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Abstract
WWII led to the fragmentation of primary materials about the Holocaust across different nations, thereby
complicating historical reconstruction. To help researchers navigate this patchwork, EHRI offers a trans-national
and centralised catalogue of archival finding aids, recently made available as a knowledge graph. At the same time,
LLMs offer new methods for research amid promises of improving researchers’ productivity despite their current
limitations and the ethical questioning around their usage, particularly within the humanities. In this work we
explore the use of three context-retrieval techniques (RAG, GraphRAG and MCP) over the EHRI Knowledge Graph,
which can offer curated and grounded information about the Holocaust to the LLM of choice; we evaluate them
as part of an LLM-as-a-judge methodology and deliver a conversational web interface implementing them. Our
early results show that RAG performs best for our domain, GraphRAG requires a more complex implementation
to reach its full potential, and MCP, while promising, is overshadowed by the non-determinism involving its
invocation. We frame this study within a wider pathway toward determining how AI tooling can be integrated
into existing solutions and serve the purposes of researchers on the Holocaust in a trustworthy, reliable and
ethical manner.
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1. Introduction

The European Holocaust Research Infrastructure (EHRI) developed its Portal website in an attempt
to make identifying and locating archival material relevant to the study of the Holocaust easier for
researchers in the field. The pursuit of truly trans-national Holocaust research is a complex endeavour,
in no small part due to the fragmentation of primary source material that resulted from destruction of
evidence, mass migration, and political upheaval during and after WWII [1, 2]. The EHRI Portal [3]
attempts to provide a single entry point through which this landscape can begin to be comprehended,
linking together information about collections held by institutions large and small on a global basis.
More recently, the EHRI Knowledge Graph (EHRI-KG) appeared as a semantic-enabled replica of the
EHRI Portal built on top of Semantic Web technologies and leveraging the recently-released Records in
Contexts Ontology (RiC-O)1 [4, 5].

The surge of AI, and more specifically Large Language Models (LLMs) [6], has provided researchers
with new methods for retrieving, searching and analysing information, making them invaluable tools
when used properly [7, 8, 9, 10]. Yet the longer-term effects on the productivity of researchers, vis-à-vis
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archival sources, will likely take some time to understand. In the short term, however, one probable
impact on research infrastructures like EHRI, which seek to make information more easily accessible, is
that a certain portion of our user base will become increasingly accustomed to using conversational
interfaces for information-gathering purposes. Nevertheless, LLMs suffer from different problems and
limitations, ranging from the tendency to hallucinate [11] or confabulate [12] to the inevitable cut-off
date of the data that is used to train them or the unintentional bias (and lack of curation) introduced in
the training set – including a prevalence of sycophancy [13] in models fine-tuned using Reinforcement
Learning from Human Feedback (RLHF) [14]. As such, these behaviours can result in reputational risk
for the providers of services based on them, particularly when dealing with sensitive topics such as the
Holocaust. All this has deepened the humanistic rejection of LLMs – and AI in general – and fuelled a
call-out against their use in historical contexts due to the risks of distortion, denialism and bias [15].

This work presents the first steps of our research into making the data from the EHRI-KG – and
by extension from the EHRI Portal – accessible via a conversational text interface and discusses three
techniques, Retrieval-Augmented Generation (RAG) [16], GraphRAG [17] and the Model Context
Protocol (MCP)2, for grounding the output of LLMs using verified and curated information from EHRI
data providers, thus reducing their tendency to output inaccurate or unsourced information. Moreover,
we outline this initiative in a wider human-centred approach to the adoption of LLMs in Holocaust-
related settings where we seek to understand better how these tools can benefit practitioners in this
field in a trustworthy, reliable and ethical manner.

The rest of this paper is structured as follows: Section 2 reviews the background and related work in
the field, while Section 3 introduces the EHRI data model, the implemented architecture and how the
various components of our chatbot prototype work together. Section 4 discusses our early findings and
the methodology used to establish an early evaluation of the output of each retrieval method. Finally,
Sections 5 and 6 respectively examine our plans for future work and provide a conclusion.

2. Background and Related Work

This section explores the background of this work, related work employing RAG, GraphRAG and MCP
solutions in the cultural heritage field, and how LLMs in general are currently used for Holocaust
research, highlighting the main associated problems and criticism in the field.

2.1. RAG, GraphRAG and MCP in Archives and Cultural Heritage

RAG was introduced by Lewis et al. [16] to combine a parametric language model with a non-parametric
external store, retrieving relevant passages at inference time to ground generation and reduce hallu-
cination; subsequent surveys chart its rapid evolution and recurring failure modes such as retrieval
errors and chunking artefacts [18, 19]. In cultural heritage and historical fields, RAG has already been
used to build question-answering chatbots; e.g., the Artistic Chatbot answered open questions at a
live art exhibition from a curated document base [20], and similar pipelines have been built to query
historical newspaper collections [21, 22]. However, such systems inherit the limits of vector-only
retrieval [19]; answers are assembled from a fixed set of independently embedded vectors, which makes
it hard to connect them to stable archival identifiers and tends to conflate sources based on literal
semantic proximity instead of curated structures. Even with relevant context retrieved, LLMs could still
introduce unsupported or contradictory statements [23], the effectiveness is sensitive to the relevance
and arrangement of the retrieved passages [24], and their conflated answers may contribute to a biased
historical perspective transformation [25].

The limits motivate researchers to build retrieval systems that are more explicitly aware of the
relationships between records. Two approaches have been developed for mitigation. GraphRAG [26]
operates over graph elements (entities, triples, paths or subgraphs) rather than text chunks, which
require curated Knowledge Graphs (KGs). Alternatively, MCP standardises how LLMs invoke external

2https://modelcontextprotocol.io/specification/
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tools; though not a dedicated retrieval method by itself, it can expose KG navigation as callable tools
and delegate retrieval decisions to the model. In this paper, we situate RAG, GraphRAG and MCP within
a single system over the EHRI-KG, allowing them to be compared as a progression from static retrieval
towards dynamic, graph-based, and model-driven access to our archives.

2.2. LLMs in Holocaust Research

LLMs are increasingly applied in Holocaust research for both retrieval and user interaction. On the
information retrieval and extraction side, LLMs have been applied in domain-specific named-entity
recognition and linking, making archives and documents more discoverable and interconnected. EHRI
released a multilingual dataset and models for detecting entities in testimonies and archival descriptions
and linking them to controlled vocabularies [27], and compared LLM-driven and classical machine
learning approaches for automated subject indexing of archival descriptions [28]. Beyond EHRI, LLMs
have been used for named entity and relation recognition from Holocaust testimonies [29, 30], and RAG
has been applied to the analysis of children’s diaries [31]. On the interactive side, systems that let users
communicate with survivor records conversationally have been built, e.g., the time-offset interaction
with Holocaust survivors [32] and proposals for generative “digital duplicates” in Holocaust testimony
[33].

These applications also bring risks and controversies. The interactive applications are highly contested
and have drawn sustained ethical critique [34, 35]. The risks on the retrieval side include fabrication,
distortion [36, 37, 38], and the staleness of models unaware of newly surfaced or undigitised holdings
[39]. Together, these concerns have led to broader scepticism and rejection of LLMs in the historical
context [15]. Grounding the retrieval process in domain-specific data also risks becoming an attack
surface for poisoned passages [40] – or even more intentional and sophisticated adversarial attacks
[41, 42], which call for highly curated sources, additional safeguards, or even a different training and
evaluation model for AI [43].

RAG, GraphRAG and MCP are all methods developed to mitigate risks on the retrieval side. However,
the benefits of such grounding are bounded as added context can stop helping past a certain point [44].
Since RAG, GraphRAG and MCP leave the model with progressively more discretion over the retrieval
process, they also constrain its output progressively less. Therefore, our approach presented in this
paper seeks to reduce the retrieval-side risks by grounding responses from a curated KG of EHRI’s data,
while remaining explicit that the interaction layer and the model-driven effects of the three methods
still retain the concerns mentioned above.

3. Architecture & User Interface

In this section we introduce the EHRI Portal and EHRI-KG data models, to then describe the architecture
used to implement the three retrieval techniques and the rationale for each approach. Afterwards, a
web-based interface is presented, which will serve as the basis for future experiments with intended
users.

3.1. Data Model

The EHRI Portal consists of three main entities: countries or country reports, which serve as a top-level
entry point and provide an overview of a specific nationally-centred research situation; institutions
within each country as custodians of archival material; and archival descriptions created by institutions’
staff as inventories of their holdings. The EHRI Portal also provides: a set of vocabularies representing
Holocaust-relevant subject headings, camps and ghettos respectively, acting as thematic links among
archival descriptions; a set of corporate bodies’ and persons’ data, which can be linked as subjects or
creators of a certain archival description; and copy/original links which indicate if a certain holding has
been copied or is a copy of another one. The EHRI-KG3, for its part, follows the same structure but
3https://lod.ehri-project-test.eu/
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is aligned to RiC-O and our own EHRI Ontology4. A SPARQL endpoint5 for the EHRI-KG is publicly
available and is the basis for the techniques explained in the following sections.

3.2. RAG

The first step before being able to retrieve relevant data based on a user prompt is to index the data in a
vector space, so that the application is able to do a semantic search based on a similarity metric (e.g.,
cosine similarity or Euclidean distance). For this step we employ two different techniques depending on
the entity type. For countries, in which the content is less structured and the bulk of the information is
contained in lengthier text passages, we leverage a chunking strategy by sentence including an overlap
with the preceding and succeeding ones. For institutions and archival descriptions, which contain much
more concise information and cannot be treated as a single coherent document, a set of key-value pairs
is extracted for each entity. In each case, the data is retrieved from the SPARQL endpoint using a set
of pre-defined queries, transformed following the described method and converted to its counterpart
embeddings using the all-MiniLM-L6-v2 model under sentence-transformers [45]. All the embeddings
are then persisted into a FAISS [46] index file which uses the default method for similarity metrics (i.e.,
squared Euclidean distance) and a retrieval JSON file is generated to restore the chunks for a specific
index.

On retrieval the user prompt is embedded using the same model and the top 6 results are returned
based on the equivalences file. All the retrieval happens locally and the timeliness of the data is strictly
linked to the date on which the index was generated.

3.3. GraphRAG

In contrast to RAG, the retrieval in GraphRAG is complemented by navigating over neighbouring
nodes in a KG. In our implementation, we have followed a similar procedure to the RAG one for the
embedding phase, though in this case we have limited the extraction to a handful of attributes for each
entity pertaining to its name, type, URI and description, which are then stored in a key-value pair set
per entity. Moreover, given that our KG does not contain a large number of distinct classes, we created
a separate index for each (i.e., countries, institutions and archival descriptions). As in the RAG method,
the indexes are persisted in a FAISS vector store and a conversion file is also created for later retrieval.

The first part of the retrieval is identical to the RAG one, but in this case a heuristic method of
retrieval is used in which the top 2 countries, the top 6 institutions and the top 10 archival descriptions
are recovered. From this point, an exploration of the graph based on a set of pre-defined SPARQL
queries is launched per type:

• Country: The attributes for the given country are queried against the KG as well as the list of
the first 10 institutions connected to that country (including a name and a link to expand the
information about them).

• Institution: The most relevant attributes are recovered from the KG alongside the 10 most
prominent archival descriptions (once more pulling only the title and a link to expand information).

• Archival description: The most relevant information is retrieved from the KG and the first 10
archival descriptions, which are noted as copies or original sources, are pulled (only including
the title and a link to expand information).

In contrast to the RAG approach, while the set of persisted entities refers to that of the date in which
the FAISS index was created, the retrieval is able to offer more up-to-date information about the relevant
entities and provides a richer contextual window at the cost, however, of a higher consumption of
tokens.

4http://lod.ehri-project-test.eu/ontology
5https://lod.ehri-project-test.eu/query/
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Figure 1: Diagram representing how each of the retrieval methods works upon a user request.

3.4. MCP

MCP was introduced as an open standard method to allow LLMs to call external tools. As mentioned
before, it has a more general purpose than RAG but can be leveraged for similar purposes [47, 48].

In order to build an MCP server (using the Streamable HTTP transport layer) we designed a set of
SPARQL queries6 that cover the same entities and navigational pathways as those in the GraphRAG
implementation. We then made use of grlc7 [49] to build an OpenAPI-compliant REST API which was
later converted into an MCP server using FastMCP8. One caveat is that queries must be designed to take
into account that LLMs are not good at traversing different methods nor using identifiers for obtaining
the results, and they expect endpoints to follow a more natural-language-based retrieval approach with
fewer operations.9 In practice, we created two sets of calls, one with identifiers (as a REST API) and the
other using free text as inputs (and tagged as “mcp”). When deploying with FastMCP only those tagged
as “mcp” are incorporated in the MCP server10. Once set up, the MCP server can be registered in any
compatible AI provider tools or used in combination with any compatible tool-supporting model, for
which in many cases the development of an agentic loop is required.

In contrast to the other two methods, the decision about what methods to call and how to retrieve
the contents is entirely delegated by the developer to the LLM. This ensures, however, that the data
returned is completely up-to-date (due to the avoidance of the static embedding phase) and its inclusion
in more general AI tooling becomes more straightforward.

3.5. User Interface

In order to facilitate the use of the different retrieval methods and set the stage for a future user study, we
have developed a web interface that allows the user to choose between different models (at the time of
writing Mistral-small-latest and Gemini-Flash-2.5) and retrieval methods (i.e., vanilla, to use the model

6https://github.com/EHRI/ehri-kg-sparql-queries-grlc
7https://grlc.io/
8https://gofastmcp.com/integrations/openapi
9https://www.philschmid.de/mcp-best-practices
10https://lod.ehri-project-test.eu/mcp
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(a) EHRI chat interface using the GraphRAG method (b) Mistral Vibe using the EHRI-KG MCP server

Figure 2: Screenshots showing: (a) the EHRI chat interface answering a user prompt using the GraphRAG
retrieval method, and (b) the MCP server being called from other AI tools (in this example, Mistral Vibe) to
retrieve data from the EHRI-KG.

without any retrieval; RAG; GraphRAG and MCP). The web interface is based on nanoChat11, adapted
to our specific use case and needs, and as such allows using the full chat history for the generation
(although only the latest prompt will be used for RAG and GraphRAG retrieval). It also allows the
modification of some of the generation parameters (e.g., temperature and top-k). Figure 2a shows the
chat interface while Figure 2b shows how the MCP server can be leveraged from AI providers’ existing
tools.

4. Early Findings & Discussion

With the aim of testing the overall architecture, the different context-retrieval approaches, and their
ability to answer users’ queries based on the EHRI-KG data, we have conducted an evaluation following
an LLM-as-a-judge methodology. Due to the absence of a ground truth at this stage, which we seek to
establish in the future with the aid of domain experts through a user study, this methodology allows
us to establish an initial assessment of the benefits that this solution may have and, at the same time,
establishes a framework that can be used for continuous validation throughout further refinement and
development of this tool. It also allows us to increase the number of questions evaluated in parallel with
expanding the number of domain entities provided for. Recent literature suggests that despite inherent
biases that LLMs may possess, scores attributed by them tend to align to a high degree with those of
human annotators/reviewers [50], making this technique a more scalable and less resource-intensive
alternative.

Thus, for our experimental set-up we have followed the three metrics proposed in the RAG Triad12

and adopted by evaluation frameworks like RAGAs [50], ARES [51] and Ragchecker [52]: Faithfulness or
Groundedness, Answer Relevance, and Context Relevance. Then, we asked a more powerful LLM (in our
case, Mistral-large-latest) than those used for generation (i.e., Mistral-small-latest and Gemini-2.5-Flash)
to rate the answers alongside the corresponding context for each of the three retrieval methods, using
a scale going from 0 to 3 (0 denoting no relevance, not grounded, or irrelevant, and 3 high relevance,

11https://github.com/karpathy/nanochat
12https://www.trulens.org/getting_started/core_concepts/rag_triad/
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Entity type: Countries
Question Complexity analysis
What was the situation of Belgium
during the Holocaust?

The information is contained in Belgium’s entry, but additional archival de-
scriptions or institutional information may add relevant data.

What was the fate of Roma in France
during the Holocaust?

The question asks about the Roma ethnic group, which can create confusion
for the LLM. France’s country report contains a specific paragraph about this,
notwithstanding further information on archival descriptions.

Can you establish a relation between
France and Italy in terms of collabo-
ration with the Nazis?

Both country reports need to be retrieved and compared, forcing the LLM to
analyse the data in contrast to just serving the pulled context.

Entity type: Institutions
Question Complexity analysis
List the most relevant institutions for
the Holocaust in Belgium.

The correct institutions need to be recovered and the relevancy assessed
according to their descriptions.

Can you locate museums for the
Holocaust in the Netherlands?

This query forces the method to filter the retrieved institutions to those that
also operate or are mainly a museum. This may be subtle depending on the
descriptions provided by the partner institutions.

Locate camp sites that hold an
archive within their premises in Ger-
many these days.

In comparison with the previous query, this question adds a double filter as
candidate institutions need to be former camp sites and hold an archive.

Entity type: Archival descriptions
Question Complexity analysis

I need to retrieve information about
deportations of Jews in Antwerp.

This query forces the tool to filter the descriptions based on a specific location
and group. The latter can prove complex if the archival descriptions assume
this group and do not specifically mention it.

Can you locate archival material re-
lating to raids in Amsterdam.

Similar to the previous query, but for a different city and a more generally
included term. Given the broad term, the LLM may be forced to select among
numerous likely valid results.

Do you have information on what
countries issued visas for Jewish
refugees during the War?

The retrieval method should return any archival description touching (even
slightly) the topic, while the LLM has to elaborate a list of countries based on
the provided context and avoid inferring from training information.

Entity type: General information
Question Complexity analysis

Who was Hermann Göring?

Information about this person cannot be retrieved from the EHRI-KG, as the
retrieval mechanisms for this entity are not implemented yet. However, the
LLM should be able to answer this based on prior knowledge (given the general
availability of information about him on the Internet) and a number of archival
descriptions may contribute to shaping the response.

Table 1
Set of questions used for the LLM-as-a-judge-based evaluation, grouped by the type of entity that should be
retrieved for answering them and including a complexity analysis as a subjective indication of the effort required
to retrieve the requested information.

high groundedness, or fully relevant).13 Despite the possible misalignment of the metrics with the
vanilla mode (i.e., that without any context retrieval), we decided to include it in our evaluation in order
to have a sort of baseline, allowing us to confirm the improvement of the answers when additional
context is provided over those based solely on LLMs’ prior knowledge. We have also captured the usage
of input and output tokens for each method and calculated an estimated running cost (based on the
prices in force at the time of writing). We have included three questions per entity type (countries,
institutions, and archival descriptions) and one about a person, whose entity type is not implemented
in the retrieval process yet, but for whom relevant information should already be known by the LLMs
or easily retrieved from related archival descriptions (see Table 1 for the full set of questions). For the
generation process, we used, when available14, the same parameters for both models: temperature set
to 0.1, top-k to 20 and maximum tokens to generate to 4096. Table 2 shows the results obtained from
this evaluation averaged by entity type and by the full set of questions.

13The implementation of this evaluation can be consulted on: https://github.com/herminiogg/ehri-chat/tree/main/evaluations
14top-k is not available for Mistral-small-latest
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Mode: Vanilla (baseline)
Mistral-small-latest Gemini-2.5-Flash

Query group CR AR G IT OT Price CR AR G IT OT Price

Countries (n=3) 1 3 1 320 987.7 $0.00034 1.3 2.3 3 314 1492 $0.00382
Institutions (n=3) 2.7 3 2.7 319.7 523 $0.00019 2.3 2.3 3 313.7 318.7 $0.00089
Archival descriptions (n=3) 1 2.3 1 320.7 409.3 $0.00015 0.3 1.3 1 314.3 69 $0.00027
General information (n=1) 3 3 3 313 643 $0.00022 3 3 3 307 95 $0.00033

All (n=10) 1.7 2.8 1.7 319.4 640.3 $0.00022 1.5 2.1 2.4 313.3 573.4 $0.00153

(a) Results of the evaluation for the vanilla mode against Mistral-small-latest and Gemini-2.5-Flash.

Model: Mistral-small-latest
RAG GraphRAG MCP

Query group CR AR G IT OT Price CR AR G IT OT Price CR AR G IT OT Price

Countries (n=3) 2 3 3 1517 428.3 $0.00028 1.7 2 2.7 10005 569 $0.00117 1.7 3 2 11525 1403.7 $0.00157
Institutions (n=3) 2.3 3 3 1092 552.3 $0.00027 2 2.3 2.3 8602 697.7 $0.00107 1.7 2.3 2.7 40722.3 1303.3 $0.00446
Archival descriptions (n=3) 2 3 3 1131 516.7 $0.00027 2 2.3 2.7 7350 845.7 $0.00099 2.3 2.7 3 9739.7 483.7 $0.00112
General information (n=1) 3 3 3 2323 494 $0.00038 3 3 3 4577 719 $0.00067 3 3 3 10402 1590 $0.00152

All (n=10) 2.2 3 3 1354.3 498.6 $0.00029 2 2.3 2.6 8244.8 705.6 $0.00104 2 2.7 2.6 19636.3 1116.2 $0.00230

(b) Results of the evaluation for the three context-retrieval techniques against Mistral-small-latest.

Model: Gemini-2.5-Flash
RAG GraphRAG MCP

Query group CR AR G IT OT Price CR AR G IT OT Price CR AR G IT OT Price

Countries (n=3) 2 2.7 3 1519 196.3 $0.00095 1.3 1.3 2 9899.7 465.7 $0.00413 1.3 2 3 17557.3 259 $0.00591
Institutions (n=3) 2.3 2.3 3 1074 122.7 $0.00063 2 2.7 3 8508.3 417.7 $0.00360 1.3 1.3 3 21321.7 160.7 $0.00680
Archival descriptions (n=3) 2.3 2.3 3 1137.3 138.3 $0.00069 2 2 3 7364.7 336.3 $0.00305 2 1.7 2.7 17443.3 252.3 $0.00586
General information (n=1) 3 3 3 2331 732 $0.00253 3 3 3 4517 1354 $0.00474 3 2 3 17750 628 $0.00690

All (n=10) 2.3 2.5 3 1352.2 210.4 $0.00093 1.9 2.1 2.7 8183.5 501.3 $0.00371 1.7 1.7 2.9 18671.7 264.4 $0.00626

(c) Results of the evaluation for the three context-retrieval techniques against Gemini-2.5-Flash.

Table 2
Results for the evaluation using an LLM as a judge alongside the consumption of tokens and associated cost
calculations. (a) shows the results for the vanilla mode against both tested models, while (b) and (c) collect the
results for the evaluation of the context-retrieval methods against Mistral-small-latest and Gemini-2.5-Flash
respectively. Both models’ outputs, context retrieval for all modes, as well as the input queries were scored
by Mistral-large-latest using the same prompts. CR stands for Context Relevance, AR for Answer Relevance,
G for Groundedness, IT for Input Tokens, and OT for Output Tokens. Metrics in red represent the best value
among the evaluations of the retrieval techniques – i.e., results under (b) and (c), while those in blue denote the
best value within a model group for the same techniques. The vanilla mode is provided as a baseline and as an
orientation of the degree of improvement achieved by each context-retrieval method.

Based on the results obtained, we can see a clear tendency towards better scores when using RAG,
which is also the least costly retrieval method for each of the models tested. When it comes to GraphRAG,
the current algorithm provides extensive contextual information, but the usefulness of it seems to vary
considerably depending on the specific question, an issue perhaps caused by the observed tendency of
LLMs to overly rely on information located at the beginning and end of the input context [53] and/or
the inclusion of additional noise by this specific method. This suggests that our initial implementation
of the GraphRAG retrieval algorithm, while not totally incorrect, needs further fine-tuning to better
select the relevant entities and relations, and to reduce the size of the retrieved context. MCP, for its
part, surprisingly shows a very degraded performance when retrieving the appropriate context. This is
something that we detected in our initial tests as many LLMs show a “lazy” behaviour with regard to
the invocation of MCP calls – and tools in general. In order to mitigate this, we added the sentence
“Use the EHRI-KG MCP server.” at the end of the user prompt when evaluating the MCP method, yet in
some cases the LLM disregarded this instruction completely, as well as the system prompt. Interestingly,
while the MCP protocol seems like the most native manner to allow LLMs to retrieve additional context
– and interoperate with other systems, their non-deterministic nature poses some additional challenges
when used as part of a RAG architecture. Nevertheless, in combination with more advanced models –



or even so-called frontier ones – with their enhanced reasoning capabilities, these flaws may become
less acute due to these models’ ability to iterate over different methods, endpoints and results; and the
answers as a consequence may be improved. In spite of this, MCP is the method that shows the highest
consumption of tokens and, therefore, the highest price per request.

When comparing between models, we observe that Mistral-small-latest tends to be much more
verbose and tries to elaborate an answer more eagerly than Gemini-2.5-Flash, at the cost, however, of
losing a bit of groundedness for some of the methods and questions. In contrast, Gemini-2.5-Flash takes
a more succinct approach, making its answers more grounded but less relevant. As discussed above, the
configuration options for both models were the same, showing that a combined evaluation (between
retrieval methods, models, and data) is necessary to determine the best configuration for a specific
domain. Apart from this, the biggest differences between models arise when using the MCP server,
where the less avid behaviour of Gemini-2.5-Flash prevents it from calling the MCP functions more
often, and hence from potentially retrieving answers to the questions posed by the user.

When exposed to a query for which LLMs’ internal knowledge may be leveraged, the additional
context has a stronger influence on the three evaluation metrics in comparison to the other questions
under the same context-retrieval method, suggesting that LLMs may be able to leverage this additional
information better when they have prior knowledge about the subject entity. This is in line with studies
showing that RAG systems used in combination with LLMs fine-tuned over domain-specific data may
be able to generate better responses than just employing a base model [54, 55, 56].

Finally, comparing the context-retrieval methods’ scores to those obtained by the same model in
the vanilla mode (i.e., without any context injected in the prompt nor retrieved by any other means),
we detect a mixed behaviour depending on the entity type. Overall, improvements are generally seen
in the context relevance and groundedness of the answer. However, any increase in the latter comes
at the cost of the answer relevance. When dealing with queries about countries, Mistral-small-latest
improves its scores with the three retrieval methods, while Gemini-2.5-Flash only achieves a noticeable
improvement with the RAG one. Notably, the improvement of the RAG metrics is also closely related
to a decrease in the price per request, mainly due to a reduction in the normally more-costly output
tokens. While we cannot assure the reasons for that, we hypothesise that this is caused by the increase
in groundedness and context relevance, which probably prevents the LLM from making up an answer
and eagerly completing it based on prior knowledge. Answers for the institutions’ category do not show
a clear improvement when additional context is injected and only RAG maintains a similar performance
to the vanilla mode on the three metrics. This may be due to the fact that these institutions are quite well
known to LLMs as many of the organisations’ websites are probably crawled during their training phase,
and the injected context might introduce additional noise without providing much new information.
Moreover, we noticed that the LLM judge tended to score empty contexts as highly relevant whenever
the answer was deemed fully grounded, making this metric less reliable in the absence of a context. On
the other hand, answers for queries about archival descriptions, for which the LLM may have more
limited prior knowledge, benefit from all the context-retrieval methods and increase their metrics with
respect to those of the vanilla mode. As expected, the query about an entity already known to LLMs was
already attributed with the highest scores for the three metrics in the vanilla mode. However, the three
context-retrieval methods maintained these scores for both models (except for the answer relevance for
Gemini-2.5-Flash over MCP), while augmenting the length of the generated answer (i.e., the number of
output tokens), which suggests that the additional information was also deemed as highly relevant.

5. Future Work

As discussed at the beginning of this paper, we see the work described here as a first step towards
conducting a more thorough evaluation that includes users and domain experts, allowing us to better
define the scope of the tool, the users’ expectations and potential pitfalls in use, and whether a similar
solution can help them to be more productive. Most importantly, we intend to obtain a set of real-world
questions and answers which can be incorporated into the evaluation process described in this work.



Additionally, we aim to complement the LLM-as-a-judge methodology with scores given by domain
experts so as to: 1) determine whether the LLM-based evaluation is accurate enough with regard to the
judgement of experts in the field, and 2) understand factors that the LLM needs to take into account for
the evaluation of each query in order to also assess historical rigour.

Regarding the retrieval techniques, we envision their expansion to cover the full set of entities defined
in our data model, that is, implementing additional retrieval options for vocabularies, persons, and
corporate bodies. The GraphRAG method is the one that, according to our evaluation, has the biggest
scope for improvement and, at the same time, provides a lot of flexibility in its implementation. Hence,
we will seek to test different implementations and retrieval techniques to determine which one is most
suited to our data. Hybrid techniques will also be studied, like those combining RAG and GraphRAG
(also called HybridRAG) or even a slimmed (Graph)RAG phase with a subsequent MCP calling, limiting
the number of options in the latter.

Similarly, and due to the promising results when retrieving content from an a priori known entity,
we will investigate the possibility of fine-tuning a set of open-weight models with a curated selection
of the EHRI-KG data, using techniques like LoRA [57] and QLoRA [58]. The aim is to investigate how
the use of a fine-tuned LLM over historical data, in combination with the described context-retrieval
techniques, may increase the accuracy and relevance of the responses to users’ queries.

Finally, we will follow the advancements of alternative techniques closely, such as those developed
under the Text2SPARQL umbrella, as they would represent a more direct approach to transforming
user queries into actionable context for an LLM.

6. Conclusions

The use of LLMs in historical contexts – and in the Holocaust specifically – is faced with reluctance by
the community of experts, amid fears of distortion, bias, or even new forms of historical revisionism. In
this work, we have presented a context-retrieval implementation over the EHRI-KG, involving RAG,
GraphRAG and MCP, which can ground users’ queries with context derived from Holocaust structured
data and reduce the tendency of LLMs to confabulate, editorialise, or otherwise stray from the task
domain. The implementation is offered through a dedicated web interface in which the different modes
can be tested and, in the case of the MCP server, integrated into general AI tooling.

Using the LLM-as-a-judge methodology we have sought to gauge which of the three retrieval methods
provides the most grounded and relevant outputs to a selection of possible user queries. In this evaluation,
the RAG method performs the best compared to the other two approaches and tends to outperform the
vanilla mode (i.e., the generation without any additional context injected). GraphRAG, however, has
substantial scope for improvement given the flexibility of the technique, and MCP usage varies across
models, making the developer lose control over its behaviour and consequently the results become less
deterministic.

As mentioned in Section 5, we will seek to follow this research up by consulting with prospective
users, among them domain experts, to better understand the strengths and weaknesses of conversational
approaches to curated dataset exploration in the field of Holocaust research, and ensure that ethical,
trust and reliability concerns are fully taken into consideration.

On balance, this work represents the very first step toward implementing an LLM-based system over
Holocaust archival data using different context-retrieval techniques for improved groundedness and
accuracy. Despite its early state, the tool shows some promising results and paves the way for future
initiatives at using LLMs – and other sorts of agentic workflows – in inherently sensitive fields like
the Holocaust, where accuracy and explainability come before any other considerations and a failed
adoption strategy will condemn even the most technologically-advanced tool to rejection.
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