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Abstract
This study presents a prototype Retrieval Augmented Generation (RAG) framework for art provenance research, focusing on the Getty
Provenance Index German Sales dataset. The prototype addresses challenges posed by fragmented and multilingual archival data, as
well as the limitations of traditional metadata-based search tools. By enabling flexible, natural language queries in multiple languages,
the framework facilitates searches of the Getty Provenance Index without knowledge of specific object metadata. Using a sample of
10,000 records to test the concept and later an extended 100,000 record sample, we explore a RAG prototype that aims to improve
both the efficiency and accessibility of provenance searches and find encouraging results for specific and exploratory research scenarios.
The framework emphasises transparency, suggesting a scalable and practically oriented approach for historians and cultural heritage
professionals working with complex art market archives.
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1. Introduction
The provenance of an artwork is the ‘ownership history of a work
of art’ [1] and there are several digital resources available for con-
ducting provenance research. One of the leading tools is the Getty
Provenance Index (GPI), which is noted as addressing significant
challenges in the availability of digital data to researchers [2].
Provenance research is essential for understanding the historical
ownership of cultural objects. Active areas of research are those
objects affected byNazi looting [3–5], and the GPI—German Sales
data is a central source for provenance searches linked to this
period. Research on German Sales data within the GPI often
involves artworks seized during the Nazi period, especially those
taken from Jewish families. To confront difficult histories and
ties to troubling events in both personal and national stories, it is
essential to offer frameworks that are both practical and easy for
end users to understand. The problemwe looked to address is how
the latest search technology can make information retrieval from
such resourcesmore efficient and accessible for researchers, while
ensuring transparency for the users of the system. The problem
was addressed by applying RAG to facilitate natural language
access to a corpus of provenance research historic fine art auction
catalogues. A similar application has been successful in other
domains, for example, in education, to enable students to query
textbooks and lecture transcripts [4, 5] and to help lecturers in
grading student assessments [6].

1.1. The Getty Provenance Index and the role of RAG in
modern provenance research

The GPI is a historical art market archive that is widely used by

art historians. The GPI in its entirety covers c. 300 years of art
market records and text across several different languages. This
includes over 12 million art market records, dealer stock books,
and archival inventories. This study focuses on the use of the sales
catalogue subset of data covering the early-20th century German
language artmarkets. This data collection is used by both art histo-
rians and cultural economists researching networks of dealers and
art market dynamics [7]. Another significant use of the GPI is in
provenance research with a specific focus on artworks looted dur-
ing the Nazi era [8]. The GPI has become a cornerstone for prove-
nance research, particularly in the context ofNazi-era art sales and
restitution efforts. Jacques Schuhmacher (Executive Director of
Provenance Research at the Art Institute of Chicago) highlighted
the significance of digitised records in provenance research, with
particular emphasis on the impact of the GPI—German Sales on
provenance searches [9]. These remarks, however, were made
within the context of the limitations associated with using online
web search portals for locating provenance records. In this study,
we build upon these acknowledged advancements by testing a
RAG prototype and introducing a novel application of seman-
tic search techniques to further enhance researchers’ access to
data. Fuhrmeister and Hopp [3] further argued that provenance
research must now contend with vast, multilingual, and frag-
mented data ecosystems, and that scalable, interdisciplinary tools
are essential to meet the demands of restitution, transparency,
and historical accountability. By combining semantic retrieval
with generative summarisation, RAG enables researchers to query
large corpora using natural language searches to reveal relevant
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records and generate explainable summaries grounded in a given
context [10]. This is particularly valuablewhenmetadata is incom-
plete because RAG can infer relevance from embedded semantic
cues rather than relying on rigid keyword matching. The appli-
cation of this technique is designed to enable more flexible and
efficient retrieval of provenance information from the GPI. Re-
searchers face the central issue of tracing specific object histories
and having to search databases that only handle queries where
specific object metadata is often required. A technique that can
handle exploratory and more thematic queries could significantly
improve this.

1.1.1. Objectives and study scope

To summarise, our objectives for the RAG prototype are the fol-
lowing:

• Enable flexible, natural-language queries, such as ‘find me
paintings records of paintings by [artist name] that contain
motifs of family and social activities,’ without requiring pre-
cise metadata knowledge.

• Support multilingual semantic search, for example, enabling
non-German language queries to retrieve relevant content
from German-language archives.

• Incorporate semantic-aware retrieval, where the given
search terms are automatically expanded to include related
or synonymous concepts—e.g., a query for Porträt also re-
trieves results featuring Mannerbildnis (male portrait) or
Bildnis (portrait—synonym).

• Introduce a prototype application of RAG to provenance
research to tackle the documented issues of data access and
time-consuming archival searches.

1.2. Research scope and contribution

This study presents a domain-specialist application and evalua-
tion of a Retrieval-Augmented Generation (RAG) workflow for
art-provenance research in the Getty Provenance Index, with out-
puts designed to support transparent expert verification rather
than to produce an automated ‘answer’. The work is not framed
as proposing a new retrieval architecture or a novel foundation-
model technique; instead, it documents how a RAG-style work-
flow behaves in this specialist setting and reports practical value
for provenance research, including the user feedback presented
later in this paper. This positioning is aligned with Holocaust-era
restitution principles that emphasise transparency and access as
practical preconditions for provenance work. The Washington
Conference Principles from 1998 [11] call for relevant records
and archives to be open and accessible and encourage publicising
information to support ‘just and fair’ solutions, while the Terezín
Declaration from 2009 [12] reiterates broad archival accessibility.
Considering this important policy backdrop, our study evaluates
whether recent advances in language and retrieval technologies
can improve the accessibility and usability of large historical art-
market sources for provenance search.

1.2.1. Auction catalogue data challenges

Historical auction-catalogue records present domain-specific chal-
lenges for information retrieval that differ from conventional
‘structured documents’. Entries are typically short and telegraphic,

compressing multiple attributes (attribution, medium, dimen-
sions,motifs, and descriptive cues) into catalogue shorthand rather
than full sentences. Because there is little redundancy, small vari-
ations in wording can significantly affect whether a record is dis-
coverable via search. A further difficulty is the variability of con-
ventions across catalogues. The same attribute may be expressed
in multiple notations: dimensions can appear with different sep-
arators and ordering (e.g., ‘44 × 35 cm’, ‘24.5:34.5 cm’, ‘H 41, B.
32 cm’); media and supports are often abbreviated or inconsistent
(e.g., ‘Lwd.’, ‘Leinw.’, ‘Öl. Leinwand.’); and attributionsmay be par-
tial or approximate (e.g., ‘um 1700’, ‘Maler des 18. Jahrhunderts’).
Catalogues also contain implicit and cross-referential cues (e.g.,
‘Gegenstück z. Vor.’), which are meaningful to human readers but
are difficult to capture through straightforward keywordmatching.
Finally, auction-catalogue corpora frequently contain multilingual
and historically variable entities: artist names, locations, and de-
scriptive terms appear in different languages and variant spellings,
and motif descriptions are semantically rich but highly diverse.
These characteristics make provenance search less like retrieving a
single matching document and more like assembling a reviewable
shortlist of plausible candidates from a large pool.

1.2.2. Workflow evaluation

The evaluation is designed to be appropriate for a prototype
workflow study in a specialist domain. Following feedback during
review, we expanded the query bank from 20 to 100 and evaluated
four system configurations (400 total query–configuration runs),
added a reranking stage, and increased the indexed dataset from
10k to 100k records. The query set was designed in consultation
with domain experts to reflect common provenance search prac-
tices and query types. As the evaluation focuses on comparative
retrieval-and-shortlisting behaviour across workflow configura-
tions, established IR evaluation work on topic-set reliability in-
formed our decision to use a 100-query set here, consistent with
published guidance that ‘a good experiment is at least 25 and
50 is better’ and that ‘100 queries is a good target number’ for
precision-at-k style evaluation [13]. Assessing results also entails
carefulmanual checking ofwhether returned records are plausible
for the researcher’s task. Larger-scale benchmarking is therefore
a natural extension but is best pursued as follow-on work.

1.2.3. Comparisons with other LLMs

The contribution of this study lies in the domain-specific eval-
uation of a retrieval-and-shortlisting workflow for provenance
search in the GPI, including comparative testing across config-
urations tailored to typical provenance query types and expert
verification. A multi-LLM comparison would change the scope of
the work and shift it from a domain-methods and workflow paper
into a foundation-model comparison study. In addition, cross-
provider comparisons introduce further system-level variables,
including prompt sensitivity and provider-specific safeguarding
mechanisms, which would require a separate experimental design
to control and interpret fairly [14, 15]. Cross-provider compar-
isons also involve additional differences across systems (interfaces
and integration choices, context limits, guardrails, and associ-
ated retrieval components). For that reason, we treat cross-model
benchmarking as a future research direction, while keeping the
present contribution focused on documenting and evaluating the
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workflow under clearly described configurations for this specialist
corpus and use case.

1.2.4. Study limitations and future work

We acknowledge a limitation of the present prototype: the embed-
ding andLLMstages rely on closed-source services, although open
components are used where appropriate within the workflow.
Extending the framework to fully open models and conducting
cross-model comparisons is a current priority for further work,
and we plan to pursue this through separate evaluation case
studies benchmarked against the initial closed-source pipeline
prototype.

1.3. Related work

Recent studies have increasingly explored the intersection of AI
and cultural heritage and highlighted an increasing focus on
the integration of such tools into the Humanities. Gîrbacia [16]
showed key trends in the application of AI across heritage do-
mains, emphasising the role of semantic technologies. Shinde
et al. [17] provided a systematic review of AI in archival science,
highlighting parallels with provenance research in data structur-
ing and retrieval. Bushey [18] investigated visual AI in archival
contexts, suggesting opportunities for multimodal extensions of
text-based systems. Zou and Lin [19] presented case studies on
AI in conservation, underscoring the value of interdisciplinary
approaches. Together, these studies underline the relevance of
integrating AI-based techniques into information retrieval in the
Humanities. This study addresses a gap in the current literature,
namely, the application of RAG technology to one of the largest
provenance databases available to researchers. This study builds
on developments made by the Getty Research Institute in provid-
ing large-scale art market datasets for provenance research [20],
with a particular focus on Nazi-era provenance. In 2011, the
Getty, in collaboration with the University of Heidelberg and the
Berlin Art Library, digitised over 3200 auction catalogues. Schuh-
macher [9] highlights the value of the GPI, describing it as ‘short-
circuiting searches that could otherwise take years.’ Hopp [21]
characterises provenance research as a ‘Daueraufgabe’ (ongoing
task) and calls for greater infrastructure and interdisciplinary
collaboration.

Althoughdigitisation has improved general access, the application
of RAG techniques, introduced by Lewis et al. [10] in art mar-
ket and art historical research, is limited. RAG-based techniques
are becoming increasingly present in industry and academia for
smarter information retrieval [22], but there is a gap in the ap-
plication in art historical domains. This study builds on these
technologies to propose a RAG prototype provenance research
model. In the next section, we continue to discuss our aims and
study structure to evaluate RAG for provenance research.

Gao et al. [23] outlined the distinct types of RAG techniques
currently available. The techniques evaluated in this study are first
Naïve Rag, using simple semantic retrieval and LLM summari-
sation, and in a second evaluation, we incorporated elements of
Advanced Rag to evaluate multilingual reranking and metadata
filtering configurations. The addition of further features is inten-
tionally limited to favour ease of conceptual understanding by end
users. The study, owing to its interdisciplinary application, targets
a simpler implementation than some of the latest architectures

(see Self-RAG Asai et al. [24], Adaptive RAG Jeong et al. [25]).
This is a key consideration because potential future users of the
search capability must be able to conceptually understand the
pipeline and search mechanics. AI solutions can be powerful
but suffer from a ‘black box’ effect where end users tend to be
sceptical of end results of how they work. Explainability, inter-
pretability, and understandability [26] are, therefore, paramount
when adapting such technologies for a discipline where trust and
reliability play a vital role.

2. Materials and methods
The following framework is intended as a complementary tool to
the established search portals available to researchers. Its aim is
to meet the need and fill the gap in tools where natural language
searches help overcome search challenges where specific object
metadata is missing. As highlighted by Dr. Sandra van Ginhoven
(Head of the Getty Provenance Index, 2025), the application of
RAG to the GPI ‘enhances the discoverability of provenance data
and adds ways to engage with the Getty Provenance Index.’ Build-
ing on this feedback, we aimed to show the potential of RAG to
make searches more flexible and efficient, while broadening the
potential research audience by introducing multilingual semantic
searches for the first time to the GPI dataset.

For the RAG prototype, we chose models from OpenAI—GPT4o
and text-embedding-3-large [27] for text encoding and text sum-
marisation. We combined these models with the FAISS open-
source vector index [28] and, in a second stage, introduced an
open-source reranker model bge-reranker-v2-m3 [29] to evaluate
potential performance gains through reranking.We choseOpenAI
text-embedding-3-large for the text encoding owing to its robust
performance in granular semantic retrieval and text embedding
benchmarks [30]. FAISS was selected as the vector index ow-
ing to its extensive use in academic and commercial retrieval
systems [28], its support for high-dimensional and large-scale
vector searches, and its flexibility in indexing strategies (e.g., flat,
IVF, and HNSW). FAISS enables efficient similarity search across
millions of vectors [28], making it well-suited for evaluating re-
trieval performance in domain-specific corpora, such as historical
auction catalogues.

To make the search configuration as flexible as possible, we em-
bedded key metadata into the raw auction text records to enrich
the original text. By integrating metadata into the textual content,
we added essential information, such as sale date, auction house,
or catalogue number, while maintaining a single input record for
the model. Our goal in enriching records with embedded meta-
data was to ensure that more of the object description and sale
information is made accessible via the embeddings and semantic
search. The result of embedding metadata into the auction record
is that the information ismade accessible via both semantic search
and also metadata filtering if required. The aim is to maximise the
chances of relevant information retrieval from either the semantic
or metadata-based searches. These combinations were evaluated
in phase two of our retrieval evaluation. The text recordswere then
embedded and stored in an FAISS vector index and a separate
metadata store for flexibility. The model was then evaluated in
two main stages. The first focussed on the initial proof of concept
and evaluated the pipeline’s recall and final output based on a
smaller set of 20 queries and an initial random sample of 10,000
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auction records. The first stage focussed on evaluating the recall
of the first stage raw retrieval [31], without metadata filtering or
reranking, and assessed the quality of the GPT4o output based on
this simpler implementation. In a second stage, a more detailed
evaluation of context retrieval using a larger set of 100 queries
and 100,000 indexed auction entries was conducted, introducing
additional metrics and search configurations. The second stage of
the retrieval evaluation introduced a reranker model and meta-
data filtering as possible ways of optimising retrieval relevance
and precision. At this stage, we also introduced additional metrics
(precision at reranked k, and normalised discounted cumulative
gain [32]).

In both evaluation phases, we evaluated the queries against a
candidate pool of expected records retrieved from our database
using SQL queries. The proxy set of records was established by
translating semantic searches into SQL searches. An example of
this is below.

• Semantic search: ‘we are looking for paintings by Picasso,
Matisse sold at Fischer in 1939 that featured reference to
family, children or women’.

• Corresponding SQL:
SELECT *
FROM GPI_RAG_TABLE
WHERE (artist LIKE ‘%Picasso%’ OR artist LIKE ‘%Ma-
tisse%’)
  AND auction_house LIKE ‘%Fischer%’
  AND sale_date BETWEEN ‘1939-01-01’ AND ‘1939-12-31’
  AND (
      description LIKE ‘%Familie%’
      OR description LIKE ‘%Kind%’
      OR description LIKE ‘%Frau%’
      )

The prototype architecture for both a simple semantic search (ex-
cluding reranking) and semantic retrieval (including reranking)
are outlined below in Figure 1, respectively Figure 2.

Figure 1 • An overview of the simple RAG workflow (excluding reranking).
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Figure 2 • An overview of the simple RAG workflow (including reranking).

The stages of our RAG prototype from data preparation and en-
coding to final retrieval are described in detail below.

• Text Augmentation for Semantic Retrieval. Raw auction cat-
alogue entries were enriched with keymetadata fields (artist,
object type, auction house, material, dimensions, title or
description, auction date, URL link to the original scanned
catalogue).

An example of augmented text from the available data is included
below:

Auction House: Fischer Sale Date: 1939-06-30 00:00:00 Artist:
Dix, Otto Title: Mutter und Kind. Vor efeuumranktem, dun-
klemMauerwerk Kniestück einer frontalsitzenden blonden Frau
mit dunkler geöffneter Jacke. Sie hält auf dem Schoss ihren
Säugling in zinnoberrotem Strickjäckchen. Rechts oben Ausblick
auf blauenHimmel. Signiert rechts unten:OD 1924.Oel auf Lein-
wand, 76/70 cm. Königsberg/Pr., Städtische Kunstsammlungen.
Object Type: Gemälde

Metadata: {‘source’: ‘http://digi.ub.uni-heidelberg.de/diglit/fis
cher1939_06_30’, ‘sale_date’: ‘1939-06-30’, ‘artist’: ‘Dix, Otto’,
‘auction_house’: ‘Fischer’}

• Text Embedding Generation: The enriched entries were vec-
torised using OpenAI’s text-embedding-3-large model. The
model generates 3072-dimensional embeddings that capture
nuanced semantic meaning.

• Vector Indexing with FAISS: The generated embeddings
were stored in an FAISS index using IndexFlatIP to enable
efficient semantic retrieval.

• Query Embedding and Retrieval: For the first evaluation,
queries were embedded using the samemodel and the closest
100 semantic matches retrieved from the index. For the
second evaluation phase, the top 100 results were processed
with a reranker before being passed to theLLM. In the second
evaluation, metadata filtering and reranking were tested.

• Prompt Construction: Retrieved documents were formatted
into a structured prompt and given to the LLM for further
summarisation. The prompt included a system message that
defined the LLM’s role and provided clear instructions for
summarising the retrieved content. The prompt construc-
tion included the context retrieved from the FAISS vector
index and the original query for further reference. This was
designed to maximise the reliability of the final information
retrieved by the user. AURL reference to the original scanned
auction catalogues is included in the final response to ensure
researchers have a link to the original sales catalogue.

The system prompt (Figure 3) and the placeholder from the
python code for the context retrieval and initial search query are
detailed below.

In the following section, we outline the evaluation method for
assessing the quality of the semantic context retrieval and the final
generative LLM output.
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Figure 3 • LLM system prompt.

3. Results

3.1. Evaluation methodology

The evaluation process was performed in two stages. The initial
stage involved 10,000 records and 20 semantic search queries.
The first evaluation focussed on the semantic query search with-
out any reranking or metadata filtering to assess the quality of

the semantic retrieval in isolation. The second stage expanded
the scope to 100,000 records and 100 queries, incorporating a
multilingual reranker model and employing metadata filtering
as further search configurations. In the second evaluation, ad-
ditional metrics were introduced, including precision @ k (10)
and normalised discounted cumulative gain [32]. As Yu et al. [33]
noted, evaluating RAG pipelines is inherently complex owing to
their domain-specific nature. No single standard framework is
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universally applicable, and this challenge was clear in our study.
By dividing the evaluation process into an initial prototype fea-
sibility phase and a subsequent phase involving a larger dataset
with the introduction of a reranker model, we were able to gain
a more comprehensive understanding of the prototype’s potential
scalability and performance. In both stages, the LLM-generated
output was also manually evaluated for relevance to the initial
query on a scale of 1–3 (1—irrelevant; 2—partially relevant; 3—
highly relevant).

For both stages of the evaluation, we divided the search queries
into four categories. The aim of the different types of queries was
to test different query structures to see how the different model
configurations performed. The types of queries are defined below.
Query categories describe the formulation of the input queries,
whereas the object-based vs. general distinction is applied at the
generation stage and governs how retrieved records are structured
in the output.

• Specific—queries that included clear semantic indicators of
object type and artist (i.e.,Were there any paintings by Otto
Dix sold at Fischer in 1939?/‘Charcoal drawings by Max
Liebermann that are signed’)

• Vague—more general queries detailing what the targeted
object(s)may look like or possible object features (i.e., Please
retrieve any works that are not paintings and depict motifs
Venice and are painted in Gouache)

• Multilingual—queries were assessed in Russian and Man-
darin as well as English and German (considered to be the
main languages of the GPI) to evaluate the model’s multilin-
gual capabilities. The multilingual queries are direct trans-
lations of queries already present in the main query bank
and share identical search intent; they are evaluated sepa-
rately solely to isolate and assess the system’s cross-lingual
retrieval behaviour rather than to introduce a new query
type.

• Out of Scope/Irrelevant—control questions that had no link
to the dataset to ensure no records were retrieved and to
evaluate inaccurate model output.

To establish a benchmark for evaluation, we replicated each query
using SQL against our database to generate a set of expected
results. For specific queries, it was possible to retrieve complete
sets of expected records. However, semantically vague queries
could only be approximated using keyword searches. This is an ac-
knowledged limitation of the evaluations, particularly for broader
queries where some candidate resultsmay not have been captured
in the translated SQL searches.

3.1.1. Proof-of-concept evaluation results

The results of the initial evaluation using semantic-only retrieval
of 20 queries on a sample dataset of 10,000 records are detailed
below in Table 1.

Table 1 • Proof-of-concept evaluation summary (n = 20 queries; 10,000-record sample): recall and manual output ratings by query
category.

Query category Number of queries Average recall (%) Manual evaluation

Multilingual * 2 100 3

Out-of-scope/irrelevant 3 100 2.67

Specific 8 85.2 2.88

Vague 7 64.3 2.29

* Multilingual results correspond to translated variants of existing queries and are shown separately for transparency.

The summary statistics indicated potential for provenance
searches but also show limitations for less defined queries. Spe-
cific queries returned relevant record retrieval. Notably, themodel
showed an ability to interpret descriptive and material-based
cues, such as identifying terracotta sculptures from indirect ref-
erences like ‘Gebrannter Ton,’ (fired clay) indicating that the
model can, in some cases, support more nuanced object-level
interrogation. Out-of-scope queries were also handled effectively.
For instance, the query ‘suspended sharks in tanks exhibited at the
Tate’—relating to a 2021 Damien Hirst Exhibition—was correctly
identified as irrelevant, and no records were retrieved, showing
reasonable domain boundary control in this restricted test set.
Similarly, the query for a sculpture depicting a ‘balloon dog by
Koons’ was filtered out appropriately, withGPT correctly inferring
the artist’s name and excluding unrelated results. However, the
performance on vague queries was less consistent. The query ‘a
drawing sold at auction attributed to an Italian artist of the 15th
century’ returned a painting instead of a drawing, indicating a fail-
ure inmedia-type filtering. Another query seeking ‘sculptures sold
by the authorities in Berlin’ only partially matched, suggesting

limitations in abstracting institutional references. While some
vague queries were handledwell—such as the retrieval of ‘gouache
works depicting motifs of Venice’—the overall recall and rating
for this category were lower, highlighting the need for improved
generalisation and semantic abstraction in both retrieval and gen-
eration stages. In the next section, we describe the second, more
detailed evaluation of the context retrieval testing further search
configurations including metadata filtering and reranking. The
aimof the second phase of evaluationwas to test queries at a larger
scale and to gainmore insight into poorer-performing queries and
how they could be improved.

3.1.2. Detailed context retrieval evaluation

In this section,wedescribe themore detailed evaluation (Table2)
of 100 queries and a dataset of 100K records. The evaluation
focuses in more detail on the quality of the information retrieval
with different search configurations. These configurations and
evaluation metrics [34] for each stage are noted below (Table 2).
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Table 2 • Detailed retrieval evaluation setup (100 queries; 100,000 records): four configurations varying metadata filtering and
reranking, with corresponding metrics.

Configuration Metadata filtering Reranking Evaluation metrics

Semantic only (S) No No Recall@100, Precision@100, NDCG@10

Semantic + Reranking (S + R) No Yes Recall@10, Precision@10, NDCG@10

Semantic + Metadata filtering (S + Meta) Yes No Recall@100, Precision@100, NDCG@10

Semantic + Metadata filtering + Reranking
(S + Meta + R) Yes Yes Recall@10, Precision@10, NDCG@10

The above configurations were selected to evaluate how different
search settings perform on the different types of queries and at a
larger scale. This choice focuses on the incremental introduction
of model complexity to assess the performance of the expanded
search configurations. We reported precision, recall, and NDCG
because each captures a different aspect of retrieval quality. Recall
measures how completely the system retrieves relevant records
form the candidate SQL results. Precision reflects the proportion
of retrieved items that are relevant and is useful for understanding
the reliability of the highest-ranked results, which often receive
closer attention during research workflows. NDCG evaluates how
well the system orders those results, rewarding relevant items that
appear early. Thesemetrics allowed us to assess both the coverage
and relevance of the ranked output. An overall summary of the
average metrics for each model configuration is shown below. In
the following charts, we also report precision for search combi-
nations without reranking. However, in those cases, precision is
less meaningful because these configurations can produce small
candidate result sets, and we evaluate them using a larger top-k
threshold of 100.

The overall results (Figure 4) showed that introducing a reranker
improved retrieval quality. Metadata filtering also increased pre-
cision by narrowing the search space. This is, however, a trade-off
as filtering out potential candidate records lowers recall because
some relevant auction entries may be excluded when the index
is restricted. The reduced recall for the S + R and S + Meta +
R configurations is expected, as the reranking stage evaluates
only the top 10 semantic candidates rather than the top 100, and

metadata filtering further constrains the candidate pool. Although
the overall average metrics per search configuration suggest that
the introduction of metadata filtering and reranking were benefi-
cial, more analysis was required to gain a deeper understanding of
how query types responded to different search configurations.

In the following analysis, we present the same metrics but for
specific types of queries (Figure 5) to highlight how specific
queries and vague queries performed using the different search
configurations. First, we cover the specific searches.

The above chart shows recall, precision, and NDCG for specific
queries only. These metrics are consistent with the initial smaller-
scale review and confirm that specific queries—those anchored by
strong semantic signals such as references to paintings, sketches,
studies, drawings, or named artists—perform well across config-
urations. In this case, there is one optimal setup. The combi-
nation of semantic retrieval, metadata filtering, and reranking
(S + Meta + R) provides high recall, higher precision, and the
highest NDCG, demonstrating that the reranker effectively im-
proves the relevance and ordering of results after filtering the
index. It is acknowledged that metadata filtering alone can target
some relevant results, but this is never guaranteed, particularly
when metadata fields are incomplete or inconsistently populated.
Therefore, the combination of semantic retrieval and metadata
filtering—followed by reranking—can offer a practical option for
researchers. This makes the S +Meta + R configuration especially
suitable for specific queries. This evaluation was then repeated for
vague queries. The results are detailed in Figure 6.

Figure 4 • Average evaluation metrics per model configuration.
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Figure 5 • Average evaluation metrics—specific queries.

Figure 6 • Average evaluation metrics—vague queries.

The evaluation of vague queries showed a different pattern from
what was initially expected. Because these queries contain weak
semantic signals, we anticipated that all configurations would
struggle. Semantic-only retrieval (S) does reflect this limitation:
recall is lower, and the retrieved items show greater variability,
which is consistent with known challenges of embedding-based
retrieval when the query does not provide clear discriminative
cues. However, when metadata filtering is introduced (S + Meta),
the system’s behaviour changed noticeably. Even coarse filters—
such as restricting the search to a particular auction house or
object type—remove a substantial amount of noise from the in-
dex. By narrowing the candidate pool, semantic retrieval can
operate within a more focussed subset of records, enabling it to
pick up motif-level or descriptive overlaps that would otherwise
be obscured by the noise in the wider retrieval. This effect was
visible in several of our results, where vague queries that lacked
explicit semantic anchors nonetheless surfaced entries sharing
meaningful descriptive elements. As a result, S + Meta produces
higher precision and NDCG than anticipated, and in some cases
outperformed configurations without filtering. When reranking
is added (S + Meta + R), recall decreases due to the narrower
top-k window, but the ordering of results becomes more stable
and thematically coherent. In practice, S + Meta provided the
broadest coverage for vague queries, while S + Meta + R yielded
the most focussed and semantically aligned top-ranked items. Al-
though vague queries inherently cannot achieve full recall—given
the lack of clearly defined expected result sets—the combination of
metadata filtering and semantic retrieval still enabled the system

to identify motif-relevant entries. The examples discussed in the
next section demonstrate how the LLM responses highlight se-
mantically related objects retrieved under these broader prompts,
despite the queries themselves providing limited structure.

3.1.3. Stratified end-to-end evaluation using the best
model configuration

A final step in the evaluation involved a second round of man-
ual assessment of the GPT-generated outputs using the best-
performing configuration—semantic retrieval combined with
metadata filtering and reranking (S + Meta + R). We selected a
random sample of 20 queries from the extended query bank and
evaluated the resulting LLMoutputs using the 1–3 relevance scale.
This assessment was carried out with an important limitation in
mind: for vague queries, the full set of expected records is often
too large to be reproduced in its entirety, and the model was
therefore evaluated not on completeness but on the relevance and
appropriateness of its final ranked output. Across both specific
and vague query types, this final evaluation assessed whether

• The model generates domain-specialist outputs that adhere
to the system prompt while remaining faithful to the user’s
original search intent.

• The model safeguards against irrelevant outputs by restrict-
ing results to records that meaningfully align with the query.

The results of the manual ratings are shown in Table 3.
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Table 3 • Stratified end-to-end manual evaluation of GPT outputs using the best configuration (S + Meta + R): mean relevance ratings
(1–3) by query category (n = 20).
Query category Number of queries Average manual evaluation score (1–3)
Multilingual 2 3.00
Out-of-scope/irrelevant 3 3.00
Specific 7 3.00
Vague 7 2.43

Across the specific queries, performance was consistently strong:
the model returned a set of relevant records in every case. A clear
illustration of the benefits of combining metadata filtering, seman-
tic search, and reranking comes from theMaxLiebermann charcoal
drawing queries. Metadata filtering successfully narrowed the pool
to Zeichnung (drawings), but the semantic layer identified the
correct charcoal works despite highly varied catalogue phrasing.
The model consistently recognised medium-specific cues across
German formulations such as ‘Kohlezeichnung’ (‘charcoal draw-
ing’), ‘Orig.-Kohlezeichnung, mit weiß gehöht’ (‘original charcoal
drawing, heightened with white’), and even longer descriptive lines
like ‘Aus dem Judenviertel in Amsterdam… sehr interessante flotte
Zeichnung’ (‘From the Jewish quarter in Amsterdam… a very lively
sketch’), where the charcoal reference appearsmid-sentence.When
prompted in English (‘charcoal drawings byMax Liebermann’), the
system still retrieved and prioritised all these German variants.
This shows how semantic matching generalised well to search
inputs, while reranking stabilises the final ordering—together pro-
ducing a reliable, medium-specific result set that metadata alone
could not guarantee.

For vague queries, the system’s performance was variable; al-
though it struggled with strict precision, it consistently surfaced
thematically related records whenever the catalogue text provided
even partial motif cues. For example, when asked to ‘retrieve
works depicting harbour or maritime scenes’—a query without
artist, date, or medium constraints—the model returned items
described as ‘Italienische Meerlandschaft’ (‘Italian seascape’) and
‘Seestück’ (‘sea piece’), correctly identifying the maritime mo-
tif despite the underspecified input. Similarly, a broad prompt
seeking ‘dynamic or action-filled scenes’ led the model to surface
narrative-rich drawings such as ‘Kosack durch einen Fluß reitend’
(‘Cossack riding through a river’) and ‘Kosackenvedette am Wal-
drand’ (‘Cossack scout at the forest edge’), showing it could infer
thematic movement cues from the text. Queries mentioning ‘rural
or everyday outdoor life’ produced outputs like ‘Dorflandschaft’
(‘village landscape’) and ‘Bäuerin in gebückter Stellung auf dem
Felde’ (‘peasant woman bending in the field’), again demonstrat-
ingmotif-level semantic alignment.However, the limitationswere
clear: when asked for ‘non-painting works depicting Venetian or
lagoon motifs,’ the model captured the seascape theme but failed
the medium constraint, returning entries such as ‘Ölgemälde auf
Karton’ (‘oil painting on cardboard’).

In summary, the detailed evaluation illustrated the benefits of in-
cluding a reranking stage and, where possible, grounding queries
with even coarse metadata filters. Although the detailed eval-
uation showed continuing limitations, we also gained a clearer
understanding of some of the issues causing these limitations.
This indicates a direction for possible further research and optimi-
sation of the pipeline, detailed in Section 4.1.1. In the next section,
we contextualise these results with feedback from the domain
of provenance research conducted through user demonstrations
and consultations with a German art museum on the wider

applications of RAG in museum and art historical archives.

3.1.4. User demonstrations and feedback on RAG for
provenance research

To assess whether the RAG pipeline addressed the known chal-
lenges of time-consuming searches and inefficient access to rel-
evant information, we presented the initial results to the Getty
Provenance Index of the Getty Research Institute (Dr. Sandra van
Ginhoven—head of the Getty Provenance Index and her team)
and conducted a detailed feedback session with art historian and
provenance researcher Dr. Shir Kochavi (Bar-Ilan University).
We also discussed the wider implications of RAG systems for
museum collections with Jamie Dau and Leslie Zimmermann at
the Reiss-Engelhorn-Museum in Mannheim. Feedback from the
Getty team was positive, highlighting the potential of RAG to ex-
tract information fromunstructured catalogue text and to simplify
searches for non-experts through natural-language queries. Dr
van Ginhoven stated:

‘The prototype shows incredible potential for prove-
nance data. The ability of users to formulate queries
using natural language and of the model to retrieve
accurate results that complement those based on ex-
istingmetadata fields both enhance the discoverability
of provenance information and adds ways to engage
with Getty Provenance Index data.’

Dr. Kochavi emphasised the practical benefits of the prototype,
explaining that it ‘assists in scanning through long lists, highlight-
ing a searchable title or artist,’ and stressed how reducing the
duration of provenance research can have real impact, as delays can
‘postpone potential restitution… causing aggravation to families or
Holocaust victims and survivors.’ Mr. Zimmermann and Mr. Dau
similarly described RAG-based tools as potentially transformative
formuseums and archives because they lower the technical barriers
that often separate experts from the data they curate. This domain
expert feedback indicates that, with transparent communication
about how RAG works and its limitations, a RAG can meaningfully
increase access to provenance data and make search processes
more efficient, providing more direct and timely access to relevant
candidates within complex archival records.

3.1.5. Workflow comparison vs. the current GPI
search portal

The GPI provides an online search portal designed to facilitate
the structured exploration of its extensive provenance datasets.
Its revamped architecture, grounded in CIDOC CRM Linked Art
frameworks, transforms flat-file records into a graph-based net-
work of linked entities, such as artworks, individuals, locations,
and events. Linked Art offers a flexible data model that en-
ables consistent, cross-collectiondiscovery by linking cultural her-
itage records through shared entities and relationships, thereby
enhancing usability and interoperability across institutions [35].
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The event-focussed model allows researchers to trace meaning-
ful relationships among people, objects, and ideas by modelling
events temporally, rather than focussing solely on static ob-
ject properties [36]. This is useful for tracing intricate relation-
ships between records, actors, and institutions in the dataset. In
contrast, the RAG-based prototype introduces a flexible natural
language interface that supports exploratory and multilingual
queries, semantic abstraction, and contextual summarisation. The
main benefit of RAGover the current facility offered byGetty is the
flexible and efficient natural language-based search functionality
it provides. This removes any technical barriers needed andmeans
that searches can be conducted without precise knowledge of
the objects’ metadata. In this assessment, we also note that the
application of RAG serves a different purpose to the existing tools
and is, therefore, to be considered another search technique rather
than a competing search technology. Although the RAG solution
presents a powerful way of searching provenance datasets, the use
of AI models poses some challenges for the discipline relating to
transparency traceability. In the next section, we address these
concerns for provenance research and the use of AI tools.

4. Discussion
4.1. AI—RAG and user interpretability

Provenance research encompasses a wide array of historical

contexts. Investigations related to German Sales data within the
GPI frequently pertain to artworks looted during the Nazi era,
particularly those expropriated from Jewish families. To address
challenging histories and connections to dark episodes in both
personal and national narratives, it is imperative to provide
frameworks that are both practical and comprehensible to end
users. The framework we have developed emphasises explainable
information retrieval (referencing concepts raised by Dwivedi
et al.) [37], which is structured to consistently involve a human
expert in the process, commonly referred to as a ‘human-in-
the-loop’ workflow. Safdar et al. [38] identified several critical
ethical considerations in the use of AI-based applications, notably
highlighting the risks associated with ‘Blackbox and Bias.’ RAG
addresses this issue by offering contextually relevant retrieval for
an LLM to use in its summaries, thereby reducing the risk of fabri-
cated responses or hallucinations. Additionally, when the context
is summarised, we incorporate an evaluation step in the summary
that details and justifies the inclusion or exclusion of records from
the raw contextual retrieval. Using RAG search will not replace
traditional archival search methods and must be presented with
adequate disclaimers as to its strengths and limitations. How-
ever, what stands out is RAG’s ability to offer efficient access to
records that would have taken a lot longer to unveil even using
existing digital search tools. The following example (Figure 7) is
an extract from the final user output to show how the records are
relatable back to the original online document repositories.

Figure 7 • Domain specific RAG output.
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This format ensures the results are interpretable and traceable to
the original context provided by semantic retrieval. This trace-
ability allows end users to evaluate the query results and val-
idate their relevance. The final output was designed to max-
imise transparency by linking the filtered results to primary his-
torical texts, enabling researchers to quickly reference primary
source materials. The framework is specifically designed to ad-
dress well-documented ethical concerns associated with AI-based
tools. Bostrom and Yudkowsky [39] found four key risks in their
analysis of domain-specific AI applications: bias and discrimi-
nation, lack of transparency, predictability and robustness, and
accountability. In response to these risks, we addressed the ethical
challenges of bias, transparency, predictability, and accountability
through intentional design choices. The structured prompt design
and traceable outputs ensure transparency and interpretability,
allowing users to understand not only what was retrieved but also
why certain records were selected.

In the next section, we outline further research possibilities to
explore other model combinations and technical combinations
that may result in cheaper and technically better RAG results.

4.1.1. AI—further research

Several alternative strategies exist to improve the model’s func-
tionality and potentially improve retrieval accuracy, particularly
for more vague queries, where our evaluation identified limita-
tions. Additionally, numerous combinations and RAG implemen-
tation options are available for assessment, including retrieval re-
finement strategies [40]. However, these approaches can become
highly technical, necessitating a cautionary note that transparency
and traceability for the end user should remain paramount in
any model enhancements. Further research could involve fine-
tuning smaller LLMs to perform the specific task of provenance
search summary rather than relying on larger closed-source mod-
els [41, 42]. Moreover, given the limitations in semantic capture
from the vague queries, future research could include evaluating
the fine tuning of embedding models to the auction text with the
aim of improving auction-specific semantic details. The frame-
work could also be expanded to incorporate other art market
datasets, such as those hosted by the University of Heidelberg.
Integrating digitised data from art market journals of the time
could enhance the context provided and allow single searches to
retrieve not only relevant auction records from the data but also
any references made to relevant artworks in contemporary trade
literature.

5. Conclusions
This study introduced and evaluated a RAG prototype specifically
designed for art provenance research, using Getty Provenance
Index (GPI)—German Sales. By enriching auction entry text with
metadata and embedding them as extended records, the system
enables flexible natural language querying with traceable and
explainable outputs. The evaluation results showed robust per-
formance in specific queries, with limitations in vague or abstract
searches. These findings underscore the potential of RAG-based
systems to support both targeted and exploratory provenance
research, while also identifying areas for future refinement in se-
mantic generalisation andmedia-type filtering. Ethical safeguards
are embedded throughout the framework, directly addressing the

risks named by Bostrom and Yudkowsky [39] in domain-specific
AI applications: bias, transparency, predictability, and account-
ability. The system design ensures traceable outputs, ‘human-
in-the-loop’ workflows, and contextual grounding in primary
archival sources, mitigating the risks of fabricated responses.
Rather than replacing existing tools such as the Getty Provenance
Index portal, the RAG prototype complements them by offer-
ing additional approaches for data and knowledge exploration.
It enables researchers to navigate complex historical datasets
with greater efficiency while preserving the rigour and contextual
sensitivity needed in provenance research. Future iterations may
incorporate open-source models and hybrid retrieval strategies;
however, the core principles of explainability, transparency, and
human oversight must remain central to any such development.
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