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Want to see more 
performance scores? 
Check out the public 
leaderboard with >200 
models
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Target to 
label

Nearest neighbours
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Given label

Determined Clusters

Clustering: We embed and cluster the 
documents and calculate agreement using a v-
measure.

Want a similar benchmark for image and 
text embeddings? 
Great news! We will soon release an 
upcoming work on images. See the results 

Rationale 
Text embeddings are often evaluated on a limited set of tasks, 
constrained by language, domain, and task diversity 

Text embeddings play an essential role in LLM inference, including 
RAG and few-shot classification, data curation, and more 

Contributions 
MMTEB covers >500 quality-controlled evaluation tasks across >250 
languages, making it the largest multilingual benchmark 

MMTEB introduces a diverse set of tasks, including instruction 
following, long document retrieval, code retrieval, and more 

We reveal a notable performance gap appearing already among 
mid-resource languages such as German and Polish 

Significantly speed up evaluation using only 2% of previous 
benchmark documents for comparable benchmarks

Task Curation 
All task in MMTEB was collected through an open-
science effort using a point-system to determine co-
authorship. 

Each task has extensive metadata on annotation 
source, dataset source, license, dialect, citation 
information, etc. 

And was reviewed along various axes, including 
checking for performance ceilings, implementation 
bugs, and the ability to discriminate between models.
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Multilingual 7b models 
outperformed by notably smaller 
models (560M) in low-resource 
settings. This is likely due to pre-
training of the base model. 

In truly low-resource settings, the 
smaller XLM-R-based multilingual-e5-
large-instruct consistently 
outperforms larger models. 

This suggests the need for better 
multilingual base models as XLM-R-
based models still outperform Mistral 
or Llama-based encoders.

Want know more? 
Check out the paper!
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Results and Findings 
Models trained with instruction-
tuning perform significantly better 
compared to those without. The two 
large multilingual e5 models are a clear 
example of this. 

Discrepancies in multilingual 
benchmarks stem from differences in 
the pre-training. This suggests that 
multilingual pre-training of the base 
models will likely lead to performance 
gains.

Speed Optimizations 
To keep the benchmark accessible for low-
resource communities, we optimize  by: 

Encouraging smaller dataset submission, typically 
~2048 samples is enough to differentiate between 
models 

For clustering tasks, we used bootstrapping-based 
downsampling to reduce the number of 
documents by ~16x 

For retrieval, we use hard-negative mining across 
diverse models, keeping the top 250 ranked 
documents pr. query 

We perform task downsampling to remove highly 
correlated tasks while maintaining benchmark 
sensitivity

Largest 
Multilingual 
Benchmark for 
Embeddings

Encoder
“Is Creole a pidgin of 
French?”

“When did Marxism 
develop?”

…

MiraclRetrieval

Query

Corpus 
documents

Top-k Retrieved 
Candidates

Retrieval:  Queries and documents are 
embedded. For each query, the documents are 
ranked and performance estimated.

1) Select a task
2) Encode texts

3) Evaluate

Same  
or better 

performance 
estimate using 
50x fewer 
documents

Highly multilingual 
pre-training 

compensates for size

>500 tasks 
>250 Languages


