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Abstract
We present Polish Information Retrieval Benchmark (PIRB), a comprehensive evaluation framework encompassing
41 text information retrieval tasks for Polish. The benchmark incorporates existing datasets as well as 10 new,
previously unpublished datasets covering diverse topics such as medicine, law, business, physics, and linguistics.
We conduct an extensive evaluation of over 20 dense and sparse retrieval models, including the baseline models
trained by us as well as other available Polish and multilingual methods. Finally, we introduce a three-step process
for training highly effective language-specific retrievers, consisting of knowledge distillation, supervised fine-tuning,
and building sparse-dense hybrid retrievers using a lightweight rescoring model. In order to validate our approach,
we train new text encoders for Polish and compare their results with previously evaluated methods. Our dense mod-
els outperform the best solutions available to date, and the use of hybrid methods further improves their performance.

Keywords: information retrieval, dense retrieval, hybrid retrieval, neural text encoders

1. Introduction

Text information retrieval is a process of retriev-
ing relevant documents from a large collection of
text data in response to a user’s query. It is a
fundamental task in natural language processing
and plays a crucial role in various applications, in-
cluding search engines, question-answering sys-
tems, and recommendation engines. Despite the
fact that research in the field of information re-
trieval has a long history, we have recently ob-
served increased interest in this topic. This is pri-
marily related to the emergence of large language
models (LLMs), whether offered as services like
GPT-4 (OpenAI, 2023) or free and publicly avail-
able ones like LLaMA (Touvron et al., 2023a,b) or
Falcon (Penedo et al., 2023). With the populariza-
tion of these solutions, more attention is also being
given to retrieval augmented generation systems
(Lewis et al., 2020; Cai et al., 2022), in which a
large language model, along with a user’s query,
receives additional context from an external knowl-
edge base. This context is created based on doc-
uments most relevant to the query, extracted us-
ing a retrieval algorithm. Correctly selected doc-
uments reduce the hallucinations of the language
model (Shuster et al., 2021) and allow the injec-
tion of additional knowledge that the model may
not possess. The quality of the response of such
a system is therefore highly dependent on the per-
formance of its retrieval component.

2. Related work

In recent years, an active area of research has
been the use of neural networks, particularly

Transformer-based language models, to develop
novel text retrieval methods. Many new models
have been proposed (Yates et al., 2021; Zhao
et al., 2022; Guo et al., 2022; Fan et al., 2022),
leading to significantly improved results on pub-
lic benchmarks (Thakur et al., 2021) compared to
classical term-based approaches such as BM25
(Robertson et al., 2009). However, this progress
has been particularly noticeable for high-resource
languages such as English and Chinese, while in-
terest in multilingual and low-resource language
solutions has been considerably less pronounced.
This can be attributed to the limited availability
of datasets, making it challenging to apply the
same supervised training methods. This is also
related to the lack of standardized benchmarks
that would allow for the evaluation of model per-
formance across a wide range of retrieval tasks.

The situation for multilingual retrieval has only
recently begun to change with the release of
datasets such as mMARCO (Bonifacio et al.,
2021), Mr.TyDi (Zhang et al., 2021) and MIRACL
(Zhang et al., 2023), each covering more than 10
languages. In the case of models, multilingual
encoders designed for semantic textual similarity
(Reimers and Gurevych, 2020; Yang et al., 2020)
or for bitext mining (Artetxe and Schwenk, 2019;
Feng et al., 2022) had been available for several
years, but there was a lack of high-quality mod-
els adapted for text retrieval problems. This im-
proved with the release of the multilingual versions
of the E5 (Wang et al., 2022) models, which were
trained in a weakly supervised manner on a large-
scale corpus of text pairs extracted from various
online data sources, and subsequently fine-tuned
on several manually annotated corpora, including
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retrieval data.
Despite these efforts, there are still languages

not covered in multilingual text retrieval research.
One such language is Polish, which has not been
featured in any of the aforementioned datasets. To
address this issue, the Polish research commu-
nity has taken the initiative to prepare language-
specific corpora. Rybak et al. (2022) introduced
PolQA, a manually annotated dataset for text re-
trieval containing 7,000 questions matched with
passages from Wikipedia. Additionally, some
datasets have been created in an automatic or
semi-automatic way. Wojtasik et al. (2023) trans-
lated the original BEIR benchmark (Thakur et al.,
2021) into Polish using Google Translate and eval-
uated several baseline retrievers and rerankers.
Rybak (2023) made available the MAUPQA col-
lection, comprising almost 400,000 automatically
generated, translated, or mined question-answer
pairs. Since its original release, the collection has
been expanded to include more datasets and cur-
rently has over one million text pairs. It is also
worth mentioning the PolEval-2022 Passage Re-
trieval challenge (Kobyliński et al., 2023), which uti-
lized data from the PolQA dataset, and introduced
two additional subsets from new domains: legal
questions and e-commerce FAQ.
Although the amount of Polish data for text re-

trieval is currently sufficiently large, at least com-
pared to low-resource languages, the vast major-
ity of available corpora have been generated au-
tomatically, primarily through machine translation.
Manually annotated data make up only a small per-
centage and are limited to a few thousand queries
in a single dataset at most. Consequently, some
of the generated datasets may be noisy and con-
tain errors resulting from incorrect translations of
documents. Therefore, we believe it would still be
beneficial to create new datasets containing real
questions and answers written or labeled by hu-
mans.
In contrast to datasets, there have been few

Polish text retrieval models released to date. As
part of the work on the MAUPQA collection, two
dense retrievers trained on its question-passage
pairs have been published (Rybak, 2023; Rybak
and Ogrodniczuk, 2023). Furthermore, the au-
thors of the Polish BEIR benchmark provided four
rerankers trained by them1.

3. Contributions

The aim of our research is to advance Polish text
information retrieval in two areas. Our first contri-
bution is to propose a unified benchmark covering
a wide range of multi-domain tasks with different

1https://huggingface.co/clarin-knext

characteristics, enabling a reliable and compre-
hensive evaluation of existing retrieval methods,
particularly their generalization ability and zero-
shot performance. The second goal is to train
and publish new retrieval models for Polish, and
then evaluate their performance on the proposed
benchmark. The results of our work are described
in the article in the following order:

• We present Polish Information Retrieval
Benchmark (PIRB) covering 41 text retrieval
tasks. The benchmark includes pre-existing
dataset collections such as MaupQA, BEIR-PL,
and PolEval-2022 Passage Retrieval. We have
also prepared 10 new, previously unpublished
tasks specifically for the evaluation. Nine of
these tasks contain sets of actual questions and
answers collected from various Polish websites
with diverse topics such as medicine, law, busi-
ness, physics, or linguistics. The last dataset was
generated semi-automatically using GPT-3.5 and
includes over 8,000 exam-like questions from
over 400 university-level courses.
• We perform an evaluation of more than 20 Pol-
ish and multilingual text encoders on the PIRB
benchmark. The experiments are performed on
already existing dense retrieval models, as well
as on strong baseline solutions trained by us, in-
cluding dense retrievers created using scripts from
Sentence-Transformers library and the state-of-
the-art sparse retrieval model SPLADE (Formal
et al., 2021b,a).
• In the last part of the publication, we present
our recipe for training highly effective language-
specific retrievers. It is a three-step process. First,
we use a multilingual knowledge distillation tech-
nique (Reimers and Gurevych, 2020) to transfer
knowledge from a high-quality English text en-
coder to a pre-trained language model for Polish.
In the next step, we perform a supervised fine-
tuning of the created encoder on the annotated
retrieval dataset. The final step is to create a
lightweight hybrid retriever, combining the results
of the sparse and dense methods using an addi-
tional learning-to-rank model. Our proposed tech-
nique can be an efficient alternative to solutions
that combine the retrieval stage with computation-
ally expensive rerankers. In order to validate the
effectiveness of the proposed solution, we apply it
to train several Polish text encoders and compare
their results with previously evaluated methods on
the PIRB benchmark.

Furthermore, we make the developed bench-
mark publicly available2, as well as the source
code of our experiments3, and the checkpoints of

2huggingface.co/spaces/sdadas/pirb
3github.com/sdadas/pirb

https://huggingface.co/clarin-knext
https://huggingface.co/spaces/sdadas/pirb
https://github.com/sdadas/pirb
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all the models we trained4.

4. Overview of the datasets

In this section, we present the datasets comprising
the PIRB benchmark. We begin with a description
of the already existing datasets and dataset collec-
tions, and then move on to introduce the corpora
we have prepared: web datasets and GPT-exams.

4.1. Pre-existing datasets
Of all the datasets included in the PIRB, 31 were
previously available as separate benchmarks or in-
dividual corpora. When building the benchmark,
we sought to collect most of the known publicly
available question answering and text retrieval cor-
pora for Polish. We excluded datasets that over-
lappedwith others already found in the benchmark,
such as PolQA, whose data was mostly included
in queries and passages published for the PolEval-
2022 challenge. The following datasets were in-
cluded in our evaluation:

• PolEval-2022 Passage Retrieval was a compe-
tition that took place from mid-2022 to early 2023,
and its results were summarized during a work-
shop organized as part of the FedCSIS conference
(Kobyliński et al., 2023). During the competition,
successive pieces of data were gradually made
available, starting from the training (train) and vali-
dation (dev-0) splits, which included only data from
Wikipedia, to the test sets (test-A and test-B), each
containing three subsets from different domains:
Wikipedia, legal questions, and e-commerce FAQ.
As part of PIRB, we added 7 data subsets from Pol-
Eval: dev-0, as well as three parts each for test-A
and test-B.
• BEIR-PL (Wojtasik et al., 2023) aimed to repli-
cate the original BEIR (Thakur et al., 2021) bench-
mark for Polish. The authors used Google Trans-
late to translate the datasets and published 11 of
them, which we included in PIRB.
• MAUPQA (Rybak, 2023; Rybak and Ogrod-
niczuk, 2023) is an ongoing project aimed at as-
sembling a large and diverse corpus of questions
and passages that can be used to train Polish re-
trievers, rerankers, or generative question answer-
ing models. The data was mostly collected auto-
matically, and the author employed various tech-
niques to build individual subsets, including ma-
chine translation, generation using large language
models, transcription of game show recordings,
and utilizing data available in partially structured
sources for question and answer mining. Some
parts of the MAUPQA collection are exact copies
of datasets already present in BEIR-PL, so not all

4share.opi.org.pl/s/iS3ziwW9syHdrBj

of them were included in PIRB. We selected 12
datasets that were added to the benchmark.

• MFAQ (De Bruyn et al., 2021) is a multilingual
dataset of questions and answers extracted from
FAQ pages found in Common Crawl. While the
original collection covered 21 languages, in our
evaluation we used only the Polish corpus, con-
sisting of more than 60,000 text pairs.

4.2. Web datasets

The PIRB benchmark includes nine datasets
crawled from Polish websites. Our goal was to
enrich the benchmark with real-world data writ-
ten originally in Polish. To accomplish this, we
identified websites with separate Q&A sections,
some containing questions and answers written
directly by the site’s editors, and others allow-
ing content creation by registered users. We se-
lected a diverse set of data sources covering var-
ious domains such as medicine, law, business,
physics, and linguistics. The resulting datasets
consist of natural questions, formulated mostly as
complete, grammatically correct sentences, as op-
posed to search engine-oriented datasets such as
MS MARCO, in which queries are short and of-
ten consist of concatenated keywords. For each
data source, we implemented a separate parser
to enable precise extraction of question and an-
swer content. We also conducted data cleaning
and anonymization, removing personal and con-
tact information. A summary of statistics regarding
the collected datasets is presented in Table 1.
The largest datasets originate from websites

such as abczdrowie and specprawnik, where
content is created by the user community. These
are platforms that connect specialists in a partic-
ular field, namely medicine and law, with users
seeking answers to questions in those fields. Any-
one can ask a question, and any registered and
verified specialist can provide an answer, allowing
these platforms to build large databases of expert
advice. The content on these platforms is moder-
ated or redacted by site editors to a minimal extent,
resulting in lower data quality compared to other
websites we considered. These datasets also re-
quired intensive cleaning and filtering. In the re-
sulting data, we included only answers longer than
200 characters and filtered out all unanswered
questions. It is also worth noting that in the case
of these two datasets, the average length of ques-
tions and answers is similar, as users often de-
scribe their personal situation with details. Ques-
tions have a more individualized character com-
pared to other platforms.
Another group consists of websites that have a

dedicated Q&A section managed by the site staff.
Examples of such sites include e-prawnik, gem-

https://share.opi.org.pl/s/iS3ziwW9syHdrBj
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Dataset name Domain Total
queries

Avg. words
per query

Avg. answers
per query

Total
documents

Avg. words
per document

abczdrowie medicine 224,533 82 1.22 274,687 77
e-prawnik law 35,994 63 1.00 35,994 207
gemini medicine 272 19 1.00 272 120
odi bussiness 969 8 1.60 1,546 96
onet trivia 10,943 10 1.00 10,943 27
pwn linguistics 16,197 41 1.00 16,197 89
specprawnik law 54,783 66 1.22 66,832 64
techpedia trivia 9,205 8 1.00 9,205 43
zapytajfizyka physics 1,446 50 1.00 1,446 211

Table 1: Characteristics of the web datasets collected by us. For each dataset, we report its domain,
number of queries and documents, average query and document length in words, as well as the average
number of relevant documents per query.

ini, odi, pwn, and zapytajfizyka. Some of these
sites allow users to submit their own questions or
answers, but these contributions go through edi-
tors who review them and decide on their publica-
tion. These websites often employ or collaborate
with specialists in their respective fields. Datasets
created based on these sources are of high qual-
ity, but their size is smaller compared to sites re-
lying on user-generated content. Questions are
typically shorter and have a general nature, while
answers are comprehensive articles providing ex-
haustive descriptions of the given topic.
The last type of websites includes onet and

techpedia. The datasets based on them come
from quizzes or collections of trivia questions, the
main purpose of which is not to provide advice in
a specific field, but primarily to entertain. Users
of these sites can complete quizzes to test their
knowledge on various topics. Both questions and
answers are short. We discarded most data sam-
ples from these sources, as they included answers
in the form of a single phrase or a short sen-
tence. Only those cases that had a descriptive an-
swer longer than 50 characters were added to the
dataset.

4.3. GPT-exams

GPT-exams is a dataset created by us
in a semi-automatic way utilizing the
gpt-3.5-turbo-0613 model available in
the OpenAI API. The dataset contains 8,131
exam-like question-answer pairs covering a
wide range of topics. To build the dataset, we
performed the following steps:

1. We manually prepared a list of 409 university-
level courses from various fields. For each
course, we instructed the model with the prompt:
”Wygeneruj 20 przykładowych pytań na egzamin
z [nazwa przedmiotu]” (Generate 20 sample ques-
tions for the [course name] exam). We then parsed
the outputs of the model to extract individual ques-

tions and performed their deduplication.

2. In the next step, we requested the model to
generate the answer to each of the collected ques-
tions. We used the following prompt: ”Odpowiedz
na następujące pytanie z dziedziny [nazwa przed-
miotu]: [treść pytania]” (Answer the following
question from [course name]: [question content]).
We sent the following system message with the
prompt: ”Jesteś ekspertem w dziedzinie [nazwa
przedmiotu]. Udzielasz specjalistycznych i wycz-
erpujących odpowiedzi na pytania.” (You are an
expert in [course name]. You provide knowledge-
able and comprehensive answers to questions).

3. In the last step, we manually removed from the
dataset the cases in which themodel refused to an-
swer the question. We searched for phrases such
as ”model języka” (language model), ”nie jestem”
(I’m not), or ”nie mogę” (I can’t). However, such
cases were rare, we found less than 10 refusals
for the entire dataset.

5. Evaluation

This section provides a description of the eval-
uation we conducted on the Polish Information
Retrieval Benchmark (PIRB). The experiments in-
clude both strong baseline models that we trained
as a part of this research and other dense text en-
coders available for the Polish language. First, we
describe the evaluated methods, and then we pro-
ceed to discuss the obtained results.

5.1. Baseline methods

In our experiments, we included two baseline
methods relying on sparse term-based vectors,
as well as dense retrievers fine-tuned from Trans-
former language models. We used the training
split of the Polish MS MARCO dataset for all mod-
els that required training. The evaluation includes
the following sparse approaches:
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Model name
Average
NDCG@10
(41 tasks)

Avg. without
MAUPQA
(29 tasks)

PolEval-2022
(7 tasks)

Web Datasets
(9 tasks)

BEIR-PL
(11 tasks)

MAUPQA
(12 tasks)

Other
(2 tasks)

Our sparse baselines
BM25 41.85 43.17 45.51 47.27 33.26 38.64 71.09
SPLADE++ 52.93 54.06 58.92 58.60 42.47 50.22 80.39
Our dense baselines
MSE baseline (base) 45.47 47.82 51.87 55.56 33.55 39.80 77.35
MSE baseline (large) 49.98 52.47 57.49 61.13 37.26 43.98 79.58
MNR baseline (base) 46.44 48.98 51.69 55.71 36.52 40.30 77.74
MNR baseline (large) 48.63 51.18 54.22 57.82 38.61 42.45 79.84
Other Polish and multilingual retrievers
poleval-2022 (base) 45.57 47.62 50.45 55.96 33.84 40.63 75.98
poleval-2022 (large) 48.26 50.90 53.78 58.99 37.41 41.90 78.58
silver-retriever-v1 (base) ∗ 53.61 60.87 61.92 37.18 ∗ 81.18
multilingual-e5 (small) 50.65 52.26 57.84 53.82 42.45 46.77 79.72
multilingual-e5 (base) 53.12 55.08 60.16 59.09 44.01 48.38 80.18
multilingual-e5 (large) 57.29 60.09 65.86 64.35 48.99 50.53 81.81

Table 2: Evaluation results of our baselines and other available retrieval models for Polish. We report
Normalized Discounted Cumulative Gain at 10 (NDCG@10) for the entire PIRB benchmark consisting
of 41 tasks as well as for separate task groups. The best score in each column is shown in blue, the
second best in red.
∗ Since silver-retriever-base-v1 (Rybak and Ogrodniczuk, 2023) was trained on datasets from MAUPQA,
it cannot be reliably evaluated on this part of the benchmark. In order to compare it to the other models,
we also provide average scores on the benchmark with MAUPQA datasets excluded.

• BM25 (Robertson et al., 2009) is a popular and
effective term-based ranking function used in infor-
mation retrieval since the 1980s. It is an extension
of TF-IDF weighting scheme, providing a balanced
approach to text ranking, considering both term
frequency and document specificity. In our ex-
periments, we used the implementation of BM25
available in anserini (Yang et al., 2018). We ap-
plied the default Polish analyzer, which performs
the lemmatization of words with the Morfologik5 li-
brary.
• Sparse Lexical and Expansion (SPLADE)
model (Formal et al., 2021b,a) is a family of
modern term-based methods employing Trans-
former language models. In this approach, the
masked language modeling (MLM) head is op-
timized to generate a vocabulary-sized weight
vector adapted for text retrieval. SPLADE is
a highly effective sparse retrieval ranking algo-
rithm, achieving better performance than classic
methods such as BM25. Unlike those methods,
SPLADE directly uses subwords generated by the
tokenizer as terms. We trained the Polish version
following the same procedure as the SPLADE++
variant (Formal et al., 2022), utilizing hard nega-
tives mined with an ensemble of cross-encoders
(EnsembleDistil). We used Polish DistilRoBERTa
(Dadas et al., 2020) as our base language model.

5https://github.com/morfologik/
morfologik-stemming

In addition to the above methods, we also
trained Polish text encoders using scripts provided
in the Sentence-Tranformers library. These exam-
ples show how to train high-quality dense retriev-
ers with a set of hard negatives acquired from a
cross-encoder. Authors of the library propose two
fine-tuning methods with different loss functions:

• MSE (Mean Squared Error) baseline is a
model fine-tuned using the Margin-MSE loss (Hof-
stätter et al., 2020), which aims to reduce the
margin difference for a positive-negative pair be-
tween the reference scores obtained from cross-
encoder and scores produced by the optimized
model. Specifically, the loss is calculated using
the following formula:

MSE
(
s(q, d+)− s(q, d−), ŝ(q, d+)− ŝ(q, d−)

)
(1)

in which q, d+ and d− denote query, positive doc-
ument, and negative document, respectively, s is
the reference similarity between query-document
pair, and ŝ is the similarity computed by the trained
model.

• MNR (Multiple Negatives Ranking) baseline
uses contrastive loss with in-batch negatives (Hen-
derson et al., 2017) in addition to hard negatives.
Given a query qi and a mini-batch consisting of K
queries, the loss for that query is calculated with

https://github.com/morfologik/morfologik-stemming
https://github.com/morfologik/morfologik-stemming
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the following formula:

−ŝ(qi, d
+
i )+ log

K∑
k=1,
k ̸=i

eŝ(qi,d
+
k )+ log

K∑
k=1

eŝ(qi,d
−
k ) (2)

in which d+k and d−k denote positive and negative
document for the k-th query, and ŝ is the computed
text pair similarity.

We fine-tuned Polish RoBERTa base and large
(Dadas et al., 2020) language models with both
methods. We used the default hyperparameters
defined in the original training scripts, except for
the batch size, which we reduced from 64 to 32 for
the large models. The models were trained for 10
epochs. We employed a learning rate scheduler
with a warmup phase for the first 1,000 batches,
a peak learning rate of 2e−5, and linear decay for
the remainder of the training. Cosine similarity was
used as a similarity metric andmean pooling as the
output pooling method.

5.2. Other methods
As part of our experiments, we evaluated over
20 publicly available Polish and multilingual dense
text encoders, but only a few of them proved to
be effective enough for practical use in retrieval
tasks. In this publication, we present results only
for the models that achieved an NDCG@10 score
higher than the BM25 baseline. In the full ranking,
which we have made available online6, we include
all of the evaluated retrievers, along with more de-
tailed results covering individual datasets. Models
offering good performance for Polish text retrieval
include:

• Multilingual E5 is a text encoder supporting
over 100 languages. It is a multilingual version of
the E5 model (Wang et al., 2022), developed us-
ing the same two-stage training procedure. The
first stage involved weakly-supervised training on
a dataset of text pairs extracted from large inter-
net corpora, such as Common Crawl. In the sec-
ond stage, the model was fine-tuned in a super-
vised manner on several annotated datasets. The
multilingual versions, which were released a few
months after the original English models, were
made available in small (118M parameters), base
(278M), and large (560M) sizes.
• Silver Retriever (Rybak and Ogrodniczuk,
2023) is a Polish dense retrieval model trained
on MAUPQA datasets with hard negatives mined
employing a combination of heuristic rules and
cross-encoders. The model was trained with con-
strastive loss for 15,000 steps using a batch size

6huggingface.co/spaces/sdadas/pirb

of 1024. Only the base-sized version of the en-
coder was released, fine-tuned from the HerBERT
language model (Mroczkowski et al., 2021).

• Although the solutions submitted to the PolEval-
2022 Passage Retrieval competition focused pri-
marily on the reranking phase, a few dense re-
trievers were also trained. Kozłowski (2023) pro-
vided two text retrieval models, base and large,
fine-tuned on a Polish translation of MS MARCO
and training data from the competition, with a set
of negatives generated using BM25.

5.3. Results

The results of our evaluation are presented in Ta-
ble 1. The table compares the performance of our
baseline models and the other models described
in the previous section. The methods are scored
according to the Normalized Discounted Cumula-
tive Gain at 10 (NDCG@10) metric.
We can see that the multilingual E5 models

demonstrate high quality, with the large model sig-
nificantly outperforming the other evaluated solu-
tions. Among the smaller models, in addition to
E5 base, Silver Retriever and SPLADE++ also
deliver good results. Silver Retriever achieves
the second-highest score in three task groups,
although worse performance on the BEIR-PL
datasets lowers its overall rating. SPLADE++ per-
forms well on all task groups, achieving an aver-
age NDCG@10 value close to E5 base, despite
being based on a model with only 82 million pa-
rameters, fewer than any of the evaluated dense
retrievers.
Models from the PolEval-2022 competition and

our dense baselines lag behind the other methods.
All of these retrievers show similar performance,
with MSE large baseline being marginally better
than the other models. However, the difference
in NDCG@10 between these models and E5 with
a similar number of parameters is at least a few
points in favor of E5.

6. Dense and hybrid retrievers

The final stage of our research involved training
new dense text encoders for the Polish language
that could compete with the best currently avail-
able models. In this section, we present our
recipe for training effective language-specific re-
trieval methods. Our proposed process consists
of three steps, as illustrated in Figure 1. We be-
gin this section by providing an overview of each
stage of building our retrieval solution. We then
compare the results achieved by our models on
the PIRB benchmark with methods tested earlier.

https://huggingface.co/spaces/sdadas/pirb
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Figure 1: An overview of our procedure for building effective retrieval methods. In the first step, we
perform knowledge transfer from an English dense retriever using a bilingual corpus. Next, we fine-tune
the obtained model on an annotated dataset for text retrieval in the target language using contrastive
loss. In the final step, we construct a lightweight hybrid combining dense and sparse methods, utilizing
an additional learning-to-rank model.

6.1. Methodology

Below, we present a description of the individual
stages of our experiments. The dense retrieval
model resulting from each of the steps is used in
the subsequent stage of the process. The order of
these steps is as follows:

1. Knowledge distillation - Our procedure be-
gins with transferring knowledge from a high-
quality English text encoder to a language-specific
model, employing multilingual knowledge distilla-
tion technique (Reimers and Gurevych, 2020). In
this procedure, the original well-performing en-
coder is known as the teacher model, while the
new encoder we want to train is the student model.
We initialized the student with the weights of an al-
ready trained checkpoint supporting the target lan-
guage, in our case Polish. We selected two groups
of models of different sizes as the basis for our ex-
periments: pre-trained Polish RoBERTa language
models (Dadas et al., 2020) and multilingual E5
(Wang et al., 2022). For teachers, we chose En-
glish FlagEmbedding (Xiao et al., 2023) models.
The goal of this knowledge distillation method is to
fine-tune a student model using bilingual corpora
to approximate text representation generated by
the teacher. During training, the original encoder
generates a vector representation of the English
text, while the student produces a representation
for the translation of that text. The difference be-
tween the vectors is then used to compute the
mean-squared error (MSE) loss, which aims to re-
duce the distance between these representations.

To conduct this stage of training, we collected a
Polish-English bilingual corpus consisting of over
60 million text pairs. The corpus included sub-
sets representing various types of content: 1) sin-
gle sentences and short texts from the OPUS
(Tiedemann, 2012) project; 2) longer paragraph-
aligned texts from PELCRA (Przepiórkowski et al.,
2010), DGT (Steinberger et al., 2012), Wikipedia,
and bilingual abstracts from scientific publica-

tions; 3) a collection of over 2 million ques-
tions extracted from Common Crawl and question-
answering datasets, translated from English to
Polish using machine translation. The collected
texts were subsequently filtered by the LaBSE
(Feng et al., 2022) model to exclude noisy and
low-quality translations. We discarded texts for
which the similarity between aligned sentences
was lower than 0.7. The models were trained with
a batch size of 32. We trained small and base
models for 3 epochs, large models for 2 epochs.
A learning rate scheduler with linear decay and a
warmup phase of 10,000 steps was used.

2. Fine-tuning - The second stage involved fur-
ther supervised training on an annotated text re-
trieval dataset. This step is similar to the previ-
ously used procedure for training baseline MNR
models. In this case, we also used the training split
of the MS MARCO dataset, optimizing the mod-
els with contrastive loss utilizing in-batch and hard
negatives. However, we applied different training
hyperparameters. Following Wang et al. (2022),
we introduced a temperature hyperparameter and
set it to a value of 0.01. We also used larger batch
sizes: 288 for small models, 192 for base mod-
els, and 72 for large models. All models were fine-
tuned for 50,000 steps, with a warm-up phase for
the first 1,000 steps to reach a peak learning rate
of 2e− 6, which was then linearly decayed.

3. Sparse-dense hybrids - The final step in
our procedure was to build a hybrid system that
combines results from dense and sparse mod-
els. Since these representations can capture dif-
ferent characteristics of the input data, merging
results from two indexes can improve the over-
all performance of the text retrieval system (Chen
et al., 2022; Luan et al., 2021). Naive aggrega-
tion methods involve computing new weights for
query-document pairs as a weighted average of
the scores returned by each index. Unfortunately,
due to the different scales of the scores, it’s difficult
to set such weights that would provide good zero-
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Student model Teacher model Before
fine-tuning Fine-tuned Hybrid

(BM25)
Hybrid

(SPLADE)
No distillation, only fine-tuning
multilingual-e5 (small) - 50.65 51.38 (+0.73) 53.56 (+2.91) 55.63 (+4.98)
multilingual-e5 (base) - 53.12 54.13 (+1.01) 55.59 (+2.47) 56.79 (+3.67)
multilingual-e5 (large) - 57.29 57.44 (+0.15) 58.47 (+1.18) 58.66 (+1.37)
Distillation + fine-tuning
multilingual-e5 (small) bge-small-en 47.64 52.25 (+4.61) 54.25 (+6.61) 56.04 (+8.40)
multilingual-e5 (base) bge-base-en 53.56 56.01 (+2.45) 56.99 (+3.43) 57.91 (+4.35)
multilingual-e5 (large) bge-large-en 56.00 58.03 (+2.03) 58.84 (+2.84) 59.22 (+3.22)
polish-roberta-v2 (base) bge-base-en 53.60 56.11 (+2.51) 57.20 (+3.60) 58.01 (+4.41)
polish-roberta-v2 (large) bge-large-en 55.62 58.06 (+2.44) 58.82 (+3.20) 59.23 (+3.61)

Table 3: A comparison of the NDCG@10 metric on the PIRB benchmark for distilled, fine-tuned and
hybrid methods. The best score in each column is shown in blue, the second best in red.

shot results for different datasets. More complex
systems use two-stage retrieval, in which the first
stage retrieves a number of relevant documents
from each index, and then the documents are
sorted by the reranker model. However, such sys-
tems are considerably slower than purely retrieval-
based solutions since the most common reranker
architectures require calculating the score for each
query-document pair separately.

In our approach, we propose a lightweight
learning-to-rank model that takes the scores of
dense and sparse models as input and returns a
new score for each query-document pair. To train
the model, we use the pairwise LambdaMART
(Burges, 2010) algorithm implemented in the XG-
Boost (Chen and Guestrin, 2016) library, which
optimizes the NDCG metric. For each index that
makes up the hybrid system, four attributes are
passed to the learning-to-rankmodel: the score for
a given query-document pair, the maximum and
minimum score returned for the entire list of rele-
vant documents, and a binary attribute indicating
whether a given document is on the relevant docu-
ments list. If the document is not present in the set
of relevant documents, all four attributes for the in-
dex are set to 0. As in the previous stage, we also
use a training split of Polish MS MARCO to opti-
mize the rescoring model. We use the following
hyperparameters for the XGBRanker model: num-
ber of gradient boosted trees is set to 100, max
tree depth to 6, subsampling ratio to 0.75, and col-
umn subsampling by tree to 0.9. In our experi-
ments, we evaluate two types of hybrid indexes:
one using the BM25 method as the sparse index
and another utilizing the stronger SPLADE model.

One of the advantages of the proposed rescor-
ing model is its efficiency, resulting in minimal
computational overhead on the entire retrieval sys-
tem. For a hybrid system composed of two in-
dexes and a maximum number of relevant doc-
uments set to 200 per query (100 from each in-

dex), the throughput of aggregating results using
our lightweight learning-to-rank model was approx-
imately 1,500 queries per second on a machine
with Intel i7-13700 CPU and Nvidia RTX 3090
GPU. For comparison, using a Transformer-based
reranker7 on the same configuration achieved a
throughput ranging from 2 to 5 queries per second,
depending on the dataset and length of the docu-
ments in batch.

6.2. Results
The results of our experiments are presented in
Table 3. We compared the average NDCG@10
values achieved by distilled, fine-tuned, and hy-
brid models on the PIRB benchmark. We also in-
cluded an evaluation of the original multilingual E5
models, which exhibited high performance in re-
trieval tasks. We fine-tuned them on Polish data
and built sparse-dense hybrids, just like for the dis-
tilled models.
We can observe that after the distillation stage,

the quality of the obtained models is lower than
that of the available E5 models. An exception is
the base-sized models, which already gain a slight
advantage at this stage. However, distilled models
respond significantly better to fine-tuning. Each
model achieves better results after that stage, with
distilled models experiencing an increase in the
NDCG@10 metric ranging from 2.5 to over 4.5
points. For the original E5 models, this observed
increase is lower, at a maximum of 1 point.
The use of hybrid solutions allows for further

improvement in results. The observed increases
are higher for smaller dense models, for which
the combination with a sparse index yields strong
results. For instance, the hybrid of the small-
sized model with the SPLADE model significantly
outperforms standalone base-sized models, even
approaching results obtained by large models by

7https://huggingface.co/clarin-knext/
herbert-base-reranker-msmarco

https://huggingface.co/clarin-knext/herbert-base-reranker-msmarco
https://huggingface.co/clarin-knext/herbert-base-reranker-msmarco
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around 1 point. For the other model sizes, an in-
crease is also noticeable, with base models gain-
ing an additional 2 points and largemodels gaining
1 point in NDCG@10 compared to the results from
the second stage. As expected, SPLADE hybrids
offer better quality than BM25 hybrids, but the dif-
ference between these methods also decreases
as the size of the dense model increases.

7. Conclusion

In this work, we have introduced PIRB, a text in-
formation retrieval benchmark for the Polish lan-
guage consisting of 41 tasks, including 10 that in-
corporate new, previously unpublished datasets.
We conducted a detailed evaluation of multiple
retrievers, including dense and hybrid solutions
trained as part of our research. The methods built
using our approach achieved results surpassing
the best text retrieval models for Polish to date.
We believe that our work will help standardize the
evaluation of information retrieval systems and ad-
vance research in this area for Polish.
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A. Appendix: Data pre-processing

This section describes our data pre-processing
pipeline for Web Datasets. Since they contain
questions and answers collected from the inter-
net, additional cleaning and filtering steps are re-
quired to ensure the appropriate quality of evalua-
tion data. For the GPT-exams, there is no need to
perform the described steps because the model’s
responses do not exhibit the same issues. The
cleaning process primarily relies on heuristics and
dictionary-based methods. More specifically, we
employed the following steps:

• Text normalization - We removed e-mails and
www addresses using regular expressions. Addi-
tionally, special characters were removed, and se-
quences of whitespace characters were replaced
with a single space.
• Removing personal information - In order to
anonymize the documents, we split the text into
sentences and lemmatized each sentence. Then,
we use a set of dictionaries of Polish first names,
surnames, and words indicating contact informa-
tion (such as ”mail,” ”www,” ”tel”, ”address”) to
identify sentences containing such words and re-
move them from the texts.
• Removing non-informative phrases - Using
a dictionary-based method, we also removed
phrases from the beginning and end of the text,
both from questions and answers. We removed
texts such as ”good morning”, ”thank you in ad-
vance”, ”best regards”, which do not contribute
substantively to the content.
• Numbering removal - In some sources, ques-
tions are numbered. For these datasets, we re-
move the number if it appears at the beginning of
the question.
• Removing questions with images - In two
datasets (techpedia and onet), there may be ques-
tions that contain additional context in the form of
an image. In the case of these datasets, we re-
moved all questions containing phrases such as
”picture”, ”photo”, ”image”.
• Removing short texts - Most erroneous and
noisy samples come from short questions or an-
swers. Moreover, short answers are often too
general to be matched to a specific question with-
out providing additional context. Therefore, we
removed questions shorter than 10 characters
and answers shorter than 50 characters (200 for
abczdrowie and specprawnik, since those two
datasets were of lower quality than the rest).

The source code of our preprocessing script,
along with the dictionaries and execution argu-
ments for each dataset, is available here: https:
//share.opi.org.pl/s/oMFJqJ5sSWjzFSX.

B. Appendix: Error analysis

In this section, we present conclusions from
error analysis based on the results obtained
by our standalone retrieval models and hybrid
methods. In order to further investigate the
results of our methods, we conducted two com-
parisons. Below is the summary from the analysis.

Best of our dense retrievers (distilled and
fine-tuned polish-roberta-large-v2) vs. previ-
ous state-of-the-art (multilingual-e5-large):
• We divided all datasets into subgroups based on
average query length: short (less than 10 words),
medium (10-20 words), and long (more than 20
words). Our model outperforms E5 on 53% of
short, 50% of medium, and 83% of long datasets.
• PolEval-2022 is the only taks group, in which E5
performs significantly better. The group consists
of seven datasets, all with a similar structure, com-
prising short natural queries and relatively short
passages (below 50 words).
• On the other hand, our model achieves bet-
ter results on datasets from the BEIR-PL and
Web Datasets groups, which consist of a more
diverse sets of tasks. BEIR-PL also includes
datasets with short queries from search engines,
such as MS MARCO, NFCorpus, or DBPedia. On
these datasets, our model has a few points of
NDCG@10 advantage over E5.
• E5 performs better or comparably to our model
on trivia-like datasets, while our model exhibits bet-
ter generalization ability to specialized domains.
Our standalone retrievers vs. hybrid retrieval:
• The use of a hybrid retrieval improves results pri-
marily for queries containing named entities or spe-
cialized terminology. Such cases can benefit from
term-based matching of sparse indexes.
• In addition, the use of the hybrid approach im-
proves results for task groups, in which the stan-
dalone model performed worse or comparably to
the original E5 model, particularly for PolEval-
2022 and MAUPQA tasks. In the other groups, the
differences are small.

C. Appendix: Detailed results

In the main part of the publication, we focused only
on the subset of models evaluated by us, which we
assessed according to the NDCG@10 metric. Be-
low are more detailed results of our experiments,
demonstrating a wider range of metrics including
NNDCG@10, MRR@10, Recall@100, and Accu-
racy@1.

https://share.opi.org.pl/s/oMFJqJ5sSWjzFSX
https://share.opi.org.pl/s/oMFJqJ5sSWjzFSX
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e5-small e5-base e5-large e5-small (distilled)
46
48
50
52
54
56
58
60

ND
CG

@
10

50.65 53.12 57.29 47.64

+0.73

51.38

+1.01

54.13

+0.15

57.44

+4.61

52.25

+2.91

53.56

+2.47

55.59

+1.18

58.47

+6.61

54.25

+4.98

55.63

+3.67

56.79

+1.37

58.66

+8.40

56.04

Before fine-tuning
Fine-tuned
Hybrid (BM25)
Hybrid (SPLADE)
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Figure 2: NDCG@10 values obtained by the models trained in our study. We present the results of the
original multilingual E5 models, as well as models distilled from FlagEmbeddings based on E5 and Polish
RoBERTa. For each model, we show its performance before fine-tuning, after fine-tuning on the Polish
MS MARCO dataset, and the result of the sparse-dense hybrid combining the given model with BM25
and SPLADE methods.
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Figure 3: MRR@10 values obtained by the models trained in our study. We present the results of the
original multilingual E5 models, as well as models distilled from FlagEmbeddings based on E5 and Polish
RoBERTa. For each model, we show its performance before fine-tuning, after fine-tuning on the Polish
MS MARCO dataset, and the result of the sparse-dense hybrid combining the given model with BM25
and SPLADE methods.



12774

e5-small e5-base e5-large e5-small (distilled)

66

68

70

72

74

76
Re

ca
ll@

10
0

68.75 70.91 73.76 67.43

+0.88

69.63

+0.62

71.53

+0.18

73.94

+3.03

70.46

+1.99

70.74

+1.23

72.14

+0.72

74.48

+4.06

71.49

+3.31

72.06

+1.92

72.83

+0.68

74.44

+5.12

72.55

Before fine-tuning
Fine-tuned
Hybrid (BM25)
Hybrid (SPLADE)

e5-base (distilled) e5-large (distilled) roberta-base (distilled) roberta-large (distilled)

66

68

70

72

74

76

Re
ca

ll@
10

0

71.95 73.58 71.96 73.39

+1.41

73.36

+0.95

74.53

+1.51

73.47

+1.15

74.54

+1.58

73.53

+1.14

74.72

+1.84

73.80

+1.39

74.78

+2.01

73.96

+1.26

74.84

+2.11

74.07

+1.51

74.90

Figure 4: Recall@100 values obtained by the models trained in our study. We present the results of
the original multilingual E5 models, as well as models distilled from FlagEmbeddings based on E5 and
Polish RoBERTa. For each model, we show its performance before fine-tuning, after fine-tuning on the
Polish MS MARCO dataset, and the result of the sparse-dense hybrid combining the given model with
BM25 and SPLADE methods.
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Figure 5: Accuracy@1 values obtained by the models trained in our study. We present the results of
the original multilingual E5 models, as well as models distilled from FlagEmbeddings based on E5 and
Polish RoBERTa. For each model, we show its performance before fine-tuning, after fine-tuning on the
Polish MS MARCO dataset, and the result of the sparse-dense hybrid combining the given model with
BM25 and SPLADE methods.
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