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Abstract
Accessing research and innovation information increasingly requires effective retrieval across languages, docu-
ment types, and levels of textual granularity. In many research ecosystems, content is inherently multilingual
and queries are short, concept-driven, and underspecified, posing challenges for traditional lexical retrieval
methods, while performance of general-purpose dense retrieval is limited. In this work, we present an empirical
evaluation of multilingual dense retrieval for scholarly documents in Catalan, Spanish, and English. We analyse
the behaviour of general-purpose and domain-adapted embedding models across monolingual and cross-lingual
settings, query types, and query lengths, and compare dense retrieval against strong sparse baselines. Using
weakly supervised query–passage and triplet datasets derived from open research information, we show that
domain-specific multilingual fine-tuning substantially improves retrieval effectiveness, semantic alignment, and
embedding coherence. Our results highlight the importance of domain and multilingual adaptation for robust
scholarly information access. These capabilities are particularly important for research mapping and scientometric
analysis tools, where retrieval quality can directly influence downstream analytical modules such as topic and
collaboration analysis, or research portfolio mapping.
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1. Introduction

Scientific and technical information is increasingly available through open databases of research projects,
scholarly publications, and patents [1, 2, 3], which contain an enormous quantity of textual information
that details current challenges, proposed advancements, used technologies, and expected impact of the
research and innovation process [4]. Given this situation, one could think that the growing amount
of available information is very useful to foster new discoveries and advances in research. However,
accessing and reading this large and growing amount of documents would be extremely time-consuming,
and therefore, unfeasible for humans [5].

These documents form the basis of research mapping platforms [6, 7, 8] which allow researchers and
policymakers to search, compare, and analyse of research and innovation activities and production
across languages, institutions, and funding instruments. Search in scholarly and project repositories is
therefore often multilingual and concept-driven. Research information systems aggregate outputs from
different territories and communities with distinct dominant languages, and publicly funded research
projects managed by national or regional funding agencies frequently provide titles and descriptions in
local languages [9, 10, 6, 7, 11]. These challenges are particularly evident in publicly funded research
data, where documents are distributed across local, national, and international repositories, and titles
and descriptions may vary substantially in length, detail, and availability.

The aim of research mapping platforms often goes beyond traditional document ranking and relevance,
because search results are also commonly used as input to analytical modules aimed at understanding
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scientific specialisation, organisational performance, or thematic trends across research portfolios. In
this sense, retrieval can be interpred as a form of classification. Users frequently issue brief queries such
as ’cancer’, ’artificial intelligence’ or ’blue economy’, expecting to retrieve relevant documents that may
be written in different languages and described using diverse and more specific scientific terminology.
These fine-grained scientific concepts are the basis of scientific queries [12]. However, the major
difficulty in scholarly information retrieval could be the knowledge behind the words which is expected
to be known or understood [13], especially relevant for those queries that are not self-descriptive or
only known by domain experts.

(a) Similarity distribution over the trilingual project
dataset (Catalan, English, Spanish) to exemplify the
language bias from the query.

(b) Similarity distribution restricted to English projects,
comparing embeddings computed from title only,
abstract only, and title+abstract to assess the effect
of text length.

Figure 1: Cosine similarity distributions for the query "nuclear energy" with multilingual E5 [14] on a sample of
1.5k project descriptions in English, Spanish, and Catalan. Similarity scores are computed using cosine similarity
between query and document embeddings produced by SentenceTransformers.

While traditional keyword-based information retrieval systems can handle lexical representations [15],
they fail to capture the semantic relationships and contextual meaning that characterise modern scientific
language—for example, they cannot recognise that ’oncology’ and ’cancer research’ refer to related
concepts, or that a query in Spanish should match an English abstract on the same topic, or to process
more complex queries like ’AI for energy transition’. Recent advances in multilingual large language
models have enabled more natural and concept-oriented interaction with textual databases through
semantic search [16]. Embedding-based retrieval [17, 18] represent search queries and documents in
a shared semantic space, supporting retrieval beyond exact word matches, allowing proper semantic
search. Sentence encoder models are increasingly used from scholarly RAG systems [19], to modern
scientometrics topic modelling approaches [20, 21]. While language models are trained to represent
context, concept-based queries (e.g. ’cancer’) lack of sufficient context to produce informative dense
representations.

However, semantic search systems often rely on similarity thresholds or ranking signals derived from
embedding similarity, and general-purpose embedding models may introduce biases that affect scholarly
retrieval effectiveness. Similarity scores in this analysis are computed using cosine similarity between
query and document embeddings produced by SentenceTransformers [17]. As shown in Figure 1,
despite being multilingual, the model displays cross-lingual differences in similarity distributions. In
this case, documents written in the query language (English, in this case) tend to receive higher similarity
scores, while texts in less-represented languages, such as Catalan, obtain lower scores. While retrieval
metrics such as Recall@k and MRR depend on the relative ranking of documents rather than absolute
similarity values, systematic shifts in similarity distributions may still influence ranking outcomes when
relevant documents consistently receive lower similarity scores than competing candidates. In addition,
similarity scores correlate with passage length, with shorter texts (e.g., titles) often ranked ahead of
longer passages regardless of their semantic completeness given a concept-based query. This behaviour
is something we have observed in the practical development of dense retrieval search systems with
industry-standard models, as well as narrow similarity window discrimination for scientific documents
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with general-purpose models. Although these behaviours are partly expected, this issue is particularly
relevant in open scholarly knowledge graphs, where abstract availability has recently decreased due to
publisher restrictions [22].

Our goal is to evaluate and improve dense retrieval models for multilingual documents by adapting
models with:

• scientific domain knowledge,
• multilingual alignment across Catalan, Spanish, and English,
• ranking-oriented behaviour for search,
• fine-grained cosine separation to support classification and analytical tasks.

Our contribution is primarily empirical rather than architectural. Instead of proposing new training
objectives or model architectures, we evaluate multilingual semantic search for scholarly publications
and projects, analysing how general-purpose embedding models behave across languages, passage
lengths, and similarity ranges, and how they can be adapted to the scientific multilingual domain.
This study builds on our previous work on multilingual semantic retrieval and query segmentation
for scientific information access, expanding both evaluation and experiments. The development of
these models is in the context of building new text search capabilities for open research information
platforms in Catalonia, with tools like RIS3MCAT [6]1, for this reason we focus on titles and abstracts
from both research publications and funded projects in Catalan, Spanish, and English.

These capabilities are directly relevant to scientometric and research policy analysis. Research
mapping platforms such as RIS3MCAT integrate search with analytical modules that support the
exploration of research portfolios, collaboration networks, thematic specialisation, and funding impact.
In such systems, retrieval acts as a filtering and classification step that determines which documents are
included in downstream analytical workflows. Consequently, the quality of semantic retrieval directly
affects the reliability of scientometric analyses derived from these platforms.

2. Related Work

Scholarly information access research has addressed the challenge raised by the rapid growth of
scientific literature, by exploring how to address information needs of researchers [23], developing
recommendation systems [24] and discovery tools [25], and using publication textual content and
metadata [26]. Semantic similarity search is dominated by dense retrieval methods, which encode
queries and documents into a shared embedding space and rank candidates by vector similarity [27, 28].
These approaches enable concept-level search beyond lexical overlap, but also face known limitations
[29] in capturing rare terminology and fine-grained distinctions, issues especially relevant for scientific
and multilingual contexts. However, several studies show that dense retrieval does not consistently
outperform strong lexical baselines as BM25 [30]. However, highlight that fine-tuning a dense model on
domain-specific data lead to improved performance, surpassing BM25 in most metrics. Dense retrieval
models trained in one domain do not generalise properly in others [31], particularly general-purpose
semantic representation models often fail to capture fine-grained scientific concepts [12].

A key challenge for dense retrieval of scholarly documents is the lack of annotated data for training
and test. Creating supervised query-passage pairs for scientific literature is costly and generally requires
domain experts [12]. To address this gap, prior studies have explored the challenge of generating
training labels with unsupervised and weakly supervised approaches [32], including pseudolabelling
strategies [31], automatic generation of negative examples [33], and query expansion with LLMs [12],
Their significant improvements suggest that dense retrievers can be trained without manually labelled
data. The challenge of weakly supervised dataset creation for scholarly document processing has been
addressed due to the challenge and cost of generating those labels, which generally require domain
experts [34, 35].

1Available at https://ris3mcat.gencat.cat/.
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The sentence-transformers framework [17] provides a widely adopted pipeline for training dense
retrievers, typically using Multiple Negatives Ranking Loss (MNRL) [36], where in-batch examples act as
implicit negatives to efficiently learn discriminative representations. Recent advances refine contrastive
objectives through better negative sampling, hard negative mining [37], cross-lingual pairs [38], and
improved optimisation strategies [18, 39], all contributing to more robust vectorial representations.
Hybrid retrieval architectures partially address the weaknesses of dense-only methods in handling
exact matches and rare entities (e.g., uncommon organisation names, specialised technical terms, or
newly coined concepts that appear infrequently in training corpora). Late-interaction models such as
ColBERT [40], preserve token-level granularity while maintaining efficiency, and recent multi-vector
approaches [41] further improve retrieval precision through fixed-dimensional encodings. Others [42]
have explored extraction and indexing of relevant dimensions of scholarly abstracts like directions or
challenges described. For deployment, vector indexes based on HNSW graphs [43] remain the standard
for low-latency large-scale retrieval.

In the multilingual domain, several model families are particularly relevant. The multilingual E5
models [44] show strong cross-lingual transfer from large-scale retrieval corpora. Multilingual RoBERTa-
based encoders trained in trilingual query relevance dataset (on 65k CA-ES-EN query-passage pairs)
demonstrates effectiveness when trained with domain-appropriate data [45]. These models benefit
substantially from domain-specific contrastive fine-tuning, which improves discrimination between
closely related scientific concepts. While in scientific domain, SPECTER [46] leverages citation networks
to specialise embeddings for scientific papers (though predominantly in English). However, recent work
[12] compare E5 and Specter2 [18], finding E5 can achieve best results, better than BM25 or hybrid
baselines.

Dense retrieval also plays a central role in retrieval-augmented generation (RAG) frameworks,
improving factual accuracy for LLMs [47, 48]. However, adapting dense retrievers to specialised
multilingual scientific domains remains challenging due to domain-specific terminology, code-switching,
and limited non-English training data [49, 50]. Our approach follows the contrastive paradigm while
introducing domain-specific multilingual pairs to strengthen semantic alignment across Catalan, Spanish,
and English research texts.

3. Methods

This section describes the methodology used to evaluate and adapt dense retrieval models for multilin-
gual scholarly search, with a focus on cross-lingual alignment, ranking behaviour, and sensitivity to
passage length. Following prior studies [35, 32], we rely on weak supervision derived from latent and
author-provided publication metadata and machine translation for training models. This setting reflects
realistic constraints in multilingual scholarly information access, where large-scale expert annotation is
not available. An alternative approach to multilingual retrieval would consist of translating all queries
and documents into a pivot language such as English; however, in this work we focus on multilingual
embeddings to avoid full-corpus translation and preserve original-language representations.

3.1. Retrieval Models

Base Models. We evaluate a set of multilingual or scientific-domain sentence encoder models:
• Multilingual E52 [44]: a multilingual text embedding encoder trainer on MS-MARCO dataset

[51], a large-scale passage retrieval dataset derived from Bing search queries.
• mRoBERTA_retrieval3: a trilingual RoBERTa model pre-trained on CA, ES, and EN data.
• distilRoBERTa4 [17]: a lightweight English sentence encoder used as general-purpose baseline.
• SPECTER5 [46]: a scientific-domain encoder trained on English documents for citation similarity,

2huggingface.co/intfloat/multilingual-e5-base
3huggingface.co/langtech-innovation/mRoBERTA_retrieval
4huggingface.co/sentence-transformers/all-distilroberta-v1
5huggingface.co/sentence-transformers/allenai-specter
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providing a strong baseline for semantic paper retrieval.

3.2. Datasets

We build several weakly supervised datasets from openly available scholarly collections of publications
and projects to support training, evaluation and analysis.

Trilingual Research Project Corpus.
This is a dataset of 1.5K publicly funded research projects and is used to analyse retrieval behaviour
across languages and document granularities. It consists of 500 English projects from the European
Commission’s CORDIS platform6, 500 Catalan projects from RIS3CAT[6]7, and 500 Spanish projects
from AEI8 and CDTI9. Each record includes title and description, when available. We have manually
annotated relevant documents according to 5 different concept-driven queries, using a pooling strategy
(for each query, the top 30 candidate projects retrieved by keyword search, bm25, and dense model
variants).

Query-Passage Dataset.10

Our primary training dataset comprises 76k query-text pairs, equally distributed across English, Catalan,
and Spanish. We collect 30K scientific publications in English from several bibliographic databases11,
extracting their titles, abstracts and author keywords. Individual author keywords are treated as queries,
while titles and abstracts serve as passages. To obtain multilingual supervision samples, all textual
fields (author keywords, titles and abstracts) are automatically translated into Catalan and Spanish
using machine translation system, using the Google Translate API. The original and translated texts
are then aligned to construct both monolingual and cross-lingual query-passage pairs across the three
languages. There are no repeated articles between languages. The dataset contains both monolingual
and cross-lingual pairs. Approximately 90% of the examples correspond to keyword→text pairs (where
the text may consist of the title, abstract, or title+abstract), reflecting the typical use of short concept
queries in scholarly search, and the missing abstracts for some records. The remaining 10% consist
of title→abstract pairs to preserve document-level semantic similarity during training, and for
textual equivalent searches. While automatic translation may introduce some noise or semantic drift,
keywords are typically short technical terms, which reduces the likelihood of substantial translation
errors. Contrastive training has been shown to be robust to moderate noise in supervision signals. The
overall data construction process is illustrated in Figure 2. This dataset can therefore be considered a
weakly supervised resource, where author keywords act as implicit relevance signals. In a low-resource
multilingual setting, this approach enable the generation of cross-lingual training pairs with a low
investment of resources. The dataset is split into 80/10/10 partitions. Splitting is performed at pair level,
ensuring that each query-passage pair appears in only one partition. Because queries correspond to
author keywords representing scientific concepts, the same query term (e.g. “cancer”) may occur across
splits paired with different passages, while longer and more specific queries appear less frequently. This
setup reflects realistic retrieval scenarios where common concepts may correspond to many different
documents.
Classification Dataset.12

We additionally use the classification dataset scidocs-mag [46], translating one third to Catalan
and one third Spanish, which are annotated with 19 scientific categories corresponding to Microsoft
Academic Graph’s Fields of Science at level 0. This is used for computing polarity score and optimal
similarity threshold search.

6cordis.europa.eu/projects
7https://ris3mcat.gencat.cat/
8aei.gob.es/ayudas-concedidas/buscador-ayudas-concedidas
9cdti.es/datos-abiertos-creditos-subvenciones-y-lineas
10huggingface.co/datasets/nicolauduran45/multilingual_research_pairs
11huggingface.co/datasets/nicolauduran45/scidocs-keywords-exkeyliword
12huggingface.co/datasets/nicolauduran45/multilingual-research-classification
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Figure 2: Examples of pairing mechanism for constructing the pair dataset.

3.3. Model Fine-tuning

In order to assess different fine-tuning strategies on our query–passage dataset, we experimented with
different dataset configurations and loss functions. This allows us to analyse how training objectives
influence multilingual alignment and ranking behaviour.

Loss Functions. We evaluate four complementary loss functions [17] commonly used in
dense retrieval.

• Multiple Negatives Ranking Loss (MNRL) [52], which performs contrastive learning using in-batch
negatives. For each query–passage positive pair, all other passages in the same mini-batch (batch
size = 32) are treated as implicit negatives, without explicit negative sampling.

• Contrastive Loss [36], a pairwise objective that learns to separate relevant and non-relevant
query–document pairs using a margin-based formulation. We adapt the dataset by pairing each
query with its associated positive passage and sampling a single explicit negative passage per
query. Negatives are selected randomly under the constraint that they do not share any annotated
positive keywords with the query, ensuring semantically safe negative examples. Positive pairs
are labelled with similarity 1 and negative pairs with 0.

• Triplet Loss, which explicitly enforces relative similarity constraints between queries, relevant
passages, and hard negatives. For each query, we form triplets consisting of an anchor (query), a
positive passage, and a sampled negative passage. Negative passages are selected as in Contrastive
Loss. A cosine-distance margin of 0.5 is used.

• Cosine Similarity Loss, which optimises cosine similarity scores for query–document pairs. We
use the same pairwise dataset construction as for Contrastive Loss.

Training Setup. Models are fine-tuned using SentenceTransformer framework [17]. Training is
performed for three epochs with identical optimisation setting across models, and evaluated on held-out
test data. Detailed hyperparameter settings are reported in Appendix B.

4. Evaluation and analysis

We explore model retrieval capacity, and analyse performance in monolingual and cross-lingual settings,
explore the impact of query length, as well as model behaviour for lexical and semantic queries. We
evaluate on 5 example queries performance of sparse and dense retrieval and explore how to choose
the best similarity thresholds for dense retrieval.
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4.1. Evaluation metrics

Models are evaluated on the held-out multilingual test split using the following metrics:

• Top-𝑘 Recall (𝑘 ∈ {1, 5, 10}): proportion of queries for which the paired passage appears among
the top-𝑘 retrieved results.

• Cosine@1: average cosine similarity between positive query–passage pairs, measuring embed-
ding alignment quality.

• Mean Reciprocal Rank (MRR): evaluates the ranking quality by measuring the inverse rank of
the first correct passage within the top-10 retrieved candidates.

• Neighbourhood Polarity: following [39] formulation, we compute the proportion of the top-𝑘
nearest neighbours in the embedding space that share the same class label (discipline) as the
target document. Higher polarity indicates more coherent semantic neighbourhoods and stronger
clustering of scientific topics.

4.2. Overall model performance

Table 1 reports retrieval performance of the base and fine-tuned embedding models on our multilingual
Query-Passage Dataset test split. We report R@k, MRR, cosine accuracy, and neighbouring polarity. To
ensure robust evaluation given the weakly supervised construction of the dataset, retrieval is performed
over batches of 64 candidate documents. Because supervision signals are derived from author keywords,
relevance annotations are incomplete, given that a document may be relevant to a query even if it
is not paired in the dataset. This setting reduces false positives arising from semantically related
but non-paired samples. Evaluating over the full corpus would introduce several false negatives and
artificially penalise correct semantic matches. Restricting the candidate pool allows us to measure
the capacity of the model to distinguish relevant passages from semantically related distractors while
mitigating noise from incomplete supervision.

In addition, we also treat as valid positives any passages associated with additional author keywords
from the same source document, reflecting the many-to-many nature of author keywords, where a
single document may correspond to multiple conceptually related queries. The neighbouring polarity
score derived from the classification dataset, measures whether the top-𝑘 neighbours (here, 𝑘 = 16)
share the same scientific field. This provides an external estimate of whether fine-tuned models preserve
meaningful semantic structure across scientific domains.

Comparing loss functions, MNR loss consistently provides the largest gains, reflecting its explicit
optimisation of relative similarity among in-batch candidates for retrieval. The results indicate that
domain-specific and multilingual enrichment significantly improves both ranking and semantic or-
ganisation of the embedding space. While E5 achieves the strongest overall performance, all models
benefit from fine-tuning with MNR loss, including encoders originally trained only on English data.
In contrast, neighbourhood polarity improves to a similar extent across all loss functions, suggesting
that most objectives encourage comparable levels of inter-document semantic cohesion, even when the
improvements in retrieval are smaller.

In the following sections, we focus on the best-performing fine-tuned models, those with MNR loss,
and analyse their behaviour in more detail.

4.2.1. Performance by Query Type

To better analyse retrieval behaviour, and to answer the question of how well dense retrieval preserve
lexical retrieval capacities, we further distinguish between lexical and semantic query-passage matches.
A pair is considered lexical when the query string appears verbatim in the passage (e.g., query “cancer”
and passage containing “breast cancer”). Otherwise, it is labelled as semantic when retrieval success
requires conceptual inference or paraphrasing (e.g., query “cancer” and passage mentioning “basal cell
carcinoma”). This classification is language-agnostic: cross-lingual pairs are still considered lexical if
translated forms match directly. Table 2 reports Recall@1 and Recall@10 across lexical and semantic
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Model R@1 R@5 R@10 MRR Polarity (k=16)
– Base Models
E5 .47 .70 .80 .58 .55
mRoBERTA .34 .59 .71 .46 .63
DistilRoBERTa .39 .58 .68 .49 .55
Specter .27 .47 .59 .37 .52
– Fine-tuned with ContrastiveLoss
E5 .49 .75 .84 .61 .69
mRoBERTA .38 .70 .82 .52 .66
DistilRoBERTa .38 .59 .70 .49 .56
Specter .39 .69 .81 .53 .61
– Fine-tuned with CosineSimilarityLoss
E5 .49 .74 .84 .61 .69
mRoBERTA .38 .69 .82 .52 .67
DistilRoBERTa .40 .61 .72 .50 .57
Specter .38 .69 .81 .52 .61
– Fine-tuned with MNRLoss
E5 .74 .90 .95 .81 .68
mRoBERTA .65 .86 .92 .74 .66
DistilRoBERTa .62 .81 .88 .71 .61
Specter .61 .83 .89 .71 .62
– Fine-tuned with TripletLoss
E5 .51 .78 .87 .63 .69
mRoBERTA .40 .71 .83 .54 .66
DistilRoBERTa .42 .66 .77 .53 .57
Specter .38 .67 .79 .52 .59

Table 1
Multilingual semantic retrieval performance across base and fine-tuned embedding models, with 64
candidate documents per query. Metrics: Recall@k (R@1/5/10), Mean Reciprocal Rank (MRR), and
neighbourhood polarity at k=16.

matches, comparing base models and MNRLoss finetuned. Base models show a pronounced gap
between lexical and semantic performance, indicating a strong reliance on surface-level term overlap.
Fine-tuning with MNRLoss substantially improves retrieval performance for both match types, with
lexical and semantic recall doubling in most cases. These results suggest that training on a mixture of
lexical and semantic query–passage pairs strengthens both exact-match sensitivity and deeper semantic
generalisation.

Model R@1 R@10
Base Models Lex.| Sem. Lex.| Sem.
E5 .48 | .34 .83 | .73
mRoBERTA .29 | .27 .68 | .68
DistilRoBERTa .37 | .29 .68 | .62
Specter .21 | .19 .54 | .55
Fine-tuned Models
E5 .79 | .64 .96 | .92
mRoBERTA .69 | .54 .94 | .88
DistilRoBERTa .66 | .50 .91 | .83
Specter .63 | .51 .91 | .85

Table 2
Lexical vs. semantic Recall@1 and Recall@10
for base and fine-tuned models with MNRLoss.

Model R@1 R@10
Base Models Mono.| Cross. Mono.| Cross.
E5 .54 | .27 .89 | .66
mRoBERTA .31 | .25 .70 | .66
DistilRoBERTa .40 | .25 .73 | .56
Specter .25 | .15 .60 | .49
Fine-tuned Models
E5 .75 | .67 .95 | .93
mRoBERTA .65 | .57 .92 | .89
DistilRoBERTa .64 | .51 .89 | .84
Specter .62 | .52 .89 | .86

Table 3
Recall@1 and Recall@10 segmented by pair type
(monolingual vs. cross-lingual), comparing base and
fine-tuned models with MNRLoss. M = monolingual |
C = cross-lingual.
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4.2.2. Performance by Language Configuration

To analyse the impact of multilingualism on retrieval quality, we evaluate the models separately under
monolingual and cross-lingual pairs. In the monolingual scenario, queries and passages are written in
the same language, while the cross-lingual scenario contains pairs where the query and the target text
are in different languages. This distinction allows us to measure both in-language semantic retrieval
and the ability of models to align concepts across languages. Table 3 reports Recall@1 and Recall@10
under both conditions for all base and fine-tuned models. We observe how in fine-tuned models the
gap between monolingual and cross-lingual performances are reduced considerably.

4.2.3. Monolingual Performance by Language and Query Length

We further analyse monolingual retrieval performance by grouping test pairs according to the language
of the target passage. This analysis examines how models handle scientific text in each language
independently, isolating retrieval accuracy from cross-lingual alignment effects. Table 4 reports Recall@1
and Recall@10 for all models across the three languages. We observe the English as the dominant
language, likely due to a major representation in training datam. However, this gap is reduced after
fine-tuning, by most models Catalan is the worst, possibly due to representation and resource availability.
Finally, we analyse in Table 5 retrieval performance in function of query length. Queries are grouped
into three categories: short (single token), medium (2-3 tokens), and long ( 4 tokens). This captures the
effect of some of the challenges of concept-driven keyword searches, comparing from no context to
more descriptive queries. Across all models, fine-tuning yields substantial improvements for all lengths
of queries, indicating enhanced robustness to limited contextual information.

Model R@1 R@10
Base Models CA| EN| ES CA| EN| ES
E5 .45 | .62 | .54 .86 | .90 | .89
mRoBERTA .26 | .35 | .32 .66 | .75 | .69
DistilRoBERTa .31 | .59 | .29 .66 | .84 | .68
Specter .18 | .34 | .21 .54 | .70 | .55
Fine-tuned Models
E5 .70 | .79 | .75 .94 | .96 | .93
mRoBERTA .60 | .67 | .67 .90 | .94 | .92
DistilRoBERTa .57 | .73 | .61 .85 | .94 | .86
Specter .55 | .71 | .59 .86 | .94 | .88

Table 4
Monolingual Recall@1 and Recall@10 across
CA/EN/ES pairs, comparing base and
fine-tuned models with MNRLoss.

Model R@1 R@10
Base Models Short Med. Long Short Med. Long
E5 .43 .58 .70 .82 .91 .97
mRoBERTA .21 .35 .43 .58 .75 .85
DistilRoBERTa .32 .43 .55 .67 .75 .83
Specter .14 .29 .39 .47 .66 .75
Fine-tuned Models
E5 .66 .78 .87 .90 .97 .98
mRoBERTA .53 .69 .76 .87 .94 .97
DistilRoBERTa .53 .68 .76 .83 .91 .95
Specter .49 .68 .75 .83 .92 .95

Table 5
Monolingual retrieval performance by query length. Recall@1
and Recall@10 are reported for short (1 token), medium
(2–3 tokens), long ( 4 tokens) queries. Comparing base and
fine-tuned models with MNRLoss.

4.3. Comparing sparse and dense retrieval

To compare dense retrieval with well-established sparse methods, we suggest and conduct a small-scale
analysis using exact keyword matching and BM25 as baselines. We evaluate five representative, concept-
driven queries we have annotated over the trilingual research project corpus, spanning well-established
scientific topics, emerging policy-oriented concepts, and semantically complex queries that are not
always lexically explicit in project descriptions. Table 6 reports Precision@10 across retrieval methods.
While BM25 provides a strong and stable baseline, particularly for topics with consistent terminology,
base embedding models do not consistently outperform it. In contrast, fine-tuned embedding models,
especially E5, achieve higher precision across all queries, with the largest gains observed for concept-
driven queries of different natures. This is a small-scale analysis, but it would be interesting to analyse
more deeply going forward, also as query routing strategies.
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Exact Keyword Match .00 .00 .00 .20 .00
BM25 .20 .50 .90 .20 .20
E5 (base) .00 .30 .30 .20 .20
mRoBERTa (base) .10 .10 .90 .00 .60
DistilRoBERTa (base) .00 .50 .80 .40 .20
Specter (base) .10 .50 .50 .20 .00
E5 (ft) .50 .80 .90 .40 .60
mRoBERTa (ft) .10 .30 .90 .30 .50
DistilRoBERTa (ft) .20 .70 .70 .10 .00
Specter (ft) .40 .60 .80 .20 .00

Table 6
Precision@10 for different retrieval methods across five queries on a collection of 1.5k research projects.

4.4. Selecting Similarity Thresholds for Retrieval and Classification

A key challenge in dense retrieval is determining an appropriate relevance threshold on cosine similarity,
particularly when retrieval outputs are used for analytical tasks. Unlike ranking-based evaluation, these
applications require a binary decision on document relevance, making threshold selection both critical
and model-dependent. To address this question, we leverage the classification dataset to estimate cosine
similarity thresholds that maximise the F1 score on the test set. We report, in Table 7, average optimal
threshold and corresponding F1 score across 19 subject categories, providing practical orientation
and empirical guidelines for selecting similarity thresholds under different embedding models.

Model Base Fine-tuned
Threshold F1 Threshold F1

E5 .79 .26± .10 .27 .60± .17
mRoBERTA .70 .40± .15 .34 .55± .18
DistilRoBERTa .21 .40± .11 .31 .53± .16
Specter .71 .24± .13 .28 .51± .14

Table 7
Average optimal similarity threshold and F1 score (mean ± standard deviation) across 19 categories of the test
set of the classification dataset for base and fine-tuned embedding models.

To present the effect of threshold selection, we present an example in Figure 3, which visualises cosine
similarity distributions with True/False samples for a representative query (Environmental science)
under the base and fine-tuned E5 models. The histogram highlights how fine-tuning increases the
separation between relevant and non-relevant documents, leading to higher F1 score.

5. Discussion

Across all experiments, fine-tuning consistently improves retrieval quality for every model and evalua-
tion setting. Gains are especially pronounced in cross-lingual retrieval, where base encoders struggle
to align Catalan, Spanish, and English scientific content. Models show 20–30 point improvements
in Recall@1 after contrastive fine-tuning, confirming that domain-specific multilingual adaptation is
important for multilingual scientific search.

Improvements extend across match types, while lexical queries are naturally easier, fine-tuning
also boosts semantic retrieval capacity, demonstrating that the models learn to generalise beyond
surface forms. Importantly, dense models do not lose lexical retrieval capacity, fine-tuning strengthens
both lexical and semantic abilities. Even weaker base encoders become competitive multilingual
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Figure 3: Cosine similarity score with base and fine-tuned E5 distributions from the classification dataset.
Vertical dashed lines indicate the similarity thresholds that maximise the F1 score on the test set. Query =
"Environmental science", Base Model (Best threshold = .807, F1 = .479), Ft Model (Best threshold = .306, F1 = .774)

retrievers after adaptation. Monolingual performance by language shows clear asymmetries that reflect
underlying resource availability. English remains the easiest setting, with the highest scores even before
adaptation. Catalan and Spanish lag behind in base models, particularly Catalan, which suffers from
limited representation in openly available corpora. After fine-tuning, however, these gaps narrow
substantially: Catalan gains the largest relative improvements, and Spanish reaches parity with English
in some models.

These results show that the combination of multilingual contrastive learning and modest domain-
specific supervision yields robust multilingual and cross-lingual semantic search capabilities—crucial
for accessing R&I information in ecosystems where English, Spanish, and Catalan coexist. These models
are able to improve upon strong sparse retrieval baselines. Finally, our analysis highlights that effective
scholarly retrieval requires not only strong ranking performance but also interpretable similarity scores.
The use of classification dataset threshold identification provides guides for bridging retrieval and
analytical applications. Because from a scientometric perspective, improving retrieval quality is critical
for research intelligence platforms rely on search results as input for analytical modules and facets that
compute indicators such as thematic specialization or collaboration networks. Reliable multilingual
retrieval therefore supports more accurate mapping and monitoring of research ecosystems.

6. Conclusion

In this work, we examine the performance of multilingual embedding models for accessing scientific
and innovation data in a trilingual setting characteristic of many R&I information systems. Our results
demonstrate that lightweight and domain-adapted models, including Catalan-centric variants, can
effectively adapt to domain-specific data. Beyond findings, we contribute new multilingual datasets,
model checkpoints, and evaluation resources designed to support future research on cross-lingual
scientific information access. Taken together, our work underscores the importance of domain-specific
adaptation and robust multilingual alignment for enabling reliable and scalable access to open research
information. Beyond improving document retrieval, these capabilities are also relevant for scientometrics
and research analysis, where semantic search systems are used to identify and analyse resarch portfolios
and collaboration patterns.
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A. Online Resources

The datasets and models are available at:

• GitHub,
• Datasets & Models.

B. Fine-tuning Hyperparameters

We provide experimental details of our baseline fine-tuning approaches of sentence encoder models for
content retrieval. Training was run (using 1x 24 GB GPU) for all models with hyperparameter defined
in Table 8 .
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Parameter Setting
Loss function 4 different losses
Epochs 3
Batch size 32 per device
Learning rate 2e-5 (with 0.1 warm-up ratio)
Selection criterion Best model selected based on R@1

Table 8
Fine-tuning configuration for multilingual document retrieval models.
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