 11: Empirical p-values computed via paired boot-
strap resampling (1,000 resamples) across all evaluated
model pairs.

I Size-matched MT results

A potential confounding factor in the downstream
MT results (Section 6.2) is the varying size of the
corpora used to fine-tune the NLLB model (NLLB

Team et al., 2024). To isolate the impact of data
quality from data quantity, we conducted an addi-
tional evaluation using size-matched corpora. We
sub-sampled the FT-sentences and FT-segments
corpora to match the target-side word count for
FT-mined. For FT-sentences, we retained the
top-k candidate pairs with the highest alignment
similarity scores, whereas for FT-segments, we
prioritized the longest available segment pairs.

Table 12 presents the downstream MT perfor-
mance using these size-matched corpora. With the
exception of the BLEU score difference between
FT-segments with FT-sentences and FT-mined
for RU→CHV, all observed differences between
systems are statistically significant (p < 0.01).
Crucially, the FT-sentences configuration contin-
ues to significantly outperform the FT-mined base-
line. This confirms that our filtering pipeline yields
intrinsically higher-quality parallel data, demon-
strating that the improvements in Section 6.2 are
not merely an artifact of larger data volume.

Conversely, the size-matched FT-segments con-
figuration exhibits significant performance degrada-
tion compared to the baseline in several directions.
This contrasts with our original unconstrained find-
ings and suggests that while segment-level extrac-
tion is highly effective at scale, it potentially in-
troduces context fragmentation when the overall
training volume is severely restricted.

Direction Setting # Pairs # Words chrF2 BLEU

HSB → DE

zero-shot - - 35.60 9.20
FT-mined 2,169 32,647 42.60 15.30
FT-sentences 2,556 32,653 43.90∗† 16.40∗†
FT-segments 1,353 32,659 41.20∗† 12.90∗†

DE → HSB
FT-mined 2,169 32,647 27.20 4.20
FT-sentences 2,556 32,653 28.80∗† 5.10∗†
FT-segments 1,353 32,659 25.80∗† 3.50∗†

CHV → RU

zero-shot - - 21.00 1.60
FT-mined 7,789 55,866 21.00 2.50
FT-sentences 10,068 55,898 25.80∗† 3.70∗†
FT-segments 958 55,912 22.50∗† 2.00∗†

RU → CHV
FT-mined 7,789 55,866 20.00 1.40
FT-sentences 10,068 55,898 20.70∗† 1.70∗
FT-segments 958 55,912 18.20∗† 1.60

Table 12: Downstream machine translation performance
of the NLLB model for HSB–DE and CHV–RU. ‘# Pairs’
indicates the number of sentence or segment pairs
used for fine-tuning. ‘# Words’ represents the num-
ber of words in the high-resource language. Super-
script ∗ denotes statistically significant difference com-
pared to ‘FT-mined’, while † indicates a significant
difference between ‘FT-sentences’ and ‘FT-segments’
(p-value < 0.01).
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