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Abstract. The growing volume of digital cultural heritage resources
highlights the need for advanced recommendation methods capable of
interpreting semantic relationships between heterogeneous data entities.
This paper presents a complete methodology for implementing a hybrid
recommendation pipeline integrating knowledge graph embeddings, ap-
proximate nearest-neighbour search, and SPARQL-driven semantic filter-
ing. The work is evaluated on the JUHMP (Jagiellonian University Her-
itage Metadata Portal) knowledge graph developed within the CHExR-
ISH project, which at the time of experimentation contained ~3.2M RDF
triples describing people, events, objects, and historical relations affili-
ated with the Jagiellonian University (Krakow, PL). Despite sparse and
heterogeneous metadata, the approach produces useful and explainable
recommendations, which were also proven with expert evaluation.
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1 Introduction and Motivation

Cultural heritage (CH), including museum, library, and archival collections as
well as the achievements of cultural, scientific, and political figures, is an invalu-
able source of knowledge about a community’s art, history, and identity. Mass
digitization has rapidly expanded the volume of digital CH resources, shifting
research from scarcity to an era of “abundance,” where inconsistent cataloging
and metadata reduce search quality and overload researchers [22]. In practice,
scholars must navigate multiple, disconnected search interfaces and iteratively
refine queries, often obtaining large sets of irrelevant or low-quality results [12]
that cannot be filtered due to missing or coarse metadata [9].

These challenges stem from the distinctive nature of CH metadata: (1) VISU
complezity—vagueness, incompleteness, subjectivity, and uncertainty [I3]—makes
digital representation of historical narratives inherently difficult [I1], (2) Frag-
mented and low-quality metadata, often limited to basic catalog descriptions [4],
(3) Heterogeneous metadata schemas across institutions, particularly visible in
large aggregators like Europeana [7], and (4) Lack of user history.
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Addressing these issues requires multiple perspectives. First, semantic data
modeling—using technologies such as RDF and SPARQL [I6]—enables repre-
senting CH information as knowledge graphs (KGs) that capture complex re-
lationships among objects, creators, dates, functions, and places [4I18]. This
approach is increasingly adopted by cultural institutions [I6I18]. Second, auto-
mated and semi-automated metadata enrichment leverages machine learning to
extract semantic features and map them to structured ontologies [6]. Expert val-
idation complements these methods, correcting errors and adding contextual in-
terpretation that automated tools cannot yet provide [12]. However, these efforts
primarily expand and refine metadata rather than support researchers in navi-
gating vast CH collections [10]. Although KGs have enabled semantic search [3]
and query/document expansion [1], they still extend traditional keyword-based
search without fundamentally improving user interaction.

We argue that recommendation systems (RS) offer a promising direction.
Although widely used in domains like entertainment and e-commerce [14], RSs
remain uncommon in CH and typically provide only simple thematic sugges-
tions [2II0IT5]. This work evaluates the feasibility of applying modern RS tech-
niques to CH data. We introduce a three-stage recommendation pipeline (Sect.
and test it on a heterogeneous KG representing the cultural heritage of Jagiel-
lonian University, developed within the CHExRISH project (Sect. . The method
is generic and applicable to diverse CH datasets.

2 Methods

2.1 Three-stage recommendation pipeline

Guided by the challenges outlined in Sect. [l we designed a recommendation
pipeline grounded in four assumptions:

1. RDF KGs as data backbone, ensuring interoperability and reusability [I8].

2. Graph embedding-based recommendations are required [23], as traditional
content-based or collaborative filtering is unsuitable in CH due to VISU
properties, metadata heterogeneity, and lack of user history.

3. An approximate nearest-neighbor (ANN) search is necessary for scalable
candidate generation; HNSW or FAISS can be chosen depending on scale-
latency-memory constraints [I7].

4. Symbolic filtering must complement pipeline to enforce logical consistency,
remove low-quality candidates, and incorporate domain constraints, follow-
ing evidence that rule-based refinement improves accuracy and novelty [19].

Following these assumptions, we implemented a three-stage neuro-symbolic
pipeline tailored to CH data summarized in Fig. [1| [8].

2.2 CHExRISH use case

The pipeline was developed within the CHExRISH project (https://chexrish.id.
uj.edu.pl/), which creates the JUHMP (Jagiellonian University Heritage Meta-
data Portal). It integrates heterogeneous archival (AUJ), museum (MUJ), and
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library (JL) datasets into a CIDOC-CRM-based KG capturing people, events,
places, and objects associated with Jagiellonian University since the 14th cen-
tury [20]. Cross-institution alignment in the second JUHMP prototype is based
on a semi-automatically generated authority file with 824 verified matches [21].

Because the graph is person-centric, the primary scenario was defined as:
given a historical individual, identify other people who are similar or mean-
ingfully connected. Similarity deliberately remains open-ended to support ex-
ploratory research, i.e., scenarios not well served by keyword-based search.

With this in mind, two versions of the graph were used as the basis for the
reported work: Prototype2 with only cross-institution matches (402,948 triples)
and FullCAC 260128 extended with all AUJ persons (3,202,711 triples; the
largest possible graph at the time of writing).

2.3 Pipeline implementation for CHExRISH use case

A preliminary benchmark on Prototype2 compared four embedding modelsE
TransE, ComplEx, ConvE, and CompGCN. ComplEx achieved the best balance
of quality, runtime (/46 min for 10 epochs), and memory use (+64 MB). Al-
though CompGCN achieved slightly higher accuracy, its training time (213.3h)
made it impractical. ConvE showed consistently poor results. Hyperparameter
tuning showed that Ir = 0.01 (learning rate) and dim = 200 (embedding dimen-
sionality) offered the best trade-off between predictive quality (MRR, Hits@k)
and resource consumption for ComplEx. For ANN search, ComplEx embeddings
were indexed with HNSWLib Python package. A grid search yielded the following
configuration: M = 16 (graph connectivity), efConstruction = 400 (build-time

! For detailed results and a description of the experimental setup, see
1CCS2026 _ Supplement.pdf in the repository linked in Code and Data Availability.
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PREFIX crm: <http://www.cidoc-crm.org/cidoc-crm/>

SELECT DISTINCT ?candidate ?prop ?value
WHERE {
VALUES ?prop { {PROPERTIES_URIS} }
VALUES ?candidate { {CANDIDATES_URIS} }
<{TARGET_URI}> ?prop ?value .
?candidate ?prop ?value .

}
ORDER BY 7candidate ?prop ?value

Listing 1.1. SPARQL query used to check whether the target and candidates share
the same value in given set of properties.

search breadth), efSearch = 50 (query-time search breadth). Because indexing
is a one-time operation, selection criteria focused on retrieval quality (Recall@k)
and query latency rather than build-time cost.

At query time, based on the target node, the pipeline first retrieves the near-
est neighbors from the HNSW index. These candidates are then refined using a
set of SPARQL queries that ensure semantic validity and contextual relevance.
The semantic filtering stage is a general concept but is highly dependent on
the KG used as input and covered scenarios. In evaluated scenario, candidates
are restricted to instances of crm:E39 Actor or crm:E21 Person, after which
a predefined set of SPARQL tests checks for shared relations with the target
node. Allowed connection types include same objects connection, same events,
close death dates, same place of birth, etc. For example, the “same events” fil-
ter identifies candidates linked to the same event via crm:P11i_ participated_ in,
crm:P12i_was_present_at, or crm:P14i_performed (see Listing . A candi-
date is retained only if there is at least one such exact link. The pipeline also
records the specific shared predicates, enabling for explainability.

2.4 Evaluation approach

After selecting the best model configuration, the full pipeline was applied to
both KGs (Sect. . The evaluation focused on nine historically significant
figures from Jagiellonian University (e.g., Nicolaus Copernicus; see Tab. . This
approach, focusing on well-known individuals, facilitated the expert evaluation.

Quantitative evaluation focused on verifying the basic performance of the
embedding and ANN stages. The experts then assessed whether the top 10 rec-
ommendations for each target were meaningful and historically grounded. They
received an online questionnaire and rated each candidate on a scale: 2 — close
connection, a user reading information about X will be interested in person Y; 1
— distant connection, the user may be interested in such a suggestion; 0 — very
distant connection (incorrect), the user will not be interested in such a sugges-
tion; -1 — I do not know this person. Optional comments could also be provided.

The expert study group included people from AUJ, MUJ and JL. These are
people with extensive experience in the field of history and heritage of Jagiel-
lonian University. Four experts were involved in the evaluation of Prototype2.
The larger model (Full CAC_260128) was evaluated by 10 experts.

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:
DOI] 10.1007/978-3-032-29924-6_37 |



https://dx.doi.org/10.1007/978-3-032-29924-6_37
https://dx.doi.org/10.1007/978-3-032-29924-6_37

A Three-stage Neuro-symbolic Recommendation Pipeline for CH KGs

Table 1. Number of close and distant recommendations as indicated by experts for
both models. Target labels are abbreviated for clarity.

Taraet Prototype2 |FullCAC 260128
9 Close|Distant|Close| Distant
Benedykt z KoZzmina ... 1 5 2 1
Sebastian Sierakowski (hrabia) 0 7 1 9
Stanistaw Reszka z Buku ... 0 2 2 1
Jan IIT Sobieski (krol Polski; ...) | 0 1 0 6
Maciej Karpiga z Miechowa ... 0 5 2 10
Mikotaj Kopernik (Copernicus) ...| 0 3 0 6
Jakub Gorski (mtodszy) ... 0 2 3 6
Andrzej z Buku (starszy) 0 1 2 6
Jan Brozek (Broscius) ... 0 2 2 6

3 Results and Discussion

3.1 Quantitative evaluation

For Prototype2, the final 120-epoch ComplEx model achieved M RR = 0.2207,
indicating that the correct entity typically appeared within the top 4-5 ranked
positions, although not consistently at rank 1. Hits@Q1 = 0.1659 confirms limited
ability to place the correct entity first, while Hits@3 = 0.2421 and Hits@10 =
0.3288 show that the model retrieved the correct entity within the top 10 in
roughly one-third of the queries. Overall, the model reliably surfaced relevant
candidates but struggled to prioritize the correct one at the very top. Training
required =22 hours on a CPU-only node.

For FullCAC 260128, training was completed in 108 hours (GPU node) with
MRR = 0.1393, HitsQl = 0.1057, Hits@Q3 = 0.1572 and Hits@10 = 0.2098.
Lower metrics were expected due to the graph’s characteristics: it is both sparser
(many individuals with few connections) and denser in population (contains all
persons linked to the University between the 14th and 18th centuries), making
the embedding task more difficult. Despite this, the larger model produced se-
mantically closer recommendations. The similarity of the top recommendation
ranged from 0.40 to 0.85, compared to [—0.41;0.21] for Prototype2 (cosine sim-
ilarity ranging from —1 to 1). Its greater historical coverage also enabled the
pipeline to recommend a wider and more accurate set of relevant individuals.
Therefore, we expected stronger expert evaluation results for the larger graph
despite the lower quantitative metrics.

3.2 Expert evaluation

Experts assessed the top 10 recommendations for each of the nine targets (histor-
ical figures), rating connections as close or distant (Tab. . Despite the Proto-
type2 graph’s limited size, experts validated at least one meaningful connection
per target. When relevant links existed in the graph, the model typically sur-
faced them, and experts confirmed their correctness. However, the small graph
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inherently restricted the number of plausible connections, limiting the frequency
of close matches. The larger model (Full CAC 260128) produced more close and
distant connections, as expected from its higher population density and broader
temporal coverage. Experts confirmed that the pipeline successfully identified
historically grounded relationships, reflecting the advantages of training on a
more complete graph.

In the free comment fields, experts noted several factors that affected their
ability to assess the recommendations. In some cases, individuals shared identical
names and places of origin, making it difficult to determine whether a suggested
connection was historically valid. The experts therefore suggested including iden-
tifiers from the AUJ database to avoid ambiguity. They also emphasized the need
for greater explainability, expressing interest in seeing why the algorithm selected
each recommendation, such as shared events or locations. Finally, they observed
that the distinction between “close” and “distant” connections remained subjec-
tive, even with provided definitions, since evaluating the strength of historical
relationships often depends on contextual knowledge and interpretation.

4 Conclusions

We presented an end-to-end three stage (embedding, HNSW candidate gener-
ation, SPARQL-based semantic filtering) recommendation pipeline for cultural
heritage data. It exemplifies a neuro-symbolic recommender: vector neighbor-
hoods provide recall, while ontological/SPARQL constraints supply correctness
and explanations. This approach is aligned with current practice in heritage KGs
and with sector needs for transparency [19].

The evaluation demonstrates both the feasibility and usefulness of the ap-
proach, while also highlighting the importance of ongoing collaboration with
domain experts. Future development must include a dedicated user interface
closely coupled with the KG exploration environment, allowing users to access
stable identifiers and clear explanations for each recommendation. Experts also
noted that the definitions of “close” and “distant” connections require refinement.
Therefore, we plan to conduct workshops to co-design appropriate recommenda-
tion scenarios, evaluation criteria, and corresponding filters.

This hybrid framework addresses directly the overload of irrelevant or low-
quality results that motivated the work by combining the predictive capabilities
of neural models with the precision of symbolic constraints. With continued
data curation and hybrid modeling, the method can generalize beyond persons
to places, events, and artworks. Finally, text-to-SPARQL techniques [5] offer a
promising path toward personalized recommendations without requiring users
to manually define semantic filters.

Code and Data Availability. All code is publicly available in the repository: https:
//gitlab.geist.re/pro/chex-recs. Input KGs and intermediate files (e.g., embeddings)
are available upon request.
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