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Background

• Text embeddings form the bedrock of LLM understanding 

• Enable semantic understanding across languages  

• Critical in improving the performance of models on low-to mid-resource languages

• Low- to mid- resource language: limited high-quality, annotated corpus

• High-resource languages: many high-quality copra, consists of English, Mandarin, Japanese
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Prior Works

Text Embeddings

• MNET: Massive Text Embedding Benchmark (Muennighoff et al., 2023): 8 embeddings tasks 

covering 58 datasets and 112 languages 

• Key Finding: no single benchmark dominated across tasks, indicating that as of now, there is no 

single optimal embedding model 

• MIRACL (Zhang et al., 2022): examines monolingual retrieval across 18 languages

• MINERS (Winata et al., 2024): evaluate multilingual LMs’ abilities in semantic retrieval tasks



Motivation

Existing embedding 
benchmarks are limited by 
language, domains, and 
tasks

01
Computational expensive to 
run, limiting their 
accessibility 

02



Contributions

MMTEB 
construction spans 
1000+ languages, 
550 tasks, and 17 
domains

01
Accessible to low-
compute 
communities

02
Provide starter 
code to community 
to encourage the 
creation of more 
benchmarks   
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Tasks

Classification

Pair classification: 
predict labels pairs 

of embedded 
documents

Bitext mining: 
matching pairs of 

sentences

Clustering and 
hierarchical 
clustering 

Retrieval: retrieval of 
documents within 

then copra based on 
basic query and 

keywords

Multi-label 
classification

Instruction retrieval: 
retrieval tasks based 

on detailed 
instructions 

Reranking: rank 
documents in terms 
of relevant based on 

a query 

Semantic text 
similarity



Data

• Largely from publicly available datasets for practical purposes

• Sources:

Academic 
sources

Religious texts News Web Nonfiction Fiction

Social media 
communications

Reviews Subtitles Poetry 
Official 

government 
documents

Programming 



Data Selection and Quality

• Encouraged participated such industry experts, academia, and individuals from low-resource 

communities to submit datasets 

• Quality was ensured by testing tasks on two multilingual models

• Multilingual-e5-small (trained on 100 languages) and MiniLM-L12 (trained on 50+ languages)

• Tasks examined for flawed implementation and poor data quality 

• Tasks were not excluded if it meant removing a language from the corpus 



Language 
Coverage 
Across 
Tasks
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Language Coverage Across Tasks



Benchmark Optimizations

1. Downsampling datasets: minimize number of documents to be encoded 

• Clustering: k-means clustering of embeddings to construct representative sample 

• Retrieval: aggregate scores from multiple models to construct subset 

• Balance between robustness and speed up: downsample to 4% of the dataset 

2. Caching embeddings

• Bitext Mining: handle duplicate datapoints across languages 

3. Encouraged smaller dataset submissions 



Effects of Downsampling on Clustering Tasks



Model Ranking Preserved with Downsampling 



Benchmarks

• MTEB(Multilingual)

• MTEB(Europe) and MTEB(Indic)

• MTEB(eng, v2) = Faster version of MTEB(eng, v1) 



Results Across Models: MTEB(Multi)



Results Across Tasks: MTEB(Multi)



Results Across Tasks: MTEB(Europe) vs. MTEB(Indic)



Analysis

1. Instruction-tuned-models outperformed non-instruction-tuned models across all task categories 

• For many tasks, prompts are generic

• No model-specific tuning of prompts was performed

2. Differences in performance are likely due to pre-training and not finetuning datasets

• Multilingual-e5-large(-instruct) (560M) outperformed the much larger e5-mistral-7b-instruct (7.42B) and GritLM-7B (7.2B)

• All three models were fined-tuned on similar multilingual datasets 

• XLM-R pretraining dataset contained 100+ languages 

• Mistral models are predominately pre-trained in English 

3. Larger models are not necessarily better at multi-lingual tasks 

• XLM-Roberta-based multilingual-e5-large-instruct typically outperforms the larger GritLM-7B, e5-mistral-7b-instruct, 

multilingual-mpnet-base models on low-to mid-resource languages 



Limitations

• English or translated-text bias: Some tasks contain datasets that were human-translated 

from English 

• Limited language representation: Low-resource languages remain underrepresented 

across datasets 



Future Directions

• Creating high quality low-and mid-resource language datasets 

• Specifically, those that contain nuanced and cultural information 

• LLMs can’t always capture the nuances of culture in the languages which takes away from the 

language understanding [c paper]

• More tasks focused on the quality of the embeddings themselves

• Most tasks are correlation tasks which is further underscore by vast use of Spearman and Person 

correlation metrics 

• No tests as to how well the embeddings are even encoding the information 
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