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Abstract

In this paper, we present a new embedding
model, called M3-Embedding, which is distin-
guished for its versatility in Multi-Linguality,
Multi-Functionality, and Multi-Granularity. It
can support more than 100 working languages,
leading to new state-of-the-art performances
on multi-lingual and cross-lingual retrieval
tasks. It can simultaneously perform the three
common retrieval functionalities of embedding
model: dense retrieval, multi-vector retrieval,
and sparse retrieval, which provides a unified
model foundation for real-world IR applica-
tions. It is able to process inputs of different
granularities, spanning from short sentences to
long documents of up to 8192 tokens. The ef-
fective training of M3-Embedding involves the
following technical contributions. We propose
a novel self-knowledge distillation approach,
where the relevance scores from different re-
trieval functionalities can be integrated as the
teacher signal to enhance the training qual-
ity. We also optimize the batching strategy,
enabling a large batch size and high training
throughput to ensure the discriminativeness of
embeddings. To the best of our knowledge,
M3-Embedding is the first embedding model
which realizes such a strong versatility. The
model and code will be publicly available at
https://github.com/FlagOpen/FlagEmbedding.

1 Introduction

Embedding models are a critical form of DNN ap-
plication in natural language processing. They en-
code the textual data in the latent space, where the
underlying semantics of the data can be expressed
by the output embeddings (Reimers and Gurevych,
2019; Ni et al., 2021). With the advent of pre-
trained language models, the quality of text em-
beddings have been substantially improved, mak-
ing them imperative components for information
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Figure 1: Characters of M3-Embedding.

retrieval (IR). One common form of embedding-
based IR is dense retrieval, where relevant answers
to the query can be retrieved based on the embed-
ding similarity (Karpukhin et al., 2020; Xiong et al.,
2020; Neelakantan et al., 2022; Wang et al., 2022;
Xiao et al., 2023). Besides, the embedding model
can also be applied to other IR tasks, such as multi-
vector retrieval where the fine-grained relevance
between query and document is computed based
on the interaction score of multiple embeddings
(Khattab and Zaharia, 2020), and sparse or lexical
retrieval where the importance of each term is esti-
mated by its output embedding (Gao et al., 2021a;
Lin and Ma, 2021; Dai and Callan, 2020).

Despite the widespread popularity of text em-
beddings, the existing methods are still limited in
versatility. First of all, most of the embedding mod-
els are tailored only for English, leaving few viable
options for the other languages. Secondly, the exist-
ing embedding models are usually trained for one
single retrieval functionality. However, typical IR
systems call for the compound workflow of multi-
ple retrieval methods. Thirdly, it is challenging to
train a competitive long-document retriever due to
the overwhelming training cost, where most of the
embedding models can only support short inputs.

To address the above challenges, we introduce
M3-Embedding, which is pronounced for its
breakthrough of versatility in working languages,



retrieval functionalities, and input granularities.
Particularly, M3-Embedding is proficient in multi-
linguality, which is able to support more than 100
world languages. By learning a common semantic
space for different languages, enables both multi-
lingual retrieval within each language and cross-
lingual retrieval between different languages. Be-
sides, it is able to generate versatile embeddings to
support different retrieval functionalities, not just
dense retrieval, but also sparse retrieval and multi-
vector retrieval. Finally, M3-Embedding is learned
to process different input granularities, spanning
from short inputs like sentences and passages, to
long documents of up to 8,192 input tokens.

The effective training of such a versatile em-
bedding model poses a significant challenge. In
our work, the following technical contributions are
made to optimize the training quality. Firstly, we
propose a novel self-knowledge distillation frame-
work, where the multiple retrieval functionalities
can be jointly learned and mutually reinforced. In
M3-Embedding, the [CLS] embedding is used for
dense retrieval, while embeddings from other to-
kens are used for sparse retrieval and multi-vector
retrieval. Based on the principle of ensemble learn-
ing (Bühlmann, 2012), such heterogenous predic-
tors can be combined as a stronger predictor. Thus,
we integrate the relevance scores from different
retrieval functions as the teacher signal, which is
used to enhance the learning process via knowledge
distillation. Secondly, we optimize the batching
strategy to achieve a large batch size and high train-
ing throughput, which substantially contributes to
the discriminativeness of embeddings. Last but not
least, we perform comprehensive and high-quality
data curation. Our dataset consists of three sources:
1) the extraction of unsupervised data from massive
multi-lingual corpora, 2) the integration of closely
related supervised data, 3) the synthesization of
scarce training data. The three sources of data are
complement to each other and applied to different
stages of the training process, which lays founda-
tion for the versatile text embeddings.

M3-Embedding exhibits remarkable versatil-
ity in our experiments. It achieves superior re-
trieval quality for a variety of languages, leading
to state-of-the-art performances on popular multi-
lingual and cross-lingual benchmarks like MIR-
ACL (Zhang et al., 2023c) and MKQA (Longpre
et al., 2021). It effectively learns the three retrieval
functionalities, which can not only work individ-

ually but also work together for an even stronger
retrieval quality. It also well preserves its supe-
rior capability across different input granularities
within 8192 tokens, which outperforms the existing
methods by a notable advantage.

Our work makes the following contributions.
1) We present M3-Embedding, which is the
first model which supports multi-linguality, multi-
functionality, and multi-granularity. 2) We propose
a novel training framework of self-knowledge dis-
tillation and efficient batching strategy. And we
also perform high-quality curation of training data.
3) Our model, code, and data will all be publicly
available, which provides critical resources for both
direct usage and future development of text embed-
dings.

2 Related Work

The related works are reviewed from three aspects:
general text embeddings, embedding models for
neural retrieval, embeddings of multi-linguality.

In the past few years, substantial progress has
been achieved in the field of text embedding. One
major driving force is the popularity of pre-trained
language models, where the underlying semantic
of the data can be effectively encoded by such pow-
erful text encoders (Reimers and Gurevych, 2019;
Karpukhin et al., 2020; Ni et al., 2021). In ad-
dition, the progress of contrastive learning is an-
other critical factor, especially the improvement of
negative sampling (Xiong et al., 2020; Qu et al.,
2020) and the exploitation of knowledge distilla-
tion (Hofstätter et al., 2021; Ren et al., 2021; Zhang
et al., 2021a). On top of these well-established tech-
niques, it becomes increasingly popular to learn
versatile embedding models, which are able to uni-
formly support a variety of application scenarios.
So far, there have been many impactful methods in
the direction, like Contriever (Izacard et al., 2022),
LLM-Embedder (Zhang et al., 2023a), E5 (Wang
et al., 2022), BGE (Xiao et al., 2023), SGPT (Muen-
nighoff, 2022), and Open Text Embedding (Nee-
lakantan et al., 2022), which significantly advance
the usage of text embeddings for general tasks.

One major application of embedding models is
neural retrieval (Lin et al., 2022). By measuring
the semantic relationship with the text embeddings,
the relevant answers to the input query can be re-
trieved based on the embedding similarity. The
most common form of embedding-based retrieval
method is dense retrieval (Karpukhin et al., 2020),



where the text encoder’s outputs are aggregated
(e.g., via [CLS] or mean-pooling) to compute the
embedding similarity. Another common alternative
is known as multi-vecor retrieval (Khattab and Za-
haria, 2020; Humeau et al., 2020), which applies
fine-grained interactions for the text encoder’s out-
puts to compute the embedding similarity. Finally,
the text embeddings can also be transformed into
term weights, which facilitates sparse or lexical re-
trieval (Luan et al., 2021; Dai and Callan, 2020; Lin
and Ma, 2021). Typically, the above retrieval meth-
ods are realized by different embedding models.
To the best of our knowledge, no existing method
is able to unify all these functionalities.

Despite the substantial technical advancement,
most of the existing text embeddings are devel-
oped only for English, where other languages are
lagging behind. To mitigate this problem, contin-
ual efforts are presented from multiple directions.
One is the development of pre-trained multi-lingual
text encoders, such as mBERT (Pires et al., 2019),
mT5 (Xue et al., 2020), XLM-R (Conneau et al.,
2020). Another one is the curation of training and
evaluation data for multi-lingual text embeddings,
e.g., MIRACL (Zhang et al., 2023c), mMARCO
(Bonifacio et al., 2021), Mr. TyDi (Zhang et al.,
2021b), MKQA (Longpre et al., 2021). At the same
time, the multi-lingual text embeddings are contin-
ually developed from the community, e.g., mDPR
(Zhang et al., 2023b), mContriever (Izacard et al.,
2022), mE5 (Wang et al., 2022), etc. However,
the current progress is still far from enough given
the notable gap with English models and the huge
imbalance between different languages.

3 M3-Embedding

M3-Embedding realizes three-fold versatility. It
supports a wide variety of languages and handles
input data of different granularities. Besides, it
unifies the common retrieval functionalities of text
embeddings. Formally, given a query q in an arbi-
trary language x, it is able to retrieve document d in
language y from the corpus Dy: dy ← fn∗(qx, Dy).
In this place, fn∗(·) belongs to any of the functions:
dense, sparse/lexical, or multi-vector retrieval; y
can be another language or the same language as
x.

3.1 Data Curation

The training of M3-Embedding calls for a large-
scale and diverse multi-lingual dataset. In this

Data Source Language Size

Unsupervised Data

MTP EN, ZH 291.1M

S2ORC, Wikipeida EN 48.3M

xP3, mC4,
CC-News Multi-Lingual 488.4M

NLLB, CCMatrix Cross-Lingual 391.3M

CodeSearchNet Text-Code 344.1K

Total – 1.2B

Fine-tuning Data

MS MARCO,
HotpotQA, NQ,

NLI, etc.
EN 1.1M

DuReader,
T2-Ranking,
NLI-zh, etc.

ZH 386.6K

MIRACL,
Mr.TyDi Multi-Lingual 88.9K

MultiLongDoc Multi-Lingual 41.4K

Table 1: Specification of training data.

work, we perform comprehensive data collection
from three sources: the unsupervised data from
unlabeled corpora, the fine-tuning data from la-
beled corpora, and the fine-tuning data via syn-
thesization (shown as Table 1). The three data
sources complement to each other, which are ap-
plied to different stages of the training process.
Particularly, the unsupervised data is curated by
extracting the rich-semantic structures, e.g., title-
body, title-abstract, instruction-output, etc., within
a wide variety of multi-lingual corpora, including
Wikipedia, S2ORC (Lo et al., 2020), xP3 (Muen-
nighoff et al., 2022), mC4 (Raffel et al., 2019), and
CC-News (Hamborg et al., 2017). Besides, the
well-curated data from MTP (Xiao et al., 2023) is
directly incorporated. To learn the unified embed-
ding space for cross-lingual semantic matching, the
parallel sentences are introduced from two transla-
tion datasets, NLLB (NLLB Team et al., 2022) and
CCMatrix (Schwenk et al., 2021). The raw data is
filtered to remove potential bad contents and low-
relevance samples. In total, it brings in 1.2 billion
text pairs of 194 languages and 2655 cross-lingual
correspondences.

In addition, we collect relatively small but di-
verse and high-quality fine-tuning data from la-
beled corpora. For English, we incorporate eight
datasets, including HotpotQA (Yang et al., 2018),
TriviaQA (Joshi et al., 2017), NQ (Kwiatkowski
et al., 2019), MS MARCO (Nguyen et al., 2016),
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Figure 2: Multi-stage training process of M3-Embedding with self-knowledge distillation.

COLIEE (Kim et al., 2022), PubMedQA (Jin et al.,
2019), SQuAD (Rajpurkar et al., 2016), and NLI
data collected by SimCSE (Gao et al., 2021b). For
Chinese, we incorporate seven datasets, including
DuReader (He et al., 2017), mMARCO-ZH (Boni-
facio et al., 2021), T2-Ranking (Xie et al., 2023),
LawGPT1, CMedQAv2 (Zhang et al., 2018), NLI-
zh2, and LeCaRDv2 (Li et al., 2023). For other
languages, we leverage the training data from Mr.
Tydi (Zhang et al., 2021b) and MIRACL (Zhang
et al., 2023c).

Finally, we generate synthetic data to mitigate
the shortage of long document retrieval tasks and
introduce extra multi-lingual fine-tuning data (de-
noted as MultiLongDoc). Specifically, we sample
lengthy articles from Wiki and MC4 datasets and
randomly choose paragraphs from them. Then we
use GPT-3.5 to generate questions based on these
paragraphs. The generated question and the sam-
pled article constitute a new text pair to the fine-
tuning data. Detailed specifications are presented
in Appendix A.2.

3.2 Hybrid Retrieval

M3-Embedding unifies all three common retrieval
functionalities of the embedding model, i.e. dense
retrieval, lexical (sparse) retrieval, and multi-vector
retrieval. The formulations are presented as fol-
lows.
• Dense retrieval. The input query q is trans-

formed into the hidden states Hq based on a text
encoder. We use the normalized hidden state of the
special token “[CLS]” for the representation of the
query: eq = norm(Hq[0]). Similarly, we can get
the embedding of passage p as ep = norm(Hp[0]).

1. https://github.com/LiuHC0428/LAW-GPT
2. https://huggingface.co/datasets/shibing624/nli-zh-all

Thus, the relevance score between query and pas-
sage is measured by the inner product between the
two embeddings eq and ep: sdense ← ⟨ep, eq⟩.
• Lexical Retrieval. The output embeddings

are also used to estimate the importance of each
term to facilitate lexical retrieval. For each term
t within the query (a term is corresponding to a
token in our work), the term weight is computed as
wqt ← Relu(WT

lexHq[i])), where Wlex ∈ Rd×1

is the matrix mapping the hidden state to a float
number. If a term t appears multiple times in the
query, we only retain its max weight. We use the
same way to compute the weight of each term in
the passage. Based on the estimation term weights,
the relevance score between query and passage is
computed by the joint importance of the co-existed
terms (denoted as q ∩ p) within the query and pas-
sage: slex ←

∑
t∈q∩p(wqt ∗ wpt).

•Multi-Vector Retrieval. As an extension of
dense retrieval, the multi-vector method makes
use of the entire output embeddings for the
representation of query and passage: Eq =
norm(WT

mulHq), Ep = norm(WT
mulHp),

where Wmul ∈ Rd×d is the learnable projec-
tion matrix. Following ColBert(Khattab and
Zaharia, 2020), we use late-interaction to com-
pute the fine-grained relevance score: smul ←
1
N

∑N
i=1maxMj=1Eq[i] · ET

p [j]; N and M are the
lengths of query and passage.

Thanks to the multi-functionality of the embed-
ding model, the retrieval process can be conducted
in a hybrid process. First of all, the candidate re-
sults can be individually retrieved by each of the
methods (the multi-vector method can be exempted
from this step due to its heavy cost). Then, the final
retrieval result is re-ranked based on the integrated
relevance score: srank ← sdense + slex + smul.



3.3 Self-Knowledge Distillation
The embedding model is trained to discriminate
the positive samples from the negative ones. For
each of the retrieval methods, it is expected to as-
sign a higher score for the query’s positive samples
compared with the negative ones. Therefore, the
training process is conducted to minimize the In-
foNCE loss, whose general form is presented by
the following loss function:

L = − log
exp(s(q, p∗)/τ)∑

p∈{p∗,P ′} exp(s(q, p)/τ)
. (1)

Here, p∗ and P ′ stand for the positive and negative
samples to the query q; s(·) is any of the functions
within {sdense(·), slex(·), smul(·)}.

The training objectives of different retrieval
methods can be mutually conflicting with each
their. Therefore, the native multi-objective train-
ing can be unfavorable to the embedding’s quality.
To facilitate the optimization of multiple retrieval
functions, we propose to unify the training pro-
cess on top of self-knowledge distillation. Partic-
ularly, based on the principle of ensemble learning
(Bühlmann, 2012), the predictions from different
retrieval methods can be integrated as a more ac-
curate relevance score given their heterogeneous
nature. In the simplest form, the integration can
just be the sum-up of different prediction scores:

sinter ← sdense + slex + smul. (2)

In previous studies, the training quality of embed-
ding model can benefit from knowledge distilla-
tion, which takes advantage of fine-grained soft la-
bels from another ranking model (Hofstätter et al.,
2021). In this place, we simply employ the inte-
gration score sinter as the teacher, where the loss
function of each retrieval method is modified as:

L′∗ ← −p(sinter) ∗ log p(s∗). (3)

Here, p(·) is the softmax activation; s∗ is any of the
members within sdense, slex, and smul. We further
integrate and normalize the modified loss function:

L′ ←
(
L′dense + L′lex + L′mul

)
/3. (4)

Finally, we derive the final loss function for self-
knowledge distillation with the linear combination
of L and L′: Lfinal ← L+ L′.

The overall training process is a multi-stage
workflow (Figure 2). We use an XLM-
RoBERTa (Conneau et al., 2020) model pre-trained
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Figure 3: Efficient Batching. (Data is grouped and
sampled by length. Gradient-checkpointing and cross-
GPU broadcasting are enabled to save memory.)

further through the RetroMAE (Xiao et al., 2022)
method as the base text encoder. Firstly, the text en-
coder is pre-trained with the massive unsupervised
data, where only the dense retrieval is trained in
the basic form of contrastive learning. The self-
knowledge distillation is applied to the second
stage, where the embedding model is fine-tuned
to establish the three retrieval functionalities. Both
labeled and synthetic data are used in this stage,
where hard negative samples are introduced for
each query following the ANCE method (Xiong
et al., 2020). Detailed processing is presented in
Appendix B.1.

3.4 Efficient Batching
The embedding model needs to learn from diverse
and massive multi-lingual data to fully capture the
general semantic of different languages. It also
needs to keep the batch size as large as possible
(where a huge amount of in-batch negatives can
be leveraged) so as to ensure the discriminative-
ness of text embeddings. Given the limitations on
GPU’s memory and computation power, people
usually truncate the input data into short sequences
for high throughput of training and a large batch
size. However, the common practice is not a feasi-
ble option for M3-Embedding because it needs to
learn from both short and long-sequence data to ef-
fectively handle the input of different granularities.
In our work, we improve the training efficiency
by optimizing the batching strategy, which enables
high training throughput and large batch sizes.

Particularly, the training data is pre-processed by
being grouped by sequence length. When produc-
ing a mini-batch, the training instances are sampled
from the same group. Due to the similar sequence
lengths, it significantly reduces sequence padding
(marked in red) and facilitates a more effective
utilization of GPUs. Besides, when sampling the



Model Avg ar bn en es fa fi fr hi id ja ko ru sw te th zh de yo
Baselines (Prior Work)
BM25 31.9 39.5 48.2 26.7 7.7 28.7 45.8 11.5 35.0 29.7 31.2 37.1 25.6 35.1 38.3 49.1 17.5 12.0 56.1
mDPR 41.8 49.9 44.3 39.4 47.8 48.0 47.2 43.5 38.3 27.2 43.9 41.9 40.7 29.9 35.6 35.8 51.2 49.0 39.6
mContriever 43.1 52.5 50.1 36.4 41.8 21.5 60.2 31.4 28.6 39.2 42.4 48.3 39.1 56.0 52.8 51.7 41.0 40.8 41.5
mE5large 65.4 76.0 75.9 52.9 52.9 59.0 77.8 54.5 62.0 52.9 70.6 66.5 67.4 74.9 84.6 80.2 56.0 56.4 56.5
E5mistral-7b 62.2 73.3 70.3 57.3 52.2 52.1 74.7 55.2 52.1 52.7 66.8 61.8 67.7 68.4 73.9 74.0 54.0 54.0 58.8
OpenAI-3 54.9 - - - - - - - - - - - - - - - - - -
M3-Embedding (Our Work)
Dense 67.8 78.4 80.0 56.9 55.5 57.7 78.6 57.8 59.3 56.0 72.8 69.9 70.1 78.6 86.2 82.6 61.7 56.8 60.7
Sparse 53.9 67.1 68.7 43.7 38.8 45.2 65.3 35.5 48.2 48.9 56.3 61.5 44.5 57.9 79.0 70.9 36.3 32.2 70.0
Multi-vec 69.0 79.6 81.1 59.4 57.2 58.8 80.1 59.0 61.4 58.2 74.5 71.2 71.2 79.0 87.9 83.0 62.7 57.9 60.4
Dense+Sparse 68.9 79.6 80.7 58.8 57.5 59.2 79.7 57.6 62.8 58.3 73.9 71.3 69.8 78.5 87.2 83.1 62.5 57.6 61.8
All 70.0 80.2 81.5 59.8 59.2 60.3 80.4 60.7 63.2 59.1 75.2 72.2 71.7 79.6 88.2 83.8 63.9 59.8 61.5

Table 2: Multi-lingual retrieval performance on the MIRACL dev set (measured by nDCG@10).

training data for different GPUs, the random seed
is always fixed, which ensures the load balance
and minimizes the waiting time in each training
step. Besides, when handling long-sequence train-
ing data, the mini-batch is further divided into sub-
batches, which takes less memory footprint. We
iteratively encode each sub-batch using gradient
checkpointing (Chen et al., 2016) and gather all
generated embeddings. This method can signifi-
cantly increase the batch size. For example, when
processing text with a length of 8192, the batch
size can be increased by more than 20 times. For
more details please refer to Appendx B.3. Finally,
the embeddings from different GPUs are broad-
casted, allowing each device to obtain all embed-
dings in the distributed environment, which notably
expands the scale of in-bath negative samples.

However, users may lack sufficient computa-
tional resources or data to train a long-text model.
Therefore, we also propose an MCLS strategy to
enhance the model’s long-text capabilities without
the need for training. This strategy leverages multi-
ple CLS tokens to capture text semantics, applied
during inference. Refer to Appendix B.2 for more
details.

4 Experiment

In the following part, we evaluate our model on
three tasks: multi-lingual retrieval, cross-lingual
retrieval, and long-doc retrieval.

4.1 Multi-Lingual Retrieval
We evaluate the multi-lingual retrieval performance
with MIRACL (Zhang et al., 2023c), which con-
sists of ad-hoc retrieval tasks in 18 languages.
Each task is made up of query and passage pre-
sented in the same language. Following the of-

ficial benchmark, we evaluate our method using
Pyserini (Lin et al., 2021), and use nDCG@10 as
the primary evaluation metric (Recall@100 is also
measured and reported in Appendix C.1). We incor-
porate the following baselines in our experiment:
the lexical retrieval method: BM25 (Robertson
and Zaragoza, 2009); the dense retrieval methods:
mDPR3 (Zhang et al., 2023b), mContriever4 (Izac-
ard et al., 2022), mE5large (Wang et al., 2022) and
E5mistral-7b (Wang et al., 2023). To make the BM25
and M3 more comparable, in the experiment, we
use the same tokenizer as M3 (i.e., the tokenizer of
XLM-Roberta) for BM25. Using the same vocabu-
lary from XLM-Roberta can also ensure that both
approaches have the same retrieval latency. The re-
sults of BM25 with different tokenizers are shown
in Appendix C.2. We also make a comparison with
Text-Embedding-3-Large(abbreviated as OpenAI-
3), which was recently released by OpenAI5.

We can make the following observations accord-
ing to the experiment result in Table 2. Firstly, M3-
Embedding already achieves a superior retrieval
performance with only its dense retrieval function-
ality (denoted as Dense). It not only outperforms
other baseline methods in the average performance,
but also maintains a consistent empirical advantage
in most of individual languages. Even compared
with E5mistral-7b, which leverages a much larger
Mistral-7B model as the text encoder and specifi-
cally trained with English data, our method is able
to produce a similar result in English and notably
higher results in the other languages. Besides, the
sparse retrieval functionality (denoted as Sparse)
is also effectively trained by M3-Embedding, as

3. https://huggingface.co/castorini/mdpr-tied-pft-msmarco
4. https://huggingface.co/facebook/mcontriever-msmarco
5. https://platform.openai.com/docs/guides/embeddings



Baselines (Prior Work) M3-Embedding (Our Work)
BM25 mDPR mContriever mE5large E5mistral-7b OpenAI-3 Dense Sparse Multi-vec Dense+Sparse All

ar 18.9 48.2 58.2 68.7 59.6 65.6 71.1 23.5 71.4 71.1 71.5
da 49.3 67.4 73.9 77.4 77.8 73.6 77.2 55.4 77.5 77.4 77.6
de 35.4 65.8 71.7 76.9 77.0 73.6 76.2 43.3 76.3 76.4 76.3
es 43.4 66.8 72.6 76.4 77.4 73.9 76.4 50.6 76.6 76.7 76.9
fi 46.3 56.2 70.2 74.0 72.0 72.7 75.1 51.1 75.3 75.3 75.5
fr 45.3 68.2 72.8 75.5 78.0 74.1 76.2 53.9 76.4 76.6 76.6
he 26.9 49.7 63.8 69.6 47.2 58.1 72.4 31.1 72.9 72.5 73.0
hu 38.2 60.4 69.7 74.7 75.0 71.2 74.7 44.6 74.6 74.9 75.0
it 45.2 66.0 72.3 76.8 77.1 73.6 76.0 52.5 76.4 76.3 76.5
ja 24.5 60.3 64.8 71.5 65.1 71.9 75.0 31.3 75.1 75.0 75.2
km 27.8 29.5 26.8 28.1 34.3 33.9 68.6 30.1 69.1 68.8 69.2
ko 27.9 50.9 59.7 68.1 59.4 63.9 71.6 31.4 71.7 71.6 71.8
ms 55.9 65.5 74.1 76.3 77.2 73.3 77.2 62.4 77.4 77.4 77.4
nl 56.2 68.2 73.7 77.8 79.1 74.2 77.4 62.4 77.6 77.7 77.6
no 52.1 66.7 73.5 77.3 76.6 73.3 77.1 57.9 77.2 77.4 77.3
pl 40.8 63.3 71.6 76.7 77.1 72.7 76.3 46.1 76.5 76.3 76.6
pt 44.9 65.5 72.0 73.5 77.5 73.7 76.3 50.9 76.4 76.5 76.4
ru 33.2 62.7 69.8 76.8 75.5 72.0 76.2 36.9 76.4 76.2 76.5
sv 54.6 66.9 73.2 77.6 78.3 74.0 76.9 59.6 77.2 77.4 77.4
th 37.8 53.8 66.9 76.0 67.4 65.2 76.4 42.0 76.5 76.5 76.6
tr 45.8 59.1 71.1 74.3 73.0 71.8 75.6 51.8 75.9 76.0 76.0
vi 46.6 63.4 70.9 75.4 70.9 71.1 76.6 51.8 76.7 76.8 76.9
zh cn 31.0 63.7 68.1 56.6 69.3 70.7 74.6 35.4 74.9 74.7 75.0
zh hk 35.0 62.8 68.0 58.1 65.1 69.6 73.8 39.8 74.1 74.0 74.3
zh tw 33.5 64.0 67.9 58.1 65.8 69.7 73.5 37.7 73.5 73.6 73.6
Avg 39.9 60.6 67.9 70.9 70.1 69.5 75.1 45.3 75.3 75.3 75.5

Table 3: Cross-lingual retrieval performance on MKQA (measured by Recall@100).

it outperforms the typical BM25 methods in all
languages. We can also observe the additional im-
provement from multi-vector retrieval6 (denoted as
Mult-vec), which relies on fine-grained interactions
between query and passage’s embeddings to com-
pute the relevance score. Finally, the collaboration
of dense and sparse method, e.g., Dense+Sparse7,
leads to a further improvement over each individual
method; and the collaboration of all three methods8

(denoted as All) brings forth the best performance.

4.2 Cross-Lingual Retrieval

We make evaluation for the cross-lingual retrieval
performance with the MKQA benchmark (Longpre
et al., 2021), which includes queries in 25 non-
English languages. For each query, it needs to
retrieve the ground-truth passage from the English
Wikipedia corpus. In our experiment, we make
use of the well-processed corpus offered by the
BEIR9 (Thakur et al., 2021). Following the pre-
vious study (Karpukhin et al., 2020), we report

6. Mult-vec is used to re-rank the top-200 candidates from Dense for effi-
cient processing.

7. Retrieve the top-1000 candidates with dense and sparse method; then
re-rank using the sum of two scores.

8. Re-rank based on the sum of all three scores.
9. https://huggingface.co/datasets/BeIR/nq

Recall@100 as the primary metric (Recall@20 is
reported as an auxiliary metric in the Appendix).

The experiment result is shown in Table 3. Sim-
ilar to our observation in multi-lingual retrieval,
M3-Embedding continues to produce a superior
performance, where it notably outperforms other
baseline methods purely with its dense retrieval
functionality (Dense). The collaboration of dif-
ferent retrieval methods brings in further improve-
ments, leading to the best empirical performance
of cross-lingual retrieval. Besides, we can also ob-
serve the following interesting results which are
unique to this benchmark. Firstly, the performance
gaps are not as significant as MIRACL, where com-
petitive baselines like E5mistral-7b is able to produce
similar or even better results on some of the testing
languages. However, the baselines are prone to bad
performances in many other languages, especially
the low-resource languages, such as ar, km, he, etc.
In contrast, M3-Embedding maintains relatively
stable performances in all languages, which can
largely be attributed to its pre-training over compre-
hensive unsupervised data. Secondly, although M3-
Embedding (Sparse) is still better than BM25, it
performs badly compared with other methods. This



Max Length Avg ar de en es fr hi it ja ko pt ru th zh
Baselines (Prior Work)
BM25 8192 53.6 45.1 52.6 57.0 78.0 75.7 43.7 70.9 36.2 25.7 82.6 61.3 33.6 34.6
mDPR 512 23.5 15.6 17.1 23.9 34.1 39.6 14.6 35.4 23.7 16.5 43.3 28.8 3.4 9.5
mContriever 512 31.0 25.4 24.2 28.7 44.6 50.3 17.2 43.2 27.3 23.6 56.6 37.7 9.0 15.3
mE5large 512 34.2 33.0 26.9 33.0 51.1 49.5 21.0 43.1 29.9 27.1 58.7 42.4 15.9 13.2
E5mistral-7b 8192 42.6 29.6 40.6 43.3 70.2 60.5 23.2 55.3 41.6 32.7 69.5 52.4 18.2 16.8
text-embedding-ada-002 8191 32.5 16.3 34.4 38.7 59.8 53.9 8.0 46.5 28.6 20.7 60.6 34.8 9.0 11.2
jina-embeddings-v2-base-en 8192 - - - 37.0 - - - - - - - - - -
M3-Embedding (Our Work)
Dense 8192 52.5 47.6 46.1 48.9 74.8 73.8 40.7 62.7 50.9 42.9 74.4 59.5 33.6 26.0
Sparse 8192 62.2 58.7 53.0 62.1 87.4 82.7 49.6 74.7 53.9 47.9 85.2 72.9 40.3 40.5
Multi-vec 8192 57.6 56.6 50.4 55.8 79.5 77.2 46.6 66.8 52.8 48.8 77.5 64.2 39.4 32.7
Dense+Sparse 8192 64.8 63.0 56.4 64.2 88.7 84.2 52.3 75.8 58.5 53.1 86.0 75.6 42.9 42.0
All 8192 65.0 64.7 57.9 63.8 86.8 83.9 52.2 75.5 60.1 55.7 85.4 73.8 44.7 40.0
M3-w.o.long
Dense-w.o.long 8192 41.2 35.4 35.2 37.5 64.0 59.3 28.8 53.1 41.7 29.8 63.5 51.1 19.5 16.5
Dense-w.o.long (MCLS) 8192 45.0 37.9 43.3 41.2 67.7 64.6 32.0 55.8 43.4 33.1 67.8 52.8 27.2 18.2

Table 4: Evaluation of multilingual long-doc retrieval on the MLDR test set (measured by nDCG@10).

Model Max Length nDCG@10
Baselines (Prior Work)
mDPR 512 16.3
mContriever 512 23.3
mE5large 512 24.2
bge-large-en-v1.5 512 27.3
E5mistral-7b 8192 49.9
text-embedding-ada-002 8191 41.1
text-embedding-3-large 8192 51.6
jina-embeddings-v2-base-en 8192 39.4
M3-Embedding (Our Work)
Dense 8192 48.7
Sparse 8192 57.5
Multi-vec 8192 55.4
Dense+Sparse 8192 60.1
All 8192 61.7

Table 5: Evaluation on NarrativeQA (nDCG@10).

is because there are only very limited co-existed
terms for cross-lingual retrieval as the query and
passage are presented in different languages.

4.3 Multilingual Long-Doc Retrieval
We evaluate the retrieval performance with longer
sequences with two benchmarks: MLDR (Multilin-
gual Long-Doc Retrieval), which is curated by the
multilingual articles from Wikipedia, Wudao and
mC4 (see Table 8), and NarrativeQA10 (s Koˇ ciský
et al., 2018; Günther et al., 2024), which is only
for English. In addition to the previous baselines,
we further introduce JinaEmbeddingv211 (Günther
et al., 2024), text-embedding-ada-002 and text-
embedding-3-large from OpenAI given their out-
standing long-doc retrieval capability.

10. Using the evaluation pipeline from (Günther et al., 2024)
11. https://huggingface.co/jinaai/jina-embeddings-v2-base-en

The evaluation result on MLDR is presented in
Table 4. Interestingly, M3 (Sparse) turns out to be a
more effective method for long document retrieval,
which achieves another about 10 points improve-
ment over the dense method. Besides, the multi-
vector retrieval is also impressive, which brings
5.1+ points improvement over M3 (Dense). Finally,
the combination of different retrieval methods leads
to a remarkable average performance of 65.0.

Figure 4: NarrativeQA with variant sequence length.

To explore the reason for M3-Embedding’s com-
petitiveness in long-document retrieval, we perform
the ablation study by removing the long document
data from the fine-tuning stage (denoted as w.o.
long). After this modification, the dense method,
i.e. Dense-w.o.long, can still outperform the ma-
jority of baselines, which indicates that its empiri-
cal advantage has been well established during the
pre-training stage. We also propose a simple strat-



Model Avg ar bn en es fa fi fr hi id ja ko ru sw te th zh de yo
M3-w.skd
Dense 67.8 78.4 80.0 56.9 55.5 57.7 78.6 57.8 59.3 56.0 72.8 69.9 70.1 78.6 86.2 82.6 61.7 56.8 60.7
Sparse 53.9 67.1 68.7 43.7 38.8 45.2 65.3 35.5 48.2 48.9 56.3 61.5 44.5 57.9 79.0 70.9 36.3 32.2 70.0
Multi-vec 69.0 79.6 81.1 59.4 57.2 58.8 80.1 59.0 61.4 58.2 74.5 71.2 71.2 79.0 87.9 83.0 62.7 57.9 60.4
M3-w.o.skd
Dense 67.2 78.0 79.1 56.4 54.9 57.4 78.3 57.8 58.9 55.1 72.3 68.7 69.5 77.8 85.8 82.5 62.1 55.9 59.9
Sparse 36.7 48.2 52.1 24.3 20.3 25.9 48.6 16.9 30.1 32.1 33.0 43.1 27.1 45.3 63.8 52.0 22.6 16.5 59.4
Multi-vec 67.8 78.7 80.2 57.6 56.1 57.4 79.0 57.9 59.2 57.5 74.0 70.3 70.2 78.6 86.9 82.1 61.0 56.7 57.4

Table 6: Ablation study of self-knowledge distillation with MIRACL (nDCG@10).

egy, MCLS, to address this situation (no data or no
GPU resource for document-retrieval fine-tuning).
Experimental results indicate that MCLS can sig-
nificantly improve the performance of document
retrieval without training (41.2→ 45.0).

We make further analysis with NarrativeQA (Ta-
ble 5), where we have similar observations as
MLDR. Besides, with the growing of sequence
length, our method gradually expands its advan-
tage over baseline (Figure 4), which reflects its
proficiency in handling long inputs.

4.4 Ablation study

Self-knowledge distillation This ablation study
is performed to analyze the impact of self-
knowledge distillation (skd). Particularly, we dis-
able the distillation processing and have each re-
trieval method trained independently (denoted as
M3-w.o.skd). According to our evaluation on MIR-
ACL (Table 6), the original method, i.e. M3 w.skd,
brings in better performances than the ablation
method in all settings, i.e., Dense, Sparse, Multi-
vec. Notably, the impact is more pronounced for
sparse retrieval, which indicates the incompatibility
between dense and sparse retrieval methods.

Impact of multi-stage training We also con-
ducted experiments to explore the impact of dif-
ferent stages. Fine-tuning indicates fine-tuning di-
rectly from the xlm-roberta (Conneau et al., 2020)
model, and RetroMAE+Fine-tuning refers to fine-
tuning on a model trained with RetroMAE (Xiao
et al., 2022). Meanwhile, RetroMAE+Unsup+Fine-
tuning involves fine-tuning on a model trained with
RetroMAE and then pre-trained on unsupervised
data. The results are summarized in Table 7. We
can see that RetroMAE can significantly improve
retrieval performance, and pre-training on unsuper-
vised data can further enhance the retrieval ability
of the embedding model.

Model (Dense) MIRACL
Fine-tune 59.3
RetroMAE + Fine-tune 64.8
RetroMAE + Unsup + Fine-tune 67.8

Table 7: Ablation study of multi-stage training with
MIRACL (nDCG@10).

5 Conclusion

In this paper, we present M3-Embedding, which
achieves notable versatility in supporting multi-
lingual retrieval, handling input of diverse granular-
ities, and unifying different retrieval functionalities.
We perform comprehensive and high-quality cura-
tion of training data, optimize the learning process
with self-knowledge distillation, and improve the
training through and batch size with efficient batch-
ing. The effectiveness of M3-Embedding is verified
by our experimental studies, where it leads to supe-
rior performances on multi-lingual retrieval, cross-
lingual retrieval, and multi-lingual long-document
retrieval tasks.
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Peter Bühlmann. 2012. Bagging, boosting and ensem-
ble methods. Handbook of computational statistics:
Concepts and methods, pages 985–1022.

Tianqi Chen, Bing Xu, Chiyuan Zhang, and Carlos
Guestrin. 2016. Training deep nets with sublinear
memory cost. arXiv preprint arXiv:1604.06174.

Alexis Conneau, Kartikay Khandelwal, Naman Goyal,
Vishrav Chaudhary, Guillaume Wenzek, Francisco
Guzmán, Edouard Grave, Myle Ott, Luke Zettle-
moyer, and Veselin Stoyanov. 2020. Unsupervised
cross-lingual representation learning at scale. In Pro-
ceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 8440–

https://doi.org/10.18653/v1/2020.acl-main.747
https://doi.org/10.18653/v1/2020.acl-main.747


8451, Online. Association for Computational Lin-
guistics.

Zhuyun Dai and Jamie Callan. 2020. Context-aware
term weighting for first stage passage retrieval. In
Proceedings of the 43rd International ACM SIGIR
conference on research and development in Informa-
tion Retrieval, pages 1533–1536.

Leo Gao, Stella Biderman, Sid Black, Laurence Gold-
ing, Travis Hoppe, Charles Foster, Jason Phang,
Horace He, Anish Thite, Noa Nabeshima, Shawn
Presser, and Connor Leahy. 2020. The Pile: An
800gb dataset of diverse text for language modeling.
arXiv preprint arXiv:2101.00027.

Luyu Gao, Zhuyun Dai, and Jamie Callan. 2021a. Coil:
Revisit exact lexical match in information retrieval
with contextualized inverted list. arXiv preprint
arXiv:2104.07186.

Tianyu Gao, Xingcheng Yao, and Danqi Chen. 2021b.
Simcse: Simple contrastive learning of sentence em-
beddings. arXiv preprint arXiv:2104.08821.

Michael Günther, Jackmin Ong, Isabelle Mohr, Alaed-
dine Abdessalem, Tanguy Abel, Mohammad Kalim
Akram, Susana Guzman, Georgios Mastrapas, Saba
Sturua, Bo Wang, Maximilian Werk, Nan Wang,
and Han Xiao. 2024. Jina embeddings 2: 8192-
token general-purpose text embeddings for long doc-
uments.

Felix Hamborg, Norman Meuschke, Corinna Breitinger,
and Bela Gipp. 2017. news-please: A generic news
crawler and extractor. In Proceedings of the 15th In-
ternational Symposium of Information Science, pages
218–223.

Wei He, Kai Liu, Jing Liu, Yajuan Lyu, Shiqi Zhao,
Xinyan Xiao, Yuan Liu, Yizhong Wang, Hua Wu,
Qiaoqiao She, et al. 2017. Dureader: a chinese ma-
chine reading comprehension dataset from real-world
applications. arXiv preprint arXiv:1711.05073.

Sebastian Hofstätter, Sheng-Chieh Lin, Jheng-Hong
Yang, Jimmy Lin, and Allan Hanbury. 2021. Ef-
ficiently teaching an effective dense retriever with
balanced topic aware sampling. In Proceedings of
the 44th International ACM SIGIR Conference on
Research and Development in Information Retrieval,
pages 113–122.

Samuel Humeau, Kurt Shuster, Marie-Anne Lachaux,
and Jason Weston. 2020. Poly-encoders: Architec-
tures and pre-training strategies for fast and accurate
multi-sentence scoring. In 8th International Confer-
ence on Learning Representations, ICLR 2020, Addis
Ababa, Ethiopia, April 26-30, 2020. OpenReview.net.

Gautier Izacard, Mathilde Caron, Lucas Hosseini, Se-
bastian Riedel, Piotr Bojanowski, Armand Joulin,
and Edouard Grave. 2022. Unsupervised dense in-
formation retrieval with contrastive learning. Trans.
Mach. Learn. Res., 2022.

Qiao Jin, Bhuwan Dhingra, Zhengping Liu, William W
Cohen, and Xinghua Lu. 2019. Pubmedqa: A dataset
for biomedical research question answering. arXiv
preprint arXiv:1909.06146.

Mandar Joshi, Eunsol Choi, Daniel S Weld, and Luke
Zettlemoyer. 2017. Triviaqa: A large scale distantly
supervised challenge dataset for reading comprehen-
sion. arXiv preprint arXiv:1705.03551.

Vladimir Karpukhin, Barlas Oguz, Sewon Min, Patrick
Lewis, Ledell Wu, Sergey Edunov, Danqi Chen, and
Wen-tau Yih. 2020. Dense passage retrieval for open-
domain question answering. In Proceedings of the
2020 Conference on Empirical Methods in Natural
Language Processing (EMNLP), pages 6769–6781,
Online. Association for Computational Linguistics.

Omar Khattab and Matei Zaharia. 2020. Colbert: Effi-
cient and effective passage search via contextualized
late interaction over bert. In Proceedings of the 43rd
International ACM SIGIR conference on research
and development in Information Retrieval, pages 39–
48.

Mi-Young Kim, Juliano Rabelo, Randy Goebel, Masa-
haru Yoshioka, Yoshinobu Kano, and Ken Satoh.
2022. Coliee 2022 summary: Methods for legal doc-
ument retrieval and entailment. In JSAI International
Symposium on Artificial Intelligence, pages 51–67.
Springer.

Tom Kwiatkowski, Jennimaria Palomaki, Olivia Red-
field, Michael Collins, Ankur Parikh, Chris Alberti,
Danielle Epstein, Illia Polosukhin, Jacob Devlin, Ken-
ton Lee, et al. 2019. Natural questions: a benchmark
for question answering research. Transactions of the
Association for Computational Linguistics, 7:453–
466.

Haitao Li, Yunqiu Shao, Yueyue Wu, Qingyao Ai, Yix-
iao Ma, and Yiqun Liu. 2023. Lecardv2: A large-
scale chinese legal case retrieval dataset. arXiv
preprint arXiv:2310.17609.

Jimmy Lin and Xueguang Ma. 2021. A few brief notes
on deepimpact, coil, and a conceptual framework
for information retrieval techniques. arXiv preprint
arXiv:2106.14807.

Jimmy Lin, Xueguang Ma, Sheng-Chieh Lin, Jheng-
Hong Yang, Ronak Pradeep, and Rodrigo Nogueira.
2021. Pyserini: A Python toolkit for reproducible
information retrieval research with sparse and dense
representations. In Proceedings of the 44th Annual
International ACM SIGIR Conference on Research
and Development in Information Retrieval (SIGIR
2021), pages 2356–2362.

Jimmy Lin, Rodrigo Nogueira, and Andrew Yates. 2022.
Pretrained transformers for text ranking: Bert and
beyond. Springer Nature.

Kyle Lo, Lucy Lu Wang, Mark Neumann, Rodney Kin-
ney, and Daniel Weld. 2020. S2ORC: The semantic
scholar open research corpus. In Proceedings of the

http://arxiv.org/abs/2310.19923
http://arxiv.org/abs/2310.19923
http://arxiv.org/abs/2310.19923
https://doi.org/10.5281/zenodo.4120316
https://doi.org/10.5281/zenodo.4120316
https://openreview.net/forum?id=SkxgnnNFvH
https://openreview.net/forum?id=SkxgnnNFvH
https://openreview.net/forum?id=SkxgnnNFvH
https://openreview.net/forum?id=jKN1pXi7b0
https://openreview.net/forum?id=jKN1pXi7b0
https://doi.org/10.18653/v1/2020.emnlp-main.550
https://doi.org/10.18653/v1/2020.emnlp-main.550
https://doi.org/10.18653/v1/2020.acl-main.447
https://doi.org/10.18653/v1/2020.acl-main.447


58th Annual Meeting of the Association for Compu-
tational Linguistics, pages 4969–4983, Online. Asso-
ciation for Computational Linguistics.

Shayne Longpre, Yi Lu, and Joachim Daiber. 2021.
MKQA: A linguistically diverse benchmark for mul-
tilingual open domain question answering. Trans.
Assoc. Comput. Linguistics, 9:1389–1406.

Yi Luan, Jacob Eisenstein, Kristina Toutanova, and
Michael Collins. 2021. Sparse, dense, and attentional
representations for text retrieval. Transactions of the
Association for Computational Linguistics, 9:329–
345.

Niklas Muennighoff. 2022. Sgpt: Gpt sentence
embeddings for semantic search. arXiv preprint
arXiv:2202.08904.

Niklas Muennighoff, Thomas Wang, Lintang Sutawika,
Adam Roberts, Stella Biderman, Teven Le Scao,
M Saiful Bari, Sheng Shen, Zheng-Xin Yong, Hailey
Schoelkopf, et al. 2022. Crosslingual generaliza-
tion through multitask finetuning. arXiv preprint
arXiv:2211.01786.

Arvind Neelakantan, Tao Xu, Raul Puri, Alec Rad-
ford, Jesse Michael Han, Jerry Tworek, Qiming Yuan,
Nikolas Tezak, Jong Wook Kim, Chris Hallacy, et al.
2022. Text and code embeddings by contrastive pre-
training. arXiv preprint arXiv:2201.10005.

Tri Nguyen, Mir Rosenberg, Xia Song, Jianfeng Gao,
Saurabh Tiwary, Rangan Majumder, and Li Deng.
2016. Ms marco: A human generated machine read-
ing comprehension dataset. choice, 2640:660.

Jianmo Ni, Gustavo Hernández Ábrego, Noah Con-
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A Details of Datasets

A.1 Collected Data
The language and length distribution (the number
of tokens) of the unsupervised data are illustrated
in Figure 5.

We observed that for long texts (e.g., the news
in cc-news), the initial sentences tend to be sum-
marizing statements, and the model can rely solely
on the information presented in these initial sen-
tences to establish relevant relationships. To pre-
vent the model from focusing solely on these start-
ing sentences, we implemented a strategy of ran-
domly shuffling the order of segments within entire
texts. Specifically, we divided the text into three
segments, shuffled their order randomly, and re-
combined them. This approach allows relevant text
segments to appear randomly at any position within
the long sequence. During training, we applied this
operation to passages with a probability of 0.2%.

A.2 Synthetic Data
The prompt for GPT3.5 is “You are a curious AI
assistant, please generate one specific and valuable
question based on the following text. The generated
question should revolve around the core content of
this text, and avoid using pronouns (e.g., ”this”).
Note that you should generate only one question,
without including additional content:”. The details
of generated dataset are shown in Table 8.

B Implementation Details

B.1 Experimental Hyperparameters
We adopt a further pre-trained XLM-RoBERTa12

as the foundational model. We extend the max po-
sition to 8192 and update the model via the Retro-
MAE (Xiao et al., 2022) method. The data com-
prises Pile (Gao et al., 2020), Wudao (Yuan et al.,
2021), and mC4 (Raffel et al., 2019) datasets. We
sampled a total of 184 million text samples from
these sources, covering 105 languages. The maxi-
mum sequence length is 8192 and the learning rate
is 7 × 10−5. The batch size is set to 32 and we
accumulate the gradient over 16 steps. Pre-training
is conducted on 32 A100(40GB) GPUs for 20,000
steps.

For the pre-training with the massive unsuper-
vised data, the max length of query and passage is
set to 512 and 8192, respectively. The learning rate
is 5× 10−5, the warmup ratio is 0.1 and the weight

12. https://huggingface.co/FacebookAI/xlm-roberta-large

decay is 0.01. This training process takes 25,000
steps. For training data with different sequence
length ranges (e.g., 0-500, 500-1000, etc.), we use
different batch sizes. The details are represented
in Table 9. The second stage is conducted on 96
A800(80GB) GPUs.

In the fine-tuning stage, we sample 7 negatives
for each query. Refer to Table 9 for the batch size.
In the initial phase, we employed approximately
6000 steps to perform warm-up on dense embed-
ding, sparse embedding and multi-vectors. Subse-
quently, we conducted unified training with self-
knowledge distillation. These experiments were
carried out on 24 A800(80GB) GPUs.

B.2 MCLS Method
The fine-tuning using long text can be constrained
due to the absence of long text data or computation
resources. In this situation, we propose a simple
but effective method: MCLS(Multiple CLS) to en-
hance the model’s ability without fine-tuning on
long text. The MCLS method aims to utilize multi-
ple CLS tokens to jointly capture the semantics of
long texts. Specifically, we insert a CLS token for
every fixed number of tokens (in our experiments,
we insert a “[CLS]” for each 256 tokens), and each
CLS token can capture semantic information from
its neighboring tokens. Ultimately, the final text
embedding is obtained by averaging the last hidden
states of all CLS tokens.

B.3 Split-batch Method

Algorithm 1 Pseudocode of split-batch.

# enable gradient-checkpointing
BGE-M3.gradient_checkpointing_enable()

embs = []
for batch_data in loader:

# split the large batch into multiple sub-batch
for sub_batch_data in batch_data:

sub_emb = BGE-M3(sub_batch_data)
# only collect the embs
embs.append(sub_emb)

# concatenate the outputs to get final embeddings
embs = cat(embs)

Algorthm 1 provides the pseudo-code of the split-
batch strategy. For the current batch, we partition
it into multiple smaller sub-batches. For each sub-
batch we utilize the model to generate embeddings,
discarding all intermediate activations via gradient
checkpointing during the forward pass. Finally,
we gather the encoded results from all sub-batch,
and obtain the embeddings for the current batch.
It is crucial to enable the gradient-checkpointing



Language Source #train #dev #test #cropus Avg. Length of Docs
ar Wikipedia 1,817 200 200 7,607 9,428
de Wikipedia, mC4 1,847 200 200 10,000 9,039
en Wikipedia 10,000 200 800 200,000 3,308
es Wikipedia, mC4 2,254 200 200 9,551 8,771
fr Wikipedia 1,608 200 200 10,000 9,659
hi Wikipedia 1,618 200 200 3,806 5,555
it Wikipedia 2,151 200 200 10,000 9,195
ja Wikipedia 2,262 200 200 10,000 9,297
ko Wikipedia 2,198 200 200 6,176 7,832
pt Wikipedia 1,845 200 200 6,569 7,922
ru Wikipedia 1,864 200 200 10,000 9,723
th mC4 1,970 200 200 10,000 8,089
zh Wikipedia, Wudao 10,000 200 800 200,000 4,249

Total – 41,434 2,600 3,800 493,709 4,737

Table 8: Specifications of MultiLongDoc dataset.

Length Range
Batch Size

Unsupervised Fine-tuning
0-500 67,200 1,152
500-1000 54,720 768
1000-2000 37,248 480
2000-3000 27,648 432
3000-4000 21,504 336
4000-5000 17,280 336
5000-6000 15,072 288
6000-7000 12,288 240
7000-8192 9,984 192

Table 9: Detailed total batch size used in training for
data with different sequence length ranges.

strategy; otherwise, the intermediate activations
for each sub-batch will continuously accumulate,
ultimately occupying the same amount of GPU
memory as traditional methods.

In Table 10, we investigate the impact of split-
batch on batch size. It can be observed that, with
the split-batch enabled, there is a significant in-
crease in batch size. Simultaneously, the increase
becomes more pronounced with longer text lengths,
and in the case of a length of 8192, enabling split-
batch results in a growth of batch size by over 20
times.

Use Split-batch
Max Length

1024 4096 8192
× 262 25 6√

855 258 130

Table 10: Maximum batch size per device under differ-
ent experimental settings.

C More Results

C.1 Additional Resutls
In this section, we present additional evaluation
results on the MIRACL and MKQA benchmarks.
As shown in Table 12 and 13, M3-Embedding out-
performs all baselines on average.

C.2 Different Tokenizer for BM25
We investigate the impact of different tokenizers
on the BM25 method, and the results are shown in
Table 11. We can observe that:

• Using the Analyzer from Lucene13 can sig-
nificantly enhance the effectiveness of BM25.
Lucene analyzer includes multiple steps typi-
cally including tokenization, stemming, stop-
word removal, etc, achieving better results
than directly using the tokenzier of xlm-
roberta. Additionally, it’s worth noting that
the vocabulary size of the tokenizer from xlm-
roberta is limited, resulting in fewer unique to-
kens after encoding documents (for example,
on the MLDR dataset, the tokenizer of xlm-
roberta produces 1056 unique terms per arti-
cle, while Lucene’s analyzer generates 1451
unique terms, which is over 37% more and
will increase retrieval latency).

• M3 outperforms BM25 models using the same
tokenizer on all datasets, indicating that the
learned weights are significantly better than
the weights calculated by BM25.

• The sparse retrieval of M3 outperforms BM25
on Miracl and MKQA datasets. In long docu-
ment retrieval (MLDR), M3’s sparse doesn’t

13. https://github.com/apache/lucene/tree/main/lucene/analysis/



Figure 5: Language and sequence length distribution of unsupervised data

method tokenizer Miracl MKQA MLDR

BM25 Analyzer 38.5 40.9 64.1
BM25 xlm-roberta 31.9 39.9 53.6
M3.Sparse xlm-roberta 53.9 45.3 62.2
M3.All xlm-roberta 70.0 75.5 65.0

Table 11: Comparison with the BM25 methods using
different tokenizers.

surpass BM25 but achieves competitive per-
formance. This suggests that BM25 remains
a highly competitive baseline model. Explor-
ing tokenizers that perform better for sparse
representation is a worthwhile topic for future
research.



Model Avg ar bn en es fa fi fr hi id ja ko ru sw te th zh de yo
Baselines (Prior Work)
BM25 67.3 78.7 90.0 63.6 25.4 68.1 81.2 50.2 73.8 71.8 73.6 70.1 56.4 69.9 73.3 87.5 55.1 42.8 80.1
mDPR 79.0 84.1 81.9 76.8 86.4 89.8 78.8 91.5 77.6 57.3 82.5 73.7 79.7 61.6 76.2 67.8 94.4 89.8 71.5
mContriever 84.9 92.5 92.1 79.7 84.1 65.4 95.3 82.4 64.6 80.2 87.8 87.5 85.0 91.1 96.1 93.6 90.3 84.1 77.0
mE5large 92.8 97.3 98.2 87.6 89.1 92.9 98.1 90.6 93.9 87.9 97.1 93.4 95.5 96.7 99.2 98.9 93.3 90.6 69.4
E5mistral-7b 91.3 96.0 96.0 90.2 87.5 88.0 96.7 92.8 89.9 88.4 95.1 89.4 95.0 95.5 95.1 96.5 90.1 88.6 73.3
M3-Embedding (Our Work)
Dense 93.8 97.6 98.7 90.7 90.1 89.6 97.9 93.1 94.2 90.5 97.5 95.5 95.9 97.2 99.4 99.1 95.7 90.8 74.2
Sparse 85.6 92.0 96.6 81.5 71.9 87.0 91.5 73.2 87.2 84.9 92.3 91.8 77.0 85.1 98.0 95.2 72.8 69.0 92.9
Multi-vec 94.5 97.8 98.9 91.6 91.3 90.5 98.2 95.4 94.9 92.5 98.0 95.9 96.5 97.3 99.4 99.2 96.2 92.3 74.6
Dense+Sparse 94.4 98.0 98.9 92.4 91.5 91.0 98.4 93.9 95.3 92.6 97.5 95.6 96.6 97.6 99.1 99.0 95.7 90.8 75.4
All 94.6 98.0 98.9 92.1 91.8 91.2 98.4 95.0 94.9 92.4 97.9 96.0 96.7 97.2 99.4 99.2 96.5 92.2 74.6

Table 12: Recall@100 on the dev set of the MIRACL dataset for multilingual retrieval in all 18 languages.

Baselines (Prior Work) M3-Embedding (Our Work)
BM25 mDPR mContriever mE5large E5mistral-7b OpenAI-3 Dense Sparse Multi-vec Dense+Sparse All

ar 13.4 33.8 43.8 59.7 47.6 55.1 61.9 19.5 62.6 61.9 63.0
da 36.2 55.7 63.3 71.7 72.3 67.6 71.2 45.1 71.7 71.3 72.0
de 23.3 53.2 60.2 71.2 70.8 67.6 69.8 33.2 69.6 70.2 70.4
es 29.8 55.4 62.3 70.8 71.6 68.0 69.8 40.3 70.3 70.2 70.7
fi 33.2 42.8 58.7 67.7 63.6 65.5 67.8 41.2 68.3 68.4 68.9
fr 30.3 56.5 62.6 69.5 72.7 68.2 69.6 43.2 70.1 70.1 70.8
he 16.1 34.0 50.5 61.4 32.4 46.3 63.4 24.5 64.4 63.5 64.6
hu 26.1 46.1 57.1 68.0 68.3 64.0 67.1 34.5 67.3 67.7 67.9
it 31.5 53.8 62.0 71.2 71.3 67.6 69.7 41.5 69.9 69.9 70.3
ja 14.5 46.3 50.7 63.1 57.6 64.2 67.0 23.3 67.8 67.1 67.9
km 20.7 20.6 18.7 18.3 23.3 25.7 58.5 24.4 59.2 58.9 59.5
ko 18.3 36.8 44.9 58.9 49.4 53.9 61.9 24.3 63.2 62.1 63.3
ms 42.3 53.8 63.7 70.2 71.1 66.1 71.6 52.5 72.1 71.8 72.3
nl 42.5 56.9 63.9 73.0 74.5 68.8 71.3 52.9 71.8 71.7 72.3
no 38.5 55.2 63.0 71.1 70.8 67.0 70.7 47.0 71.4 71.1 71.6
pl 28.7 50.4 60.9 70.5 71.5 66.1 69.4 36.4 70.0 69.9 70.4
pt 31.8 52.5 61.0 66.8 71.6 67.7 69.3 40.2 70.0 69.8 70.6
ru 21.8 49.8 57.9 70.6 68.7 65.1 69.4 29.2 70.0 69.4 70.0
sv 41.1 54.9 62.7 72.0 73.3 67.8 70.5 49.8 71.3 71.5 71.5
th 28.4 40.9 54.4 69.7 57.1 55.2 69.6 34.7 70.5 69.8 70.8
tr 33.5 45.5 59.9 67.3 65.5 64.9 68.2 40.9 69.0 69.1 69.6
vi 33.6 51.3 59.9 68.7 62.3 63.5 69.6 42.2 70.5 70.2 70.9
zh cn 19.4 50.1 55.9 44.3 61.2 62.7 66.4 26.9 66.7 66.6 67.3
zh hk 23.9 50.2 55.5 46.4 55.9 61.4 65.8 31.2 66.4 65.9 66.7
zh tw 22.5 50.6 55.2 45.9 56.5 61.6 64.8 29.8 65.3 64.9 65.6
Avg 28.1 47.9 56.3 63.5 62.4 62.1 67.8 36.3 68.4 68.1 68.8

Table 13: Recall@20 on MKQA dataset for cross-lingual retrieval in all 25 languages.


