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Abstract. Europeana is the leading digital library of Europe’s cultural
heritage, providing access to over 60 million items in more than 40 lan-
guages. Its search infrastructure relies on Solr and BM25 over the items’
metadata, thus depending heavily on keyword matching and resource-
intensive treatments such as translation and multilingual metadata en-
richment. This paper explores the application of Neural Information Re-
trieval (NIR) approaches in Europeana, focusing on multilinguality. We
created a dataset for comparative evaluation, and show that while NIR
demonstrates strong potential for multilingual search, challenges remain
regarding its performance, particularly for entity-centric queries. This
work also highlights the need for more reliable evaluation data.
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1 Introduction

Artificial Intelligence (AI) is increasingly deployed in digital libraries to enhance
internal processes (e.g., cataloging and content enhancement) and to improve
discoverability and accessibility. Somewhat mature applications include hand-
written and optical character recognition, as well as enrichment initiatives like
Saint George on a Bike [16], Transcribathon [5], the Cultural Heritage AI Cook-
book [14], and the generation of domain-specific models, like those created in
the national libraries of Norway [8] and Sweden [6]. Applications of AI in search
remain more exploratory. Examples include image-based similarity search at
the Bavarian State Library [2], AI-guided query reformulation at Stony Brook
University Libraries [18], semantic image search at the National Museum of Nor-
way [17], and Retrieval-Augmented Generation (RAG) efforts at Northwestern
University Libraries [11].

The cultural heritage community is particularly alert to risks posed by AI,
since its operations depend on public trust regarding the accuracy and relia-
bility of information, as well as the protection of intellectual property. As a
result, institutions are slowly developing strategies for responsible AI adoption
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(e.g., [13]). Digital libraries often lack substantial technical capacity and oper-
ate under resource constraints, making experimentation difficult. In addition,
research on AI for information access rarely reflects the characteristics of CH
collections: heterogeneous, dynamic, multilingual, and with a mix of structured
and unstructured sparse data. This mismatch reduces the direct applicability of
many state-of-the-art methods.

Europeana exemplifies these challenges. It aggregates digitized metadata for
CH content from thousands of European libraries, archives and museums, form-
ing a large and diverse metadata collection. Search is currently supported by a
keyword-based Solr+BM25 system, which scales well but is limited in handling
multilinguality, semantics, and contextual understanding. To mitigate these is-
sues, Europeana enriches metadata with multilingual entity information from
external sources like Wikidata, and translates queries and selected metadata
fields to English as a pivot language [12, 9]. However, these steps introduce noise,
especially for short queries, entities and fields with little contextual information.
They are also resource-intensive, costly to maintain, and incomplete, as transla-
tion is currently not automatically applied to newly ingested metadata.

This paper summarizes Europeana’s first evaluation of NIR models to better
accommodate its search needs [1]. We compare them with the current pipeline
and assess whether neural methods can provide better multilingual and semantic
search while reducing reliance on expensive workflows.

2 Methodology

We compared the current BM25 baseline with three neural models that follow
different approaches: Jina ColBERT v2, a multilingual late-interaction model
that encodes token-level embeddings [7]; SBERT (Multilingual DistilUSE), a
lightweight sentence transformer [15]; and BGE-M3 Hybrid, a dense+sparse
model that combines semantic and lexical evidence via rank fusion [3].

Given the absence of a suitable dataset with explicit relevance judgments,
we built one from Europeana’s user click logs in the period April–May 2024. We
started from user queries with associated clicked documents, keeping only those
where both query and document languages were among the 20 most represented
ones. This resulted in 23K queries and 45K clicked documents. We randomly
selected 40% of queries for testing, ensuring that the joint query-document lan-
guage distribution remained consistent across training and test sets.

From the full Europeana corpus of 60M documents, we retained the 40M
documents with enrichment and English translation. To reduce the cost of ex-
periments, we randomly downsampled smaller subsets of 4M and 1M documents,
to which we added the 45K clicked ones. Figure 1 shows the language distribu-
tions of documents, queries and clicks. The 1M collection was used for testing,
while the 4M collection was used to retrieve negatives for fine-tuning: for each
training query, clicked documents served as positives, and negatives were sam-
pled by running BM25 and taking one document per language from the bottom
of the ranking.
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Fig. 1. The language distribution of the documents (c) shows a clear overrepresenta-
tion of English and German and, to a lesser extent, French, Polish, Dutch and Spanish.
The language of clicked documents (b) follows a similar distribution, though English is
much less frequent because clicks were recorded under a BM25 policy with document
augmentation (i.e. non-English documents become retrievable for English queries). The
language distribution of the queries (d) shows a similar bias towards popular languages,
especially English. The joint query-click language distribution (a), where the diagonal
reflects monolinguality, shows the expected clustering among the most popular lan-
guages in both queries and clicks: English, Spanish, German, French, Italian and Dutch.

For evaluation, the 1M test dataset was indexed in Solr for BM25, FAISS
for ColBERT, and Milvus for SBERT and BGE. We indexed all metadata fields
mapped to Solr-BM25’s default field (e.g., title, description, creator). We
contemplated two main factors for comparison: model (and possible fine-tuning)
and augmentation (adding English translation to the query, and enrichments
and/or translations to the documents). These factors are examined along two
dimensions: multilinguality and effectiveness. For multilinguality we calculate
the fraction (F) of retrieved documents in a language other than the query’s,
and the entropy (H, normalized in [0, 1]) of their distribution as a measure of
(lack of) bias towards specific languages. For effectiveness we compute Average
Precision (AP) and Recall (R). Only the top 100 documents per query were
analyzed. Since English acts as the pivot language for translation and accounts
for 36% of the queries, the metrics are calculated separately for English and non-
English queries, and reported here only for the latter; the overall conclusions are
the same.
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Table 1. Multilinguality (F,H) and effectiveness (AP,R) for a selection of systems (no
fine-tuning). Bare for systems without augmentation, Daug for full document aug-
mentation (translations and enrichments), and Daug+Qaug for query augmentation.

Bare Daug Daug+Qaug
BM25 ColBERT SBERT BGE BM25 ColBERT SBERT BGE BM25 ColBERT SBERT BGE

F 0.542 0.747 0.730 0.608 0.677 0.745 0.729 0.609 0.740 0.755 0.723 0.630
H 0.726 0.807 0.733 0.789 0.743 0.805 0.732 0.789 0.797 0.805 0.728 0.788
AP 0.752 0.323 0.034 0.379 0.775 0.343 0.031 0.365 0.703 0.306 0.039 0.318
R 0.890 0.623 0.144 0.696 0.911 0.649 0.135 0.694 0.900 0.642 0.148 0.694

3 Results

Table 1 shows that bare ColBERT and SBERT models achieve the multilin-
guality of BM25 when it incorporates all augmentations (F≈0.74). BGE is less
multilingual (F=0.608), but still more so than a bare BM25 model (F=0.542).
Document augmentation has a clear impact on the multilinguality of BM25
(∆F=+0.135), where the effect of translations is much larger than the effect
of enrichments (∆F=+0.128 vs. +0.022). Further adding query augmentation
substantially improves BM25, especially in balancing the language distribution
(∆F=+0.063, ∆H=+0.054). However, the impact of augmentations is generally
limited in the neural models because they are already multilingual. In many
instances, and especially with ColBERT, augmentations did even alter the rank-
ings substantially (RBOw

p=0.96 [4] below 0.35), but the overall multilinguality and
effectiveness barely changed. Only query augmentation led to a mild improve-
ment in BGE (∆F=+0.021), but made both ColBERT and BGE less effective.

The impact of fine-tuning is generally inconsistent across models. SBERT
is the exception: fine-tuning consistently increases multilinguality (∆F=+0.118)
and slightly improves language-balance; this balance weakens only in case of ex-
treme multilinguality (H≈0.42 when F≈0.98). In addition, fine-tuning moderates
the effect of document augmentation on the rankings, evidenced by a dramatic
change in RBO scores in BGE (0.393 with fine-tuning vs. 0.742 without) and es-
pecially in SBERT (0.018 with vs. 0.812 without). Fine-tuning amplifies the effect
of document translation in BGE (∆F=+0.062 with fine-tuning vs. ∆F=+0.012
without). It also amplifies the effect of enrichment in SBERT (∆F=+0.189 with
fine-tuning vs. ∆F=-0.004 without), but at the cost of a dramatic drop in balance
(∆H=-0.333 with vs. ∆H=-0.003 without).

Regarding effectiveness, BM25 appears to perform much better than the
neural models, with an average AP of 0.729. ColBERT and BGE average ≈0.327,
and SBERT stays far below at 0.034 when fine-tuned and 0.001 when not. Recall
leads to similar conclusions, with an average of 0.895 with BM25, 0.646 with
ColBERT and BGE, and 0.142 with SBERT when fine-tuned and 0.001 when not.
But we should take these scores with a grain of salt because of the obvious bias
in the query logs: as mentioned, user clicks were recorded under a BM25 policy
with document augmentation but (mostly) without query translation. Indeed,
translating queries in BM25 was expected to perform better, but it showed a 9%
drop in AP. To further investigate the possibility of bias, we manually inspected
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a few queries in different languages where BM25 appeared to perform much
better than the neural systems. We made relevance judgments and found that
ColBERT and BGE actually outperformed the best BM25 by 0.08 in AP. This
manual inspection also revealed that neural models seem to struggle with entity
queries. This is especially concerning for Europeana because more than 50% of
the user queries are entity-centric [10, 9].

4 Conclusion and Future work

This study shows that neural models can substantially enhance Europeana’s ca-
pability to support multilingual and semantically nuanced search without relying
on translation or metadata enrichment. Further investigation is still required be-
fore deploying neural systems in our production environment. First, our results
suggest that these models do not match the effectiveness of pure lexical retrieval
for entity-centric queries. Second, the system must maintain acceptable response
times within reasonable infrastructure constraints, even as the collection grows
dynamically. Third, it is necessary to ensure that the system does not introduce
language bias by disproportionately favoring certain languages over others, espe-
cially those less represented. For instance, our experiments showed that SBERT
can be highly multilingual, but at the cost of favoring some languages. The issue
of language bias and fairness is particularly critical for Europeana, because our
collection contains items in more than 40 languages.

Moreover, we would like to explore the broader spectrum of possibilities that
AI and LLMs offer for enhancing the search process, such as retrieval-augmented
generation or LLM-driven query and document augmentation. LLM-generated
relevance judgments, in particular, may have a very large impact in the Cultural
Heritage domain. As exemplified by this paper, one of the largest limitations is
the lack of resources, both for development and evaluation. In our case, the lack
of explicit judgments limits the confidence we can have when evaluating model
effectiveness. In this line, Europeana will explore ways to better support experi-
mentation, pursuing collaborative research frameworks that ensure the required
user privacy while enabling research that can benefit the broader community.

5 Speaker and Company
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Named Entity Recognition, and has been involved in several projects related to
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participates in EU projects spanning digitization, data aggregation, technological
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