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Abstract. After years of work on cultural heritage and scientific digitization, the
world accumulated a vast amount of data and information. Although digital data
is far more accessible than the physical one, even in an unstructured way, better
interaction is needed by the non-professional users. At the same time Al-related
systems gain widespread popularity in all kinds of platforms, easing accessibility.
Digital assistants and chatbots are implemented in existing applications and da-
tabases. Cultural heritage areas are not falling behind. Plenty of examples of us-
ing such systems in the field are already available. Implementation of Al in cul-
tural heritage brings unique challenges along with benefits. The accuracy of the
models is highly uncertain, caused by the specifics of the cultural heritage data.
Several approaches to overcome the challenges such as parameter-efficient fine-
tuning and Retrieval-Augmented Generation are examined.

Keywords: Al Assistant, Cultural Heritage Assistants, RAG, PEFT, LLM Reli-
ability.

1 Framing Al Reliability in Digital Heritage

Digital heritage platforms are increasingly incorporating Al-driven interfaces to facili-
tate access to cultural heritage knowledge. The process includes a transition in the user
interaction from conventional search and browsing to conversational and interpretive
systems. Museums, archives, and large heritage sites like Pompeii Archaeological Park,
Luigi Einaudi Foundation, National Museum of Ravenna are starting to use Al-based
tools that help people find, understand, and interact with digitized collections. This
change makes Al systems, especially chatbots and conversational agents, act as mid-
dlemen between users and heritage data (Nafis et al., 2022).

Even though artificial intelligence is making quick progress, reliability for the Al-
generated answers in digital heritage is still questionable. Current evaluations consider
general performance metrics over the relevance, historical accuracy, and contextual
suitability of responses to heritage-specific inquiries. This paper shows that the relia-
bility of Al in digital heritage should be perceived as a coupled system problem. The
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main issues that are considered are answer relevance, domain generalization, and com-
putational limitations.

2 State of the Art in Al for Digital Heritage

Recent studies on artificial intelligence in digital heritage propose new methods in dig-
itization, semantic indexing, multimodal retrieval, and interactive user interfaces. Al
and augmented reality methods have been successfully used for tasks like recognizing
artifacts, adding metadata, rebuilding 3D models, and managing large collections
(Rachabatuni et al.,2024; Tati¢ et al., 2025). This has made it easier to process and
explore cultural heritage data and information. More and more, conversational inter-
faces and smart assistants are being marketed as useful tools for getting people in-
volved, teaching, and exploring large collections of heritage items (Sathiyabamavathy
& Anju, 2024; Casillo et al., 2022; Caramiaux, 2023).

There are already plenty of working examples in the field. (Natale et al., 2025) pre-
sent a customized generative-Al chatbot developed to simulate conversations with the
Italian economist and political figure Luigi Einaudi. The system is trained on Einaudi’s
writings and allows users to interact with the historical figure through a conversational
interface in a specific historical context. The authors demonstrate that these chatbots
can improve public engagement with cultural heritage. In addition, they expose factual
inaccuracy and source transparency issues. The study emphasizes the opportunities and
risks linked to the implementation of generative Al as an interpretive interface for cul-
tural heritage knowledge. (Casillo et al., 2020) propose a context-aware conversational
system designed to support cultural heritage tourism. The chatbot recommends person-
alized routes and information about heritage sites. It uses pattern recognition and con-
textual analysis to change its responses based on the user's profile, location, and situa-
tion. This provides possibilities for an interactive conversation that is like the one of a
digital tour guide. The system was tested at several archaeological sites in the Campania
region of Italy, such as Pompeii, Paestum, and Herculaneum. This showed how con-
versational interfaces can be used explaining heritage sites containing a lot of historical
information. (Fabbri et al., 2023) examine the use of Al-based chatbots as storytelling
tools for enhancing visitor engagement in museums. Their research centers on the Na-
tional Museum of Ravenna. In this case a chatbot assists visitors in understanding ex-
tensive and diverse collections. The platform is trying to suggest artworks and tailor the
narrative to match the visitor interests. The authors conclude that conversational Al can
enhance personalized cultural heritage experiences. The approach includes aligning
visitor data with interactive dialogue, which enables museums to customize information
and narratives for each user. They also stress how hard it is to make sure that Al-driven
stories fit with the museum's curatorial structure and institutional identity.

The studies discussed here, and other such papers in this space, demonstrate very
good examples of using Al in cultural heritage. At the same time concerns remain about
the reliability and historical accuracy of generated answers. The challenges of adapting
Al models for highly specialized cultural and historical terrains are still present and are
frequently encountered across the examples. Ensuring that Al-generated narratives stay
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in line with curatorial interpretations is still a challenge. These issues indicate that
providing relevant, trustworthy and contextually appropriate responses continues to be
a key challenge for conversational Al in digital heritage systems.

3 Answer Relevance and Reliability in Digital Heritage Al

The relevance and trustworthiness of responses returned by a chatbot are a key concern
in the use of Al within digital heritage systems. Modern large language models (LLMs)
are indeed capable of producing fluent and grammatically correct text. However, they
fail to do this with an adherence to verified cultural heritage material. These can cause
hallucinations whereby the model produces plausible but untrue information about ar-
tifacts, historical events, or cultural contexts. The LLMs perform even worse when they
are asked to list the reference.
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Fig. 1. ChatGPT reference creation experiment (Bouchachi et al., 2025).

Figure 1 presents an experiment where ChatGPT is asked to provide sources about the
sources it uses to write a particular text. In majority of cases the reference does not exist
at all. Such inaccurate information, whether on the source, dates, stylistic attributions,
provenance or conflation of similar figures in different historical settings can deeply
skew our understandings of cultural objects and their historical narratives reflected
within digital heritage environments. One core technical reason behind this problem is
the training paradigm of LLMs, which are usually optimized using probabilistic se-
quence prediction objectives like cross-entropy loss. A Transformer-based model gen-
erates a response drop-by-drop, token by token. In this way it predicts the most likely
next word in terms of commonly occurring sequences from its training datasets but not
checking facts against authoritative databases (Agbesi et al., 2023). When it answers
expert cultural heritage queries, the model may base its inference on general infor-
mation patterns rather than specific archival knowledge.
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To overcome these constraints, various technical methodologies have been investi-
gated. Retrieval-Augmented Generation (RAG) is a method which is mentioned in a lot
of papers for the subject. It combines a language model with an outside information
retrieval system. In a standard RAG architecture, embedding models like Sentence-
BERT first turn the user's query into a vector representation. The system then uses al-
gorithms like k-nearest neighbor search (k-NN) and vector indexes like FAISS to find
documents that are semantically similar in a heritage database or digital archive (Da-
nopoulos et al., 2019). Before generating a response, the system adds the retrieved doc-
uments to the model's context window. This lets the system give answers based on
specific archival records or metadata descriptions. This method does help with factual
grounding, but how well it works depends a lot on how good and well-structured the
digital collections are. Another technical issue comes up because heritage datasets are
made up of different types of data. Cultural heritage repositories frequently house a
combination of structured metadata (e.g., museum catalog records adhering to stand-
ards such as CIDOC CRM), semi-structured documentation, and unstructured textual
descriptions. Combining these sources, differences in metadata schemas, language, and
incomplete records are still a technical burden. This can make it harder to find what a
user is looking for and could give them answers that aren't relevant or the ones that are
only partially correct. In addition to the technical part there is also an informational
difficulty. The questions asked by users regarding cultural heritage are often difficult
to answer. They need a lot of context and multi-level reasoning to be answered accord-
ingly. For example, time period, places and author style must be considered. Standard
retrieval or ranking algorithms might have trouble understanding these complicated
connections. BM25 or basic embedding similarity measures are not always enough to
overcome these challenges (Robertson & Zaragoza, 2009).

4 Domain Generalization and Computational Constraints

The issues with chatbot answers not being reliable are closely related to how well the
model can generalize and the limited computing power that cultural heritage institutions
have. Most conversational Al systems use LLMs that were trained on huge amounts of
text from the web using self-supervised learning goals. These datasets mostly show
how people use language and what they know in general (Tian & Jiang, 2024). This
training is not enough for more specific purposes. Cultural heritage information de-
pends on specialized vocabularies (sometimes obsolete), historical terms, and struc-
tured classification systems. This leads to a clear difference in how the training data
and the domain-specific data sets used in digital heritage collections are structured. This
mismatch causes generalization errors. They could be mixing up different artistic styles
or getting confused about historical periods or places (Fu et al., 2025).
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Fig. 2. Parameter-Efficient Fine-Tuning Process (Wang et al., 2025).

The limitations which have been already mentioned require additional training to the
LLMs., Fine-tuning, instruction tuning, or parameter-efficient methods like Low-Rank
Adaptation and adapter layers are needed in order to achieve good domain reasoning.
Figure 2 shows how frozen pretrained weights (blue) and trainable components (or-
ange) interact with each other. This helps to group the main Parameter-Efficient Fine-
Tuning (PEFT) methods. The taxonomy separates Additive methods, which add new
modules, Reparameterized techniques like LoRA, which use low-rank matrices, and
Selective approaches, which mask certain existing weights for updates. It also talks
about memory-efficient quantization strategies, hybrid models that combine different
techniques, and multi-task frameworks that use fusion modules to manage different
adapters. In the end, the diagram shows how PEFT cuts down on computational over-
head by focusing training on only a small number of the model's parameters.

These methods help a pretrained model to add knowledge from a specific domain
without the need to retrain the whole architecture. However, effective domain adapta-
tion usually needs carefully chosen data sets and a lot of computing power. Cultural
heritage datasets are often small, spread out across different institutions. In addition,
they are usually in more than one language, which makes them hard to use directly for
training large models. Structured ontologies and knowledge graphs are frequently used
to add semantic richness of heritage knowledge. It is not easy to add these kinds of
structured data to a standard LLM. The computational needs of modern Al models are
another problem. A lot of energy and access to GPUs is needed. It takes a huge amount
of specialized hardware to train or fine-tune transformer-based models with billions of
parameters (Sinha & Lee, 2024). The museums, archives, and smaller research groups
that preserve cultural heritage don't have the resources needed for such training. Even
running pretrain models requires a lot of memory, vector databases, and computational
resources. Organizations frequently rely on externally hosted APIs or cloud-based Al
services to overcome these issues. They are giving up their control over the model's
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behavior and constrain the possibility for domain-specific customization. General-pur-
pose models do not perform well with heritage-specific classifications and historical
research. Systems that are tailored to a specific field or enhancing the first ones is the
solution (Peng et al., 2025). Even with a good model, there will be production problems
such as model updates, dataset versioning, and reproducibility, all of which need ongo-
ing technical knowledge.

5 Reliability as a Systemic Constraint in Digital Heritage
Al

Al reliability in digital heritage is not merely a question of improving model accuracy.
It is a systemic design challenge. The interdependence of answer relevance, domain
generalization, and computational constraints make it hard to solve problem. The insti-
tutions are pushed toward the adoption of general-purpose models due to resource lim-
itation. This leads to poor generalization in the heritage domains and produces unrelia-
ble answers (Hamm & Klesel, 2021). These unreliable outputs then shape user percep-
tion and engagement with cultural heritage knowledge. In the end the historical narra-
tives are distorted or oversimplified. Reframing Al deployment in digital heritage is an
infrastructural issue rather than a purely technical optimization problem. Evaluative
frameworks must move beyond generic benchmarks to incorporate heritage-specific
notions of relevance, contextual adequacy, and grounding in curated sources. Improve-
ments in model architecture alone are unlikely to resolve the fundamental mismatch
between Al systems and the knowledge structures of cultural heritage. The solution
must contain middleware such as RAG algorithm.
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Fig. 3. RAG system architecture (Akl, 2024).
Figure 3 illustrates a RAG framework. This system uses external, authoritative data

sources to get around the problems that come with static large language models. The
pipeline starts by using a semantic layer and an embedding model to turn raw data into

226



high-dimensional numerical vectors. These vectors are stored in a special vector data-
base (like Pinecone, Milvus, or Weaviate) that uses proximity algorithms like Cosine
Similarity or Euclidean distance to make it easy to find them. When a user asks a ques-
tion, the system creates a query embedding that allows for a semantic search by pulling
the most relevant context from the vector store. This information is then combined with
the user's input to make a structured prompt. This gives the fine-tuned LLM a solid
factual basis for its generation process. This architecture makes it less likely that the
model will hallucinate and makes sure that the output is based on the domain-specific
context that was given, not just the model's random internal parameters.

RAG is a promising way to make Al-generated answers in cultural heritage systems
more reliable and relevant to the situation. When dealing with specialized heritage
knowledge, traditional large language models make responses based on patterns they
learned during training. This can lead to information that is old, incomplete, or wrong
in terms of history. RAG gets around this problem by combining generative language
models with ways to get information from outside sources. The system doesn't just use
its own model knowledge. It also gets documents, metadata, or archival descriptions
from curated heritage databases and uses them to help it generate responses (Panda,
2025). In the larger picture of cultural heritage, this lets Al systems use information
from digital archives, museum collections, historical records, and academic sources to
answer questions from users. As seen so far RAG architecture is very useful for digital
heritage infrastructures. Heritage data is often spread across different types of reposi-
tories and cultural heritage platforms. RAG-based systems can give answers that are
more in line with authoritative heritage sources. Getting information that is specific to
the domain before generating an answer could be the solution to the domain data prob-
lem. This method makes things clearer and easier to understand. (Mallouhy et al.,
2025).

6 Conclusions

This paper assesses Al reliability in digital heritage taking into consideration different
examples already developed. A transition from pure performance metrics to a holistic
comprehension of how chatbot operates is needed. Answer relevance, domain general-
ization, and computational limitations collectively influence user-facing results and are
still unsolved problems. The main one is that Al-generated answers aren't always rele-
vant or reliable. This is because the training data used for general purposes doesn't al-
ways match the knowledge domains used for heritage. These discrepancies are made
worse by a lack of resources.

Future research must prioritize evaluation methodologies rooted in heritage specif-
ics. New technical strategies that harmonize domain specificity with computational fea-
sibility could be developed. The solution for more reliable Al usage in digital heritage
lays in model design, evaluation methods, and infrastructure work together in a coher-
ent system.
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