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Abstract

We present an improved method for auto-
matic parallel sentence alignment in low- re-
source languages. We used CoHere multilin-
gual embeddings and inverted softmax retrieval.
Our technique achieved a higher F1-score of
78.30% on the MAFAND-MT test set, com-
pared to the existing technique’s 54.75%. Preci-
sion and recall have shown similar performance.
We assessed the quality of the extracted data by
demonstrating that it outperforms the existing
technique in terms of low-resource translation
performance.

1 Introduction

Because of a lack of large parallel datasets, neu-
ral machine translation systems trained on low-
resource languages produce subpar results (Fer-
nando et al., 2023; Haddow et al., 2022). Paral-
lel corpora continue to be required for effective
training of machine translation systems (Althobaiti,
2021; Yousef et al., 2022; Kaufmann, 2012; Paet-
zold et al., 2017; Resnik and Smith, 2003). Sig-
noroni and Rychlỳ (2023); Haddow et al. (2022)
found that neural machine translation is less re-
liable for language pairs with minimal resources.
Even when parallel data is accessible, it is usually
of lower quality or obtained from highly special-
ized sources, such as IT documentation or religious
literature (Jaworski et al., 2023; Haddow et al.,
2022; Ling et al., 2016). As a result, it cannot
be used alone to accurately train general-purpose
translation systems. To address this issue, paral-
lel corpora can be mined from the internet (Fer-
nando et al., 2023; Ling et al., 2016; Resnik and
Smith, 2003). There are several plausible parallel
sentences online, especially on multilingual news
and instructional websites (Zhao et al., 2021; Riesa
and Marcu, 2012; Makazhanov et al., 2018). Par-
allel corpora are typically constructed using auto-
mated sentence alignment approaches due to time

and resource restrictions (Signoroni and Rychlỳ,
2023; Althobaiti, 2021; Hameed et al., 2016). Au-
tomatic sentence alignment is the technique of de-
termining which sentences in a source text match
to which sentences in a target text, allowing for the
extraction of probable parallel sentences from big
corpora (Chousa et al., 2020; Yousef et al., 2022;
Brown et al., 1993). Several solutions have been
presented. Multilingual sentence embedding-based
methods have shown advantage in extending Nat-
ural Language Processing (NLP) tasks to a large
number of languages, without the need to train a
language-specific model (Signoroni and Rychlỳ,
2023; Heffernan et al., 2022; Chousa et al., 2020).
Multilingual embeddings provide a universal foun-
dation for sentence alignment that crosses linguis-
tic boundaries (Artetxe and Schwenk, 2019). Us-
ing embedding-based methods, sentences in both
languages can be represented in a single vector
space so that sentences with semantic similarity
are adjacent to each other in the vector space (Al-
thobaiti, 2021). A recent study by Abdulmumin
et al. (2023) shows that using closed-access Co-
Here multilingual embeddings resulted in a con-
siderable improvement over earlier state-of-the-art
LASER embeddings in parallel sentence alignment
for low-resource languages. However, the authors
implemented their alignment model using the stan-
dard nearest neighbor retrieval method. Although it
is a simple and intuitive method for finding similar
instances, standard nearest neighbor algorithm can
only works well for relatively small datasets. It
may suffer from hubness-where certain sentences
tend to appear overly similar to many others in an
embedding space (Dinu et al., 2015), and may not
be effective in capturing complex relationships be-
tween sentences in different languages. Therefore,
this research aims to propose an improved retrieval
method—inverted softmax (Smith et al., 2017)—to
enhance the alignment accuracy of the model, and
consequently, improve translation quality.
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2 Related Works

Research on automatic sentence alignment has
evolved from early heuristic-based methods to mod-
ern neural approaches, especially in the context
of low-resource languages. The methods can be
broadly categorized into: (1) length and statistical-
based approaches, (2) lexical and dictionary-
based methods, (3) hybrid and alignment-tool
frameworks, and (4) neural embedding-based ap-
proaches.

2.1 Length and Statistical-based Methods

Initial efforts relied heavily on sentence length as a
proxy for alignment probability. Church (1993)
proposed a character-length-based probabilistic
model using dynamic programming. Brown et al.
(1991) extended this with token counts and anchor
points. Chen (1993); Papageorgiou et al. (1994) in-
corporated both sentence length and word identity.
These methods assumed monotonic alignment and
performed well in structured, clean data. Fung and
McKeown (1994) introduced DK-Vec, targeting
noisy parallel corpora using frequency and position
heuristics. These early models laid the foundation
for fast and language-independent alignment tools.

2.2 Lexical and Dictionary-based Methods

To address alignment ambiguity, lexical resources
became central. McEnery et al. (1994) used approx-
imate string matching, improving results from Kay
and Roscheisen (1993). Hunalign (Varga et al.,
2007) combined sentence-length statistics with
bilingual dictionaries, refining alignments through
iterative dictionary induction. Ma (2006) proposed
Champollion, which weighted rare words more
heavily for alignment but remained dependent on
dictionary quality. Chen and Du (2003) tackled
one-to-many word alignments in spoken corpora,
while Resnik and Smith (2003) used web mining
to extract parallel data. Other notable works in-
clude Melamed (2001) on idiom-aware alignment,
and Semmar and Fluhr (2007) on cross-language
information retrieval.

2.3 Hybrid and Tool-based Approaches

Several toolkits emerged combining statistical, lin-
guistic, and rule-based methods. Deng and Byrne
(2006) introduced MTTK, a language-independent
toolkit for SMT training. JMaxAlign (Kaufmann,
2012) applied maximum entropy classifiers, while
MASSAlign (Paetzold et al., 2017) targeted mono-

lingual simplification. Efforts also explored spe-
cific domains: Ohmori and Higashida (1999)
for Japanese-English collocations, and Volk et al.
(2008) for treebank alignment. Some methods in-
corporated alignment correction and visualization
tools (Macdonald, 2001; Cardon and Grabar, 2019).
Recently, SpanAlign (Chousa et al., 2020) applied
integer linear programming for non-monotonic
alignments, and Stodden and Kallmeyer (2022) de-
veloped TS-ANNO for simplified corpora.

2.4 Neural Embedding-based Approaches
Recent advances have seen a shift toward embed-
ding based models. VecAlign (Thompson and
Koehn, 2019) combined dynamic programming
with LASER embeddings (Artetxe and Schwenk,
2019) to align low-resource pairs such as Sin-
hala–English and Nepali–English. While effective,
it suffered from misalignment in distant sentences.
Paragraph-level filtering was later introduced to
reduce this issue, as applied in Vietnamese–Lao
alignment. Fine-tuning multilingual sentence em-
beddings has further improved performance. Chi-
moto and Bassett (2022) enhanced zero-shot align-
ment for Luhya–Swahili by fine-tuning LaBSE on
a small Luhya parallel corpus, boosting accuracy
from 22% to 85% with cosine similarity filtering.
Abdulmumin et al. (2023) demonstrated that Co-
Here’s closed-access multilingual embeddings sig-
nificantly outperformed LASER on Hausa–English.
Their method improved downstream MT quality,
though it relied on basic nearest-neighbor retrieval,
which the authors acknowledged as a limitation.
We therefore, propose a better retrieval technique–
inverted softmax (Smith et al., 2017)–due to its
ability to mitigate hubness and capture complex
patterns between sentences in different languages

3 Methodology

3.1 Alignment Workflow
Given parallel documents in two languages –source
(s) and target (t), the task is to match sentences
that are translations of each other. The parallel
documents, are the ones in two languages con-
taining similar information. Our sentence aligne-
ment workflow is shown in figure 1. Sentences are
aligned in three (3) steps:

i. Sentence Vectorization: The first step is sen-
tence representation. Each sentence in both
the source (e.g., Hausa) and target (e.g., En-
glish) documents is mapped into a shared vec-
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Figure 1: Sentence alignment workflow

tor space that captures their semantic features,
using a pretrained multilingual sentence em-
bedding model (CoHere multilingual embed-
ding). This means that a Hausa sentence and
its correct English translation should be close
together in that space.

ii. Similarity measure: For each sentence pair,
the cosine similarity is computed next. This
measures how close two vectors are in direc-
tion. Cosine similarity is high (near 1) if sen-
tences are likely translations of each other.

iii. Translation Retrieval: For each source sen-
tence vector, retrieval algorithm (inverted soft-
max) searches for the most similar target sen-
tence vector based on cosine similarity. It’s
like saying: "For this Hausa sentence, which
English sentence is closest in meaning accord-
ing to their vector representations?"

3.2 CoHere Multilingual Embedding Model
The 768-dimensional CoHere multilingual embed-
ding model was developed to support a number
of tasks, including cross-lingual zero-shot content
moderation, multilingual semantic search, and cus-
tomer feedback compilation, in more than 100 lan-
guages, including Hausa. This model can only be
accessed via an API, which re quires authentication
with an API key. This key is available for users to
generate at their website 1.

3.3 Retrieval Algorithms
Retrieval algorithms are a key component of auto-
matic parallel sentence alignment systems. They
determine how semantically similar sentences
across languages are identified in a shared embed-
ding space. In this work, we compare the standard
nearest neighbor retrieval with our proposed in-
verted softmax retrieval, which aims to improve

1https://dashboard.cohere.com/api-keys

alignment quality, especially in low-resource and
noisy settings.

3.3.1 Standard Nearest Neighbor Retrieval
Nearest Neighbor (NN) retrieval is one of the sim-
plest and most widely used methods for sentence
alignment. For each source sentence embedding
xi, the most similar target sentence yj is selected
based on cosine similarity:

s(xi,yj) =
xi · yj

∥xi∥ · ∥yj∥

y∗
j = argmax

yj
s(xi,yj)

This approach is efficient and easy to implement,
which makes it a popular baseline in multilingual
alignment systems. However, it has notable limita-
tions. In high-dimensional embedding spaces, cer-
tain sentences—often short or generic ones—tend
to appear overly similar to many others, a phe-
nomenon known as hubness. As a result, these
“hub” sentences are frequently retrieved even when
they are not true translations. Moreover, the search
is one-directional and does not account for similar-
ity normalization across the dataset.

3.3.2 Inverted Softmax Retrieval
To address these issues, we replace the nearest
neighbor search with Inverted Softmax (ISF)
(Smith et al., 2017) retrieval, a probabilistic method
that introduces normalization over source embed-
dings. This helps counteract the hubness effect and
yields more reliable alignments. Given a source
embedding xi and a target embedding yj , the prob-
ability that xi corresponds to yj is computed as:

P (xi | yj) =
exp (β · s(xi,yj))∑

k
exp (β · s(xk,yj))

where β is a temperature parameter controlling
how sharply the similarities are weighted. Unlike
the standard approach, ISF conditions on the target
sentence by normalizing over all source embed-
dings. This means that a target sentence similar to
many sources (a potential hub) receives lower rela-
tive scores, reducing its chance of being incorrectly
aligned.

Advantages Over Nearest Neighbor
1. Reduces hubness: ISF penalizes overly generic
targets that appear similar to many sources. 2. Im-
proves precision: It favors more distinctive and
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contextually relevant sentence pairs. 3. Remains
efficient: Despite the added normalization, ISF
can be implemented efficiently with matrix op-
erations. Overall, the inverted softmax retrieval
provides a more balanced and accurate alignment
mechanism, particularly useful when working with
low-resource or noisy parallel data.

4 Experiment

4.1 Datasets

4.1.1 Crawled Data
We used the 1,000 most recent news stories from
the Premium Times News 2 3 website that had been
crawled in both Hausa and English (Abdulmumin
et al., 2023). To preprocess these data, we separated
each collected document into a list of sentences
using the Natural Language Tool Kit (NLTK) sen-
tence tokenizer. The target and source files were
then created by combining these sentences. Follow-
ing tokenization using the NLTK’s word tokenizer,
we removed blank lines and sentences that were
either shorter than five words or more than eighty
words. Table 1 shows the statistics of the crawled
sentences.

4.1.2 MAFAND-MT
We evaluate the proposed and baseline aligners
on the MAFAND-MT 4 (Adelani et al., 2022)
dataset, a multilingual benchmark for African ma-
chine translation and alignment tasks. The dataset
contains high-quality parallel sentences covering
several African–English language pairs, profession-
ally curated and cleaned from news and general-
domain sources. In this work, we focus on the
English–Hausa and Hausa–English subsets. Each
direction contains parallel text divided into train-
ing, development, and test splits, following the
official partitioning. The Hausa–English portion
consists of several tens of thousands of aligned sen-
tence pairs, with development and test sets typically
around 1–2K examples each. This dataset provides
a realistic evaluation setting for low-resource align-
ment due to the moderate corpus size, linguistic
diversity, and domain variation.

4.2 Implementation of Sentence Aligners

In accordance with the baseline–nearest neighbor
aligner (Abdulmumin et al., 2023), the evaluation

2https://www.premiumtimesng.com/
3https://hausa.premiumtimesng.com/
4https://github.com/masakhane-io/lafand-mt

Language Crawled Sentences Cleaned Sentences

Hausa 13,916 13,560
English 23,148 22,671

Table 1: Statistics of Monolingual Hausa and English
Sentences

script of vecmap5 was modified to formulate the
source-target sentence aligner. Employing inverted
softmax retrieval, the aligner was created by utiliz-
ing the CoHere multilingual embedding model to
transform both source and target sentences into a
768-dimensional vector. The CoHere embedding
API, available for free, imposes a limit of approxi-
mately 6,000 sentence conversions to embeddings
per minute. Consequently, to address this limita-
tion, the CoHere sentence aligner was designed to
pause for 61 seconds after processing a batch of
source and target sentences. The batch size was set
at 2,000 (or the remaining number of sentences),
encompassing both the source and target sentences
(totaling 4,000) at each iteration until obtaining em-
beddings for every sentence. To preserve the gener-
ated embeddings for potential future use, we save
them to a file and upload it whenever the embed-
ding of a previously converted sentence is required.

4.3 Evaluation

We use the MAFAND-MT (Adelani et al., 2022)
datasets, which provide gold-standard target sen-
tences, to compare the performance of the pro-
posed inverted softmax aligner against the exist-
ing nearest neighbor aligner. This setup enables
the use of precision, recall, and F1-score to objec-
tively measure the quality of the aligned sentence
pairs. For the evaluation, we focused on the En-
glish–Hausa subset of the MAFAND-MT train, de-
velopment, and test sets. Furthermore, we utilized
the labeled MAFAND-MT training data to train
machine translation models in a semi-supervised
manner, incorporating the automatically aligned
crawled sentences. Specifically, we fine-tuned a
publicly available checkpoint of the M2M-1006

sequence-to-sequence model on the MAFAND-MT
development set. The M2M-100 transformer archi-
tecture was designed to enable direct translation
across 100 languages without requiring English as
an intermediary. Following training, model perfor-

5https://github.com/artetxem/vecmap
6https://huggingface.co/docs/transformers/

model_doc/m2m_100
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mance was evaluated using the sacreBLEU 7 metric
on the MAFAND-MT test set.

5 Results and Discussion

5.1 Sentence Aligners

As shown in Table 2 the proposed sentence aligner
outperforms the existing method across all datasets
and evaluation metrics. Notably, it achieves sub-
stantial gains in precision (e.g., 74.9% vs. 46.8%
on Dev) and recall (e.g., 80.5% vs. 55.4% on Dev),
leading to consistently higher F1-scores. These
improvements indicate the proposed method’s ef-
fectiveness in retrieving more accurate and compre-
hensive parallel sentence pairs, thereby enhancing
overall alignment quality.

Dataset Existing Aligner Proposed Aligner
P R F1 P R F1

Mafand-Dev 46.8 55.4 49.0 74.9 80.5 76.7
Mafand-Test 57.7 61.1 54.8 76.6 81.8 78.3
Mafand-Train 37.4 44.8 39.2 67.6 73.8 73.7

Table 2: Performance comparison of the existing and
proposed sentence aligners on the Mafand dataset in
terms of precision (P), recall (R), and F1 score (%).
Bolded values indicate better performance.

5.2 Machine Translation

Table 3 displays the performances of the models
that were trained for English to Hausa and Hausa
to English translation directions. In both directions,
it is evident that the proposed aligner aligned sen-
tences are more advantageous to the translation
models than the existing aligner aligned sentences,
with an increase of 0.8 bleu points in English-
Hausa translation, and 1.4 bleu points in Hausa-
English translation.

Training Data En→Ha Ha→En

Existing Aligned Data 15.49 12.55
Proposed Aligned Data 16.91 13.44

Table 3: BLEU scores of translation models trained on
data generated by the existing and proposed sentence
aligners.

Limitations

In this study, we proposed an improved sentence
alignment method for low-resource languages,
leveraging CoHere’s multilingual embeddings and

7https://huggingface.co/spaces/evaluate-metric/sacrebleu

inverted softmax retrieval. The proposed aligner
consistently outperformed the existing method in
precision, recall, and F1-score across all datasets,
demonstrating robust and balanced performance. It
proved more effective in identifying accurate paral-
lel sentences, which translated to improved BLEU
scores in English–Hausa and Hausa–English ma-
chine translation tasks. These results highlight the
importance of retrieval strategies in sentence align-
ment quality. Future work will explore extending
this technique to other low-resource African lan-
guages to support broader multilingual NLP efforts.
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