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Abstract

Despite impressive performance and expanded
language coverage in recent multilingual
machine translation (MMT) systems, most
African, and particularly East African, lan-
guages remain severely underrepresented in nat-
ural language processing (NLP) benchmarks,
corpora, and state-of-the-art models (SOTA).
With more than 2,000 languages spoken across
Africa, current MT resources targets only a
small fraction, leaving many languages under-
served. To address this gap, we introduce
AfriMMT-EA, the first large-scale multilin-
gual MT dataset covering 53 East African lan-
guages across diverse domains. We expand low
resource coverage by providing high-quality
parallel data for many languages with no prior
digital presence, including 23 new Kenyan
and Tanzanian language pairs. We fine-tune
Gemma-3-270M and Gemma-3-1B, to create
our regionally adapted models Safari-270M
and Safari-1B observing consistent translation
quality improvements over strong off-the-shelf
baselines, with the 1B model consistently out-
performing the 270M variant across most lan-
guages. We release the dataset, trained models,
and tools to lower barriers for researchers and
communities, supporting more inclusive, ro-
bust, and culturally grounded MT research. All
artifacts are publicly available at 1

1 Introduction

The pursuit of eliminating global language barri-
ers has positioned machine translation (MT) at the
forefront of NLP research. Recent progress in mul-
tilingual MT has been driven by large language
models such as GPT-4 (Hurst et al., 2024; Achiam
et al., 2023; OpenAI, 2023), o1 (Jaech et al., 2024)
LLaMA (Touvron et al., 2023; Dubey et al., 2024),
Mistral (Chaplot, 2023), Qwen3 (Yang et al., 2025),
Gemma (Team et al., 2025), BLOOM (Le Scao
et al., 2023), and expanding multilingual corpora

1Project repository: https://github.com/NEtori21/
Multilingual-Machine-Translation-for-East-Africa

Figure 1: Safari: Multilingual MT for 53 East African
Languages fine-tuned on AfriMMT-EA 2

for low-resource languages (LRLs) (Adelani et al.,
2022b; Etori et al., 2025). These models demon-
strate strong cross-lingual capabilities and are now
widely adapted for translation tasks (Guo et al.,
2024; Li et al., 2024). However, benefits from these
advances remain unevenly distributed (Emezue and
Dossou, 2022a; Orife et al., 2020a; Adebara et al.,
2023). Despite rising interest in African MT, most
existing systems still prioritize high-resource lan-
guages (Costa-Jussà et al., 2022), providing limited
support for East African languages (Akera et al.,
2022a; Martinus and Abbott, 2019). See Table 1.

Over the past decade, African MT research has
progressed through new models (Elmadany et al.,
2024a; Costa-Jussà et al., 2022; Üstün et al., 2024;
Conneau, 2019; Adelani et al., 2021; Tonja et al.,
2024a; Buzaaba et al., 2025), benchmarks (Adelani
et al., 2022b; Goyal et al., 2022; Reid et al., 2021a),
and evaluation frameworks such as AfriCOMET
(Wang et al., 2024). To date, East Africa continues
to have limited language coverage, and existing
pan-African benchmarks reinforce this gap by re-
lying on a subset of commonly used languages,
leaving many others, such as Tanzania dialects, en-
tirely overlooked.

Recent research have explored regional-focused
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MT Resource EA/Total EA Languages

MAFAND-MT (Adelani et al., 2022b) 5/17 amh, kin, lug, luo, swa
FLORES-200/NLLB (Costa-Jussà et al., 2022) 12/75 amh, dik, kam, kik, kin, lug, luo, gaz, run, som, swa, tir
SALT (Akera et al., 2022b) 6/6 swa, lug, lgg, ach, nyn, teo
CCAligned (El-Kishky et al., 2020) 7/106 am, om, so, sw, ti, lug, kin
MT560 (Gowda et al., 2021) 19/96 lug, ach, nyn, luo, run, swa, som, orm, kin, kam, kik , amh, nyn, dik, koo
FLORES-101 (Goyal et al., 2022) 9/101 amh, lug, kam, luo, orm, run, som, swh, tir
AFROMT (Reid et al., 2021a) 2/8 run, swa
InkubaLM (Tonja et al.) 1/5 swa
Toucan (Elmadany et al., 2024a) 15/45 aar, ach, amh, gez, kin, lgg, lug, nyn, orm, som, swa, swc, teo, tir, wal
Cheetah (Adebara et al., 2024) 10/517 ach, teo, lgg, lug, nyn, swa, som, tir, orm, run
mBART (Tang et al., 2020) 1/50 swh
mT0 (Muennighoff et al., 2022) 5/101 amh, orm, som, swh
AfriMMT-EA (Ours) 53/53 kln, dug, sxb, dav, guz, coh, teo, mas, cuh, pko, lsm, mer (See Table 3.)

Table 1: Comparison of East African coverage in existing MT datasets and models.

model approach as an alternative approach to
global multilingual coverage. SEA-LION (Ng
et al., 2025), SeaLLM (Nguyen et al., 2023), Sailor
(Dou et al., 2024) demonstrate the effectiveness of
such models for Southeast Asian (SEA) languages
by extending multilingual open models LLaMA
(Touvron et al., 2023) and Qwen (Bai et al., 2023).
In Africa, InkubaLM (Tonja et al., 2024a) and Sun-
flower (Akera et al., 2025) extend this, showing the
potential of localized modeling.

To address this gap, we adopt a region-focused
localized modeling approach for East African lan-
guages, we introduce AfriMMT-EA, a large scale
multilingual, multi domain MT benchmark cover-
ing 53 languages across Kenya, Uganda, Tanzania,
Rwanda, and Ethiopia. We fine tune Gemma-3-
(270M and 1B) (Team, 2025a) on all 714,490 trans-
lation pairs across 66 uni-directions (43M+ tokens).
Our models achieve SOTA performance compared
to the base model. We evaluate our models against
the Open LLM Leaderboard 3 We summarize the
contribution of our paper as follows:

• We introduce AfriMMT-EA, the first large-
scale region-focused, multi-domain MT
dataset for East Africa. Covering 53 local
languages curated from diverse sources and
partially translated by native speakers. De-
tailed breakdown of our contributions in terms
of token counts, translation pairs, and domain
coverage, in table 9

• We expand MT research language coverage by
introducing 11 Kenyan and 12 Tanzanian lo-
cal languages into mainstream MT landscape,
including one endangered language, one ex-
tinct language, and one language with no
prior digital NLP support 4

3https://github.com/hiyouga/LlamaFactory.
4Language classification and vitality information were ob-

tained from https://www.ethnologue.com/.

• We fine-tune Gemma-3-270M and Gemma-
3-1B, release our models, dubbed as Safari-
270M and Safari-1B, on AfriMMT-EA and
providing a comprehensive evaluation across
all 53 languages, where our regionally adapted
safari models consistently outperform their
Gemma base models and strong open multi-
lingual off-the-shelf baselines.

2 Related Work

2.1 Multilingual MT for African Languages
MT research has historically prioritized high-
resource languages (Reid et al., 2021a; Robin-
son et al., 2024; Workshop et al., 2022), leaving
African languages underrepresented due to lim-
ited training and evaluation data (Adelani et al.,
2022a; Etori and Gini, 2024; Ojo et al., 2023),
with many still lacking reliable MT systems (Akera
et al., 2022a). Despite broader coverage efforts
(Nekoto et al., 2020; Bayes et al., 2024), substan-
tial resource gaps persist. Existing tools such as
Google Translate5, Masakhane MT6 (Orife et al.,
2020b) and prior multilingual corpora (Agic and
Vulic, 2019) offer only partial support, with Swahili
remaining the most developed East African lan-
guage for MT (De Pauw et al., 2009). Recent mul-
tilingual LLMs (Achiam et al., 2023; Team et al.,
2023; Cui et al., 2025) still underserve many East
African languages (e.g., Bena, Hehe, Suba). This
gap has motivated African-centered benchmarks
and models such as IrokoBench (Adelani et al.,
2024), AfroBench (Ojo et al., 2023), AfriMTE and
AfriCOMET (Wang et al., 2023), InkubaLM (Tonja
et al., 2024a), SALT (Akera et al., 2022b), Sun-
flower (Akera et al., 2025), Lugha-Llama (Buza-
aba et al., 2025), Toucan (Elmadany et al., 2024a;
Reid et al., 2021b), AfroLingu-MT (Elmadany
et al., 2024b), AfroXLM-R (Alabi et al., 2022),

5https://translate.google.com
6https://www.masakhane.io/
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Figure 2: Token distribution across AfriMMT-EA. Blue bars show total token counts per language on a log scale,
using ISO codes. The orange line indicates the cumulative share of tokens across languages.

Figure 3: Domain categories in our dataset and their
distributions.

and AfroXLMR-Social. Regionally focused trends,
including Sunflower (Akera et al., 2025), SEA-
LION (Ng et al., 2025), and SeaLLM (Nguyen
et al., 2023), further emphasize localized modeling.
Our work advances this direction by explicitly tar-
geting East African languages such as Tanzanian
dialects, which remain absent in prior MT research.

3 Methodology and Dataset

Our curation pipeline emphasizes data quality
(Oladipo et al., 2023) through careful examination
and selection of existing sources.

3.1 Language selection criteria

We selected languages from five East African coun-
tries, as outlined in §1, guided by four motiva-
tions. First, our team includes five native speakers
from the region, specifically three from Tanzania
and two from Kenya, whose linguistic expertise
informed the selection. Second, as noted in §2,
LRL data collection, annotation and alignment are
resource-intensive, and training data-hungry mod-
els is costly. We therefore prioritized languages
with available datasets, with collectors using their
best judgment in sourcing materials. Third, cur-
rent LLMs and benchmarks include only a few
African languages such as Swahili, Hausa, Yoruba,
and Amharic (Akera et al., 2025). AfriMMT-EA in-

stead follows a region-first, language-centric strat-
egy that centers East African languages as core
research focus. Fourth, the five countries share
English, Swahili, and many indigenous languages,
which aligns with our uni-direction translation
setup. Because our benchmark includes limited
English→local data but far more Swahili→local
pairs, Swahili serves as a strong pivot for cross-
lingual transfer

3.2 Language characteristics
Most languages in AfriMMT-EA use Latin-based
orthographies, ranging from standard Latin script
such as Kikuyu, Suba, Luganda to Latin Extended
and modified Latin scripts with long vowels, pre-
nasalized consonants, diacritics, and glottal mark-
ing such as Tharaka, Marakwet, Borana, Samburu,
Maasai. Tigrinya is written in the Ethiopic Ge’ez
script and our dataset preserve that.

3.3 Data sources and composition
Regional Data Sources: We curated from multi-
ple sources, initially we classified our data into
five primary categories: (i) existing digital cor-
pora, (ii) digitized physical or printed materials,
(iii) specialized linguistic resources such as dictio-
naries, cultural narratives (dictionaries, glossaries,
and cultural narratives); (iv) community and locally
developed documents, such as native-speaker trans-
lations of existing texts; and (v) directly curated
datasets, collected and annotated through our data
curator platform shown in Figure 6.

3.4 Domain Composition and Distribution
Our corpus spans multiple domains, as summa-
rized in Figure 3,Table 2 and Table 7. Kenya
contributes the widest domain coverage, includ-
ing politics, religion, short stories, cultural narra-
tives, agriculture, folklore, African literature, lex-
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ical resources, education, and healthcare. Asub-
stantial portion is drawn from religious corpora,
primarily sourced from Bible Translation & Lit-
eracy (BTL) and Bible.com7. The data are com-
plemented by digitized books, PDFs, and cultural
archives processed through a Gemini-GUI, and by
publicly available publications and research cor-
pora (Mbogho et al., 2025; Wanjawa et al., 2022a;
Adelani et al., 2022b; Team et al., 2022; Tiede-
mann, 2012). Tanzania. As shown in Table 2,
Tanzanian data constitute 14.4% of the corpus and
are drawn primarily from religious7, lexical, and
crowdsourced. The crowdsourced portion was col-
lected through a controlled web-based translation
interface, where native speakers submitted and val-
idated translations As shown in Figure 6.

3.5 Data collection

We divided our data collection methodology into
three main steps: searching and gathering, ex-
traction and alignment. We then followed a
structured data collection procedure. (i) First
we found existing resources by querying research
databases and search engines. Specifically,we
searched for the language name in the ACL An-
thology8 and used combinations of keywords
such as "[language name] machine translation",
"[language name] NLP", "[language name]
Translation", and "[language name] African MT"
on Google Scholar9. We widen search for parallel
corpora using the Lanfrica 9 database and general
Google search engine 9. Given the large number
of query results, we focused on the most relevant
entries. (ii) Second, we searched online for books
, PDFs offering translations or supplementary lan-
guage resources, including the Internet Archive.9

(iii) Third, we contacted researchers and commu-
nity members from the languages’ communities to
identify potential data sources such as BTL 7 While
response rates were low, these contacts enabled
us to obtain some otherwise unavailable datasets.
(iv) Fourth, we engaged native speakers by post-
ing calls for contributions to translation tasks on
social media such as Facebook and LinkedIn. This
yielded some additional data, though many par-
ticipants were unable to complete the translations
fully. (v) Fifth, we established a web-based plat-

7Source URLs: btlkenya.org, bible.com, hf.co/
datasets/allandclive/UgandaLex2

8Source URLs: https://aclanthology.org, https://
scholar.google.com, https://lanfrica.com/

9https://archive.org/

form, Argilla, that enables East Africans native
speakers to voluntarily contribute to MT data for
their own languages17. As shown in Figure 6 and
Figure 8. Complete URLs for all external resources
mentioned in this section are listed in Appendix J.

Data Extraction: After data gathering, we
categorized the resources into seven types: (i)
previously published parallel datasets, (ii) web
sources with pre-aligned parallel sentences, (iii)
web sources containing full-text articles accompa-
nied by translations, (iv) PDFs with aligned parallel
sentences, (v) human-translated data generated via
the Argilla platform or native speaker contributors,
(vi) Bible parallel translations, and (vii) other PDF
sources. Previously published parallel datasets
were combined at the beginning of the extraction
process, including single-language resources such
as KenTrans (Wanzare et al., 2022), Kencorpus
(Wanjawa et al., 2022b), Lumasaba (Nabende et al.,
2023), (Mbogho et al., 2025) and (Wanjawa et al.,
2022a) . We customized extraction procedures
for PDFs, websites, and other sources, leveraging
Gemini 2.5 Flash (Comanici et al., 2025) 10, with
prompt-driven workflows followed by human-in-
the-loop quality assurance (See Fig. 4.). The ex-
traction and annotations team included two Kenyan
native speakers, three Tanzanian native speakers,
and one Nigerian collaborator with linguistic fa-
miliarity in Ugandan languages. Although this did
not cover all included languages, the annotators’
knowledge of related regional languages ensured
accuracy, supported by careful quality control.

Data Alignment: The alignment process was
crucial for transforming raw bilingual data into
structured parallel data suitable for our down-
stream MT task. For web and document-based
sources containing unsegmented text and their
translations, we employed LLM-assisted segmenta-
tion and alignment with human verification. First,
we copied text from the target languages directly
from the original source text pair into the Gem-
ini 2.5 Flash (Comanici et al., 2025) user inter-
face, prompting it to identify and align correspond-
ing sentence boundaries across source and target
languages. The model segmented text based on
punctuation, paragraph boundaries, and transla-
tion cues such as repetition or discourse markers.
Next came our human validation phase. Annota-
tors manually inspected the aligned segments to
correct mismatches, missing sentences, or partial
alignments. After verification, all aligned sentence
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pairs were organized and cleaned using Excel or
Google Sheets and stored in comma-separated val-
ues (CSV) format.

3.6 Data preprocessing pipeline

Our Preprocessing pipeline was developed to con-
struct a high-quality parallel multilingual transla-
tion dataset. The pipeline follows a systematic
sequence of steps: (i) data ingestion from hetero-
geneous CSV sources with automatic encoding
detection, (ii) comprehensive text cleaning to re-
move encoding artifacts, normalize whitespace and
punctuation, and filter empty or invalid entries, (iii)
de-duplication of exact translation pairs, (iv) tok-
enization and metadata enrichment, (v) concurrent
processing for efficient handling of multiple lan-
guages, (vi) deterministic train-test splitting per
language pair, (vii) quality assurance and statistical
validation, and (viii) dataset export and publica-
tion, including a comprehensive README with
statistics and language coverage for reproducibility.

Data Organization and Ingestion: The raw
dataset was organized hierarchically by country
and language, with each language pair stored in
separate CSV files. We employed automatic encod-
ing detection to handle files with varying character
encodings UTF-8, UTF-8-BOM, Latin-1, CP1252,
ISO-8859-1, ensuring proper text extraction regard-
less of original file format. This multi-encoding
support was critical given the diverse sources and
historical nature of some texts. Files with missing
orcontent were logged for inspection.

Text Cleaning: To address common data qual-
ity issues in our corpora, each sentence was pro-
cessed in a multi-stage cleaning procedure. The
cleaning process began with systematic removal of
encoding artifacts/erroneous UTF-8 symbols (e.g.√, ¬, ó)), byte-order marks, non-breaking spaces,
and zero-width character artifacts from file format
conversions and digitization processes. Regular ex-
pressions were used to identify and remove patterns
such as unique accented characters, negation arti-
facts, and malformed Unicode sequences. Next, we
normalized whitespace and punctuation, removed
standalone accents, converted ASCII, and removed
translation pairs shorter than 3 characters or con-
sisting solely of punctuation marks. We counted to-
kens using the Gemma-3 tokenizer to track source
and translation token counts for each pair, enabling
analysis of translation length ratios and informing
model training decisions.

Country Languages Translation Pairs Percentage

Kenya 24 351,396 48.8%
Uganda 16 256,133 35.5%
Tanzania 12 103,520 14.4%
Rwanda 1 6,246 0.9%
Ethiopia 2 3,441 0.5%

Table 2: Geographic Distribution of translation pairs
by country. Kenya and Uganda dominate the dataset,
together accounting for over 80% of the total data.

Deduplication and Dataset Splitting: To pre-
vent data leakage and ensure model generalization,
we implemented rigorous de-duplication. We re-
moved translation pairs with identical source and
translation text, and logged duplicate entries for
inspection. The de-duplication process was applied
globally across all languages to eliminate cross-
contamination between language pairs. For dataset
splitting, we employed a stratified approach that
maintains the distribution of language pairs in both
training and test sets. Each language pair was inde-
pendently shuffled using a fixed random seed (42)
for reproducibility, then split using an 80/20 ratio.
A similar approach that maximizes data coverages
was employed for languages with fewer pairs. This
stratified splitting ensures every language pair is ad-
equately represented in both splits while maintain-
ing evaluation integrity. The final dataset structure
has source language, target language, country
of origin, token counts, processing timestamp,
and processor version for traceability. Statisti-
cal validation confirmed zero remaining duplicates
post-processing and verified the 80/20 split ratio
across all language pairs.

4 Experimental Setup

We leverage pretrained instruction-tuned language
models as our starting point, hypothesising that
their inherent instruction-following capabilities
will facilitate effective transfer learning for ma-
chine translation tasks. Our model selection strat-
egy prioritises inference efficiency suitable for edge
deployment and multilingual capabilities inherent
in the tokenizer. Consequently, we focused on
lightweight models, primarily targeting the sub-
1B parameter range while including select compact
models for comparison. The candidate models in-
clude the Gemma (270M and 1B) (Team, 2025a),
Llama 3.2 (1B) (Grattafiori et al., 2024), Qwen 2.5
(0.5B) (Team, 2024; Yang et al., 2024), Phi-4-mini
(3.8B) (Xu et al., 2025), and SmolLM2-Instruct
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ISO Code Name Family Region # Speakers Vitality Digital support

swa Swahili Niger_Congo/Bantu East and Central Africa 87.2 M Institutional Vital
dug Duruma Niger-Congo/Bantu Kenya 600K Institutional Ascending
sxb Suba Niger-Congo/Bantu Kenya and Tanzania 140K Stable Ascending
dav Taita Niger-Congo/Bantu Kenya 370K Stable Ascending
mer Meru Niger-Congo/Bantu Kenya 2M Institutional Ascending
guz Gusii Niger-Congo/Bantu Kenya and Tanzania 2.7M Stable Ascending
lsm Saamia Niger-Congo/Bantu Kenya and Uganda 480K Institutional Emerging
kam Kamba Niger-Congo/Bantu Kenya 5.2M Institutional Ascending
teo Teso Nilo-Saharan/Nilotic Kenya and Uganda . 2.78M Institutional Ascending
kln Kalenjin Nilo-Saharan/Nilotic Kenya 6.6M Stable Ascending
ebu Embu Niger-Congo/Bantu Kenya 320K Stable Ascending
coh Chonyi Niger-Congo/Bantu Coastal Kenya 310K Stable Still
lwg Luwanga Niger-Congo/Bantu Western Kenya 103K Stable Emerging
kik Kikuyu Niger-Congo/Bantu Central Kenya 8.3M Stable Ascending
luo Luo Nilo-Saharan/Nilotic Kenya and Tanzania 4.2M Stable Ascending
mas Maasai Nilo-Saharan/Nilotic Kenya and Tanzania 1.5M Stable Ascending
gax Borana Afro-Asiatic/Cushitic Kenya, Somalia and Ethiopia 9.6M Stable Ascending
thk Tharaka Niger-Congo/Bantu Kenya 300K Institutional Ascending
bxk Bukusu Niger-Congo/Bantu Kenya and Uganda 1.4M Institutional Ascending
rag Maragoli Niger–Congo/Bantu Kenya 620K Institutional Ascending
cuh Chuka Niger–Congo/Bantu Kenya 250K Stable Emerging
saq Samburu Nilo-Saharan Kenya 240K Stable Ascending
enb Marakwet Nilo-Saharan Kenya 180K Stable Ascending
tvs Taveta Niger–Congo/Bantu Kenya 21K Stable Emerging
nyf Giriama Niger–Congo/Bantu Kenya 1M Institutional Ascending
pkb Pokomo Niger–Congo/Bantu Kenya 95K Institutional Ascending
pko Pokot Nilo-Saharan Kenya 700K Stable Ascending
som Somali Afro-Asiatic Kenya and Somalia 24M Institutional Vital
gax Oromo Afro-Asiatic Ethiopia 45.5M Stable Ascending
tir Tigrinya Afro-Asiatic Ethiopia 9.9M Institutional Vital
kin Kinyarwanda Niger-Congo/Bantu Rwanda 15M Institutional Vital
bez Bena Niger-Congo Central Tanzania 590K Stable Ascending
gog Gogo Niger-Congo Central Tanzania 1.4M Stable Ascending
kde Makonde Niger-Congo SE. Tanzania, No. Mozambique 2.1M Stable Ascending
lag Langi Niger-Congo Tanzania 410K Stable Ascending
mas Maasai Nilo-Saharan Tanzania, Kenya 2.1M Stable Ascending
jit Jita Niger-Congo Tanzania 210K Stable Ascending
heh Kihehe Niger-Congo Southern Tanzania 1.2M Endangered Ascending
old Kichaga Niger-Congo Kilimanjaro, Tanzania 1.4M Stable Emerging
suk Kisukuma Niger-Congo Northern Tanzania 8.1M Stable Ascending
hay Kihaya Niger-Congo/Bantu Northwestern Tanzania 1.3M Stable Ascending
asu Pare Niger-Congo Northeast Coast Tanzania 500K Stable Ascending
ach Acholi Nilo-Saharan Uganda, South Sudan 2M Institutional Ascending
alz Alur Nilo-Saharan DRC, Uganda 2.5M Institutional Ascending
luc Aringa Nilo-Saharan Uganda 927K. Stable Ascending
teo Ateso Nilo-Saharan Uganda, Kenya 3.1M Institutional Ascending
gwr Gwere Niger-Congo Uganda 876K Institutional Ascending
adh Jopadhola Nilo-Saharan Uganda 570K Stable Ascending
keo Kakwa Nilo-Saharan Uganda, DRC, South Sudan 591K Stable Ascending
ndp Kebu Nilo-Saharan Uganda 51.7K Stable Emerging
kdi Kumam Nilo-Saharan Uganda 350K Institutional Emerging
laj Lango Nilo-Saharan Uganda 2.7M Institutional Ascending
lgg Lugbara Nilo-Saharan Uganda, DR Congo 1.2M Institutional Ascending
myx Masaaba Niger-Congo Uganda 2.1M Institutional Ascending
nuj Nyole Niger-Congo Uganda 633K Stable Ascending
nyo Nyoro Niger-Congo Uganda 1.2M Institutional Ascending
xog Soga Niger-Congo Uganda 3.7M Institutional Ascending

Table 3: ISO Language Codes, Names, Language Families, Regions (where the languages are spoken in Africa),
Speaker Estimates, Vitality, and Digital Language Support, per Ethnologue (https://www.ethnologue.com).
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Figure 4: Data Collection Pipeline. Our framework integrates resource search, text extraction, and dual alignment
(crowdsourced + Gemini-assisted) to produce validated East African multilingual data.

tokenizer Languages fertility PCW

Gemma-3 All 1.9683 58.44%
Llama-3.2 All 2.1153 60.73%
Phi-4 all 2.1330 61.16%
Qwen-3 all 2.1494 62.25%
SmolLM2-1.7B-Instruct all 2.2596 63.98%

Table 4: Comparison of tokenizer efficiency metrics
(Fertility and PCW) across candidate base models, ag-
gregated across all target languages.

(1.7B) (Allal et al., 2025). Given that our method-
ology relies strictly on Supervised Fine-Tuning
(SFT) rather than pre-training, we assessed the
models’ tokenization efficiency using two metrics:
Fertility (average tokens per word) and Proportion
of Continued Words (fragmentation rate) (Penedo
et al., 2025). As shown in Table 4, these metrics
guided our final selection. Due to computational
constraints preventing a full training/evaluation of
all candidates, we proceeded with the Gemma fam-
ily as it offered the optimal balance of tokenizer
efficiency and model size.

4.1 Task Overview

We formulate AfriMMT–EA as a supervised MT
task, where the model learns from parallel sentence
pairs (x, y) drawn from the Swahili→local and
English→local translation directions. Each train-
ing example is converted into a structured three-
turn conversation following the Gemma-3 chat tem-
plate: (1) a system instruction describing the trans-
lation task, (2) a user message specifying the trans-
lation direction and source text, and (3) an assis-
tant response containing the target translation, see
prompting strategy at Appendix I. Because every

instance includes explicit source_language and
translated_language fields, the model never
needs to infer the target language. During fine-
tuning, we use response-only training, applying
loss exclusively to the assistant turn and masking
all system and user tokens. At inference time, the
model receives the same two-turn (system + user)
prompt and must produce the target translation
without access to the reference.

4.2 Baseline and Evaluation Models

We employ Gemma-3-(270M and 1B) (Team,
2025a) as baseline models, chosen for their strong
multilingual,vocabulary capacity and lightweight
design, which allows full fine-tuning and deploy-
ment in low-resource environments. To contex-
tualize the performance of our fine-tuned models,
we evaluate against open LLMs, including Meta-
Llama-3.3 1B (Dubey and et al., 2024), Qwen3
family ( 0.6B and 1.7B) (Team, 2025b). All mod-
els are decoder-only that have demonstrated strong
multilingual performance.

4.3 Evaluation Metrics

Evaluation uses the test split from the same dataset,
filtered to match the trained language direction. We
compute three complementary metrics: BLEU (Pa-
pineni et al., 2001), chrF++ (Popović, 2017), and
TER (Snover et al., 2006), following common MT
practice. All metrics are calculated using the sacre-
bleu library (Post et al., 2025) with international to-
kenization. Results are aggregated at the level of in-
dividual language pairs, and weighted by the num-
ber of test examples to compute overall averages.
We record precision breakdowns, brevity penalty,
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and average system versus reference lengths.

4.4 Prompting Strategy
As explained in §4.1. We use a fixed ChatML
template consisting of: (i) a system instruction
defining the task, (ii) a user message containing
the source, and target language, input sentence, (iii)
the assistant translation.(See §I).

4.5 Hyperparameter optimization
The model was configured with a maximum se-
quence length of 2,048 tokens to accommodate
longer translations. Hyperparameter optimization
was conducted using Weights & Biases sweeps to
identify optimal training configurations. The train-
ing process used the AdamW 8-bit optimizer for
memory efficiency, with batch sizes and gradient
accumulation steps varied across experiments. We
employed a linear learning rate schedule with 5
warmup steps. The learning rate, weight decay,
number of training epochs, and effective batch size
(product of per-device batch size and gradient ac-
cumulation steps) were treated as hyperparameters
subject to optimization. All experiments used gradi-
ent checkpointing via the Unsloth framework (Han
et al., 2023) to reduce memory consumption dur-
ing training. Translations were generated using
greedy decoding (temperature=0.0) with a maxi-
mum length of 128 tokens. We employed batch
inference with a batch size of 256 to accelerate
evaluation, processing the entire test set efficiently.

4.6 Supervised fine-tuning
We perform supervised fine-tuning (SFT) on two
base models, Gemma-3-270M and Gemma-3-1B
(Team, 2025a) described in §4.2, to specialize
them for AfriMMT-EA language in 66 language
directions. Each model is trained using a chat-
formatted parallel corpus with sentence alignment.

4.7 Inference Setting
At evaluation time, the model is switched to eval
mode and queried using the same chat-style prompt-
ing schema as in training. For each test instance,
we construct a prompt that specifies the transla-
tion direction along with the source text. Transla-
tions are generated using greedy decoding (temper-
ature = 0.0) with a maximum of 128 new tokens. To
improve throughput, we perform batched inference:
prompts are grouped into mini-batches of size 16,
tokenized, and decoded on device. For each output,
the generated tokens following the prompt span are

extracted and detokenized to obtain the hypothe-
sized translation.

4.8 Logging and Artifact Reproducibility
All scores are saved to disk and logged to Weights
& Biases 10. Aggregated predictions and metrics
per language pair are stored as W&B artifacts for
reproducibility.

5 Results and discussion

5.1 Impact of Regional Fine-Tuning
Figure 5 summarizes chrF++ and BLEU
performance across 66 English→local and
Swahili→local translation directions, comparing
the base Gemma models with their regionally
fine-tuned Safari variants and other open-source
baselines. Regional fine-tuning achieves large
improvements over the base Gemma models across
nearly all language pairs. Both Safari-270M and
Safari-1B substantially outperform their base
counterparts, with Safari-1B achieving the best
performance and consistent improvement overall.
In particular, for Swahili→local translation,
Safari-1B achieves chrF++ scores above 35 for
the majority of language pairs, and exceeds 50
chrF++ for several high-performing directions
such as Swahili→Luganda, Swahili→Giriama,
Swahili→English, and Swahili→Kakwa. In
contrast, the Gemma base models achieve chrF++
scores below 20 for over 80% of Swahili→local
directions, with a substantial fraction remaining in
the single-digit range.

5.2 Language Directional Asymmetry
Figure 5 shows a clear and consistent direc-
tional asymmetry between English→local and
Swahili→local translation, with Swahili→local
translation substantially outperforming En-
glish→local translation across languages. This
pattern should be interpreted in light of the training
data distribution: the models are exposed to sub-
stantially more Swahili→local parallel data than
English→local, biasing learning toward Swahili
as a more effective source pivot. Even under
this constraint, the magnitude of the asymmetry
is pronounced. For example, Swahili→English
achieves 55.26 chrF++ / 33.14 BLEU (Safari-1B),
whereas English→Swahili remains far weaker
at 15.28 / 0.50, indicating that the model is
significantly better at generating English given

10https://wandb.ai/site/
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Figure 5: chrF++ and BLEU models scores for English→local and Swahili→local across 66 language direction.

Swahili than the reverse. Luhya shows near-zero
performance in the English direction (En→Luy:
2.43 chrF++, 0.03 BLEU) but performs better
from Swahili (Sw→Luy: 37.40 / 14.66). Similar
directional disparities appear for Giriama (25.84
/ 3.44 vs. 53.95 / 28.25) and Luo (32.84 / 10.03
vs. 42.04 / 18.94). Among En→local directions,
languages with better training coverage (e.g.,
En→Lug, En→Kik) achieve comparatively higher
scores.

5.3 Model size comparison

Across the 66 translation directions in Figure 10
and Figure 11 Safari-1B model has the best per-
formance, followed by Gemma-3-270M-FT, both
of which exceed the Qwen baselines by wide mar-
gins in BLEU and chrF++. Specifically, Safari-
1B attains a mean chrF++ of 33.65 compared to
26.17 for Safari-270M, and the same ordering
holds for BLEU (mean 12.06 vs. 6.44). Llama-
3-1B consistently outperforms both Qwen3-0.6B
and Qwen3-1.7B, with the largest gaps appear-
ing on "high-resource". For instance, in En↔Sw,
Llama-3-1B yields substantially higher BLEU and
chrF++ than either Qwen model, and the same pat-
tern holds for other higher-test-sample directions
such as Kikuyu↔English and Swahili→Giriama.

Qwen3-1.7B reliably improves over Qwen3-0.6B,
but these gains remain modest and do not close the
large quality gap to Llama-3-1B.

6 Conclusion

Despite Africa’s large population and rich linguis-
tic diversity, multilingual models continue to of-
fer limited coverage and uneven support for many
African languages. In this work, we introduced
AfriMMT-EA, a large-scale multi-domain MT
dataset covering 53 East African languages across
66 translation directions. Using AfriMMT-EA,
we fine-tuned GEMMA 3-270M and 3-1B models
to produce East African regionally focused models,
which we release as Safari-270M and Safari-1B,
establishing strong MT baselines for East African
languages. Our results demonstrate that region-
specific data curation and fine-tuning substantially
improve translation quality over base multilingual
models, particularly for Swahili→local directions
and common regional dialects. Our Safari mod-
els and datasets are publicly released to support
Machine Translation Research for Low Resource
languages. We underscore the need to expand LRL
data for region-focused datasets, both as evalua-
tion benchmarks and as finetuning resources for
culturally inclusive MT systems.
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Limitations and Future Work

1. Our study covers 53 languages from five East
African countries (Kenya, Uganda, Tanzania,
Ethiopia, and Rwanda). Expansion to ad-
ditional countries was constrained by data
availability and curation resources, position-
ing AfriMMT-EA as a foundational step for
future regional MT extensions.

2. Model training was limited by computational
and financial resources. As a result, we fine-
tuned only two Gemma-3 models and evalu-
ated open-source systems, meaning observed
performance gaps may not capture the full
multilingual MT landscape. Broader model
comparisons and ablations remain key future
directions.

3. Although we rely on publicly released datasets
under CC BY licenses with proper attribution,
AfriMMT-EA includes more Swahili→local
than English→local data, leading to direc-
tional performance asymmetries. Future work
will expand English→local coverage to re-
duce this imbalance.

4. We acknowledge that BLEU and chrF may be
unreliable for morphologically rich, LR East
African languages, and thus may underrep-
resent true translation quality. Future work
should incorporate human evaluations and se-
mantic metrics to provide a more accurate
assessment.

Ethics Consideration

East African languages have long been marginal-
ized in linguistic research and digital technologies.
Our work aims to promote equitable representation
in multilingual NLP while acknowledging the com-
plex sociocultural histories that shape language use
in the region. We recognize that some communi-
ties may hold differing views on the value of MT
and language modeling. While some may welcome
these tools for education, digital access, and lan-
guage preservation, others may be concerned about
data misuse, cultural commodification, or dilution
of linguistic identity. We believe the potential so-
cial benefits outweigh these risks, particularly in
supporting LRLs development.

Our dataset includes cultural, religious, and his-
torical texts that may reflect outdated or sensitive
viewpoints. We do not endorse these perspectives

but preserve them to maintain linguistic authen-
ticity. All data were either publicly accessible or
shared with consent. Although our collection rep-
resents many languages, it may not capture full
dialectal or community variation, potentially intro-
ducing bias.

We encourage continued evaluation across di-
alects and domains and emphasize that these re-
sources should not be used for harmful purposes.
Finally, AI tools such as ChatGPT, Gemini were
used to assist documentation; all outputs were re-
viewed to ensure accuracy, cultural respect, and
compliance with the ACL Code of Ethics.
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A Literature Review

B Evaluation Benchmarks, Dataset
Creation, and MT Resources

Multilingual evaluation benchmarks such as
MEGA (Ahuja et al., 2023), XTREME (Hu
et al., 2020), FLORES-101 (Goyal et al., 2022),
FLORES-200 (Team et al., 2022), XTREME-R
(Ruder et al., 2021), and COMET (Rei et al., 2020)
cover only a small set of African languages, lim-
iting their utility for assessing MT quality in low-
resource settings. Yet an MT system is only as
good as its training data (Sloto et al., 2023): high-
quality parallel corpora remain the gold standard,
providing the aligned bilingual signal required for
robust translation learning (Signoroni and Rychlỳ,
2023; Sánchez-Martínez et al., 2020; Duh et al.,
2020; Locke and Latham, 2002; Brown et al., 1990).
Acquiring clean bitexts, however, is one of MT’s
most persistent challenges, especially for LRLs
(Guo et al., 2018), where noise from misalignment,
untranslated segments, or incorrect translations
can significantly degrade performance (Khayrallah
and Koehn, 2018). Parallel data are typically cre-
ated through document alignment, sentence align-
ment, or extraction from comparable corpora (Sloto
et al., 2023), and we leverage all these approaches
to produce clean bitexts (Signoroni and Rychlỳ,
2023). Several initiatives have advanced African
MT—including Masakhane (Orife et al., 2020b),
MAFAND-MT (Adelani et al., 2022b), AfroBench
(Ojo et al., 2025), Cheetah (Adebara et al., 2024),
MMTAfrica (Emezue and Dossou, 2022b), and
EthioMT (Tonja et al., 2024b). AfriMMT-EA ex-
tends this line of work by introducing large-scale,
multi-domain parallel corpora for 53 East African
languages.

C Domain Composition

C.1 Uganda

Uganda. Ugandan languages form the second
largest share of the corpus (35.5%; Table 2). Most
data come from UgandaLex27, a Bible-based par-
allel dataset for 24 languages, complemented by
smaller web and community contributions. We
further expand domain coverage using Luganda
resources, such as Luganda010224, Luganda_Sci-
Math-Bio_Translations, Crowd-Validated-Paths,
and luganda_test_select—covering educational,
scientific, and community-curated (Appendix J

C.2 Ethiopia and Rwanda
Ethiopia and Rwanda regions contributes 0.5%
and 0.9% of the corpus respectively, shown in Ta-
ble 2, primarily sourced from publicly available
published materials, composed of mixed 11and reli-
gious domain . Table 7 details the distribution of
translation pairs, token counts, and language repre-
sentation, while Table 3 provides ISO codes, lan-
guage families, regions spoken for each language.

D Language and Translation Directions

AfriMMT-EA covers 53 languages from five East
African countries: 24 in Kenya, 15 in Uganda,
11 in Tanzania, 1 in Rwanda, and 2 in Ethiopia.
These languages fall within the Niger–Congo,
Nilo–Saharan, and Afro–Asiatic families. The
benchmark includes 11 Tanzanian and 12 Kenyan
languages with no prior MT coverage. Swahili and
English serve as pivot languages (Table 2). We pro-
vide 66 translation directions: 19 English→local
and 47 Swahili→local. Of these, 13 languages
include both English→X and Swahili→X (26 di-
rections). The remaining 6 English only and 34
Swahili only directions show available data (Ta-
ble 11).

E Data Format

Table 6 presents the CSV schema used for the
aligned dataset. The collection contains a total of
714,490 translation pairs, each stored as a struc-
tured row specifying the source and target lan-
guages, the original text, its tokenized representa-
tion, the translated segment, and the corresponding
translation token. The schema also includes coun-
try information to support geographic attribution
and dialect sensitive analysis. Metadata fields such
as the processing timestamp and the pipeline ver-
sion provide full traceability of data creation and
enable reproducibility across preprocessing and
alignment stages.

Quality metrics computed over the full dataset
show that the average source text length is 86.1
characters, and the average translation length is
90.5 characters, reflecting the overall balance and
consistency of the aligned segments. This stan-
dardized format facilitates reliable parsing, mul-
tilingual analyses, and seamless integration with
downstream training and evaluation pipelines.

11https://github.com/AAUThematic4LT
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F Argilla Web-based Translation Interface

Figure 6: Argilla web-based translation interface. Each contributor is provided with a unique username and password
for the specific language they wish to contribute to, allowing controlled access to submit translation data.

G Instruction to Volunteers

H Gemini Data Extraction Interface

Figure 9: Gemini Data Extraction Interface. Internal interface used to automatically segment text data or bible
chapter text into verse-aligned or parallel units, validate ordering and consistency, and export structured data for
downstream annotation and MT pipelines.

I Prompt for Each Model
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Figure 7: Annotation interface for Kihehe parallel data showing the Swahili source sentence and target translation
input workflow. This is what a translator sees after logging in the Argilla web-based interface shown in Figure 6 .

Listing 1: ChatML prompt template used for training and evaluation.
def convert_to_chatml(example):

input_text = (
f"translate from {example[’source_language ’]} to "
f"{example[’translated_language ’]}\n"
f"{example[’source ’]}"

)
return {

"conversations": [
{

"role": "system",
"content": (

"You are a translator assistant that "
"translates text from one language to another."

)
},
{

"role": "user",
"content": input_text

},
{

"role": "assistant",
"content": example[’translation ’]

}
]

}

J External Resources and Dataset URLs

K Data Format

Data Format: Our aligned datasets were stored in CSV format using a schema shown in Table 6 below.
Each record represents a single translation pair with metadata describing its source, processing stage, and
origin.
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Figure 8: Community engagement post announcing the AfriMMT-EA initiative. The campaign invited volunteers,
researchers, and institutions across East Africa to contribute translation data for low-resource languages, promoting
inclusive participation and grassroots dataset creation.

L Language Distribution

As shown in Table 7 Our datasets comprises translation pairs across 53 East African languages from five
countries: Uganda, Kenya, Tanzania, Rwanda, and Ethiopia. Table 7 presents the distribution of translation
pairs, token counts, and language representation across the dataset. The distribution of languages in
the dataset is uneven. Luganda (Uganda) dominates, accounting for 22.7% of the corpus with 162,446
translation pairs and over 8 million tokens. Kikuyu (Kenya) is the second most represented language at
14.0%, followed by Taita (Kenya) at 8.2% and English (Kenya) at 7.6%. Collectively, these four languages
constitute more than half of the dataset.

The majority of languages (37 out of 52) represent less than 1% of the dataset each, highlighting the
long-tail distribution typical of low-resource language collections. Kenya contributes the most languages
to the dataset (21 languages), followed by Uganda (17 languages) and Tanzania (11 languages). Rwanda
and Ethiopia contribute one and two languages respectively. Token counts vary significantly across
languages, with source tokens ranging from 408 (Tigrinya) to 3,079,301 (Luganda), and translation tokens
ranging from 90 (Tigrinya) to 5,061,186 (Luganda). This variation reflects both the different dataset sizes
and the morphological characteristics of each language.
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Name URL
Bible Society Kenya btlkenya.org
Bible.com bible.com
Google Gemini gemini.google.com
UgandaLex2 UgandaLex2
Luganda010224 Luganda010224
Luganda_Sci-Math-Bio_Translations Luganda Sci–Math–Bio
Crowd-Validated-Paths Luganda Crowd Paths
Data Curator Portal data-curator.sartify.com
Ethiopian Parallel Corpora Ethiopian Corpora
ACL Anthology aclanthology.org
Scholar Search scholar.google.com
Lanfrica lanfrica.com
Google Search google.com
Gemini gemini.google.com
Archive.org archive.org
Facebook facebook.com
LinkedIn linkedin.com

Table 5: External resources and dataset URLs referenced in this work.

Column Type Description

source_language string The source language (typically Swahili)
translated_language string The target language
source string The source text
source_token string The source token of the original text
translation_token string The translation token of the original text
translation string The translated text
country string The country of origin
created_date datetime Processing timestamp
processor_version string Version of the processing pipeline

Table 6: Schema of the aligned dataset stored in CSV format.

M Experiments Results

N Fertility Analysis and Sequence Length Distribution

To characterize structural variation across the languages in our corpus, we compute two standard corpus-
level statistics used in machine translation: average sequence length and fertility. For each language ℓ,
given Nℓ translation pairs with Sℓ total source tokens and Tℓ total target tokens, we define:

AvgSeqLensrc(ℓ) =
Sℓ

Nℓ
, AvgSeqLentgt(ℓ) =

Tℓ

Nℓ
,

Fertility(ℓ) =
Tℓ

Sℓ
.

Average sequence lengths quantify the typical sentence or segment length associated with each language,
while fertility captures the degree of translation length expansion. High fertility values (> 1) indicate that
target translations tend to be longer than their corresponding sources, often reflecting richer inflectional or
agglutinative morphology. Lower fertility values (< 1) suggest more analytic structures or more compact
surface forms.

Across the corpus, we observe substantial variation in both metrics. Many Bantu languages (e.g.,
Luganda, Kikuyu, Suba, Zanaki) exhibit fertility values in the 1.2–1.6 range and longer average target
sequences, consistent with their complex agreement morphology and noun-class systems. Nilotic lan-
guages such as Luo, Pokot and English pairs show fertility closer to 1.0 or below, reflecting more analytic
morphology. Tanzanian Bantu languages such as Gogo, Makonde, and Zanaki show some of the longest
sequences in the dataset (40–60 tokens on average), whereas languages like Taita, Samburu, and Chonyi
exhibit much shorter average lengths (< 15 tokens). The results highlight the significant typological
diversity of East African languages and underscore the importance of adapting MT models to handle
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Table 7: Language Statistics by Country

Language Country Translation Source Translation Total Percentage of
Pairs Tokens Tokens Tokens language

Luganda Uganda 162,446 3,079,301 5,061,186 8,140,487 22.7%
Kikuyu Kenya 100,195 2,141,717 3,510,370 5,652,087 14.0%
Taita Kenya 58,537 809,231 888,257 1,697,488 8.2%
English Kenya 54,221 1,020,199 739,610 1,759,809 7.6%
Gogo Tanzania 32,371 1,456,656 1,865,915 3,322,571 4.5%
Luhya Kenya 21,560 317,414 339,491 656,905 3.0%
Chaga Tanzania 10,106 351,653 393,654 745,307 1.4%
Luo Kenya 10,038 362,766 356,761 719,527 1.4%
Borana Kenya 9,697 247,267 264,151 511,418 1.4%
Giriama Kenya 9,629 327,412 376,830 704,242 1.3%
Makonde Tanzania 9,111 395,038 516,338 911,376 1.3%
Jita Tanzania 8,820 333,545 361,195 694,740 1.2%
Bena Tanzania 8,674 334,552 480,999 815,551 1.2%
Kamba Kenya 8,210 212,480 220,388 432,868 1.1%
Kalenjin Kenya 7,969 84,952 135,554 220,506 1.1%
Suba Kenya 7,965 361,159 437,423 798,582 1.1%
Hehe Tanzania 7,849 325,353 365,460 690,813 1.1%
Langi Tanzania 7,849 322,965 409,292 732,257 1.1%
Zanaki Tanzania 7,813 321,367 485,813 807,180 1.1%
Pokot Kenya 6,533 234,343 217,501 451,844 0.9%
Gusii Kenya 6,494 269,601 261,580 531,181 0.9%
Sukuma Tanzania 6,394 192,310 227,498 419,808 0.9%
Masaba Uganda 6,246 231,741 328,161 559,902 0.9%
Acholi Uganda 6,246 231,740 242,244 473,984 0.9%
Alur Uganda 6,246 231,740 231,136 462,876 0.9%
Ateso Uganda 6,246 231,740 280,299 512,039 0.9%
Kakwa Uganda 6,246 231,740 289,423 521,163 0.9%
Gwere Uganda 6,246 231,740 340,491 572,231 0.9%
Jopadhola Uganda 6,246 231,740 247,727 479,467 0.9%
Lango Uganda 6,246 231,741 237,077 468,818 0.9%
Kebu Uganda 6,246 231,740 265,804 497,544 0.9%
Kinyarwanda Rwanda 6,246 231,740 235,655 467,395 0.9%
Nyole Uganda 6,246 231,740 294,609 526,349 0.9%
Nyoro Uganda 6,246 231,740 246,490 478,230 0.9%
Soga Uganda 6,246 231,740 267,777 499,517 0.9%
Kumam Uganda 6,246 231,740 265,015 496,755 0.9%
Aringa Uganda 6,243 231,605 229,863 461,468 0.9%
Meru Kenya 5,420 207,053 206,282 413,335 0.8%
Samburu Kenya 5,411 47,140 45,595 92,735 0.8%
Embu Kenya 5,349 228,901 226,948 455,849 0.7%
Maasai Tanzania 5,327 154,089 190,289 344,378 0.7%
Taveta Kenya 5,249 228,860 186,804 415,664 0.7%
Marakwet Kenya 5,249 228,624 266,270 494,894 0.7%
Chuka Kenya 5,030 205,331 195,227 400,558 0.7%
Duruma Kenya 5,011 197,413 248,717 446,130 0.7%
Somali Kenya 5,011 197,413 235,446 432,859 0.7%
Pokomo Kenya 5,010 197,338 246,456 443,794 0.7%
Oromo Ethiopia 3,423 77,261 160,014 237,275 0.5%
Haya Tanzania 1,306 19,864 21,639 41,503 0.2%
Pare Tanzania 1,000 15,001 18,819 33,820 0.1%
Chonyi Kenya 370 1,359 1,291 2,650 0.1%
Swahili Kenya 138 2,668 4,200 6,868 0.0%
Tigrinya Ethiopia 18 408 90 498 0.0%
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Figure 10: chrF++and BLEU scores for English→local and Swahili→local across 66 language pairs for models

wide variation in morphological richness, sequence length, and translation length divergence As shown in
Table 12.

O Open Models Analysis

P Instruction to Translators using Argilla Platform
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Figure 11: chrF++and BLEU scores for English→local and Swahili→local across 66 language pairs for models.
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Name Country Translation pairs Old
Tokens

New
Tokens

Domain source

Swahili Kenya 138 2,668 - Short stories, Politics, Healthcare Publications
Duruma Kenya 5,011 - 248,717 Religion Bible
Suba Kenya 7,965 - 437,423 Religion Bible
Taita Kenya 58,537 (new: 5,219) 802,080 86,177 Religion, Mixed domain (news, education,

government, politics, healthcare)
Bible, Publications
(Mbogho et al., 2025)

Meru Kenya 5,420 - 206,282 Religion Bible
Gusii Kenya 6,494 - 261,580 Religion, Lexical, Mixed domain (news,

education, government, politics, healthcare)
Bible, Publications
(Mbogho et al., 2025)

Saamia Kenya 107 - 289 Lexical Web Articles
Kamba Kenya 8,210 - 220,388 Lexical, Religion, Mixed domain Bible, Web Articles
Teso Kenya 899 - 1,467 Lexical (Wordlist) Web Articles (Internet

Archive)
Kalenjin Kenya 7,969 - 7,969 Lexical, Healthcare, Survey, Mixed domain

(news, education, government, politics,
healthcare)

Web Articles, Private
Data

Embu Kenya 5,349 - 226,948 Religion Bible
Chonyi Kenya 370 - 1,291 Lexical Web Articles
Luwanga Kenya 7,337 - 7,736 Dictionary Web Articles
Kikuyu Kenya 100,195 (new pairs:

5,011)
3,419,801 90,569 Agriculture, Religion, Lexical NLLBv1 dataset, OPUS,

MT560, CLICS, Bible
Luo Kenya 10,038 349,277 7,484 Children’s Literature / African Literature,

Mixed domain (news, education, government,
politics, healthcare)

Children’s Literature /
African Literature

Maasai Kenya 4,375 - 61,863 Religion, African literature, Lexical, Mixed
domain (news, education, government,
politics, healthcare)

Bible, Translation of
Existing Publications
(Mbogho et al., 2025),
Web Articles

Borana Kenya 9,697 - 264,151 Religion Bible, Dictionary
Tharaka Kenya 5,249 - 92,865 Religion Bible
Bukusu Kenya 4,240 - 22,311 Dictionary, Religious Dictionary, Religion
Maragoli Kenya 9,146 (new: 5,678) 23,445 35,632 Cultural Narrative (Folkloric and Oral

Tradition), Conversational Folklore
Publications -
KenCorpus, Web Articles

Chuka Kenya 5,030 - 195,227 Religion Bible
Samburu Kenya 5,411 - 45,595 Dictionary Dictionary
Marakwet Kenya 5,249 - 266,270 Religion Bible
Taveta Kenya 5,249 - 186,804 Religion Bible
Giriama Kenya 9,629 - 376,830 Religion, Cultural Narrative, Oral Literature,

Cultural Heritage, Mixed domain (news,
education, government, law, politics,
healthcare, political, public health)

Bible, Translation of
Existing Publications
(KenCorpus), Web
Articles, Book
Translation

Pokomo Kenya 5,010 - 246,456 Religious Bible
Pokot Kenya 6,533 - 217,501 Religious Bible
Somali Kenya 5,011 - 235,446 Religious Bible
Oromo Ethiopia 3,423 160,014 - Mixed Published resources
Tigrinya Ethiopia 18 90 - Mixed Published resources
Kinyarwanda Rwanda 6,246 235,655 - Religion Bible

Bena Tanzania 8,674 - 480,999 Religion, Mixed Domains Bible and Published
resources

Gogo Tanzania 32,371 - 1,865,915 Religion Bible
Makonde Tanzania 9,111 - 516,338 Religion Bible
Langi Tanzania 7,849 - 409,292 Religion Bible
Maasai Tanzania 5,327 - 190,289 Religion Bible
Jita Tanzania 8,820 - 361,195 Religion, Mixed Domains Bible and Published

resources
Kihehe Tanzania 7,849 - 365,460 Religion, Mixed Domains Bible and Published

resources
Kichaga Tanzania 10,106 - 393,654 Religion, Mixed Domains Bible and Published

resources
Kisukuma Tanzania 6,394 - 227,498 Literature, Mixed Domains Published resources
Kihaya Tanzania 1,306 - 21,639 Religion, Mixed Domains Bible and Published

resources
Pare Tanzania 1,000 - 18,819 Mixed Domains Bible

Acholi Uganda 6,246 231,740 - Religion, Mixed Domains Bible and Published
resources

Alur Uganda 6,246 231,740 - Religion Bible
Aringa Uganda 6,243 231,605 - Religion Bible
Ateso Uganda 6,246 231,740 - Religion Bible
Gwere Uganda 6,246 231,740 - Religion Bible
Jopadhola Uganda 6,246 231,740 - Religion Bible
Kakwa Uganda 6,246 231,740 - Religion Bible
Kebu Uganda 6,246 231,740 - Religion Bible
Kumam Uganda 6,246 231,740 - Religion Bible
Lango Uganda 6,246 231,741 - Religion Bible
Lugbara Uganda 162,446 3,079,301 - Religion, Mixed Domains Bible and Published

resources
Masaaba Uganda 6,246 231,741 - Religion, Mixed Domains Bible and Published

resources
Nyole Uganda 6,246 231,740 - Religion Bible
Nyoro Uganda 6,246 231,740 - Religion Bible
Soga Uganda 6,246 231,740 - Religion Bible

Table 8: Specific token and translation pair contributions for the 53 East African Languages considered
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Name Country Translation pairs Old
Tokens

New
Tokens

Domain source

Swahili Kenya 138 2,668 - Short stories, Politics, Healthcare Publications
Duruma Kenya 5,011 - 248,717 Religion Bible
Suba Kenya 7,965 - 437,423 Religion Bible
Taita Kenya 58,537 (new: 5,219) 802,080 86,177 Religion, Mixed domain (news, education,

government, politics, healthcare)
Bible, Publications
(Mbogho et al., 2025)

Meru Kenya 5,420 - 206,282 Religion Bible
Gusii Kenya 6,494 - 261,580 Religion, Lexical, Mixed domain Bible, Publications

(Mbogho et al., 2025)
Saamia Kenya 107 - 289 Lexical Web Articles
Kamba Kenya 8,210 - 220,388 Lexical, Religion, Mixed domain Bible, Web Articles
Teso Kenya 899 - 1,467 Lexical (Wordlist) Web Articles (Internet

Archive)
Kalenjin Kenya 7,969 - 7,969 Lexical, Healthcare, Survey, Mixed domain Web Articles, Private

Data
Embu Kenya 5,349 - 226,948 Religion Bible
Chonyi Kenya 370 - 1,291 Lexical Web Articles
Luwanga Kenya 7,337 - 7,736 Dictionary Web Articles
Kikuyu Kenya 100,195 (new:

5,011)
3,419,801 90,569 Agriculture, Religion, Lexical NLLBv1 dataset, OPUS,

MT560, CLICS, Bible
Luo Kenya 10,038 349,277 7,484 Literature, Mixed domain Children’s Literature
Maasai Kenya 4,375 - 61,863 Religion, African literature, Lexical Bible, Publications
Borana Kenya 9,697 - 264,151 Religion Bible, Dictionary
Tharaka Kenya 5,249 - 92,865 Religion Bible
Bukusu Kenya 4,240 - 22,311 Dictionary, Religious Dictionary, Religion
Maragoli Kenya 9,146 (new: 5,678) 23,445 35,632 Cultural Narrative, Folklore KenCorpus, Web Articles
Chuka Kenya 5,030 - 195,227 Religion Bible
Samburu Kenya 5,411 - 45,595 Dictionary Dictionary
Marakwet Kenya 5,249 - 266,270 Religion Bible
Taveta Kenya 5,249 - 186,804 Religion Bible
Giriama Kenya 9,629 - 376,830 Religion, Cultural Narrative, Oral Lit Bible, KenCorpus, Web

Articles
Pokomo Kenya 5,010 - 246,456 Religious Bible
Pokot Kenya 6,533 - 217,501 Religious Bible
Somali Kenya 5,011 - 235,446 Religious Bible

Oromo Ethiopia 3,423 160,014 - Mixed Published resources
Tigrinya Ethiopia 18 90 - Mixed Published resources
Kinyarwanda Rwanda 6,246 235,655 - Religion Bible

Bena Tanzania 8,674 - 480,999 Religion, Mixed Domains Bible and Publications
Gogo Tanzania 32,371 - 1,865,915 Religion Bible
Makonde Tanzania 9,111 - 516,338 Religion Bible
Langi Tanzania 7,849 - 409,292 Religion Bible
Maasai Tanzania 5,327 - 190,289 Religion Bible
Jita Tanzania 8,820 - 361,195 Religion, Mixed Domains Bible and Publications
Kihehe Tanzania 7,849 - 365,460 Religion, Mixed Domains Bible and Publications
Kichaga Tanzania 10,106 - 393,654 Religion, Mixed Domains Bible and Publications
Kisukuma Tanzania 6,394 - 227,498 Literature, Mixed Domains Published resources
Kihaya Tanzania 1,306 - 21,639 Religion, Mixed Domains Bible and Publications
Pare Tanzania 1,000 - 18,819 Mixed Domains Bible

Acholi Uganda 6,246 231,740 - Religion, Mixed Domains Bible and Publications
Alur Uganda 6,246 231,740 - Religion Bible
Aringa Uganda 6,243 231,605 - Religion Bible
Ateso Uganda 6,246 231,740 - Religion Bible
Gwere Uganda 6,246 231,740 - Religion Bible
Jopadhola Uganda 6,246 231,740 - Religion Bible
Kakwa Uganda 6,246 231,740 - Religion Bible
Kebu Uganda 6,246 231,740 - Religion Bible
Kumam Uganda 6,246 231,740 - Religion Bible
Lango Uganda 6,246 231,741 - Religion Bible
Lugbara Uganda 162,446 3,079,301 - Religion, Mixed Domains Bible and Publications
Masaaba Uganda 6,246 231,741 - Religion, Mixed Domains Bible and Publications
Nyole Uganda 6,246 231,740 - Religion Bible
Nyoro Uganda 6,246 231,740 - Religion Bible
Soga Uganda 6,246 231,740 - Religion Bible

Table 9: Specific token and translation pair contributions for the 53 East African Languages considered. The New
Tokens column highlights, in bold, our newly collected and curated datasets contributed by this paper, while
the Old Tokens column reflects previously available resources.
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Pair Type Lang Pair n_samples BLEU_270M chrF++_270M ter_270M BLEU_1B chrF++_1B ter_1B
english→borana 889 0.10 3.36 103.98 0.40 4.25 118.48
english→embu 20 0 0.65 100 0 1.83 105
english→giriama 26 0.59 17.99 164.76 3.44 25.84 111.11
english→gusii 20 1.28 2.49 104 3.52 7 124
english→jita 21 0.46 2.33 102.56 2.43 10.36 117.95
english→kamba 180 0.01 1.76 101.22 1.18 6.75 105.69
english→kikuyu 18989 17.14 40.56 81.97 18.19 39.98 79.45
english→luganda 23875 23.69 48.60 77.47 32.13 54.18 69.68
english→luhya 1518 0 0.63 100.12 0.03 2.43 103.38
english→luo 154 3.35 23.42 129.76 10.03 32.84 93.06
english→maasai 416 8.95 29.11 106.15 16.95 41.97 82.29
english→meru 39 1.38 7.53 107.46 1.91 9.84 152.46
english→pokot 260 0.22 6.19 123.4 0.56 15.24 106.60
english→swahili 26 0.40 13.02 203.32 0.50 15.88 143.21

English and Swahili Paired swahili→borana 1044 6.19 25.43 114.37 13.07 36.24 92.67
swahili→embu 1044 6.19 29.84 114.47 12.78 38.13 87.15
swahili→giriama 1885 20.94 47.60 77.75 28.25 53.95 67.04
swahili→gusii 1269 4.64 31.43 125.30 12.20 41.45 89.87
swahili→jita 1742 8.51 32.43 106.28 17.95 42.65 85.85
swahili→kamba 1033 8.31 30.19 108.60 17.78 39.79 85.26
swahili→kikuyu 1002 9.46 31.75 99.03 14.80 39.23 84.89
swahili→luganda 1248 7.28 30.64 107.87 17.78 42.88 75.86
swahili→luhya 2164 4.83 24.66 123.65 14.66 37.40 88.59
swahili→luo 1577 6.97 32.93 99.26 18.94 42.04 68.01
swahili→maasai 643 4.57 26.62 126.50 15.20 38.51 87.93
swahili→meru 1044 2.86 21.47 150.08 6.94 27.01 100.21
swahili→pokot 1044 2.86 23.21 129.80 7.64 33.04 95.76
swahili→english 10844 23.77 50.19 67.53 33.14 55.26 60.28
english→kalenjin 1431 8.22 29.55 127.90 16.20 37.59 91.61
english→oromo 528 3.73 23.97 127.24 14.19 42.45 88.03

English Paired Only english→samburu 1073 3.30 4.59 100.10 0 0.77 102.11
english→tigrinya 4 12.13 25.56 150 3.16 4.63 300
swahili→acholi 1248 9.05 30.62 102.02 19.19 41.69 78.84
swahili→alur 1249 11.00 34.94 94.73 21.06 46.30 74.69
swahili→aringa 1247 5.27 15.46 103 12.63 24.42 84.14
swahili→ateso 1249 5.11 27.39 116.06 12.08 38.50 88.29
swahili→bena 1731 7.10 34.25 108.13 15.30 44.70 85.76
swahili→chaga 1949 4.87 25.44 134.38 11.08 35.25 97.58
swahili→chonyi 73 0 3.76 102.70 1.43 11.16 117.57
swahili→chuka 951 7.23 29.23 112.43 16.94 39.64 87.47
swahili→duruma 1001 7.37 32.21 108.46 14.38 41.20 88.12
swahili→ganda 1247 11.53 34.51 93.53 16.44 40.11 88.07
swahili→gogo 6451 6.64 26.05 114.30 13.56 39.17 87.61
swahili→gwere 1248 3.37 28.27 122.51 7.72 36.39 97.01
swahili→haya 247 2.96 30.71 94.88 5.12 34.54 87.90
swahili→hehe 1570 5.32 32.36 115.94 7.97 36.25 94.60
swahili→jopadhola 1249 7.37 28.49 99.41 13.85 38.07 84.64
swahili→kakwa 1249 7.84 33.58 103.70 18.53 45.86 76.66
swahili→kebu 1248 6.59 32.49 106.31 14.29 44.23 80.85
swahili→kinyarwanda 1247 6.14 30.35 113.14 14.63 40.58 88.86

Swahili Paired Only swahili→kumam 1248 9.92 33.95 99.44 19.83 44.17 76.12
swahili→langi 1568 9.32 32.78 99.60 15.60 41.90 85.53
swahili→lango 1248 9.44 31.54 94.23 18.77 41.83 78.09
swahili→makonde 1820 10.67 36.77 104.98 17.88 45.61 81.72
swahili→marakwet 1044 5.17 25.56 115.81 10.96 34.06 97.07
swahili→masaba 1249 5.73 31.15 105.25 11.85 40.26 88.79
swahili→nyole 1249 2.81 25.87 143.33 7.55 35.12 99.61
swahili→nyoro 1249 7.23 37.58 99.99 13.01 46.99 84.22
swahili→pare 198 3.36 21.61 135.18 2.06 9.59 90.43
swahili→pokomo 1001 5.46 30.74 122 12.22 39.56 90.27
swahili→soga 1248 7.08 33.06 99.87 13.47 41.39 88.52
swahili→somali 1000 4.22 28.66 103.67 10.32 38.21 87.97
swahili→suba 1587 3.83 28.25 120.40 8.87 36.24 95.41
swahili→sukuma 1277 13.68 44.52 93.45 14.25 40.90 86.43
swahili→taita 5438 8.51 32.70 105.07 14.86 39.61 86.49
swahili→taveta 1044 3.32 26.38 137.35 9 35.91 96.04
swahili→zanaki 1561 6.54 34.59 101.81 12.50 43.28 91.02

Averaged Summary 1918.43 6.47 26.35 111.78 12.02 33.64 94.86

Table 10: chrF++, BLEU, and TER scores for fine-tuned models in 66 East African language pairs across different
model sizes. Higher is better for BLEU/chrF++; lower is better for TER.
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Pair Type Lang Pair n_samples BLEU_270M chrF++_270M TER_270M BLEU_1B chrF++_1B TER_1B
english→borana 889 0.02 3.08 297.23 0.01 4.88 1546.49
english→embu 20 0.00 3.27 795.00 0.00 0.90 210.00
english→giriama 26 0.24 11.15 132.38 0.06 9.44 366.98
english→gusii 20 0.00 1.32 152.00 0.34 2.95 344.00
english→jita 21 0.44 4.28 238.46 0.07 4.38 876.92
english→kamba 180 0.09 1.42 224.80 0.04 1.60 334.15
english→kikuyu 18989 0.76 12.31 138.59 0.21 13.47 259.40
english→luganda 23875 0.03 10.50 181.96 0.06 10.09 303.27
english→luhya 1518 0.00 4.70 861.41 0.00 3.77 2001.21
english→luo 154 0.26 4.73 122.53 0.21 10.64 352.93
english→maasai 416 1.16 13.27 144.71 0.25 11.66 306.70
english→meru 39 0.15 4.18 381.97 0.12 4.90 549.18
english→pokot 260 0.03 2.88 290.94 0.02 5.70 815.09
english→swahili 26 0.17 10.32 147.65 0.20 15.98 303.88

English and Swahili swahili→borana 1044 0.05 14.90 145.22 0.02 15.95 351.52
swahili→embu 1044 0.12 15.00 121.43 0.04 15.35 215.73
swahili→english 10844 0.46 15.97 183.94 4.61 27.12 159.96
swahili→giriama 1885 3.13 23.41 122.44 0.70 17.28 243.88
swahili→gusii 1269 0.43 15.85 148.97 0.16 17.97 306.31
swahili→jita 1742 0.34 14.25 136.45 0.16 14.71 262.43
swahili→kamba 1033 0.11 15.27 123.54 0.15 15.98 228.52
swahili→kikuyu 1002 0.14 14.73 126.40 0.04 16.20 310.06
swahili→luganda 1248 0.06 12.92 115.26 0.03 14.92 211.98
swahili→luhya 2164 0.13 12.86 212.17 0.06 8.11 151.67
swahili→luo 1577 0.18 8.94 146.36 0.14 10.18 307.79
swahili→maasai 643 0.18 13.81 157.32 0.07 15.57 368.55
swahili→meru 1044 0.12 14.15 130.25 0.04 14.82 277.16
swahili→pokot 1044 0.05 13.38 133.12 0.01 15.09 323.54

English Paired Only english→kalenjin 1431 0.22 11.62 243.86 0.29 10.91 807.11
english→oromo 528 0.17 9.50 130.13 0.01 8.85 254.87
english→samburu 1073 0.02 5.56 653.14 0.01 4.30 1952.75
english→tigrinya 4 0.00 0.00 1033.33 0.12 0.52 1633.33

Swahili Paired Only swahili→acholi 1248 0.06 12.47 116.75 0.02 14.04 245.16
swahili→alur 1249 0.11 13.38 120.66 0.03 14.48 279.41
swahili→aringa 1247 0.01 9.60 110.17 0.01 9.41 173.87
swahili→ateso 1249 0.08 11.75 116.56 0.03 16.26 326.02
swahili→bena 1731 0.06 13.17 123.57 0.02 13.85 242.49
swahili→chaga 1949 0.30 13.83 135.56 0.10 15.67 297.54
swahili→chonyi 73 0.02 4.39 1927.03 0.02 5.83 1863.51
swahili→chuka 951 0.12 13.32 131.91 0.13 15.55 236.72
swahili→duruma 1001 0.61 16.45 117.76 0.05 13.19 159.68
swahili→gogo 6451 0.29 13.50 113.66 0.09 13.99 194.74
swahili→gwere 1248 0.04 11.15 120.21 0.01 15.93 300.29
swahili→haya 247 0.38 14.77 213.70 0.18 15.18 354.55
swahili→hehe 1570 0.24 14.56 122.05 0.05 13.78 241.28
swahili→jopadhola 1249 0.08 12.93 124.53 0.02 15.05 257.36
swahili→kebu 1248 0.07 13.37 122.33 0.01 14.91 250.26
swahili→kinyarwanda 1247 0.06 14.17 144.35 0.08 15.96 318.04
swahili→kumam 1248 0.05 12.09 111.17 0.02 14.77 168.50
swahili→langi 1568 0.08 14.57 117.75 0.02 15.31 228.27
swahili→lango 1248 0.05 12.62 115.40 0.02 14.01 224.78
swahili→luhya 2164 0.13 12.86 212.17 0.06 8.11 151.67
swahili→masaba 1249 0.06 13.39 125.37 0.02 12.49 168.19
swahili→meru 1044 0.12 14.15 130.25 0.04 14.82 277.16
swahili→nyole 1249 0.04 12.82 130.85 0.01 14.87 237.88
swahili→nyoro 1249 0.13 13.80 168.38 0.05 16.76 395.23
swahili→pare 198 0.02 2.33 173.44 0.09 2.66 382.47
swahili→pokomo 1001 0.72 17.31 111.96 0.24 21.54 270.14
swahili→soga 1249 0.04 13.09 144.90 0.02 13.64 215.30
swahili→somali 1000 0.02 12.44 119.25 0.04 15.31 236.68
swahili→suba 1587 0.14 13.44 121.25 0.04 16.05 233.54
swahili→sukuma 1277 0.17 13.80 184.23 0.07 14.29 320.88
swahili→taita 5438 0.30 14.26 188.38 0.07 13.03 284.23
swahili→taveta 1044 0.59 17.92 143.53 0.16 16.24 357.65
swahili→zanaki 1561 0.09 12.11 120.70 0.02 15.62 290.97

Averaged Summary 66 0.23 11.48 219.17 0.15 12.54 413.99

Table 11: Zero-shot chrF++, BLEU, and TER scores for Gemma-3-270M and Gemma-3-1B base models (before
any fine-tuning) on 66 East African language directions. For each direction and metric, the better score is in bold
(higher is better for BLEU and chrF++; lower is better for TER).
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Language Country Source Tokens Translation Tokens Fertility

High fertility (>1.5)
Oromo Ethiopia 77,261 160,014 2.07
Luganda Uganda 3,079,301 5,061,186 1.64
Kikuyu Kenya 2,141,717 3,510,370 1.64
Kalenjin Kenya 84,952 135,554 1.60
Swahili Kenya 2,668 4,200 1.57
Zanaki Tanzania 321,367 485,813 1.51

Medium fertility (1.0–<1.5)
Gwere Uganda 231,740 340,491 1.47
Bena Tanzania 334,552 480,999 1.44
Masaba Uganda 231,741 328,161 1.42
Makonde Tanzania 395,038 516,338 1.31
Gogo Tanzania 1,456,656 1,865,915 1.28
Langi Tanzania 322,965 409,292 1.27
Nyole Uganda 231,740 294,609 1.27
Duruma Kenya 197,413 248,717 1.26
Pare Tanzania 15,001 18,819 1.25
Pokomo Kenya 197,338 246,456 1.25
Kakwa Uganda 231,740 289,423 1.25
Maasai Tanzania 154,089 190,289 1.24
Suba Kenya 361,159 437,423 1.21
Ateso Uganda 231,740 280,299 1.21
Marakwet Kenya 228,624 266,270 1.16
Soga Uganda 231,740 267,777 1.16
Giriama Kenya 327,412 376,830 1.15
Kebu Uganda 231,740 265,804 1.15
Kumam Uganda 231,740 265,015 1.14
Chaga Tanzania 351,653 393,654 1.12
Hehe Tanzania 325,353 365,460 1.12
Taita Kenya 809,231 888,257 1.10
Haya Tanzania 19,864 21,639 1.09
Jita Tanzania 333,545 361,195 1.08
Luhya Kenya 317,414 339,491 1.07
Borana Kenya 247,267 264,151 1.07
Jopadhola Uganda 231,740 247,727 1.07
Nyoro Uganda 231,740 246,490 1.06
Acholi Uganda 231,740 242,244 1.05
Kamba Kenya 212,480 220,388 1.04
Lango Uganda 231,741 237,077 1.02
Kinyarwanda Rwanda 231,740 235,655 1.02

Low fertility (<1.0)
Tigrinya Ethiopia 408 90 0.22
English Kenya 1,020,199 739,610 0.73
Taveta Kenya 228,860 186,804 0.82
Pokot Kenya 234,343 217,501 0.93
Chuka Kenya 205,331 195,227 0.95
Chonyi Kenya 1,359 1,291 0.95
Gusii Kenya 269,601 261,580 0.97
Samburu Kenya 47,140 45,595 0.97
Luo Kenya 362,766 356,761 0.98
Aringa Uganda 231,605 229,863 0.99
Embu Kenya 228,901 226,948 0.99
Meru Kenya 207,053 206,282 1.00

Table 12: Token-level fertility statistics across 53 East African languages, categorized into high (>1.5), medium
(1.0–<1.5), and low fertility (<1.0). We compute fertility as a token-level ratio that measures how much a target-
language translation expands or compresses the content of the source sentence.
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Language Pairs Src Tok Tgt Tok Src Len Tgt Len Fert.

Luganda 162,446 3,079,301 5,061,186 18.96 31.16 1.64
Kikuyu 100,195 2,141,717 3,510,370 21.38 35.04 1.64
Taita 58,537 809,231 888,257 13.82 15.17 1.10
English 54,221 1,020,199 739,610 18.82 13.64 0.72
Gogo 32,371 1,456,656 1,865,915 45.00 57.64 1.28
Luhya 21,560 317,414 339,491 14.72 15.75 1.07
Chaga 10,106 351,653 393,654 34.79 38.96 1.12
Luo 10,038 362,766 356,761 36.12 35.55 0.98
Borana 9,697 247,267 264,151 25.50 27.25 1.07
Giriama 9,629 327,412 376,830 34.00 39.13 1.15
Makonde 9,111 395,038 516,338 43.37 56.67 1.31
Jita 8,820 333,545 361,195 37.81 40.96 1.08
Bena 8,674 334,552 480,999 38.56 55.44 1.44
Kamba 8,210 212,480 220,388 25.88 26.83 1.04
Kalenjin 7,969 84,952 135,554 10.66 17.01 1.60
Suba 7,965 361,159 437,423 45.33 54.91 1.21
Hehe 7,849 325,353 365,460 41.45 46.57 1.12
Langi 7,849 322,965 409,292 41.14 52.16 1.27
Zanaki 7,813 321,367 485,813 41.13 62.19 1.51
Pokot 6,533 234,343 217,501 35.87 33.30 0.93
Gusii 6,494 269,601 261,580 41.52 40.24 0.97
Sukuma 6,394 192,310 227,498 30.08 35.58 1.18
Masaba 6,246 231,741 328,161 37.10 52.54 1.41
Acholi 6,246 231,740 242,244 37.10 38.77 1.05
Alur 6,246 231,740 231,136 37.10 36.99 1.00
Ateso 6,246 231,740 280,299 37.10 44.88 1.21
Kakwa 6,246 231,740 289,423 37.10 46.32 1.25
Gwere 6,246 231,740 340,491 37.10 54.52 1.47
Jopadhola 6,246 231,740 247,727 37.10 39.66 1.07
Lango 6,246 231,741 237,077 37.10 37.96 1.02
Kebu 6,246 231,740 265,804 37.10 42.56 1.15
Kinyarwanda 6,246 231,740 235,655 37.10 37.73 1.02
Nyole 6,246 231,740 294,609 37.10 47.18 1.27
Nyoro 6,246 231,740 246,490 37.10 39.47 1.06
Soga 6,246 231,740 267,777 37.10 42.87 1.16
Kumam 6,246 231,740 265,015 37.10 42.43 1.14
Aringa 6,243 231,605 229,863 37.09 36.80 0.99
Meru 5,420 207,053 206,282 38.21 38.06 1.00
Samburu 5,411 47,140 45,595 8.71 8.43 0.97
Embu 5,349 228,901 226,948 42.79 42.43 0.99
Maasai 5,327 154,089 190,289 28.93 35.73 1.23
Taveta 5,249 228,860 186,804 43.62 35.60 0.82
Marakwet 5,249 228,624 266,270 43.57 50.75 1.16
Chuka 5,030 205,331 195,227 40.82 38.81 0.95
Duruma 5,011 197,413 248,717 39.40 49.64 1.26
Somali 5,011 197,413 235,446 39.40 46.97 1.19
Pokomo 5,010 197,338 246,456 39.40 49.17 1.25
Oromo 3,423 77,261 160,014 22.57 46.75 2.07
Haya 1,306 19,864 21,639 15.21 16.57 1.09
Pare 1,000 15,001 18,819 15.00 18.82 1.26
Chonyi 370 1,359 1,291 3.67 3.49 0.95
Swahili 138 2,668 4,200 19.34 30.43 1.57
Tigrinya 18 408 90 22.67 5.00 0.22

Table 13: Sequence length and fertility statistics for all languages.
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Lang Pair #samples Llama-3-1B Qwen-3-0.6B Qwen-3-1.7B
X→Y Y→X X→Y Y→X X→Y Y→X

BLEU ChrF++ BLEU ChrF++ BLEU ChrF++ BLEU ChrF++ BLEU ChrF++ BLEU ChrF++
acholi↔swahili 1248 3.43 14.36 4.93 12.23 0.67 12.81 1.57 12.15 0.63 12.86 1.22 12.30
alur↔swahili 1249 11.54 15.40 6.92 13.60 0.57 13.46 1.46 12.84 0.61 13.77 0.79 12.08
aringa↔swahili 1247 1.78 14.45 1.69 8.50 0.49 11.78 0.79 7.89 0.55 11.91 0.76 7.80
ateso↔swahili 1249 1.86 15.33 4.46 13.18 0.57 13.26 0.64 14.11 0.56 13.55 0.65 14.43
bena↔swahili 1731 6.34 16.85 3.96 14.70 0.58 13.01 1.36 14.61 1.42 14.45 1.26 14.98
borana↔english 889 4.07 4.43 1.38 5.53 0.65 2.52 0.65 3.12 0.64 2.50 0.65 3.10
borana↔swahili 1044 20.95 15.83 3.74 14.15 0.75 13.89 0.76 13.75 0.70 14.11 0.65 13.69
chaga↔swahili 1949 6.64 14.93 3.15 16.24 3.74 14.49 1.51 14.35 4.40 15.04 1.78 14.62
chonyi↔swahili 73 0.00 3.67 0.00 5.62 0.33 1.94 0.00 1.94 0.34 2.04 0.00 1.99
chuka↔swahili 951 4.92 15.71 2.17 14.45 1.05 14.20 0.85 13.54 1.72 14.24 0.92 13.83
duruma↔swahili 1001 3.03 20.24 3.85 18.52 0.58 16.45 1.58 17.89 1.57 17.51 2.14 18.41
embu↔english 20 0.00 3.80 0.00 4.17 0.00 1.48 0.30 1.02 0.34 1.55 0.00 1.11
embu↔swahili 1044 4.71 16.87 4.62 14.38 0.77 14.48 1.66 14.30 0.77 14.68 0.79 14.76
english↔giriama 26 7.81 11.93 2.65 17.16 0.53 10.18 1.67 14.76 0.54 9.88 0.73 14.92
english↔gusii 20 0.00 5.00 1.26 2.61 0.00 1.75 0.00 1.39 0.00 1.72 0.00 1.46
english↔jita 21 0.29 4.67 3.46 7.42 0.30 2.21 0.43 2.93 0.28 2.30 0.43 3.21
english↔kalenjin 1431 10.68 11.01 5.44 12.75 1.12 8.77 2.85 11.27 1.51 8.95 3.00 11.12
english↔kamba 180 0.00 3.61 2.95 3.86 0.30 1.42 0.63 1.90 0.32 1.46 1.30 2.00
english↔kikuyu 18989 5.24 13.65 26.27 15.10 2.04 12.04 11.57 14.59 3.97 11.97 17.55 14.83
english↔luganda 23875 5.02 11.51 6.04 15.53 1.25 9.50 4.57 13.29 1.21 9.77 6.30 13.30
english↔luhya 1518 3.67 5.44 2.21 5.97 0.52 2.03 2.27 4.23 0.53 2.05 2.40 4.28
english↔luo 154 1.31 12.98 3.09 14.67 0.86 8.65 2.09 11.67 0.93 8.94 2.17 11.81
english↔maasai 416 1.22 14.34 4.25 15.46 1.36 12.42 5.73 15.66 1.30 12.37 4.18 15.58
english↔meru 39 15.97 4.58 2.44 5.98 0.35 1.99 0.50 2.32 0.35 2.02 0.46 2.54
english↔oromo 528 3.67 10.97 6.08 15.72 0.55 10.84 2.48 16.04 0.56 10.83 2.46 15.62
english↔pokot 260 0.00 6.81 3.05 5.99 0.39 2.52 1.44 3.82 0.39 2.50 1.36 3.99
english↔samburu 1073 0.00 5.18 3.98 8.85 0.54 2.32 2.34 6.53 0.55 2.31 3.52 6.57
english↔swahili 10870 14.38 22.30 5.52 31.34 1.23 9.09 5.26 12.47 1.42 9.67 9.67 13.08
english↔tigrinya 4 2.28 4.58 0.89 9.36 0.48 2.25 1.40 8.56 0.39 2.17 0.79 7.44
giriama↔swahili 1885 8.89 29.38 11.02 25.43 1.25 20.04 1.93 22.11 1.15 22.56 1.36 23.22
gogo↔swahili 6451 3.30 16.12 3.55 14.52 0.64 13.48 1.67 13.66 0.73 14.23 2.11 14.42
gusii↔swahili 1269 3.00 17.15 7.27 14.62 0.72 15.03 1.12 15.60 0.77 14.96 1.28 15.81
gwere↔swahili 1248 4.27 15.92 4.93 13.12 0.56 13.53 0.65 14.63 0.66 13.91 0.67 14.82
haya↔swahili 247 4.20 20.96 5.52 21.53 0.47 10.60 0.53 12.90 0.52 12.98 0.50 12.87
hehe↔swahili 1570 3.21 17.15 3.46 15.43 3.76 13.94 0.73 14.36 3.62 15.19 0.77 15.06
jita↔swahili 1742 4.13 17.38 3.21 16.42 1.37 15.03 1.42 14.63 1.33 15.43 0.86 14.95
jopadhola↔swahili 1249 1.00 13.40 2.02 12.21 0.56 13.11 1.54 12.92 0.75 13.20 1.49 13.10
kakwa↔swahili 1249 2.65 15.70 7.77 12.88 0.67 13.15 1.69 14.11 0.66 13.46 1.62 13.81
kamba↔swahili 1033 4.62 16.63 2.73 15.97 1.20 14.70 1.33 14.07 1.13 14.85 0.94 14.53
kebu↔swahili 1248 2.63 14.99 2.40 13.17 0.68 13.37 0.60 14.11 0.74 13.34 0.90 14.19
kikuyu↔swahili 1002 5.21 16.23 2.35 14.75 0.67 13.60 0.82 14.26 0.61 14.34 0.83 14.20
kinyarwanda↔swahili 1247 4.14 15.86 6.81 14.71 1.64 14.08 1.74 13.33 1.55 14.42 1.70 13.53
kumam↔swahili 1248 2.30 16.10 3.04 11.93 0.95 12.83 0.74 13.42 0.97 12.96 0.89 13.48
langi↔swahili 1568 2.16 18.33 3.66 15.37 0.75 14.89 1.47 15.54 0.85 15.52 1.81 14.80
lango↔swahili 1248 2.60 15.45 3.42 11.66 0.56 12.61 1.58 12.34 0.64 12.78 1.27 12.39
luganda↔swahili 1248 1.61 15.05 3.28 13.20 1.15 13.15 0.78 12.97 1.20 13.64 1.22 13.15
luhya↔swahili 2164 3.06 15.49 7.47 14.63 1.34 10.68 1.47 11.15 1.28 10.99 1.31 11.15
luo↔swahili 1577 2.71 13.35 2.86 11.36 0.69 12.78 1.60 10.62 1.15 12.94 1.96 10.98
maasai↔swahili 643 1.81 16.28 1.45 14.25 0.69 13.61 0.81 14.08 0.74 13.63 0.80 14.02
makonde↔swahili 1820 8.58 19.78 5.13 17.50 0.90 16.26 0.67 16.97 0.86 16.21 1.62 17.91
marakwet↔swahili 1044 4.93 13.98 4.07 11.89 0.73 13.38 0.76 12.49 0.62 12.98 0.65 12.67
masaba↔swahili 1249 2.17 16.25 1.93 13.95 0.64 13.35 1.37 15.11 0.71 14.03 1.33 15.25
meru↔swahili 1044 2.78 15.61 3.74 13.71 0.70 13.15 1.52 13.81 0.75 13.96 0.84 13.95
nyole↔swahili 1249 1.19 14.99 2.26 12.74 0.72 12.90 0.74 13.81 0.74 13.13 0.78 13.85
nyoro↔swahili 1249 4.30 16.39 4.30 14.94 0.79 14.01 1.40 14.17 0.82 14.56 1.41 14.51
oromo↔english 528 6.08 15.72 3.67 10.97 2.48 16.04 0.55 10.84 2.46 15.62 0.56 10.83
pare↔swahili 198 3.75 9.59 2.35 3.49 0.36 8.77 0.56 2.61 0.38 8.91 0.62 2.40
pokomo↔swahili 1001 3.88 22.18 10.10 20.34 0.81 16.60 1.57 18.34 0.74 19.41 1.59 19.60
pokot↔swahili 1044 4.42 14.53 1.10 12.90 0.66 12.89 1.54 12.93 0.74 13.63 1.64 13.01
samburu↔english 1073 3.98 8.85 0.00 5.18 2.34 6.53 0.54 2.32 3.52 6.57 0.55 2.31
soga↔swahili 1249 1.83 14.98 3.80 14.26 0.77 13.84 1.36 13.81 0.65 13.94 1.43 13.98
somali↔swahili 1000 1.82 15.61 3.46 12.47 0.63 13.10 1.60 13.36 0.75 13.28 2.03 13.28
suba↔swahili 1587 13.72 16.98 1.67 15.17 0.65 14.99 0.86 15.22 0.72 15.41 0.88 15.73
sukuma↔swahili 1277 4.02 15.41 4.25 15.70 0.58 13.27 1.18 13.64 0.66 14.01 1.18 13.86
swahili↔taita 5438 10.68 17.02 13.61 16.84 0.62 10.05 0.66 10.39 1.18 10.15 1.28 10.50
swahili↔taveta 1044 2.68 18.21 4.56 18.50 1.48 15.40 1.52 15.89 1.48 15.84 1.48 16.58
tigrinya↔english 4 0.89 9.36 2.28 4.58 1.40 8.56 0.48 2.25 0.79 7.44 0.39 2.17
zanaki↔swahili 1561 12.65 16.56 5.04 13.19 1.18 13.93 1.42 15.19 0.64 14.59 1.52 15.39

Table 14: Bidirectional BLEU and ChrF++ scores for Llama-3-1B, Qwen-3-0.6B, and Qwen-3-1.7B on AfriMMT-
EA language pairs. X→Y and Y→X denote source and reverse translation directions for each language pair.
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Lang Pair #samples L1 → L2 L2 → L1
BLEU ChrF++ BLEU ChrF++

acholi↔swahili 1248 3.43 14.36 4.93 12.23
alur↔swahili 1249 11.54 15.4 6.92 13.6
aringa↔swahili 1247 1.78 14.45 1.69 8.5
ateso↔swahili 1249 1.86 15.33 4.46 13.18
bena↔swahili 1731 6.34 16.85 3.96 14.7
borana↔english 889 4.07 4.43 1.38 5.53
borana↔swahili 1044 20.95 15.83 3.74 14.15
chaga↔swahili 1949 6.64 14.93 3.15 16.24
chonyi↔swahili 73 0 3.67 0 5.62
chuka↔swahili 951 4.92 15.71 2.17 14.45
duruma↔swahili 1001 3.03 20.24 3.85 18.52
embu↔english 20 0 3.8 0 4.17
embu↔swahili 1044 4.71 16.87 4.62 14.38
english↔giriama 26 7.81 11.93 2.65 17.16
english↔gusii 20 0 5 1.26 2.61
english↔jita 21 0.29 4.67 3.46 7.42
english↔kalenjin 1431 10.68 11.01 5.44 12.75
english↔kamba 180 0 3.61 2.95 3.86
english↔kikuyu 18989 5.24 13.65 26.27 15.1
english↔luganda 23875 5.02 11.51 6.04 15.53
english↔luhya 1518 3.67 5.44 2.21 5.97
english↔luo 154 1.31 12.98 3.09 14.67
english↔maasai 416 1.22 14.34 4.25 15.46
english↔meru 39 15.97 4.58 2.44 5.98
english↔oromo 528 3.67 10.97 6.08 15.72
english↔pokot 260 0 6.81 3.05 5.99
english↔samburu 1073 0 5.18 3.98 8.85
english↔swahili 10870 14.38 22.3 5.52 31.34
english↔tigrinya 4 2.28 4.58 0.89 9.36
giriama↔swahili 1885 8.89 29.38 11.02 25.43
gogo↔swahili 6451 3.3 16.12 3.55 14.52
gusii↔swahili 1269 3 17.15 7.27 14.62
gwere↔swahili 1248 4.27 15.92 4.93 13.12
haya↔swahili 247 4.2 20.96 5.52 21.53
hehe↔swahili 1570 3.21 17.15 3.46 15.43
jita↔swahili 1742 4.13 17.38 3.21 16.42
jopadhola↔swahili 1249 1 13.4 2.02 12.21
kakwa↔swahili 1249 2.65 15.7 7.77 12.88
kalenjin↔swahili 1431
kamba↔swahili 1033 4.62 16.63 2.73 15.97
kebu↔swahili 1248 2.63 14.99 2.4 13.17
kikuyu↔swahili 1002 5.21 16.23 2.35 14.75
kinyarwanda↔swahili 1247 4.14 15.86 6.81 14.71
kumam↔swahili 1248 2.3 16.1 3.04 11.93
langi↔swahili 1568 2.16 18.33 3.66 15.37
lango↔swahili 1248 2.6 15.45 3.42 11.66
luganda↔swahili 1248 1.61 15.05 3.28 13.2
luhya↔swahili 2164 3.06 15.49 7.47 14.63
luo↔swahili 1577 2.71 13.35 2.86 11.36
maasai↔swahili 643 1.81 16.28 1.45 14.25
makonde↔swahili 1820 8.58 19.78 5.13 17.5
marakwet↔swahili 1044 4.93 13.98 4.07 11.89
masaba↔swahili 1249 2.17 16.25 1.93 13.95
meru↔swahili 1044 2.78 15.61 3.74 13.71
nyole↔swahili 1249 1.19 14.99 2.26 12.74
nyoro↔swahili 1249 4.3 16.39 4.3 14.94
oromo↔swahili 528
pare↔swahili 198 3.75 9.59 2.35 3.49
pokomo↔swahili 1001 3.88 22.18 10.1 20.34
pokot↔swahili 1044 4.42 14.53 1.1 12.9
samburu↔swahili 1073
soga↔swahili 1249 1.83 14.98 3.8 14.26
somali↔swahili 1000 1.82 15.61 3.46 12.47
suba↔swahili 1587 13.72 16.98 1.67 15.17
sukuma↔swahili 1277 4.02 15.41 4.25 15.7
swahili↔taita 5438 10.68 17.02 13.61 16.84
swahili↔taveta 1044 2.68 18.21 4.56 18.5
swahili↔zanaki 1561 5.04 13.19 12.65 16.56
tigrinya↔english 4 0.89 9.36 2.28 4.58

Table 15: BLEU and ChrF++ for Llama-3-1B on bidirectional AfriMMT-EA language pairs. L1 → L2 and
L2 → L1 share the same #samples within each pair.
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Lang Pair #samples L1 → L2 L2 → L1
BLEU ChrF++ BLEU ChrF++

acholi↔swahili 1248 0.67 12.81 1.57 12.15
alur↔swahili 1249 0.57 13.46 1.46 12.84
aringa↔swahili 1247 0.49 11.78 0.79 7.89
ateso↔swahili 1249 0.57 13.26 0.64 14.11
bena↔swahili 1731 0.58 13.01 1.36 14.61
borana↔english 889 0.65 2.52 0.65 3.12
borana↔swahili 1044 0.75 13.89 0.76 13.75
chaga↔swahili 1949 3.74 14.49 1.51 14.35
chonyi↔swahili 73 0.33 1.94 0 1.94
chuka↔swahili 951 1.05 14.20 0.85 13.54
duruma↔swahili 1001 0.58 16.45 1.58 17.89
embu↔english 20 0 1.48 0.30 1.02
embu↔swahili 1044 0.77 14.48 1.66 14.30
english↔giriama 26 0.53 10.18 1.67 14.76
english↔gusii 20 0 1.75 0 1.39
english↔jita 21 0.30 2.21 0.43 2.93
english↔kalenjin 1431 1.12 8.77 2.85 11.27
english↔kamba 180 0.30 1.42 0.63 1.90
english↔kikuyu 18989 2.04 12.04 11.57 14.59
english↔luganda 23875 1.25 9.50 4.57 13.29
english↔luhya 1518 0.52 2.03 2.27 4.23
english↔luo 154 0.86 8.65 2.09 11.67
english↔maasai 416 1.36 12.42 5.73 15.66
english↔meru 39 0.35 1.99 0.50 2.32
english↔oromo 528 0.55 10.84 2.48 16.04
english↔pokot 260 0.39 2.52 1.44 3.82
english↔samburu 1073 0.54 2.32 2.34 6.53
english↔swahili 10870 1.23 9.09 5.26 12.47
english↔tigrinya 4 0.48 2.25 1.40 8.56
giriama↔swahili 1885 1.25 20.04 1.93 22.11
gogo↔swahili 6451 0.64 13.48 1.67 13.66
gusii↔swahili 1269 0.72 15.03 1.12 15.60
gwere↔swahili 1248 0.56 13.53 0.65 14.63
haya↔swahili 247 0.47 10.60 0.53 12.90
hehe↔swahili 1570 3.76 13.94 0.73 14.36
jita↔swahili 1742 1.37 15.03 1.42 14.63
jopadhola↔swahili 1249 0.56 13.11 1.54 12.92
kakwa↔swahili 1249 0.67 13.15 1.69 14.11
kalenjin↔swahili 1431
kamba↔swahili 1033 1.20 14.70 1.33 14.07
kebu↔swahili 1248 0.68 13.37 0.60 14.11
kikuyu↔swahili 1002 0.67 13.60 0.82 14.26
kinyarwanda↔swahili 1247 1.64 14.08 1.74 13.33
kumam↔swahili 1248 0.95 12.83 0.74 13.42
langi↔swahili 1568 0.75 14.89 1.47 15.54
lango↔swahili 1248 0.56 12.61 1.58 12.34
luganda↔swahili 1248 1.15 13.15 0.78 12.97
luhya↔swahili 2164 1.34 10.68 1.47 11.15
luo↔swahili 1577 0.69 12.78 1.60 10.62
maasai↔swahili 643 0.69 13.61 0.81 14.08
makonde↔swahili 1820 0.90 16.26 0.67 16.97
marakwet↔swahili 1044 0.73 13.38 0.76 12.49
masaba↔swahili 1249 0.64 13.35 1.37 15.11
meru↔swahili 1044 0.70 13.15 1.52 13.81
nyole↔swahili 1249 0.72 12.90 0.74 13.81
nyoro↔swahili 1249 0.79 14.01 1.40 14.17
oromo↔swahili 528
pare↔swahili 198 0.36 8.77 0.56 2.61
pokomo↔swahili 1001 0.81 16.60 1.57 18.34
pokot↔swahili 1044 0.66 12.89 1.54 12.93
samburu↔swahili 1073
soga↔swahili 1249 0.77 13.84 1.36 13.81
somali↔swahili 1000 0.63 13.10 1.60 13.36
suba↔swahili 1587 0.65 14.99 0.86 15.22
sukuma↔swahili 1277 0.58 13.27 1.18 13.64
swahili↔taita 5438 0.62 10.05 0.66 10.39
swahili↔taveta 1044 1.48 15.40 1.52 15.89
swahili↔zanaki 1561 1.42 15.19 1.18 13.93
tigrinya↔english 4 1.40 8.56 0.48 2.25

Table 16: BLEU and ChrF++ for Qwen-3-0.6B on bidirectional AfriMMT-EA language pairs.
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Lang Pair #samples L1 → L2 L2 → L1
BLEU ChrF++ BLEU ChrF++

acholi↔swahili 1248 0.63 12.86 1.22 12.30
alur↔swahili 1249 0.61 13.77 0.79 12.08
aringa↔swahili 1247 0.55 11.91 0.76 7.80
ateso↔swahili 1249 0.56 13.55 0.65 14.43
bena↔swahili 1731 1.42 14.45 1.26 14.98
borana↔english 889 0.64 2.50 0.65 3.10
borana↔swahili 1044 0.70 14.11 0.65 13.69
chaga↔swahili 1949 4.40 15.04 1.78 14.62
chonyi↔swahili 73 0.34 2.04 0 1.99
chuka↔swahili 951 1.72 14.24 0.92 13.83
duruma↔swahili 1001 1.57 17.51 2.14 18.41
embu↔english 20 0.34 1.55 0 1.11
embu↔swahili 1044 0.77 14.68 0.79 14.76
english↔giriama 26 0.54 9.88 0.73 14.92
english↔gusii 20 0 1.72 0 1.46
english↔jita 21 0.28 2.30 0.43 3.21
english↔kalenjin 1431 1.51 8.95 3.00 11.12
english↔kamba 180 0.32 1.46 1.30 2.00
english↔kikuyu 18989 3.97 11.97 17.55 14.83
english↔luganda 23875 1.21 9.77 6.30 13.30
english↔luhya 1518 0.53 2.05 2.40 4.28
english↔luo 154 0.93 8.94 2.17 11.81
english↔maasai 416 1.30 12.37 4.18 15.58
english↔meru 39 0.35 2.02 0.46 2.54
english↔oromo 528 0.56 10.83 2.46 15.62
english↔pokot 260 0.39 2.50 1.36 3.99
english↔samburu 1073 0.55 2.31 3.52 6.57
english↔swahili 10870 1.42 9.67 9.67 13.08
english↔tigrinya 4 0.39 2.17 0.79 7.44
giriama↔swahili 1885 1.15 22.56 1.36 23.22
gogo↔swahili 6451 0.73 14.23 2.11 14.42
gusii↔swahili 1269 0.77 14.96 1.28 15.81
gwere↔swahili 1248 0.66 13.91 0.67 14.82
haya↔swahili 247 0.52 12.98 0.50 12.87
hehe↔swahili 1570 3.62 15.19 0.77 15.06
jita↔swahili 1742 1.33 15.43 0.86 14.95
jopadhola↔swahili 1249 0.75 13.20 1.49 13.10
kakwa↔swahili 1249 0.66 13.46 1.62 13.81
kalenjin↔swahili 1431
kamba↔swahili 1033 1.13 14.85 0.94 14.53
kebu↔swahili 1248 0.74 13.34 0.90 14.19
kikuyu↔swahili 1002 0.61 14.34 0.83 14.20
kinyarwanda↔swahili 1247 1.55 14.42 1.70 13.53
kumam↔swahili 1248 0.97 12.96 0.89 13.48
langi↔swahili 1568 0.85 15.52 1.81 14.80
lango↔swahili 1248 0.64 12.78 1.27 12.39
luganda↔swahili 1248 1.20 13.64 1.22 13.15
luhya↔swahili 2164 1.28 10.99 1.31 11.15
luo↔swahili 1577 1.15 12.94 1.96 10.98
maasai↔swahili 643 0.74 13.63 0.80 14.02
makonde↔swahili 1820 0.86 16.21 1.62 17.91
marakwet↔swahili 1044 0.62 12.98 0.65 12.67
masaba↔swahili 1249 0.71 14.03 1.33 15.25
meru↔swahili 1044 0.75 13.96 0.84 13.95
nyole↔swahili 1249 0.74 13.13 0.78 13.85
nyoro↔swahili 1249 0.82 14.56 1.41 14.51
oromo↔swahili 528
pare↔swahili 198 0.38 8.91 0.62 2.40
pokomo↔swahili 1001 0.74 19.41 1.59 19.60
pokot↔swahili 1044 0.74 13.63 1.64 13.01
samburu↔swahili 1073
soga↔swahili 1249 0.65 13.94 1.43 13.98
somali↔swahili 1000 0.75 13.28 2.03 13.28
suba↔swahili 1587 0.72 15.41 0.88 15.73
sukuma↔swahili 1277 0.66 14.01 1.18 13.86
swahili↔taita 5438 1.18 10.15 1.28 10.50
swahili↔taveta 1044 1.48 15.84 1.48 16.58
swahili↔zanaki 1561 1.52 15.39 0.64 14.59
tigrinya↔english 4 0.79 7.44 0.39 2.17

Table 17: BLEU and ChrF++ for Qwen-3-1.7B on bidirectional AfriMMT-EA language pairs.
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Translation Annotation Guidelines

Task Description
Volunteers translate text between Swahili (source) and Kihehe (target).

Instructions

1. Read the Swahili source text carefully.

2. Provide an accurate and complete translation in Kihehe.

3. Click outside the translation box or press Tab to save your entry.

4. Rate the translation quality using the provided scale.

Important Notes

• Your translation syncs automatically with the Final Translation field.

• The sync indicator shows if both fields match.

• If you edit the Final Translation directly, click Sync to update your translation.

Quality Guidelines

• Preserve the meaning of the source text.

• Use natural, fluent Kihehe.

• Maintain tone and style when appropriate.

• Keep terminology consistent across translations.

Figure 12: Sample Volunteer Translation Annotation Guidelines for Swahili–Kihehe. These guidelines are found
inside Argilla web-based interface shown in Figure 7
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