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Abstract

Text embeddings are essential building com-
ponents of many NLP tasks such as retrieval
and clustering. Despite the recent release
of the Massive Multilingual Text Embedding
Benchmark (MMTEB), African languages re-
main significantly under-represented. In this
work, we introduce AfriMTEB, a regional ex-
tension of MMTEB covering 59 languages,
14 tasks, and 38 datasets. Unlike MMTEB,
where many tasks include few or no African
languages, AfriMTEB substantially expands
coverage, with tasks spanning between 2 and
56 African languages. To address uneven
task–language coverage and enable fair eval-
uation, we further introduce AfriMTEB-Lite,
a balanced subset that uniformly covers nine
African languages across all tasks. Comple-
menting the benchmark, we present AfriE5, an
adaptation of the instruction-tuned mE5 model
to African languages through cross-lingual con-
trastive learning. Our experimental results
show that AfriE5 achieves the strongest overall
macro-average among open-weight embedding
models on AfriMTEB, with statistically sig-
nificant gains on several task families, and is
competitive with proprietary models such as
Gemini Embedding-001.1

1 Introduction

Text embeddings are core building blocks for NLP
systems in information retrieval, clustering, seman-
tic similarity, and classification (Gao et al., 2022;
Feng et al., 2022). However, evaluations on di-
verse tasks are often limited to a few high resource
languages such as English (Muennighoff et al.,
2023) or Chinese (Xiao et al., 2024). Many under-
represented languages are excluded due to a lack
of datasets or non-discoverability of community-
created benchmarks (Ojo et al., 2025).

*Work done during internship at Mila
1The code is publicly available at https://github.com/

LLMforLRL/FlagEmbedding-AfriE5.

Figure 1: Model size vs. mean performance on
AfriMTEB. Parameter counts (billions, log scale)
are shown on the x-axis, and mean scores across
AfriMTEB-Full tasks on the y-axis. AfriE5-large-
instruct achieves the best overall performance (64.6)
despite having far fewer parameters than many models.

While recent text embedding benchmarks have
improved language coverage in recent years, such
as MMTEB (Enevoldsen et al., 2025), African lan-
guages remain under-represented, where many of
the tasks covered are either based on massive eval-
uation of translation datasets (NLLB-Team et al.,
2022; Federmann et al., 2022), and the tasks de-
rived or repurposed from translation benchmarks
such as Belebele (Bandarkar et al., 2024a) and SIB-
200 (Adelani et al., 2024). As a result, the quality
of text embeddings for languages in the African
region remains unknown, as the region has few
standardized tools for comparing models across
tasks and languages (Alabi et al., 2025).

In this paper, we introduce AfriMTEB, a stan-
dardized benchmark designed to evaluate text em-
beddings for African languages across diverse tasks
and application settings. AfriMTEB addresses
the lack of task-diverse and systematically com-
parable evaluations for this region by consolidat-
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Figure 2: Overview of AfriMTEB and AfriMTEB-Lite. The Full suite spans 59 languages and 38 datasets across 7
families; the Lite suite provides uniform coverage for 9 languages and 13 datasets.

ing and extending existing resources into a uni-
fied benchmark. As shown in Figure 2, the Full
suite (i.e., AfriMTEB-Full) covers 59 languages
and 38 datasets spanning bitext mining, classifica-
tion (single-label, pair, and multi-label), semantic
text similarity, retrieval, clustering, and reranking.

To enable controlled, fair, and compute-efficient
evaluation, we additionally introduce AfriMTEB-
Lite, a compact suite over nine geographically and
typologically diverse African languages (Amharic,
Oromo, Igbo, Yoruba, Hausa, Swahili, Kin-
yarwanda, Xhosa, and Zulu). AfriMTEB-Lite is
constructed by selecting, within each task family,
datasets with maximal language overlap, ensuring
that almost every task includes all nine languages.
This design mitigates the uneven task–language
coverage present in large multilingual benchmarks
and supports reliable comparison, ablation, and
statistical analysis. Crucially, AfriMTEB-Lite en-
ables fine-grained analysis across languages and
tasks, allowing us to examine where models suc-
ceed or fail by language, resource level, and task
family—analyses that are difficult to conduct reli-
ably under the uneven coverage of existing multi-
lingual benchmarks.

In addition to benchmarking, we develop AfriE5-
Large-Instruct, adapting strong embedding models
to African languages. Starting from the instruction-
tuned mE5-Large-Instruct (Wang et al., 2024a,c),
we leverage cross-lingual contrastive learning with
knowledge distillation . We construct a contrastive
learning dataset by translating MNLI and SNLI
datasets (Williams et al., 2018; Bowman et al.,
2015) in African languages with NLLB-200 (3.3B)
(NLLB-Team et al., 2022), followed by automatic

filtering by SSA-COMET (Li et al., 2025), an
African COMET-based quality estimation (QE)
metric. Each example is expanded into multiple
sources or target directions to encourage cross-
lingual alignment. Additionally, we use BGE Re-
ranker v2 m3 (Chen et al., 2024) to extract teacher
scores for knowledge distillation.

We evaluate popular text embedding models,
such as BGE-M3 (Chen et al., 2024), mE5 (Wang
et al., 2024c), Qwen embeddings (Zhang et al.,
2025), Gemini embedding-001 (Lee et al., 2025),
and Embedding Gemma (Vera et al., 2025). On
AfriMTEB-Lite, our adapted model AfriE5-Large-
Instruct, trained only on nine African languages,
achieves an average score of 63.7, surpassing mE5-
large-instruct (62.0) and Gemini embedding-001
(63.1). Remarkably, despite being tuned with data
and languages aligned to the AfriMTEB-Lite, our
model leveraged cross-lingual transfer to gener-
alize to the full AfriMTEB benchmark covering
59 languages and 38 datasets, where it also deliv-
ers the best performance with an average score of
62.4, ahead of mE5-large-instruct (61.3) and Gem-
ini embedding-001 (60.6) as shown in Figure 1.
These results highlight that targeted cross-lingual
adaptation on a carefully selected subset of lan-
guages can transfer effectively to a much larger
set, yielding consistent improvements across task
families while preserving the backbone’s general
utility.

2 AfriMTEB Benchmark

AfriMTEB is a region-specific benchmark designed
to evaluate text embeddings for African languages
across a broad range of tasks. While existing mul-
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Task Task Family Datasets Number of Languages

MMTEB AfriMTEB

Bitext Mining Btxt Flores, NTREX, BibleNLP, NollySenti, Tatoeba 59 59

NLI Pr Clf XNLI, AfriXNLI 1 15

General Topic class. Clf SIB200Classification, SIB200_14Classes 0 56
News Topic class. Clf MasakhaNEWS, TswanaNews, SiswatiNews, SwahiliNews 16 17

IsiZuluNews, KinNews
Sentiment Clf NaijaSenti, AfriSenti, MultilingualSentiment 11 12
Hate speech Clf AfriHate 0 14
LID Clf LanguageClassification, SouthAfricanLangClassification 0 18

Clf AfriSentiLangClassification
Intent Clf MassiveIntent, InjongoIntent 3 16
Scenario Clf MassiveScenario 0 3

Emotion Multi. Clf EmotionAnalysisPlus 0 14

Semantic Relatedness STS SemRel24STS 7 7

Retrieval Rtrvl Belebele, MIRACL, MIRACLRetrievalHardNegatives, 31 31
MrTidy, XQuAD, XM3600T2I

Clustering Clust SIB200ClusteringFast, MasakhaNEWSClusteringP2P 58 58
MasakhaNEWSClusteringS2S

Reranking Rrnk MIRACLReranking 0 2

Table 1: Tasks, task families and datasets included in AfriMTEB-Full. The task families are Bitext Mining
(Btxt), Pair Classification (Pr Clf), Classification (Clf), Semantic Text Similarity (STS), Multi-label Classification
(Multi. Clf), Retrieval (Rtrvl), Clustering (Clust) and Reranking (Rrnk). We introduce additional the six datasets
highlighted in bold. Each dataset is introduced in Appendix A.2.

tilingual benchmarks such as MMTEB provide
valuable global coverage, their African-language
representation is sparse and highly uneven. Sev-
eral task families central to real-world embedding
use—such as hate speech detection, intent classifi-
cation, and multi-label emotion analysis—include
zero African languages in MMTEB, while core
classification benchmarks often cover only one to
three African languages (e.g., XNLI). In contrast,
AfriMTEB consolidates and extends existing re-
sources into a standardized evaluation suite cover-
ing 59 languages, 14 tasks, and 38 datasets, includ-
ing six newly introduced datasets that fill critical
gaps in task and language coverage.

AfriMTEB follows the MTEB (Muennighoff
et al., 2023) taxonomy and groups tasks into eight
families. Table 1 lists the tasks, task families and
the datasets included in the Full suite. Each dataset
belongs to one of the eight task families: (1) Bib-
text Mining (Btxt), (2) Pair Classification (Pr Clf),
(3) Semantic Text Similarity (STS), (4) Cluster-
ing (Clust), (5) Classification (Clf), (6) Multi-label
Classification (Multi. Clf), (7) Retrieval (Rtrvl),
(8) Reranking (Rrnk). The first four task families
perform a task based on a pair of sentences, such
as identifying translation pairs, recognizing textual
entailment, or measuring semantic relatedness. The
next two task families (5–6) focus on classifying a

sentence or document into one or more categories.
Finally, the last two task families (7–8) are informa-
tion retrieval tasks, either retrieving relevant items
based on a query or re-ranking retrieved results.
We provide a full description in Appendix A.1.

2.1 Existing MMTEB Datasets
AfriMTEB builds on the MMTEB by selecting
tasks that include African languages. From the
original benchmark, we inherit datasets covering
bitext mining (e.g., Flores, NTREX, Tatoeba), pair
classification (XNLI), topic and sentiment classi-
fication (SIB-200, AfriSenti, MasakhaNEWS), se-
mantic textual similarity (SemRel24STS), retrieval
(MIRACL, XQuAD, XM3600), clustering (SIB-
200, MasakhaNEWS), and reranking (MIRACL).

However, language coverage in these datasets is
uneven: some tasks include only a few African lan-
guages, while others span broader multilingual set-
tings. To ensure fairness, in the evaluation, we com-
pute macro-averages over languages within each
task, then average across tasks and families to ob-
tain the overall AfriMTEB score. This prevents
any single task or language from dominating the
benchmark.

2.2 New Datasets in AfriMTEB
In AfriMTEB, we introduce six new datasets to
broaden task coverage, increase difficulty, and im-
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prove language coverage. Details of these addi-
tional datasets are provided below.

AfriXNLI An African extension of the XNLI
benchmark that provides natural language infer-
ence data to 15 African languages (Adelani et al.,
2025). By including AfriXNLI, we expand lan-
guage coverage for the pair classification family
beyond a single African language (Swahili), ensur-
ing broader representation of African languages in
entailment-style tasks.

EmotionAnalysisPlus A multi-label emotion
data set that covers 32 languages, including 14
African languages (Belay et al., 2025; Muhammad
et al., 2025b). Each sentence may be assigned
multiple emotion labels such as JOY, ANGER,
SADNESS, or FEAR. By including this dataset,
AfriMTEB introduces the first multi-label classifi-
cation task for African languages, thereby broad-
ening the taxonomy beyond single-label settings.

AfriHate A multilingual hate-speech clas-
sification dataset covering 14 African lan-
guages (Muhammad et al., 2025a). Each instance
is labeled as HATE, ABUSIVE, or NEUTRAL,
providing a standardized benchmark for toxic
content detection across diverse languages and
registers. This dataset extends evaluation to
socially relevant safety applications.

InjongoIntent A multilingual dataset for intent
detection covering 16 African languages (Yu et al.,
2025). It consists of short, conversational utter-
ances annotated with 40 everyday intent categories,
for example, requests such as “freeze account” or
“play music.” By focusing on dialogue-style classifi-
cation, Injongo complements existing benchmarks
like MASSIVE (FitzGerald et al., 2023), but offers
broader African language coverage.

KinNews A Kinyarwanda news topic classi-
fication dataset with labels covering domains
such as politics, business, and sports (Niyongabo
et al., 2020). We include this dataset because
MasakhaNEWS does not cover Kinyarwanda.
Adding KinNews ensures we can cover Kin-
yarwanda in the AfriMTEB-Lite, since the Lite ver-
sion requires maximally overlapping tasks, which
is explained in the next section.

SIB200_14Classes A more challenging variant
of the SIB-200 dataset, where labels are consol-
idated into 14 categories. This version still in-
cludes 56 African languages but is not limited

to them (Adelani et al., 2024). By merging fine-
grained topics into broader classes, intra-class
diversity increases, which raises task difficulty.
The inclusion of this dataset not only strengthens
African language evaluation but also increases the
difficulty for other covered languages in SIB-200,
leading to more robust cross-lingual assessment.

2.3 AfriMTEB-Lite Construction

The Lite suite is introduced to address a funda-
mental limitation of both MMTEB and AfriMTEB-
Full: uneven task–language coverage. In large
multilingual benchmarks, different tasks often in-
clude vastly different sets of languages, making
macro-averaged comparisons sensitive to miss-
ing language–task pairs and inflating variance.
AfriMTEB-Lite explicitly resolves this issue by en-
forcing uniform coverage of the same nine African
languages across all tasks, enabling controlled com-
parisons, tighter confidence intervals, and repro-
ducible ablation studies. The Lite suite focuses
on nine geographically and typologically diverse
African languages, Amharic, Oromo, Igbo, Yoruba,
Hausa, Swahili, Kinyarwanda, Xhosa, and Zulu.
We retain only those datasets for which all nine lan-
guages are available, resulting in a compact yet rep-
resentative benchmark of 13 datasets spanning clas-
sification, retrieval, bitext mining, clustering, pair
classification, and multi-label classification. Specif-
ically, it comprises AfriHate, AfriSenti, AfriXNLI,
Belebele retrieval, EmotionAnalysisPlus, Flores
bitext mining, NTREX bitext mining, InjongoIn-
tent, MasakhaNEWS (for seven languages) and
KinNews (for Kinyarwanda) for news classifica-
tion2, SIB200Classification, SIB200_14Classes,
and SIB200ClusteringFast.

3 Adapting Embedding Models to
African Languages

While AfriMTEB provides a standardized and
task-diverse evaluation framework for African lan-
guages, it also exposes clear performance gaps
in existing multilingual embedding models. To
demonstrate how such gaps can be addressed in
a data-efficient manner, we next present AfriE5-
Large-Instruct, an embedding model adapted us-
ing cross-lingual contrastive distillation and evalu-
ated systematically under the AfriMTEB.

2Zulu is not covered in the news classification.
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Model Btxt Clf Clust Multi. Clf Pr Clf Rrnk Rtrvl STS Avg.

Small models (<1B)
mmBERT-base 3.0 48.5 33.1 24.6 54.1 6.8 4.9 38.0 26.6
KaLM 49.9 36.3 46.8 25.9 60.0 49.3 52.8 53.4 46.8
Qwen3-Embedding 0.6B 33.6 35.9 37.6 25.2 58.0 52.9 52.0 54.1 43.7
bge-m3 70.0 40.0 47.3 26.8 66.4 66.8 70.2 58.7 55.8
mE5-large 79.7 43.3 45.3 27.7 64.3 65.2 69.2 62.5 57.2
mE5-large-instruct 85.8 49.8 61.9 28.6 63.8 61.9 74.1 64.8 61.3
AfriE5-large-instruct 85.5 49.7 62.9 29.8 67.9 64.0 75.4 63.7 62.4

Medium models (≈ 4B)
Qwen3-Embedding-4B 42.5 42.9 39.6 25.8 57.4 60.6 61.5 54.9 48.2

Large models (≥7B)
gte-Qwen2-7B-instruct 52.7 41.0 56.6 25.1 58.1 58.8 60.3 54.9 50.9
GritLM-7B 45.2 43.4 54.0 26.6 59.6 65.4 61.0 59.1 51.8
Linq-Embed-Mistral 45.2 43.2 55.4 27.1 59.4 65.1 59.2 62.5 52.1
SFR-Embedding-Mistral 46.3 42.5 58.0 26.2 58.9 63.8 58.1 62.0 52.0
E5 mistral 7b instruct 46.4 41.9 58.5 26.0 58.7 64.1 57.3 61.3 51.8
Qwen3-Embedding-8B 48.4 43.7 41.8 27.2 58.3 60.0 69.9 54.7 50.5

Undisclosed size
gemini embedding 001 72.2 50.0 52.7 32.7 71.6 63.4 77.5 65.0 60.6

Table 2: AfriMTEB-Full results. Average performance of embedding models across languages grouped by task
family. The final column reports the unweighted macro-average across task families. Best scores in each column are
highlighted in bold. Differences between AfriE5 and mE5 that are statistically significant under paired bootstrap
testing are reported in Appendix A.6.

3.1 Method

Our approach combines contrastive learning with
knowledge distillation in a unified objective. Given
a batch of B queries, each associated with a group
of G passages, the total loss is:

L = Lcontrastive + Lkd. (1)

Contrastive Learning The contrastive learning
term is computed as follows:

Lcontrastive = − 1

B

B∑

i=1

log
exp(si,pos/τ)∑B·G
j=1 exp(si,j/τ)

.

(2)

Here si,j = cos(qi, pj) is the similarity between
the query embedding qi and passage embedding
pj , and τ is a temperature hyperparameter. The
numerator contains the similarity between query qi

and its corresponding positive passage ppos. The
denominator aggregates similarities between qi

and all passages in the batch, covering both pre-
mined hard negatives (derived from NLI contra-
diction examples and hard negative mining) and
in-batch negatives (passages associated with other
queries in the same training batch).

Knowledge Distillation The distillation term
aligns the student’s predicted distribution with the
teacher’s scores using cross-entropy:

Lkd = − 1

B

B∑

i=1

G∑

j=1

P
(i,j)
teacher logP

(i,j)
student, (3)

where P (i,j)
teacher and P

(i,j)
student are normalized soft-

max scores for the query i and the j-th passage,
produced by the teacher reranker and the student en-
coder, respectively.3 Teacher’s scores are obtained
during training data construction, where each exam-
ple is annotated with both positive/negative labels
and teacher’s score. We detail this data creation
process in the next section.

3.2 Cross-lingual Training Data Construction
We constructed cross-lingual training data by lever-
aging large-scale natural language inference cor-
pora, a supervision signal that has proven effec-
tive for learning sentence embeddings (Gao et al.,
2022; Reimers and Gurevych, 2019). Specifically,
we used MultiNLI and SNLI (Williams et al., 2018;
Bowman et al., 2015) as source datasets in English.
Each sentence pair was translated into the nine
African target languages using NLLB-200 (3.3B)
(NLLB-Team et al., 2022). We then estimated trans-
lation quality using SSA-COMET-MTL (Li et al.,
2025), a COMET variant (Rei et al., 2020) that cov-
ers the target African languages, and filtered pairs

3We used embedding cosine similarity for the student en-
coder and logits of the concatenated query and passage for the
teacher reranker.
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Btxt SIB-200

Model Hate Senti NLI Retrvl Emo Flores NTREX Intent News 14Classes Class Clust Avg.

Small models (<1B)
mmBERT-base 48.2 39.9 54.0 4.0 27.3 1.8 2.2 72.5 55.1 2.4 34.2 5.0 28.9
KaLM 48.5 44.3 61.0 51.0 28.9 53.2 58.6 63.4 74.6 7.3 48.9 16.8 46.4
Qwen3-Embedding 0.6B 48.6 41.5 58.1 46.3 28.1 33.0 38.1 68.5 70.5 3.5 40.0 12.0 40.7
EmbeddingGemma 300m 45.4 39.0 53.6 10.6 26.6 12.2 17.9 49.4 59.0 1.4 29.6 4.6 29.1
bge-m3 50.1 47.9 68.7 69.9 29.4 78.1 80.4 75.4 72.7 10.2 55.6 21.0 55.0
mE5-large 49.8 48.9 65.2 69.9 31.3 86.9 88.7 77.1 77.7 11.6 60.4 25.6 57.8
mE5-large-instruct 51.5 47.0 64.5 75.7 31.5 91.4 91.5 75.5 78.8 22.0 71.2 43.9 62.0
AfriE5-large-instruct 51.7 50.7 69.0 77.7 32.8 91.2 92.0 75.4 79.5 26.2 72.0 45.7 63.7

Medium models (≈ 4B)
Qwen3-Embedding-4B 50.0 41.2 56.8 58.3 28.3 47.7 49.0 70.1 76.0 7.9 49.2 17.5 46.0

Large models (≥7B)
gte-Qwen2-7B-instruct 46.0 43.5 58.6 55.6 27.8 58.4 60.0 57.1 79.8 10.4 50.8 22.4 47.5
GritLM-7B 51.4 45.6 59.8 55.0 29.6 46.5 52.0 70.8 75.3 8.8 50.8 22.2 47.3
Linq-Embed-Mistral 51.0 43.8 59.7 52.1 30.0 46.7 52.0 70.3 76.5 7.6 50.7 22.1 46.9
SFR-Embedding-Mistral 49.3 44.5 58.9 50.9 28.8 47.7 53.0 62.5 77.0 8.5 49.7 21.9 46.1
E5 mistral 7b instruct 49.0 45.7 58.7 50.2 28.6 47.9 53.3 61.8 76.0 7.2 49.2 21.8 45.8
Qwen3-Embedding 8B 50.8 46.2 58.8 68.3 29.1 58.3 57.3 67.7 77.6 8.0 53.5 20.9 49.7

Undisclosed size
gemini embedding 001 55.0 53.8 75.3 83.6 35.5 88.1 84.2 83.9 76.8 17.7 69.2 34.6 63.1

Table 3: AfriMTEB-Lite results. Average performance of embedding models across nine African languages
(AMH, GAZ, HAU, IBO, KIN, SWA, XHO, YOR, ZUL) on 12 tasks. The final column gives the unweighted macro
average across tasks. Best scores per column are highlighted in bold. Differences between AfriE5 and mE5 that are
statistically significant under paired bootstrap testing are reported in Appendix A.6.

below a threshold of 0.75 to ensure data quality.
We select SSA-COMET because it currently shows
the strongest correlation with human judgments for
African language pairs among available MT quality
estimation metrics.4

To encourage cross-lingual alignment, each ex-
ample was expanded into multiple configurations:
(i) premise in the target language and hypothesis
in the source, (ii) premise in the source and hy-
pothesis in the target, (iii) both in the target lan-
guage, and (iv) both in the source language ( i.e.,
English). For MultiNLI, we reformulated exam-
ples as query–positive/negative pairs (entailment as
pos, contradiction as neg). For SNLI, we followed
the same strategy but included all two-way anno-
tations (positive and negative). We employ hard
negative mining using mE5-Large-Instruct (Wang
et al., 2024c) to identify challenging negative ex-
amples. For each query, we encode all corpus pas-
sages and perform FAISS-based nearest neighbor
search to retrieve the top-k most similar passages.
We sample 15 hard negatives from a rank window
(ranks 2-200), excluding positives and the query
itself. Hard negatives are semantically similar to
the query but irrelevant, forcing the model to learn
fine-grained discrimination.

4We analyze the effect of different quality thresholds on
the resulting sample size in Appendix A.4.

3.3 Experimental Settings

We fine-tuned mE5-Large-Instruct (Wang et al.,
2024c) on our curated cross-lingual training data
using the open-sourced FlagEmbedding5 training
repository. We followed the default implemen-
tation of contrastive learning with cross-device
negatives and enabled knowledge distillation with
teacher scores provided by BGE Reranker v2
m3 (Chen et al., 2024). All samples in a batch
were drawn from the same dataset to maintain con-
sistent supervision. Training was performed on a
single GPU and the key hyperparameters are sum-
marized in Table 5. We trained the model for one
epoch with logging every 100 steps and checkpoint
saving every 100 steps. The resulting model is re-
ferred to as AfriE5-Large-Instruct. We provide
brief descriptions of the baseline models in Ap-
pendix A.3.

4 Results

4.1 AfriMTEB Results

Smaller-sized E5 variants have comparable per-
formance to Gemini Embedding. As shown in
Table 2, despite being small models (< 1B), the
mE5 family matches or surpasses the proprietary
model, gemini embedding 001, especially on bitext
mining (i.e., Btxt). AfriE5-Large-Instruct attains

5https://github.com/FlagOpen/FlagEmbedding
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the best macro average at 62.4, edging out Gemini
embedding (60.6) and mE5-Large-Instruct (61.3).
This indicates that strong multilingual coverage
and targeted adaptation can outweigh model size
or access to proprietary training data. Paired boot-
strap tests in Appendix A.6 show that the overall
macro improvement of AfriE5-Large-Instruct over
mE5-Large-Instruct is statistically significant on
AfriMTEB-Full.

AfriE5 and mE5 excel on bitext mining and clus-
tering. On bitext mining, mE5-Large-Instruct
and AfriE5-Large-Instruct have comparable per-
formance of 85 points, both are far ahead of other
opens and the API baseline (Gemini embedding
at 72.2). For clustering, AfriE5-Large-Instruct
leads with 62.9 and mE5-Large-Instruct is next
(61.9), while larger models and Gemini embed-
dings are behind. These families reward models
that learn language-agnostic semantic spaces with
robust cross-lingual alignment, which appears to
be a particular strength of the E5 lineage.

AfriE5 improves reranking with cross-lingual
training dataset and knowledge distillation.
Although the base model mE5-Large-Instruct
records a reranking score of 61.9, AfriE5-Large-
Instruct raises this to 64.0. It also surpasses Gemini
embedding 001 (63.4) on the same task (Table 2).
This improvement can be attributed to the train-
ing recipe, where AfriE5-Large-Instruct leverages
knowledge distillation from the BGE-M3 cross-
encoder in addition to contrastive supervision. The
result suggests that incorporating reranker-derived
soft labels enhances cross-lingual alignment for
ranking-style objectives.

Gemini Embedding excels on classification tasks
over E5 variants. While E5 variants lead over-
all, Gemini embedding 001 is strongest on most
classification-style families: single-label classifi-
cation (50.0 vs. 49.8 for mE5-Large-Instruct and
49.7 for AfriE5-Large-Instruct), multi-label classi-
fication (32.7 vs. 28.6/29.8), and pair classification
(71.6 vs. 63.8/67.9). It also tops retrieval (77.5) and
semantic textual similarity (65.0). These strengths
suggest Gemini’s instruction and data mix partic-
ularly benefits discriminative judgment tasks and
sentence-level similarity scoring.

Language coverage is more crucial than text em-
bedding model sizes. Large 7B and 8B encoders
do not translate into higher AfriMTEB scores. All
7B/8B model scores cluster in the low–mid 50s, for

example, gte-Qwen2-7B-instruct at 50.9, GritLM-
7B at 51.8, Qwen3-Embedding-8B at 50.5. They
are clearly below the smaller E5 variants of around
61.3 point. This gap underscores that broad, bal-
anced language coverage and task diversity matter
more than parameter count alone.

AfriE5 generalizes to 59 languages despite train-
ing on only 9. Although AfriE5-Large-Instruct
is adapted using supervision centered on only nine
African languages, it achieves the highest macro
average (62.4) across 59 languages. Relative to
mE5-Large-Instruct, AfriE5-Large-Instruct shows
consistent family-level gains on pair classification
(+4.1), reranking (+2.1), retrieval (+1.3), clustering
(+1.0), and multi-label classification (+1.2), with
small trade-offs on bitext mining (–0.3), single-
label classification (–0.1), and STS (–1.1). Impor-
tantly, paired bootstrap analysis over task–language
cells shows that improvements in pair classifica-
tion, reranking, retrieval, and multi-label classifi-
cation are statistically significant, while changes
in other families are not (Appendix A.6). This
pattern indicates that targeted cross-lingual distil-
lation yields transferable gains beyond the train-
ing languages, particularly for retrieval-style and
alignment-sensitive tasks.

4.2 AfriMTEB-Lite Results
Here, we present the overall aggregated results by
dataset and language in Table 10 and Figure 3. The
comprehensive results are in Appendix A.5.

AfriE5 achieves the strongest overall perfor-
mance on AfriMTEB-Lite. On the Lite suite
of nine African languages and twelve tasks, AfriE5-
Large-Instruct attains the highest overall macro
average with a score of 63.7, compared to 62.0
for mE5-Large-Instruct and 63.1 for Gemini em-
bedding (Table 10). While performance differ-
ences vary across task families, paired bootstrap
tests over languages show statistically signifi-
cant improvements for AfriE5-Large-Instruct on
9 of the 12 tasks, including AfriXNLI, SIB200
variants, clustering, and retrieval, as well as
for the overall macro- and micro-averages (Ap-
pendix A.6). In addition, multi-seed experiments
confirm that these gains are stable, with standard
deviation within ±0.1 on the Lite macro score (Ap-
pendix A.7). These results demonstrate that cross-
lingual contrastive distillation improves effective-
ness for African languages even when training is
restricted to a compact set of nine languages.
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Figure 3: Performance on AfriMTEB-Lite across nine target languages. Bars show average scores for four
representative embedding models. AfriE5-large-instruct consistently achieves the highest or near-highest scores.

AfriE5 achieves the highest macro averages
on 6 languages out of 9. Figure 3 summarizes
language-level macro averages across all Lite tasks,
with exact values reported in Table 10. AfriE5
achieves the highest average performance on six
of the nine languages—Swahili, Amharic, Xhosa,
Igbo, Yoruba, and Oromo; consistently outperform-
ing both mE5-Large-Instruct and Gemini embed-
ding 001. The gains are particularly pronounced
for lower-resource languages such as Oromo and
Xhosa, where AfriE5 shows clear margins over all
baselines.

Our adaptation boosts classification tasks, es-
pecially SIB200_14Classes. Relative to mE5-
Large-Instruct, AfriE5-Large-Instruct shows clear
improvements on several classification benchmarks.
It achieves higher scores on AfriSenti (+3.7),
AfriXNLI (+4.5), and SIB200clustering (+1.8).
The largest gain appears on SIB200_14Classes
(+4.4; 26.2 vs. 21.8), a setting that requires group-
ing semantically diverse texts into broad topical
categories. These improvements indicate that the
cross-lingual, NLI-style contrastive learning used
in AfriE5 strengthens semantic alignment across
languages, leading to more effective cross-lingual
transfer for classification and clustering tasks.

5 Ablation

We conduct controlled experiments where all
training settings are held fixed (base architecture,
loss, knowledge distillation from BGE reranker,
batch/group sizes, number of steps, and sampling)
while varying a single factor at a time. The results
are reported in Table 4.

Impact of cross-lingual dataset expansion As
described in Section §3.2, we compare training

setups that differ only in whether cross-lingual
dataset expansion is applied. Without cross-lingual
dataset expansion (×), each NLI example is used
within a single language at a time; only target–
target sentence pairs (e.g., Swahili–Swahili) are
constructed. With cross-lingual dataset expansion
(✓), each example is expanded into four config-
urations: target–target, English–English, target–
English, and English–target. Comparing row 3 (×,
0.75) and row 5 (✓, 0.75), the average increases
from 62.3 to 63.2. The cross-lingual expansion
of the data set exposes the model to richer cross-
lingual contrasts: First, higher scores on bitext min-
ing tasks show that the expansion improves the
model’s ability to align semantically equivalent
sentences between languages, producing a more
coherent multilingual embedding space. Second,
classification tasks such as SIB200-14 benefit from
this stronger alignment, as the model learns to ab-
stract over diverse topical domains without relying
on language-specific cues. 6

Machine translation quality threshold (QE)
With expansion enabled (rows 1–4), the best over-
all score is achieved after filtering using a COMET
variant, SSA-COMET-MTL QE=0.75 (63.2), com-
pared to 62.5 at 0.67 and a sharp drop to 58.3 at
0.80. A low threshold (0.67) retains large noisy
translations (around 433K training samples), which
slightly hurts reasoning-heavy tasks. In contrast,
a high threshold (0.80) filters out too much data
(remaining only 7500 samples), reducing linguistic
and semantic diversity and leading to weaker trans-
fer, especially in classification. The middle ground
(0.75) balances translation quality with coverage

6Belebele retrieval was added to AfriMTEB-Lite after the
ablation study had been finalized; therefore, results on Bele-
bele are not reported in Table 4.
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Btxt SIB-200

Cross-lingual Expansion QE Thres. Hate Senti NLI Emo Flores NTREX Intent News 14Classes Class Clust Avg.

✓ 0.67 52.2 50.9 66.3 32.3 91.6 94.1 77.6 82.7 23.8 71.7 44.8 62.5
✓ 0.70 51.3 52.0 69.0 32.6 91.3 92.2 75.2 79.5 26.9 73.1 45.5 62.6
✓ 0.75 51.4 53.3 69.1 32.8 91.2 93.8 77.1 82.6 26.2 72.0 45.7 63.2
✓ 0.80 51.5 49.9 68.2 29.8 88.2 91.0 85.9 79.9 11.2 61.8 24.2 58.3

× 0.75 52.3 52.8 68.2 32.0 88.5 91.2 81.2 82.0 21.8 70.6 45.2 62.3

Table 4: Ablation study of AfriE5-large-instruct on AfriMTEB-Lite. We vary the use of cross-lingual dataset
expansion and the translation quality threshold during filtering. Best scores per column are highlighted in bold.
Note that Belebele retrieval is not covered in this ablation study.

with around 60K samples, yielding the most reli-
able improvements across tasks. We provide the
number of samples retained by SSA-COMET-MTL
in Appendix A.4.

6 Related Work

Multilingual text embedding benchmarks The
Massive Text Embedding Benchmark (MTEB) in-
troduced a common taxonomy and leaderboard for
sentence embeddings (Muennighoff et al., 2023).
Since then, several language- or region-specific
variants have emerged, including MMTEB (with
Europe and Indic tracks), SEA-BED for South-
east Asia, PL-MTEB for Polish, and MTEB-
French (Ponwitayarat et al., 2025; Poświata et al.,
2024; Ciancone et al., 2024). Additional efforts
target specific language families or regions: C-
MTEB (Chinese), German-focused suites, JMTEB
(Japanese), Korean-focused suites, ruMTEB (Rus-
sian), FaMTEB (Persian/Farsi), and VN-MTEB
(Vietnamese) (Xiao et al., 2024; Wehrli et al., 2024;
Li et al., 2024; Snegirev et al., 2025; Zinvandi et al.,
2025; Pham et al., 2025). Our work follows this
trend by building an Africa-focused extension with
broad task coverage.

Multilingual text embedding models Com-
mercial/API models widely used in practice in-
clude OpenAI’s text-embedding-3 series, Google’s
gemini-embedding-001, and Cohere’s Embed v3
(Neelakantan et al., 2022; Lee et al., 2025). Open-
weight models are an active research area: me5, e5,
and e5-mistral-7b-instruct provide strong general-
purpose and instruction-tuned baselines (Wang
et al., 2024c,a); Qwen3-Embedding and Embed-
ding Gemma offer lightweight multilingual options
(Zhang et al., 2025; Vera et al., 2025); GTE pro-
poses efficient, general-purpose embeddings (Li
et al., 2023a); and classic multilingual encoders
LaBSE remain strong references (Feng et al., 2022).
The recent BGE-M3 model integrates multilingual,

multi-function training and is a competitive open
baseline (Chen et al., 2024). Despite progress, cov-
erage and performance on many African languages
remain uneven, motivating region-specific evalua-
tion and targeted adaptation.

7 Conclusion

We presented AfriMTEB, a large-scale bench-
mark for African languages spanning 59 languages
and 14 tasks, and AfriE5, an adaptation of mE5-
large-instruct via cross-lingual contrastive distilla-
tion. AfriE5 achieves the strongest overall macro-
average among open-weight embedding models on
both AfriMTEB-Full and AfriMTEB-Lite, with sta-
tistically significant gains on several task families,
while remaining competitive with proprietary base-
lines such as Gemini Embedding-001. Our abla-
tions show that cross-lingual dataset expansion and
balanced translation filtering are crucial for these
gains. Together, AfriMTEB and AfriE5 provide
a standardized evaluation framework and a practi-
cal reference point for advancing text embedding
research for African languages.

Limitations

AfriMTEB expands coverage to 59 languages,
yet many African languages, dialects, orthogra-
phies, and code-switched registers remain under-
represented. Several datasets inherit noise or het-
erogeneity from crowd labels, repurposed tasks,
and preprocessing. Moreover, our adaptation data
relies on machine translation via NLLB-200 and
automatic quality estimation using SSA-COMET,
which vary in reliability across language pairs and
domains. Distillation from a single teacher (BGE
Reranker v2 m3) can also transfer its biases, poten-
tially advantaging languages and styles that align
with the MT/QE pipeline and the teacher’s prefer-
ences.

Our evaluation is limited to text-only sentence
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and paragraph embeddings and reports macro-
averages across tasks and languages; alternative
weightings (e.g., by population or application criti-
cality) and additional metrics (calibration, robust-
ness, fairness) could yield different conclusions.
End-to-end RAG quality, multimodal retrieval, and
very long-context document embeddings are out
of scope, and domain coverage skews toward for-
mal/news text over colloquial or specialized do-
mains. True parity with closed-weight baselines
(e.g., data mixtures, architectures, inference set-
tings) is infeasible; repeated API evaluations may
be affected by nondeterminism, and some open
models may be sensitive to prompt formats or pool-
ers we did not exhaustively tune.

While AfriE5 trained on nine languages gener-
alizes well to 59 in our tests, transfer may degrade
for typologically distant or extremely low-resource
languages; broader community datasets and multi-
teacher/multi-signal training are promising avenues
to mitigate these limitations.
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A Appendix

A.1 Task Categories
AfriMTEB follows the MTEB taxonomy and
groups tasks into eight families. Table 1 lists the
families and the datasets included in the Full suite.

Bitext Mining. Given two sentence sets from dif-
ferent languages, the task is to identify translation
pairs. Embeddings are used to compute similarities
and find the best match for each sentence.

Pair Classification. This task involves a pair of
input sentences with a binary or categorical rela-
tionship label (e.g., entailment vs. contradiction).
Predictions are based on embedding similarity.
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Classification. Single-text classification where
each input is mapped to one label among several
categories (e.g., topic, sentiment, hate speech, or
language ID). A linear classifier is trained on top
of embeddings.

Multi-label Classification. Texts may be as-
signed multiple labels simultaneously (e.g., emo-
tions). A multi-label classifier is applied on top of
embeddings to handle overlapping categories.

Clustering. Given a collection of texts, the task
is to group them into clusters that correspond to
gold categories. Embeddings are clustered with
algorithms such as k-means.

Semantic Text Similarity. This task measures
the degree of semantic similarity between sentence
pairs, either within or across languages, based on
embedding similarity.

Retrieval. Given a query, the task is to retrieve
relevant documents from a large corpus. Both
queries and documents are embedded, and simi-
larity scores determine ranking.

Reranking. Given a query and a candidate set of
documents, the goal is to rank the candidates by
relevance using embeddings. This task focuses on
fine-grained ranking quality.

A.2 Dataset Descriptions

A.2.1 Bitext Mining datasets
Flores (Goyal et al., 2022). FLORES is a widely
used multilingual parallel corpus designed to sup-
port evaluation of cross-lingual transfer. It con-
sists of sentence-aligned translations across a large
number of languages, including many African lan-
guages. In AfriMTEB, FLORES is cast as a bitext
mining task: given a sentence in one language, the
model must retrieve its correct translation from a
pool of candidate sentences in another language
using embedding similarity. This task evaluates the
ability of embeddings to align semantically equiva-
lent content across languages.

NTREX (Federmann et al., 2022). NTREX is
a multilingual parallel dataset derived from profes-
sionally translated content, covering a broad set
of languages. Similar to FLORES, it is framed
as a bitext mining task in AfriMTEB, where em-
beddings are used to retrieve aligned translations.
NTREX complements FLORES by providing dif-
ferent domains and translation characteristics, al-

lowing evaluation of robustness across translation
styles.

BibleNLP (Kann, 2024). BibleNLP consists of
verse-aligned Bible translations across many lan-
guages, including low-resource African languages.
Although the domain is religious text, the strict
verse alignment makes it well suited for evaluating
cross-lingual semantic alignment. In AfriMTEB,
the task is to retrieve the correct verse translation
given a source verse, testing whether embeddings
capture meaning consistently across languages de-
spite domain specificity.

NollySenti (Shode et al., 2023). NollySenti orig-
inates as a sentiment analysis dataset for Nige-
rian languages but is additionally repurposed in
AfriMTEB as a bitext-style mining task by lever-
aging aligned or parallel content. This dataset eval-
uates whether embeddings trained primarily for
semantic similarity can also recover aligned text
across languages in a more informal, social-media-
driven domain.

Tatoeba (Tiedemann, 2020). The Tatoeba
dataset contains sentence-aligned translations cre-
ated by a community of contributors and covers a
wide range of languages. In AfriMTEB, Tatoeba
is used for bitext mining, where models must iden-
tify translation pairs based on embedding similarity.
The dataset is noisier than professionally curated
corpora.

A.2.2 Pair Classification datasets

XNLI (Conneau et al., 2018). XNLI is a cross-
lingual natural language inference benchmark de-
rived from MultiNLI. Each example consists of
a premise–hypothesis sentence pair labeled as en-
tailment, contradiction, or neutral. In AfriMTEB,
XNLI is treated as a pair classification task, where
embeddings of the two sentences are combined to
predict the relation label, evaluating whether em-
beddings preserve fine-grained semantic relations.

AfriXNLI (Adelani et al., 2025). AfriXNLI ex-
tends the XNLI framework to additional African
languages. It follows the same premise–hypothesis
structure and label space as XNLI, but focuses on
languages that are largely absent from existing NLI
benchmarks. This dataset allows AfriMTEB to
evaluate whether multilingual embeddings general-
ize NLI-style reasoning to African languages.
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A.2.3 Classification datasets
SIB200Classification (Adelani et al., 2024).
SIB200Classification is derived from the SIB-200
benchmark and formulates topic classification with
a reduced set of coarse-grained categories. Each
document is assigned exactly one topic label. In
AfriMTEB, it is used to evaluate general topic clas-
sification across a large number of languages with
balanced label distributions.

SIB200_14Classes (Adelani et al., 2024).
SIB200_14Classes is a more fine-grained variant
of topic classification from SIB-200, where texts
are assigned to one of fourteen topic categories.
This dataset is more challenging due to the larger
label space and semantic overlap between topics.
It is included in AfriMTEB to assess how well
embeddings separate closely related topical
categories across languages.

MasakhaNEWS (Adelani et al., 2023).
MasakhaNEWS is a multilingual African
news classification benchmark covering several
African languages. Each news article is labeled
with a topic such as politics, sports, or business. In
AfriMTEB, it serves as a core news topic classifica-
tion dataset and reflects realistic, domain-specific
text encountered in African media.

TswanaNews, SiswatiNews (Madodonga et al.,
2023), SwahiliNews, IsiZuluNews (Madodonga
et al., 2023), KinNews (Niyongabo et al., 2020).
These datasets are language-specific news clas-
sification benchmarks for Setswana, SiSwati,
Swahili, isiZulu, and Kinyarwanda respectively.
Each dataset follows the same formulation as
MasakhaNEWS, with articles labeled by topic.
KinNews is newly incorporated in AfriMTEB to ex-
tend news classification coverage to Kinyarwanda,
ensuring broader geographic representation.

NaijaSenti (Muhammad et al., 2022). Nai-
jaSenti is a sentiment analysis dataset for Nige-
rian languages, primarily focused on informal and
social-media-style text. Each example is labeled
with sentiment polarity (e.g., positive, negative,
neutral). In AfriMTEB, it evaluates whether em-
beddings capture affective meaning in informal lan-
guage varieties.

AfriSenti (Muhammad et al., 2023). AfriSenti
is a multilingual African sentiment dataset covering
multiple languages and domains. Compared to
NaijaSenti, it includes a broader linguistic scope

and more diverse text sources. It is used to assess
cross-lingual sentiment classification performance.

MultilingualSentiment (Muennighoff et al.,
2023). This dataset is a general multilingual sen-
timent benchmark included to provide additional
coverage beyond African-specific datasets. It al-
lows comparison between African-language per-
formance and more widely studied multilingual
sentiment settings.

AfriHate (Muhammad et al., 2025a). AfriHate
is a hate speech and offensive language classifica-
tion dataset designed specifically for African lan-
guages. Each text is labeled according to whether
it contains hate or abusive content. Its inclusion ad-
dresses a gap in prior benchmarks, where African
languages were largely absent from hate speech
evaluation.

LanguageClassification, SouthAfricanLang-
Classification (Academy and M, 2022),
AfriSentiLangClassification (Muhammad et al.,
2023). These datasets are used for language
identification (LID). The task is to predict the
language of a given text. SouthAfricanLangClassi-
fication focuses on closely related South African
languages, while AfriSentiLangClassification is
derived from sentiment data and tests LID under
informal text conditions.

MassiveIntent (Ousidhoum et al., 2024). Mas-
siveIntent comes from the MASSIVE dataset and
consists of short user utterances labeled with intent
categories (e.g., request, command). It evaluates
whether embeddings encode intent-level semantics
across languages.

InjongoIntent (Yu et al., 2025). InjongoIntent
is an intent classification dataset targeting African
languages. It mirrors the structure of MassiveIn-
tent but focuses on underrepresented languages and
locally relevant intents, providing a more realistic
evaluation for African conversational systems.

MassiveScenario (Ousidhoum et al., 2024).
MassiveScenario is another subset of the MAS-
SIVE dataset, where utterances are labeled by
scenario or domain (e.g., travel, finance). In
AfriMTEB, it is treated as a standard single-label
classification task.

A.2.4 Multi-label Classification datasets
EmotionAnalysisPlus (Muhammad et al., 2025c).
EmotionAnalysisPlus is a multi-label emotion clas-
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sification dataset where each text may express mul-
tiple emotions simultaneously (e.g., joy, anger, sad-
ness). Unlike sentiment analysis, this task requires
modeling overlapping affective states. It is in-
cluded in AfriMTEB to evaluate multi-label predic-
tion capabilities in African languages.

A.2.5 Semantic Text Similarity datasets
SemRel24STS (Ousidhoum et al., 2024). Sem-
Rel24STS is a semantic textual similarity dataset
where sentence pairs are annotated with graded
similarity scores. Models are evaluated by cor-
relating embedding-based similarity with human
judgments. This dataset tests fine-grained semantic
sensitivity rather than categorical decisions.

A.2.6 Retrieval datasets
Belebele (Bandarkar et al., 2024b). Belebele is
a multilingual retrieval benchmark derived from
reading comprehension data. Given a query (often
a question), the task is to retrieve the most relevant
passage from a set of candidates. It evaluates cross-
lingual retrieval performance under realistic QA-
style conditions.

MIRACL and MIRACLRetrievalHardNega-
tives (Zhang et al., 2023). MIRACL is a large-
scale multilingual information retrieval benchmark
covering many languages. Queries are paired
with large document collections, and models must
retrieve relevant passages. The Hard Negatives
variant augments the task with challenging non-
relevant passages, making ranking more difficult
and discriminative.

MrTidy (Zhang et al., 2021), XQuAD (Artetxe
et al., 2020), XM3600T2I (Thapliyal et al., 2022).
These datasets extend retrieval evaluation to differ-
ent domains and modalities. MrTidy and XQuAD
focus on text-based retrieval, while XM3600T2I
evaluates cross-lingual text-to-image retrieval. To-
gether, they broaden the retrieval evaluation beyond
standard document search.

A.2.7 Clustering datasets
SIB200ClusteringFast (Adelani et al., 2024).
This dataset is derived from SIB-200 and evaluates
topic clustering. Texts must be grouped into clus-
ters corresponding to gold topic labels, using only
embedding similarity and clustering algorithms
such as k-means.

MasakhaNEWSClusteringP2P and
MasakhaNEWSClusteringS2S (Adelani

et al., 2023). These datasets formulate clustering
tasks from MasakhaNEWS articles using different
clustering protocols. They evaluate whether
embeddings induce meaningful topical structure in
African news text.

A.2.8 Reranking datasets
MIRACLReranking (Zhang et al., 2023). MIR-
ACLReranking is a fine-grained ranking task built
on MIRACL. Given a query and a small set of
candidate passages, the goal is to rerank them by
relevance. This task focuses on precise ordering
rather than coarse retrieval, testing the discrimina-
tive power of embeddings.

Parameter Value

Training epochs 1
Batch size (per device) 8
Group size 8
Learning rate 1e-5
Warmup ratio 0.1
Max query length 512
Max passage length 512
Padding multiple 8
Knowledge distillation True (KL divergence)
Negatives cross-device Enabled
Embedding normalization True (L2)
Sentence pooling Mean pooling
Temperature 0.02
Precision FP16

Table 5: Key training configurations used in fine-tuning.

A.3 Baseline Model Descriptions
mmBERT-base (Marone et al., 2025) is a mod-
ern multilingual encoder trained on more than
3T tokens covering >1,800 languages, extending
the ModernBERT (Warner et al., 2025) (fast en-
coder with long context) to the multilingual regime.
The training recipe introduces curriculum-style an-
nealed language learning, inverse masking, and
temperature-based sampling to emphasize low-
resource languages while retaining strong perfor-
mance on high-resource ones. Reported results
show that mmBERT-base surpasses prior multilin-
gual encoders such as XLM-R on standard NLU
and retrieval benchmarks, approaching the English-
only ModernBERT on GLUE despite being trained
predominantly on non-English data. Inference fol-
lows standard encoder usage (mean pooling over
last hidden states and L2 normalization).

KaLM-Embedding (Hu et al., 2025) is a multilin-
gual embedding family that prioritizes training-data
quality over sheer scale, combining (i) persona-
based synthetic examples distilled from LLMs,
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(ii) ranking-consistency filtering, and (iii) semi-
homogeneous task batching for efficient contrastive
learning. Many public checkpoints are built on
compact Qwen2 backbones (e.g., ∼0.5B) and
instruction-tuned variants for downstream retrieval
and semantic similarity. Technical reports describe
v1.5/v2 updates with improved data curation and
training strategy, yielding strong MTEB perfor-
mance for their size.

Qwen3-Embedding (0.6B / 4B / 8B) (Zhang et al.,
2025) is a purpose-built series of dense encoders
for text embeddings and reranking, offered in
0.6B/4B/8B sizes with a 32k token context win-
dow and coverage of 100+ languages. The mod-
els are instruction-aware and support flexible out-
put dimensionalities (via MRL-style prefix trunca-
tion), with typical maximum embedding sizes of
1,024 (0.6B), 2,560 (4B), and 4,096 (8B); matching
reranker models are available at each size. Training
leverages Qwen3 LLMs both as backbones and as
data synthesizers across domains and languages,
improving robustness for retrieval and reranking
workloads. Inference uses mean pooling and L2
normalization; common deployment stacks expose
a user-selectable output dimensionality for stor-
age/latency trade-offs.

BGE-M3 (Chen et al., 2024) is a versatile embed-
ding model unifying three capabilities in a single
encoder: Multi-Functionality (dense, multi-vector,
and sparse retrieval), Multi-Linguality (100+ lan-
guages), and Multi-Granularity (robust from short
queries to long documents, up to ∼8,192 tokens).
The training pipeline uses self-knowledge distilla-
tion across retrieval functions to align representa-
tions and enables hybrid retrieval without switching
models. It is widely used as a strong multilingual
baseline for retrieval, clustering, and classification.

mE5-Large and mE5-Large-Instruct (Wang et al.,
2024c) are multilingual members of the E5 fam-
ily built on XLM-RoBERTa-large (Conneau et al.,
2020), trained with a two-stage recipe that first per-
forms weakly supervised contrastive pre-training
on roughly one billion multilingual text pairs and
then supervised fine-tuning on curated embedding
tasks; the instruction variant further formats su-
pervision with concise task instructions to special-
ize representations for retrieval and related tasks.
Both use a 24-layer encoder that produces 1,024-
dimensional vectors and inherit broad ( 100 lan-
guage) coverage from the XLM-RoBERTa back-

bone. At inference time they follow the E5 prompt
conventions (e.g., query / passage style inputs), ap-
ply mean pooling over the last hidden states, and
L2-normalize the output, yielding strong perfor-
mance on retrieval, semantic similarity, clustering,
and classification benchmarks in both monolingual
and cross-lingual settings.

gte-Qwen2-7B-instruct (Li et al., 2023b) is a 7B-
parameter instruction-tuned General Text Embed-
ding model built on Qwen2-7B, targeting high-
quality multilingual embeddings with a 32k con-
text window. At release, it reported leading scores
on MTEB English/Chinese subsets, reflecting a
training mixture that combines instruction-style
contrastive objectives and curated negatives. It is
used as a strong large-model baseline for retrieval,
reranking, and semantic similarity.

GritLM-7B (Muennighoff et al., 2024) unifies gen-
eration and embeddings in one model via Genera-
tive Representational Instruction Tuning (GRIT) .
A custom modeling component adds bidirectional
attention paths so that the same backbone can func-
tion as a strong encoder for embeddings without
sacrificing generative performance (Muennighoff
et al., 2024). The paper reports SOTA-level MTEB
results for 7B-class open models alongside strong
generative benchmarks, demonstrating that a single
model can excel at both modalities (Muennighoff
et al., 2024).

Linq-Embed-Mistral (Kim et al., 2024) is a
Mistral-7B–based embedding model developed
with task-tailored data crafting, filtering, and hard-
negative mining to improve retrieval quality. The
technical report and model card document lead-
ing MTEB retrieval scores at release (e.g., aver-
age ∼68.2 on 56 datasets; retrieval score ∼60.2),
achieved through homogeneous task ordering and
mixed-task fine-tuning strategies. It is frequently
used as a competitive 7B encoder baseline for dense
retrieval.

SFR-Embedding-Mistral (Meng et al., 2024) ap-
plies transfer learning on top of E5-mistral-7b-
instruct and Mistral-7B-v0.1, with additional multi-
task training and optimized negative sampling
aimed at retrieval tasks. Public materials position
it as a top-performing 7B embedding model for
search, clustering, and classification workloads.

E5 Mistral 7B Instruct (Wang et al., 2024b) initial-
izes the E5 instruction-tuning recipe from Mistral-

3713



7B-v0.1, producing a 7B encoder specialized for
instruction-aware embeddings . As with other E5
variants, inference benefits from task instructions
plus “query:/passage:” prefixes, and mean pool-
ing with L2 normalization is used for final vectors.
It serves both as a competitive baseline and as a
foundation for further transfer learning (e.g., SFR-
Embedding-Mistral).

Gemini Embedding-001 (Lee et al., 2025) is
Google’s multilingual text-embedding model avail-
able via the Gemini API and Vertex AI, trained
with Matryoshka Representation Learning (MRL)
so that leading vector prefixes remain useful at
smaller dimensions . The default output is 3,072
dimensions, but APIs allow setting output dimen-
sionality (e.g., 1,536 or 768) with minimal quality
loss, enabling flexible storage/latency trade-offs.
The model supports 100+ languages and has been
a strong performer on multilingual MTEB since its
early releases.

A.4 Detailed Statistics of Machine Translation
Quality

To assess the quality of the machine translation
data used in AfriMTEB, we rely on automatic eval-
uation with SSA-COMET (Li et al., 2025). SSA-
COMET is a recently released metric trained on
SSA-MTE, a large-scale human-annotated evalu-
ation dataset covering 13 African language pairs
with over 63,000 sentence-level judgments. Com-
pared to earlier African-focused metrics such as
AfriCOMET, SSA-COMET provides stronger cor-
relation with human ratings and better robustness
in low-resource settings.

Language 0.67 0.75 0.80

Amharic (amh_Ethi) 44,166 4,617 281
Oromo (gaz_Latn) 73,846 14,598 2,818
Hausa (hau_Latn) 31,799 5,851 1,056
Igbo (ibo_Latn) 16,778 1,279 136
Kinyarwanda (kin_Latn) 81,003 4,867 337
Swahili (swh_Latn) 116,338 21,996 1,849
Xhosa (xho_Latn) 18,143 2,007 351
Yoruba (yor_Latn) 31,377 3,316 411
Zulu (zul_Latn) 20,229 1,535 224

Total 433,629 60,066 7,463

Table 6: Number of translation pairs retained after fil-
tering with SSA-COMET at three thresholds. Lower
thresholds yield more data, while stricter thresholds re-
tain fewer but higher-quality examples.

From Table 6, we observe a clear trade-off be-
tween dataset size and quality. At a relaxed thresh-

Language 0.67 0.75 0.80

Amharic (amh_Ethi) 44,166 4,617 281
Oromo (gaz_Latn) 73,846 14,598 2,818
Hausa (hau_Latn) 31,799 5,851 1,056
Igbo (ibo_Latn) 16,778 1,279 136
Kinyarwanda (kin_Latn) 81,003 4,867 337
Swahili (swh_Latn) 116,338 21,996 1,849
Xhosa (xho_Latn) 18,143 2,007 351
Yoruba (yor_Latn) 31,377 3,316 411
Zulu (zul_Latn) 20,229 1,535 224

Kongo (kon_Latn) – 18,030 –
Kabuverdiano (kea_Latn) – 810 –
Somali (som_Latn) – 4,203 –
Twi (twi_Latn) – 6,090 –
Sotho (sot_Latn) – 20,190 –
Tsonga (tso_Latn) – 43,371 –
Swati (ssw_Latn) – 4,062 –
Lingala (lin_Latn) – 20,091 –
Shona (sna_Latn) – 23,025 –
Northern Sotho (nso_Latn) – 33,912 –
Plateau Malagasy (plt_Latn) – 11,736 –
Tswana (tsn_Latn) – 35,481 –
Afrikaans (afr_Latn) – 19,872 –
Nyanja (nya_Latn) – 53,367 –
Egyptian Arabic (arz_Arab) – 6,960 –

Total 433,629 405631 7,463

Table 7: Updated counts of translation pairs retained
after filtering with SSA-COMET at three thresholds.

old of 0.67, over 430k sentence pairs are retained,
ensuring broad coverage across all nine target lan-
guages. Increasing the threshold to 0.75 reduces
the pool to around 60k examples, striking a bal-
ance between filtering noise and preserving suffi-
cient training data. At the strictest cutoff of 0.80,
only 7.5k pairs remain, indicating that high-quality
translations are relatively scarce. Language-level
differences are also evident: Swahili, Oromo, and
Kinyarwanda consistently contribute the largest
number of pairs, while Igbo and Amharic see the
sharpest reductions under stricter filtering, reflect-
ing variation in MT quality across languages.

A.5 Detailed AfriMTEB-Lite Results

Table 11 shows the comprehensive results across
all evaluated datasets and languages in AfriMTEB-
Lite.

A.6 Statistical Significance

To quantify the robustness of the observed improve-
ments of AfriE5 over mE5, we conduct a paired
bootstrap significance analysis on both AfriMTEB-
Lite and AfriMTEB-Full.

For AfriMTEB-Lite, we treat each language
within a task as one observation and compute
paired differences ∆ = AfriE5 − mE5 per task–
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Table 8: Statistical Significance on AfriMTEB-Lite
Tasks. Mean performance difference ∆ = AfriE5 −
mE5 (in %), 95% confidence intervals (CI), and one-
sided p-values (H0 : ∆ ≤ 0) estimated via paired boot-
strap over languages.

Task ∆ 95% CI p-value nlangs

AfriHate Classification +0.17 [−1.17,+1.38] 0.390 9
AfriSenti Classification +3.74 [+2.08,+5.40] < 0.001 7
News Classification +0.64 [−0.06,+1.30] 0.035 8
AfriXNLI +4.50 [+3.82,+5.16] < 0.001 9
Emotion Analysis +1.28 [+0.30,+2.25] 0.004 9
Flores Bitext Mining -0.17 [−0.26,−0.06] 0.998 9
Injongo Intent -0.04 [−1.41,+1.45] 0.540 9
NTREX Bitext Mining +0.53 [−0.14,+1.54] 0.109 9
SIB-200 (14 Classes) +4.16 [+2.58,+5.75] < 0.001 9
SIB-200 Classification +0.84 [+0.17,+1.59] 0.004 9
SIB-200 Clustering +1.76 [+0.77,+2.91] < 0.001 9
Belebele Retrieval +2.00 [+1.59,+2.41] < 0.001 9

Overall (Macro) +1.62 [+0.79,+2.57] < 0.001 12
Overall (Micro) +1.59 [+1.17,+2.02] < 0.001 105

language cell. We then perform 10,000 paired boot-
strap resamples over languages and report (i) the
mean difference ∆ (in absolute points), (ii) 95%
confidence intervals obtained via the percentile
method, and (iii) one-sided p-values for the null
hypothesis H0 : ∆ ≤ 0. The detailed results are
shown in Table 8.

On AfriMTEB-Lite, 9 out of 12 tasks show sta-
tistically significant improvements at p < 0.05,
and both macro and micro averages are significant.
The largest gains appear on AfriXNLI, SIB-200 (14
classes), SIB-200 clustering, AfriSenti, and Bele-
bele retrieval, while Flores bitext mining shows a
small regression.

For AfriMTEB-Full, we group task–language
cells into the eight categories reported in the main
paper (bitext mining, classification, clustering, mul-
tilabel classification, pair classification, reranking,
retrieval, and STS). Within each category we again
compute paired differences per cell and apply the
same 10,000-resample paired bootstrap procedure.
Table 9 reports the mean difference, 95% confi-
dence intervals, one-sided p-values, and the num-
ber of cells per category.

AfriE5 significantly outperforms mE5 in four
out of eight categories (multilabel classification,
pair classification, reranking, retrieval), while bi-
text mining and STS show small, non-significant
regressions. The overall macro average is signifi-
cantly positive, whereas the micro average is not,
largely because the large classification category
shows only small, non-significant gains.

Table 9: Statistical Significance by Category
(AfriMTEB-Full). Mean performance difference ∆ =
AfriE5 − mE5 averaged across all tasks/languages
within each category. p-values are computed via paired
bootstrap.

Category ∆ 95% CI p-value ncells

Bitext Mining -0.17 [−0.36,+0.04] 0.949 95
Classification -0.16 [−1.09,+0.67] 0.622 194
Clustering +1.02 [−1.87,+3.76] 0.235 26
Multilabel Classification +1.22 [+0.56,+1.88] < 0.001 14
Pair Classification +4.19 [+3.47,+4.78] < 0.001 17
Reranking +2.13 [+1.58,+2.66] < 0.001 2
Retrieval +1.37 [+0.95,+1.75] < 0.001 36
STS -1.04 [−3.02,+0.98] 0.865 7

Overall (Macro) +1.07 [+0.08,+2.15] 0.015 8
Overall (Micro) +0.29 [−0.22,+0.76] 0.122 391

A.7 Multiple Seeds Training
To assess the stability of AfriE5 under our single-
GPU training recipe, we additionally train three
instances of AfriE5 with different random seeds
(42, 123, 456), keeping all other hyperparameters
and data fixed. Table 10 reports AfriMTEB-Lite
results for mE5, the primary AfriE5 run reported in
the main paper, and the three additional seed runs.

Across the three additional seeds, the overall
AfriMTEB-Lite macro average varies only between
63.5 and 63.6 (vs. 63.7 for the main AfriE5 run).
Per-task scores are also highly consistent, with dif-
ferences typically well below one absolute point
and no systematic reversals of the performance
pattern relative to mE5. This confirms that our
adaptation procedure is stable with respect to ran-
dom initialization and data ordering, even under a
modest compute budget (single A100, one epoch
over the filtered training set).
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Btxt SIB-200

Model Hate Senti NLI Retrvl Emo Flores NTREX Intent News 14Classes Class Clust Avg.

mE5-large-instruct 51.5 47.0 64.5 75.7 31.5 91.4 91.5 75.5 78.8 22.0 71.2 43.9 62.0
AfriE5-large-instruct 51.7 50.7 69.0 77.7 32.8 91.2 92.0 75.4 79.5 26.2 72.0 45.7 63.7

seed42 51.5 50.4 68.5 77.8 32.7 91.3 91.9 75.1 79.7 26.1 72.1 45.9 63.6
seed123 51.4 51.0 69.0 77.6 32.7 90.8 91.5 75.4 79.5 26.0 71.9 45.7 63.5
seed456 51.5 50.4 68.6 77.7 32.7 91.4 92.0 75.6 79.5 25.5 71.9 45.6 63.5

Table 10: AfriMTEB-Lite results. Average performance of embedding models across nine African languages
(AMH, GAZ, HAU, IBO, KIN, SWA, XHO, YOR, ZUL) on 12 tasks. Columns report task-level averages, and the
final column gives the unweighted macro average across tasks. Best scores per column are highlighted in bold.
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Dataset amh gaz hau ibo kin swa xho yor zul Avg.
AfriHateClassification
bge-m3 52.52 52.19 47.32 56.03 51.71 64.81 36.85 50.77 38.49 50.08
gemini embedding 001 54.31 52.31 52.4 63.47 57.75 74.07 38.94 56.3 45.3 54.98
mE5-large-instruct 50.78 51.92 42.95 57.16 54.85 67.12 40.18 51.56 47.03 51.51
AfriE5-large-instruct 52.76 53.79 44.77 58.95 56.47 64.94 37.8 51.67 43.93 51.68

AfriSentiClassification
bge-m3 48.45 34.8 68.83 54.43 46.12 44.52 – 38.21 – 47.91
gemini embedding 001 59.75 34.35 75.02 61.65 58.58 45.94 – 41.25 – 53.79
mE5-large-instruct 44.07 35.8 68.64 49.52 50.19 41.95 – 38.91 – 47.01
AfriE5-large-instruct 51.41 35.7 71.78 53.67 53.98 44.13 – 44.57 – 50.75

NewsClassification
bge-m3 84.73 74.62 78.23 64.23 49.4 73.8 77.85 79.05 – 72.74
gemini embedding 001 84.41 82.09 77.14 68.9 58.58 71.95 87.31 84.21 – 76.82
mE5-large-instruct 87.82 79.54 80.71 77.59 57.27 79.43 85.29 83.07 – 78.84
AfriE5-large-instruct 89.52 81.75 81.52 78.03 58.31 78.15 85.59 82.99 – 79.48

AfriXNLI
bge-m3 75.64 66.39 69.67 64.33 65.27 73.88 69.41 64.03 69.87 68.72
gemini embedding 001 81.32 66.8 78.57 78.05 73.79 78.34 75.42 71.72 73.38 75.27
mE5-large-instruct 66.85 62.96 63.51 65.05 62.01 68.09 66.66 61.89 63.7 64.52
AfriE5-large-instruct 72.28 68.57 67.89 70.36 64.68 72.1 72.41 65.43 67.52 69.03

EmotionAnalysisPlus
bge-m3 20.99 28.54 24.92 23.49 33.9 37.14 21.52 40.58 33.86 29.44
gemini embedding 001 28.38 30.8 36.03 30.71 39.52 39.67 27.76 45.66 40.6 35.46
mE5-large-instruct 22.27 30.41 27.03 27.59 34.27 39.89 24.17 40.88 37.05 31.51
AfriE5-large-instruct 24.07 30.74 28.37 30.18 36.21 38.8 28.13 42.2 36.35 32.78

FloresBitextMining
bge-m3 83.73 71.4 82.71 72.78 76.63 86.13 81.99 65.33 82.24 78.1
gemini embedding 001 91.3 77.8 90.01 87.9 90.13 91.43 90.37 83.99 90.28 88.13
mE5-large-instruct 92.58 88.51 91.5 91.65 92.05 93.22 92.58 87.88 92.72 91.41
AfriE5-large-instruct 92.37 88.67 91.32 91.32 91.83 92.91 92.29 87.92 92.51 91.24

InjongoIntent
bge-m3 85.84 61.19 86.5 71.86 65.66 90.36 74.62 74.11 68.05 75.35
gemini embedding 001 89.5 65.23 95.25 83.14 77.72 93.64 87.38 84.28 79.22 83.93
mE5-large-instruct 80.86 64.89 85.05 74.45 65.95 80.17 78.11 79.38 70.25 75.46
AfriE5-large-instruct 82.84 62.31 85.95 72.3 65.2 84.42 79.67 77.73 68.36 75.42

NTREXBitextMining
bge-m3 79.36 60.9 86.3 81.64 79.04 93.91 83.76 72.93 86.07 80.43
gemini embedding 001 87.2 65.69 88.16 87.03 81.02 94.49 86.33 77.45 90.35 84.19
mE5-large-instruct 92.07 73.8 94.81 94.57 92.65 97.45 93.82 89.26 95.15 91.51
AfriE5-large-instruct 92.87 78.04 94.67 94.63 91.83 97.43 93.88 89.67 95.37 92.04

SIB200-14Classes
bge-m3 16.05 6.08 13.59 6.85 9.23 16.92 9.83 4.08 9.31 10.22
gemini embedding 001 18.27 8.13 18.58 16.24 23.23 20.03 18.46 13.64 23.07 17.74
mE5-large-instruct 21.24 12.61 22.11 21.49 23.8 32.44 21.63 17.23 25.51 22.01
AfriE5-large-instruct 30.21 13.28 27.48 25.91 29.02 33.05 27.06 20.71 28.82 26.17

SIB200Classification
bge-m3 64.9 44.22 60.85 51.16 53.44 67.99 56.41 46.73 55.07 55.64
gemini embedding 001 71.72 57.15 69.65 69.84 73.69 73.4 71.01 65 71.3 69.2
mE5-large-instruct 72.87 57.09 71.27 73.7 74.68 76.63 74.1 66.05 74.14 71.17
AfriE5-large-instruct 75.47 59.82 72.57 73.69 75.16 76.46 73.8 67.1 74.04 72.01

SIB200ClusteringFast
bge-m3 29.82 10.84 22.91 15.01 18.84 34.49 21.51 13.4 22.02 20.98
gemini embedding 001 39.18 20.92 40.94 37 37.29 38.3 34.57 27.63 35.68 34.61
mE5-large-instruct 48.96 30.47 44.47 46.11 47.42 50.32 46.65 36.03 45.04 43.94
AfriE5-large-instruct 54.35 31.61 44.87 46.56 48.65 49.95 49.53 38.31 47.52 45.71

BelebeleRetrieval
BGE-m3 79.99 58.88 75.48 61.26 65.58 87.92 69.13 60.84 69.59 69.85
Gemini Embedding 91.07 68.23 86.46 80.26 86.01 92.65 86.33 75 86.61 83.62
mE5-Large-Instruct 81.08 66.34 77.54 73.72 76.93 86.97 77.63 62.97 77.97 75.68
AfriE5-Large-Instruct 83.34 69.42 78.71 75.71 78.34 87.99 80.16 65.25 80.26 77.69

Table 11: Task-wise and per-language Performance. Comparison of the selected models across all African
languages for each task.
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