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ABSTRACT
In this paper, we introduce the approach behind our submission for
the MIRACL challenge, a WSDM 2023 Cup competition that cen-
ters on ad-hoc retrieval across 18 diverse languages. Our solution
contains two neural-based models. The first model is a bi-encoder
re-ranker, on which we apply a cross-lingual distillation technique
to transfer ranking knowledge from English to the target language
space. The second model is a cross-encoder re-ranker trained on
multilingual retrieval data generated using neural machine trans-
lation. We further fine-tune both models using MIRACL training
data and ensemble multiple rank lists to obtain the final result.
According to the MIRACL leaderboard, our approach ranks 8th
for the Test-A set and 2nd for the Test-B set among the 16 known
languages.
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1 INTRODUCTION
MIRACL (Multilingual Information Retrieval Across a Continuum
of Languages) [28] is a multilingual dataset that includes 18 lan-
guages and is intended for ad hoc retrieval tasks. It is also one of the
challenges in WSDM 2023 Cup1. The primary objective of MIRACL
is to evaluate the effectiveness of monolingual retrieval systems in
diverse linguistic environments. There are two tracks in the dataset.
The known-languages track covers 16 languages, and participants
are provided with a list of language names and MIRACL training
data, including monolingual queries and human-annotated docu-
ments for each language. In the surprise-languages track, there
are two undisclosed languages, German and Yoruba, revealed only
in the last week of the submission deadline. No training data are
provided for this track. A small set of development data is available
for each language to fine-tune system parameters. The nDCG@10
metric is employed to evaluate retrieval performance in MIRACL.

Along with the data, MIRACL also provides three baselines that
serve as a reference for participants to compare and build upon
in their approaches. The first baseline is BM25, a lexical matching
algorithm. The second baseline is the multilingual dense passage
retriever (mDPR) [27], which is a neural-based bi-encoder retrieval
model focused on semantic matching. The third is a combination
of the first and second, named Hybrid. Since, on average, Hybrid
achieved 88.9% recall in the top-100 retrieved documents, we em-
ploy a two-stage retrieval approach to tackle MIRACL, where first
we adopt the rank lists produced by Hybrid for each language as
the initial rankings and then re-rank the initial set of candidate

1https://project-miracl.github.io/

documents using neural re-rankers. In the re-ranking stage, our
solution contains two neural-based models. The first model is a
bi-encoder re-ranker, on which we apply a cross-lingual distillation
technique [9] to transfer ranking knowledge from English to the
target language. More specifically, using bitext, we form the token
alignment task as an optimal transportation problem to distill the
knowledge from a well-trained English model into the target lan-
guage. The second model is a cross-encoder re-ranker trained on
multilingual retrieval data generated with neural machine transla-
tion. We further fine-tune both re-ranking models using MIRACL
training data and ensemble multiple rank lists from both retrieval
stages to obtain the final result.

2 BACKGROUND
2.1 Neural Multilingual Models for Retrieval
Previous neural models for retrieval involving multiple languages
rely on the combination of multilingual word embeddings and
neural matching models [24]. Benefiting from transformer-based
pre-trained language models, neural ranking models have made
significant progress. The advent of multilingual pre-trained lan-
guage models [2] provides the possibility of jointly learning down-
stream applications for many languages with the same model. For
cross-encoder retrieval architecture [8, 25], the model takes the
concatenation of the query and document as input. An embedding
produced for the prepended special “[CLS]” token is fed into a feed-
forward layer to produce a score for the input pair [19]. Since each
query-document pair needs encoding during inference, retrieval
based on cross-encoders tends to be computationally demanding.
As a result, such models typically rely on sparse retrieval methods
based on lexical matching as the initial step for retrieving relevant
information. Dense retrieval based on bi-encoder architecture is pro-
posed to overcome the sparse retrieval bottleneck [10, 12, 16]. With
the separation of query and document encoders, dense retrieval has
already shown success on many retrieval tasks [4, 11], including
multilingual retrieval [27]. In our solution, we leverage MIRACL
baselines as the initial ranking step and apply both cross-encoder
and bi-encoder for re-ranking.

2.2 Knowledge Distillation
Proposed by Hinton et al. [6], knowledge distillation is a method to
train a model, called the student, using valuable information pro-
vided by the output of another model, called the teacher. This way,
the teacher model’s knowledge can be transferred into the student
model. The idea of knowledge distillation is wildly used in the field
of computer vision [14, 23, 26], natural language processing [21, 22]
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(a) Model training pipeline. (b) Model evaluation pipeline.

Figure 1: Workflows of Our Proposed Solution

Table 1: Average performance of MIRACL baselines.

Baseline
nDCG@10 Recall@100

BM25 mDPR Hybrid BM25 mDPR Hybrid

Average 0.393 0.415 0.578 0.787 0.788 0.889

and information retrieval [7, 13, 15]. A typical framework for knowl-
edge distillation relies on a teacher model to directly generate a
target distribution [5, 17]. Our solution adopts the OPTICAL [9]
framework to perform cross-lingual knowledge distillation, which
casts the cross-lingual token alignment task as an optimal transport
problem to transfer retrieval knowledge from English (which has
the most resources for relevance) to other languages.

3 FIRST STAGE RETRIEVAL
To address theMIRACL challenge, we have employed a two-stage re-
trieval approach. In the first stage, we utilize the rank lists provided
as the MIRACL baselines. Table 1 shows the average performance
of the three baselines provided by the MIRACL project. We can
see that under zero-shot and out-of-distribution (OOD) settings,
BM25 still demonstrates a strong performance compared to neural
methods. Furthermore, the combination of lexical and semantic
matching methods (Hybrid) can improve both precision and recall.
Since Hybrid achieves an average recall of 88.9% for the top 100
documents, we use it as our initial retrieval step and focus on the
re-ranking step.

4 METHODOLOGY
In this section, we introduce the model training pipeline of our
solution which contains two neural models built in multiple steps.
Figure 1a depicts the workflow for creating two neural re-rankers.
For the bi-encoder model, we follow the ColBERT [11] architecture
and initialize model parameters using a multilingual pre-trained
language model. We first tune the model on MS MARCO [18] pas-
sage ranking data. Then we apply cross-lingual knowledge distil-
lation [9] with bitext data to transfer knowledge from English to
each target language. For the cross-encoder architecture, we adopt
a model checkpoint trained on mMARCO [1] dataset. Finally, we

further fine-tune both models on MIRACL training data. Following,
we describe each step in detail.

4.1 Model Training
Bi-encoder Model. Following the ColBERT [11] model architec-
ture, we first build a multilingual ColBERT (mColBERT)𝑀 contains
two components – query encoder 𝐸𝑀𝑞

and document encoder 𝐸𝑀𝑑
.

Given a query 𝑞 and a candidate document 𝑑 , the matching score
between 𝑞 and 𝑑 , denoted 𝑆𝑞,𝑑 , is computed as:

𝑆𝑞,𝑑 =

|𝑞 |∑︁
𝑖=1

|𝑑 |
max
𝑗=1

𝐸𝑀𝑞
(𝑞𝑖 ) · 𝐸𝑇𝑀𝑑

(𝑑 𝑗 ) (1)

where 𝐸𝑀𝑞
(𝑞𝑖 ) is the 𝑖-th token representation of the query and

𝐸𝑀𝑑
(𝑑 𝑗 ) is the 𝑗-th token representation of the document. The scor-

ing function applies the maxsim operation on each query token to
softly search against all document tokens to find the best token
that reflects its context and then sums over all the query tokens.
Despite the separation of the query and document encoding pro-
cess, ColBERT is a Siamese neural network in which query and
document encoders share the same weights. We initialize the en-
coder parameters using XLM-R, a multilingual pre-trained language
model, and tune the model for the retrieval task on MS MARCO
passage ranking dataset. More specifically, given a triplet of {query,
relevant passage, non-relevant passage}, the models are trained
using pairwise cross-entropy loss. Although the knowledge learned
for retrieval is based on English data only, with the help of multi-
lingual initialization, the model is capable of conducting retrieval
tasks in different languages in the zero-shot setting.
Cross-encoder Model. Bonifacio et al. [1] built a multilingual pas-
sage ranking dataset, mMARCO, by translating the queries and
passages in MS MARCO into the target language using neural
machine translation (NMT). Since mMARCO provides retrieval
data in 13 languages and 9 of which overlap with MIRACL lan-
guages, we build our cross-encoder (CrossEncoder) using triples
in mMARCO. Instead of training our model checkpoint, we direct
adopt a shared cross-encoder checkpoint from Huggingface2 con-
tributed by SBERT3.

2https://huggingface.co/cross-encoder/mmarco-mMiniLMv2-L12-H384-v1
3https://www.sbert.net/

https://huggingface.co/cross-encoder/mmarco-mMiniLMv2-L12-H384-v1
https://www.sbert.net/
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Table 2: Results on development split of 16 known languages. The neural models re-rank the top-100 results produced by
Hybrid. The highest value is marked with bold text.

Retrieval
Methods

nDCG@10

Avg. ar bn en es fa fi fr hi id ja ko ru sw th te zh

BM25 0.393 0.481 0.508 0.351 0.319 0.333 0.551 0.183 0.458 0.449 0.369 0.419 0.334 0.383 0.494 0.484 0.180
mDPR 0.415 0.499 0.443 0.394 0.478 0.48 0.472 0.435 0.383 0.272 0.439 0.419 0.407 0.299 0.356 0.358 0.512
Hybrid 0.578 0.673 0.654 0.549 0.641 0.594 0.672 0.523 0.616 0.443 0.576 0.609 0.532 0.446 0.602 0.599 0.526

mColBERT 0.671 0.776 0.768 0.566 0.590 0.595 0.766 0.576 0.632 0.589 0.678 0.698 0.646 0.674 0.795 0.764 0.628
CrossEncoder 0.732 0.820 0.817 0.665 0.681 0.659 0.804 0.637 0.702 0.641 0.749 0.786 0.719 0.694 0.810 0.807 0.721
Fusion 0.764 0.842 0.837 0.689 0.761 0.714 0.823 0.706 0.763 0.654 0.763 0.801 0.741 0.705 0.818 0.823 0.791

4.2 Cross-lingual Distillation
To improve the performance of the bi-encoder model on differ-
ent target languages, we employ the OPTICAL [9] framework, a
cross-lingual knowledge distillation method, to transfer retrieval
knowledge learned from English to each of the MIRACL languages.
The intuition is to align the target language token embeddings with
the English embeddings. Since the English embeddings contain the
knowledge for retrieval, the retrieval performance on the target
language can be enhanced once their embeddings are successfully
aligned. The framework builds a new student model focusing on a
specific language by distilling knowledge from the teacher model, a
well-trained English retrieval model. This technique only requires
bitext data for training, thus applicable to a wide range of languages,
especially low-resource languages. For each language, we sample up
to 2M bitext data from CCAligned [3] dataset and apply OPTICAL
framework to build a student model using𝑀 as the teacher.

4.3 Fine-tuning and Evaluation
We further fine-tune both bi-encoder and cross-encodes models on
MIRACL training data. To best train our model under the re-ranking
setting, we sample both relevant and non-relevant examples from
the top 100 results retrieved by Hybrid. We apply the Localized
Contrastive Estimation (LCE) [20] as the loss function to incorpo-
rate in-distribution hard negatives. More specifically, instead of
sampling one negative document per query, we sample 6 negative
examples from the top-ranked documents in the first-stage result
(Hybrid). The loss function scores the positive instance and multiple
negative instances and encourages the model to score the positive
higher than all the negatives.

Once fine-tuned, our approach has a bi-encoder and cross-encoder
models for each language. Given the test queries, we first follow
the same baseline procedure to generate the Hybrid rank list as the
first-stage retrieval, and then re-rank the top 100 documents with
two neural re-rankers, respectively. Finally, we combine three rank
lists (Hybrid, bi-encoder, and cross-encoder) into one final rank list
(Fusion) with a weighted sum of the ranking scores. The weight for
each rank list is tuned based on the development set. Note that the
scores from different methods are first min-max normalized to [0,
1]. The complete evaluation pipeline is shown in Figure 1b.

Table 3: Average performance on two test splits.

Test Splits
(Private Score)

nDCG@10
BM25 mDPR Hybrid Fusion

Test-A 0.449 0.398 0.635 0.759
Test-B 0.347 0.378 – 0.718

5 RESULTS AND DISCUSSION
Our experimental results are presented in Table 2 and Table 3. In
Table 2, we report the performance of each compared method split
by languages on the development split. We can see that both re-
rankers outperform the first-stage retrieval method. Comparing
mColBERT with CrossEncoder, we can see that cross-encoder archi-
tecture with all-to-all interaction between query and document has
the advantage over bi-encoder where the interaction between query
and document representations is delayed to the scoring phase for
efficiency. Finally, the weighted sum fusion of the two re-ranking
lists with the Hybrid initial rank list gives the best performance. The
Fusion results indicate that each method captures distinct aspects
of query-document matching, and collectively they all contribute
to the final performance. Moreover, we can see a consistent per-
formance between development and Test-A splits, yet a significant
drop from Test-A to Test-B. We suspect the performance gap is due
to the distribution shift, which needs further investigation.

6 CONCLUSION
This paper presents a comprehensive solution to the Multilingual
Information Retrieval Across a Continuum of Languages (MIRACL)
challenge of the WSDM CUP 2023. We leverage the baseline pro-
vided by MIRACL project as the first-stage retrieval method and fo-
cus on the re-ranking step. Our model-building pipeline comprises
three components: First, we pre-fine-tune a multilingual language
model on retrieval data to build both bi-encoder and cross-encoder
retrieval models. Then for the bi-encoder, we apply a cross-lingual
knowledge distillation framework to transfer knowledge learned
by English data to the target language. Lastly, we fine-tune both
re-rankers using MIRACL training data with localized contrastive
estimation. At test time, the best performance is a fusion of results
from neural re-rankers with the first-stage rank list. In future work,
we are interested in exploring the performance of our bi-encoder
model under an end-to-end setting.
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