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Abstract
This paper presents KinyCOMET, a new automatic evaluation metric for Kinyarwanda–English machine translation
(MT). Current MT evaluation in Rwanda relies mainly on BLEU and chrF, which have been shown to correlate poorly
with human judgments. To address this gap, we created a Direct Assessment (DA) dataset for Kinyarwanda-English
translations and used it to fine-tune COMET models for this language pair. We evaluate two variants: KinyCOMET
XLM-RoBERTa, trained from a multilingual encoder without Kinyarwanda data, and KinyCOMET Unbabel, a
fine-tuned version of the Unbabel COMET model. Both models achieve strong correlations with human evaluations,
with KinyCOMET Unbabel outperforming all baselines, including AfriCOMET, chrF, and BLEU. Our results show that
fine-tuning pre-trained multilingual models can yield high-quality evaluators even for low-resource languages that the
base model was not trained on. We release both the models and the annotated dataset publicly to foster further
research on African language evaluation.
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1. Introduction

The African continent is home to a remarkable
linguistic diversity, with estimates ranging from
1,250 to 2,100 distinct native languages (Heine
and Nurse, 2000), and by some counts exceeding
3,000 (Epstein and Kole, 1998). The number of lan-
guages is a barrier to the country’s economic devel-
opment. Another problem is that people from rural
areas often struggle to understand English, which
excludes them from lucrative jobs in the tourism sec-
tor and generally limits their participation in the glob-
alized world. Machine Translation (MT) can help
to overcome these problems. Also, MT is an im-
portant building block for other technologies, such
as generating training data in African languages,
adapting English tooling to African languages, and
more.

Rwanda is home to a thriving ecosystem around
MT. A list of startups and IT companies, such
as Digital Umuganda,1 KINLP,2 Awesomity,3 and
Artemis AI,4 utilizes MT models. Furthermore,
there is a range of open-source MT models for

1https://digitalumuganda.com
2https://kinlp.org
3https://awesomity.rw
4https://artemis.rw

Kinyarwanda/English, e.g., JoeyNMT (NLLB Team,
2024) or NLLB (NLLB Team, 2024), which support
many languages, including Kinyarwanda. Addi-
tionally, there is a list of open-source datasets for
MT, such as those from Digital Umuganda, Mbaza
NLP5, or NLLB.

From the discussion with the community, we
found out that a pain point of the Rwandan MT com-
munity is evaluation. MT practitioners in Rwanda
currently use BLEU (Papineni et al., 2002) and chrF
(Popović, 2015), which does not align well with hu-
man evaluations (Freitag et al., 2022). Therefore,
the Rwandan NLP community evaluates their mod-
els using human annotators, which is expensive
and time-consuming. The scientific community pro-
posed more modern evaluation metrics, such as
METEOR (Banerjee and Lavie, 2005), LLM-based
metrics (Huang et al., 2024), BERTScore (Zhang
et al., 2020), and COMET (Rei et al., 2020).

Therefore, we decided to create KinyCOMET,
an automatic metric based on COMET to evaluate
Kinyarwanda–English machine translation models.
The scientific contributions and outcomes of this
paper are the following:

• Open KinyCOMET models, published on Hug-
gingface

5https: //github.com/mbaza-nlp

https: //digitalumuganda.com
https://kinlp.org
https://awesomity.rw
https://artemis.rw
https: //github.com/mbaza-nlp
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• Open dataset to train related models, pub-
lished on Huggingface

• A comparison of KinyCOMET to the state-of-
the-art metrics

• A comparison of MT models for Kinyarwanda–
English translation

The final dataset6 and the models7 are publicly
available.

2. Background

The scientific literature mentions various automatic
methods to evaluate the performance of machine
translation models. The first metrics were based
on lexical overlap. BLEU (Papineni et al., 2002)
measures a token-based overlap. Similarly, chrF
(Popović, 2015) measures character-based over-
lap and is better suited for morphologically rich
languages such as Kinyarwanda. However, both
of these metrics fail if a correct translation deviates
strongly from the reference.

These early approaches are known as lexical
metrics because they rely on surface overlap be-
tween words or characters. In contrast, semantic
metrics assess how well a translation preserves
meaning rather than form, using contextual em-
beddings from pre-trained language models. Ex-
amples include BERTScore, COMET, and recent
LLM-based methods.

Crosslingual Optimized Metric for Evaluation of
Translation (COMET) (Rei et al., 2020) is a neural
machine translation evaluation metric that uses a
multilingual encoder (e.g. XLM-RoBERTa (Con-
neau et al., 2020)) to produce sentence embed-
dings for source, reference, and hypothesis. Then,
it predicts a quality score via a regression head
trained on human-annotated quality data. One
possible annotation scheme is Direct Assessment
(Graham et al., 2013) (DA), in which human anno-
tators judge how accurately and fluently a transla-
tion conveys the meaning of the source in a scale
between 1 and 100. COMET includes several vari-
ants: Reference-based models (used in this work)
take the source, hypothesis, and reference transla-
tion as input to predict a quality score that aligns
with human judgments. Reference-free models rely
only on the source and hypothesis, which is useful
when references are unavailable. Ranking models
are trained to order translations by quality rather
than predict exact scores, while explanation models
highlight the words or phrases that most influence
the evaluation.

6https://huggingface.co/datasets/
chrismazii/kinycomet_dataset

7https://huggingface.co/chrismazii/
kinycomet_unbabel

AfriCOMET (Wang et al., 2024) extends COMET
to 13 African languages, but Kinyarwanda is not
among these languages. An extension of COMET
exists for additional languages and includes Kin-
yarwanda (Li et al., 2025). However, the evalua-
tions we present in this work show that the perfor-
mance of the model is not high enough for practical
use.

3. Method

3.1. Data Generation

Partition Direction Number of Samples
train both 3,477
train eng2kin 1,803
train kin2eng 1,674
valid both 404
valid eng2kin 199
valid kin2eng 205
test both 422
test eng2kin 223
test kin2eng 199
all eng2kin 2,225
all kin2eng 2,078
all all 4,303

Table 1: Number of samples in the dataset.

We used three publicly available Kinyarwanda–
English parallel corpora as source datasets: Mbaza
Education, Mbaza Tourism, and the Digital Umu-
ganda Dataset. The source datasets do not have
an annotated direction, they are just parallel sen-
tences.

29 linguistics students annotated the data as part
of a university project. Following the procedure of
AfriCOMET (Wang et al., 2024), they annotated
DA on a scale between 1 and 100 using the open-
source annotation tool.8

Also, a small number of the translations were
faulty. E.g., either the source or target was in the
wrong language, or the reference did not prop-
erly translate the source. To address this issue,
we sampled 225 samples from each of the three
source datasets, so 675 samples in total. Then,
the students annotated DA scores between 1 and
100 for each sample. Due to a bug, each sam-
ple got annotated by many annotators (a minimum
of 6, an average of 7.8, and a maximum of 29).
Then, we used the best 150 samples from each
of the datasets, which resulted in a dataset of 450

8https://github.com/marek357/
annotation-tool-frontend

https://huggingface.co/datasets/chrismazii/kinycomet_dataset
https://huggingface.co/datasets/chrismazii/kinycomet_dataset
https://huggingface.co/chrismazii/kinycomet_unbabel
https://huggingface.co/chrismazii/kinycomet_unbabel
https://huggingface.co/datasets/mbazaNLP/NMT_Education_parallel_data_en_kin
https://huggingface.co/datasets/mbazaNLP/NMT_Education_parallel_data_en_kin
https://huggingface.co/datasets/mbazaNLP/NMT_Tourism_parallel_data_en_kin
https://huggingface.co/datasets/DigitalUmuganda/kinyarwanda-english-machine-translation-dataset
https://huggingface.co/datasets/DigitalUmuganda/kinyarwanda-english-machine-translation-dataset
https://github.com/marek357/annotation-tool-frontend
https://github.com/marek357/annotation-tool-frontend
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samples. A manual inspection confirmed that this
solved most aforementioned quality issues.

From these datasets, we produced machine
translations using six systems: Claude 3.7-
Sonnet (2025-02-19), OpenAI GPT-4o (2024-08-
06), OpenAI GPT-4.1 (2025-04-14), Google Gemini
Flash 2.0 (flash-001), and Facebook NLLB mod-
els with 1.3B and 600M parameters (NLLB Team,
2024). We used each sample twice, once for each
direction. This resulted in 5400 samples, 50% for
each direction kin2eng and eng2kin.

Next, the annotators annotated DA scores. Due
to university procedures, 16 annotators were avail-
able for the second annotation. These annotators
annotated only a subset of 4,733 samples from our
5,400 high-quality samples due to confusion about
which annotators were actually available. Each
sample got annotated by three annotators. To en-
sure high data quality, we removed samples with a
standard deviation greater than 20, which resulted
in the removal of 410 samples, 9.5% of the total.
This resulted in 4303 samples, 2225 for the direc-
tion eng2kin and 2078 for the direction kin2eng.
We split the dataset randomly into 80% train, 10%
valid and 10% test partitions. Table 1 shows more
detailed information on the dataset.

3.2. Dataset Examples
Table 2 shows three samples from the dataset. We
randomly selected the samples, but we chose sam-
ples with shorter text to match the paper format.

3.3. Model Training and Evaluation
We fine-tuned our COMET model using two dif-
ferent base models. In the first case, we use
XLM-RoBERTa (Conneau et al., 2020), which is
a transformer model similar to RoBERTa (Liu et al.,
2019) but trained on more than 100 languages. Kin-
yarwanda is not among them. To our knowledge,
there is no open-source multilingual transformer
model trained on Kinyarwanda data. We call this
model-variant KinyCOMET XLM-RoBERTa.

In the second case, we fine-tune the Unbabel
COMET model (Rei et al., 2022). Unbabel COMET
is also based on XLM-RoBERTa. It was fine-tuned
on the data of the WMT shared task (Freitag et al.,
2022) from 2017–2020.9 We call this model-variant
KinyCOMET Unbabel. Both models were trained
using the publicly available training scripts.10

Both KinyCOMET variants were trained on a
Tesla T4 GPU using 16-bit mixed precision, with
3,477 training samples and 404 validation samples.
They share several hyperparameters: AdamW opti-
mizer, dropout of 0.1, layerwise decay of 0.95, and

9https://wmt-metrics-task.github.io
10https://github.com/Unbabel/COMET

gradient clipping at 1.0. In both cases, we opti-
mized MSE loss and selected the best checkpoint
based on the highest Pearson correlation on the
validation set.

The two models differ in the following settings.
We used the default settings of the public Unbabel
training scripts, adjusting the batch size only to
match our GPU server. For the XLM-RoBERTa
variant, we used a batch size of 8, an encoder
learning rate of 1× 10−6, and a main learning rate
of 1.5× 10−5. Training ran for up to 10 epochs with
validation performed twice per epoch, the encoder
frozen for the first 0.3 epochs, and early stopping
with patience of 3.

For the Unbabel variant, we used a batch size
of 4 with gradient accumulation over 2 steps (effec-
tive batch size of 8) and a unified learning rate of
1× 10−5 for both encoder and task-specific layers.
Training ran for up to 15 epochs with validation per-
formed twice per epoch, and early stopping with
patience of 4.

We compare our two models to several exist-
ing metrics: Unbabel (Rei et al., 2020), which is
trained on 102 languages, but not on Kinyarwanda.
AfriCOMET STL 1.1 (Li et al., 2025) is the version
trained on the AfriCOMET data that includes Kin-
yarwanda. Also, we compare our models to BLEU
and chrF.

Following the methodology of the authors of
COMET (Rei et al., 2020), we use Kendall-Tau τ
(Kendall, 1938) and Spearman ρ (Spearman, 1904)
to measure the correlation between model outputs
and human DAs scores. Graham et al. (2015) ar-
gues that Pearson is preferable over Kendall-Tau
because it allows direct comparison of continu-
ous human ratings, makes evaluation unit-free and
more intuitive, and supports statistical significance
testing.

We compare all the models above on the test
partition of our dataset. Unfortunately, we cannot
compare them with the SSA-COMET test set (Li
et al., 2025) because, at the time of writing, the
dataset is not public.

4. The Models

4.1. Evaluation of KinyCOMET
Table 3 shows the correlation of the automatic eval-
uation of the different metrics with human judge-
ments, for individual directions, and averaged over
both directions. Both our models, KinyCOMET Un-
babel and KinyCOMET XML-RoBERTa, reach state-
of-the-art results. As expected, chrF performs bet-
ter than BLEU. Generally (with one exception), the
COMET-based models outperform both BLEU and
chrF. The low scores for both AfriCOMET variants
are surprising. Unbabel, which is not trained on that

https://wmt-metrics-task.github.io
https://github.com/Unbabel/COMET
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Source sentence Machine Translation Reference Score Direction
Hano hari kugabanuka Here there is a free There are generous 0.92 kin2eng
kubuntu hafi ya bose! discount for almost! discounts for nearly

everyone! everyone!
Umuyobozi wanjye My manager, Godwin, My guide, Godwin, 0.92 kin2eng
, Godwin, yari was a genius. was fantastic.
igitangaza
There is then a right Hariho noneho gutaha Noneho har’ahakata iburyo 0.90 eng2kin
turn about 500m further iburyo nko muri metero muri metero 500 ukomeje
on, this is the guest 500 imbere, ni inzu imbere, aho niho hari
house. y’abashyitsi. icumbi ry’abashyitsi.

Table 2: Examples from the dataset

specific language pair, outperforms AfriCOMET. No-
tice that direction eng2kin outperforms the direction
kin2eng consistently across all metrics.

4.2. Evaluation of Machine Translation
Kinyarwanda–English

Table 4 shows the DA scores of the human annota-
tors for the different MT systems used to generate
our dataset. Generally, LLM-based approaches
outperform NLLB models. While GPT-4.0 and
GPT-4.1 have the best performance on kin2eng,
Gemini-2.0 Flash achieves state-of-the-art results
for eng2kin. Averaged across both directions, GPT-
4o, GPT-4.1 and Gemini-2.0-Flash achieve the best
results. However, the scores are very similar to
each other, and all scores lie within each other’s
standard deviations. Especially, the LLM models
have very similar results.

4.3. Distribution of Direct Assessment
Scores

To understand the nature of the dataset, we com-
pare the distribution of our DAs to those of a stan-
dard dataset used in MT evaluation, the WMT
datasets (data from 2017–2022 from 41 different
language pairs) (Bojar et al., 2017; Ma et al., 2018,
2019; Mathur et al., 2020; Freitag et al., 2021, 2022).
Also, we added the distribution of DAs that the differ-
ent models predicted on the KinyCOMET datasets
test partition. The WMT data uses another scale
for DA as ours, so we scaled all scores individually
for each dataset or model to a scale from 0-1 using
Min-Max Normalization x̃ = x−min(x)

max(x)−min(x) .
Figure 1 shows a boxplot of the normalized DA

scores. In both datasets, the scores are centered
mainly on a small range of the scale. Only Kiny-
COMET XML-RoBERTa and KinyCOMET Unbabel
capture the distribution well.

When the majority of training data falls in such
a small intervall, the models might learn to predict
DA scores centered around this small area as well.

Figure 1: Distribution of DA scores in the WMT
2017-2022 data, our dataset and the model predic-
tions on our dataset.

If the test dataset falls within the same interval, we
get good results. This might also explain the low
scores of AfriCOMET on our test dataset, because
the AfriCOMET scores might follow a different dis-
tribution.

If we re-ran the data collection, we would include
weaker MT models to capture lower DA scores also
to teach the model to predict lower scores also.
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Model Direction Pearson Kendall’s-Tau
AfriComet QE STL 1.1 both 0.34 (moderate) 0.11 (moderate)
AfriComet STL 1.1 both 0.52 (strong) 0.24 (moderate)
BLEU both 0.30 (weak) 0.23 (moderate)
chrF both 0.38 (moderate) 0.21 (moderate)
KinyCOMET Unbabel (ours) both 0.75 (strong) 0.42 (strong)
KinyCOMET XML-RoBERTa (ours) both 0.73 (strong) 0.35 (strong)
Unbabel both 0.54 (strong) 0.39 (strong)
AfriComet QE STL 1.1 eng2kin 0.59 (strong) 0.30 (strong)
AfriComet STL 1.1 eng2kin 0.67 (strong) 0.36 (strong)
BLEU eng2kin 0.30 (weak) 0.25 (moderate)
chrF eng2kin 0.48 (moderate) 0.28 (strong)
KinyCOMET Unbabel (ours) eng2kin 0.75 (strong) 0.40 (strong)
KinyCOMET XML-RoBERTa (ours) eng2kin 0.76 (strong) 0.37 (strong)
Unbabel eng2kin 0.52 (strong) 0.36 (strong)
AfriComet QE STL 1.1 kin2eng 0.23 (weak) 0.16 (moderate)
AfriComet STL 1.1 kin2eng 0.41 (moderate) 0.22 (moderate)
BLEU kin2eng 0.16 (weak) 0.07 (moderate)
chrF kin2eng 0.23 (weak) 0.11 (moderate)
KinyCOMET Unbabel (ours) kin2eng 0.63 (strong) 0.33 (strong)
KinyCOMET XML-RoBERTa (ours) kin2eng 0.37 (moderate) 0.21 (moderate)
Unbabel kin2eng 0.43 (moderate) 0.26 (strong)

Table 3: Correlation of metrics with human judgements, for the individual directions and averaged over
both directions.

System kin2eng eng2kin both
Claude-3.7 92 (8) 86 (11) 89 (10)
GPT-4o 93 (8) 88 (11) 91 (10)
NLLB-1.3B 89 (12) 84 (16) 87 (15)
NLLB-600m 89 (12) 75 (28) 83 (22)
GPT-4.1 93 (7) 88 (10) 91 (9)
Gemini-2.0-Flash 91 (11) 90 (9) 91 (10)

Table 4: Comparison of DA for the MT systems used for both translation directions and their average
(both). The table shows average DA and the standard deviation in brackets.

5. Discussion

Our model outperforms the current state of the
art. Finetuning Unbabel for our specific use case
proved to be more efficient than training a model
from scratch. We hypothesize that KinyCOMET
Unbabel benefits from transfer learning from the
other languages it was originally trained on. Overall,
Unbabel achieves high performance, on average
better than AfriCOMET, which is surprising given
that neither the base model nor the fine-tuning used
Kinyarwanda data.

In general, Kinyarwanda-to-English (kin2eng)
scores are higher than English-to-Kinyarwanda
(eng2kin) scores. This is unexpected, as one might
assume that the English language model is stronger
than the Kinyarwanda model, and therefore would
assess English samples more accurately. We leave
it to future research to explain this phenomenon.

Our dataset also shows an unusually con-
centrated distribution of Direct Assessment (DA)
scores, suggesting that a more diverse dataset
would provide more informative evaluation results.
Finally, the data clearly demonstrates that chrF and
BLEU scores do not align well with human judg-
ments.

6. Ethical Considerations

6.1. Annotator compensation
Our data annotators generated the dataset as part
of a university seminar and were therefore com-
pensated through fulfillment of their academic re-
quirements and hands-on learning about data gen-
eration for machine translation evaluation. The
annotators did not receive additional financial com-
pensation.
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6.2. Data Extractivism and Benefit
Sharing

Recent discussions around data extractivism and
fair benefit sharing (Okorie and Omino, 2025; Rajab
et al., 2025) have criticized common licensing prac-
tices in NLP research. Typically, datasets and AI
models are published under open licenses such as
the Creative Commons Attribution License11, which
allow free use with the aim of promoting innovation
and enabling commercial applications. However,
this approach can perpetuate data extractivism:
due to power asymmetries between actors in the
Global North and Global South, high-resource ac-
tors from the Global North are better positioned
to turn openly released datasets (from the Global
South) into profitable products/technologies which
can then / are then being re-introduced to the same
originating communities as commercial digital ser-
vices. Okorie and Omino (2025) and Rajab et al.
(2025) emphasize that language datasets repre-
sent the collective knowledge of the communities
that speak those languages and argue that these
communities should participate in, and equitably
benefit from, any downstream use or commercial-
ization of their linguistic resources.

6.3. Licensing Framework
Because our dataset relies on linguistic resources
produced by Rwandan speakers and students, eq-
uitable benefit-sharing mechanisms are particularly
relevant. We intend to adopt the NOODL licens-
ing framework (Okorie and Omino, 2025) for our
dataset publication. The NOODL license distin-
guishes between two types of users: while users
from developing countries can access the dataset
for free, users from developed countries must pro-
vide a form of benefit sharing (e.g. monetary li-
censing fee, access to resources and infrastruc-
ture, collaboration). In order to manage this benefit
sharing process, we plan to nominate a licensing
custodian who can determine benefit sharing / pric-
ing for the dataset and serve as a point of contact
for Global North users seeking to license the data.
Since the Kinyarwanda-speaking community con-
sists primarily of people from Rwanda, we consider
the Rwandan government to be an appropriate data
custodian. While the NOODL license applies di-
rectly to the dataset, the same benefit-sharing pro-
cedures extend to our models as derivative works
of the data.

6.4. Licensing Implementation Timeline
These licensing frameworks are very new, and
there are no established precedents for releasing
datasets under the NOODL license. In particular,

11https://creativecommons.org/licenses/by/4.0

engaging with the community, contacting the Rwan-
dan government and establishing their role as data
custodian will require a lengthy process. To ensure
quick adoption of our dataset and models by the re-
search community and Rwandan machine transla-
tion companies, we will initially publish them under
the Creative Commons BY license. As our discus-
sions with the Rwandan government progress, and
pending their agreement to serve as data custo-
dian, we will transition to the NOODL license. The
data custodian may also choose to allow Global
North users to access the data and models freely
for non-commercial research purposes. Ultimately,
NOODL emphasizes that benefit-sharing arrange-
ments must be defined by the originating commu-
nity (typically through an appointed data custodian).
Therefore, we as the dataset creators refrain from
unilaterally defining the license terms on behalf of
the community.

7. Conclusion

In this work, we introduced KinyCOMET, an auto-
matic evaluation metric tailored to Kinyarwanda-
English machine translation. By fine-tuning
COMET models with newly collected Direct As-
sessment (DA) data, we demonstrated that our
approach achieves strong correlations with human
judgments and outperforms existing metrics, includ-
ing AfriCOMET, BLEU, and chrF.

Beyond the model itself, we contribute a high-
quality, publicly available dataset of human transla-
tion assessments for Kinyarwanda–English. This
resource fills an important gap for African language
research and provides a foundation for further work
on evaluation and model development.
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