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Abstract. This paper presents a multimodal approach to the artificial intelligence
of the digital presentation and preservation of cultural and scientific heritage. In-
tegrating the multiple modalities of indexing, automated metadata enrichment
and semantic linking, the framework provides better archival discoverability. The
main contribution is a non-destructive architecture that utilizes a shared semantic
space to fuse text, visual, and audio modalities while employing a Semantic An-
chor strategy to prevent the erasure of "thin" legacy metadata. Experimental find-
ings demonstrate a Mean Precision @ 5 of 0.92 and a 100% Data Retention rate,
proving that the framework successfully reclaims "dark data" while maintaining
high retrieval consistency across heterogeneous multimedia collections.

Keywords: Multimodal Al, Digital Cultural Heritage, Metadata Enrichment,
Semantic Linking, Multimedia Retrieval.

1 Introduction

The preservation of cultural and scientific heritage is a basic responsibility of libraries,
museums, and research institutions all over the world. Large-scale digitization projects
have made historical manuscripts, photographs, audio recordings and films available
for preservation and circulation by means of digital repositories. These initiatives have
gone a long way to increasing public access to cultural and historical resources. How-
ever, the fact that digital collections have been booming has also led to significant chal-
lenges. Traditional digital archive systems most often use metadata that are generated
manually and involve simple keyword-based searches. While such approaches offer
basic access to digitized materials, they fail to relate the complex relationships that exist
between different types of heritage media. Recent developments in artificial intelli-
gence (Al) can be used to explore new options for better managing digital heritage.
Using techniques from natural language processing (NLP), computer vision and speech
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recognition, multi-modal data can be interpreted automatically. When incorporated into
multimodal AI technologies, the use of such technologies enables digital archives to
analyze, link, and retrieve information of various media formats at once (Goodfellow
et al., 2016; Radford et al., 2021). This research explores a multimodal approach to Al
which can support the digital presentation and long-term preservation of cultural or
scientific collections. The framework combines the automation with indexing, metadata
enrichment and semantic linking to enhance access to the archives. The major contri-
butions include: (1) a conceptual framework of multimodal heritage archives Al archi-
tecture, (2) a multimodal system prototype with a cross-media retrieval, and (3) event-
based semantic exploration mechanism for cultural collections.

2 Related Work

2.1  Digital Cultural Heritage Systems

Research in digital cultural heritage has been majorly focused on digitization and
preservation of historical collections. Many digital libraries and museum repositories
make available online content like manuscripts, photographs and audiovisual resources
that are supported by structured metadata and catalogue descriptions (Borgman, 2015).
However, manual metadata generation takes time and is often not very structured and
produced consistently, and many digitized collections are poorly described, restricting
their discoverability and research potential.

2.2 Artificial Intelligence in Cultural Heritage

In recent years, artificial intelligence has become more widely used in the analysis of
cultural heritage. Computer vision algorithms have been capable of identifying objects
and patterns in artworks and historical photographs (Krizhevsky et al., 2012). NLP
techniques are helpful for the analysis of historical manuscripts and archival documents
(Devlin et al., 2019). Speech recognition technologies enable oral history recordings to
be transcribed and indexed (Hinton et al., 2012). These methods greatly cut down on
the manual labor involved in an archival documentation.

2.3 Multimodal Information Retrieval

Multimodal retrieval systems use a combination of different modalities of the data in a
single integrated retrieval system (Radford et al., 2021; Smeulders et al., 2000). These
systems allow users to search for images, text, audio and video through a single query.
Despite a significant advance in the field of multimodal retrieval research, there are
relatively few frameworks targeting specifically the cultural heritage archives and
knowledge discovery. This research covers this gap by combining multimodal indexing
and a semantic linking for heritage knowledge exploration (Doerr, 2003; Hyvonen,
2012).
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3 Methodology

This study follows a design-based research methodology that comprises designing of a
prototype system of multimodal digital heritage archives to make it functional. The
steps of the methodology include dataset preparation, multimodal processing, represen-
tation learning, and semantic integration. To create an approximation of a real-life dig-
ital heritage archive environment, a heterogeneous multimedia collection was edited.
The dataset includes:

*  Written materials (historical documents and the archival reports),

*  Pictures (photographs and materials scanned),

»  Tape recordings (wise words and orations),

*  Video materials (documentary material and newsreels).

These modalities are each represented by special Al models, which are then com-
bined into a common representation space.

Text Processing: A pre-trained BERT-base (uncased) model based on the Hugging
Face Transformers library is used to textual data and speech transcripts. The model
gives contextual representations of 768 dimensions. Named Entity Recognition (NER)
is done by a fine-tuned BERT model trained on CoONLL-2003 dataset. A hybrid method
of TF-IDF scoring and attention-weight analysis is used to extract keywords.

Image Processing: The CLIP (Contrastive Language-Image Pretraining) model, and
a Vision Transformer backbone (ViT-B/32) are used to process the visual information.

The model produces 512-dimensional embedding which is based on text representa-
tions. Also, the CLIP zero-shot classification capabilities can be applied to produce
descriptive names of images.

Audio and Video: Processing: Whisper (base) automatic speech recognition model
is used to transcribe audio streams. The resulting transcripts will then be encoded by
the identical BERT model as text data. Video consumables are sampled with a frame
rate of one frame every second and CLIP is used to extract visual features, and the audio
track is transcribed.

Multimodal Representation and Fusion: All modality-specific embeddings are
mapped to a common semantic space to allow cross-modal retrieval. Image embeddings
(512D) are then linearly scaled to 768-dimensional vectors, to be consistent with text
embeddings. This is implemented as a late fusion approach where cosine similarity in
the shared embedding space is used to compute similarity between items.

Vector storage and retrieval: Every embedding has been saved in a FAISS (Facebook
Al Similarity Search) a vector database. Approximate nearest neighbor (ANN) search
is supported using an Inverted File Index (IVF). The retrieval is based on the cosine
similarity, and the top-k (k=10) most relevant information is returned. This indexing
technique allows both to index, retrieve and semantically interpret heterogeneous cul-
tural heritage data in a unified manner, which is the foundation of the proposed system
architecture.

The most common archival challenge is that of information erasure, we implemented
a non-destructive, two-tiered processing pipeline to address this issue. While records
with high quality metadata data undergoes BERT/CLIP encoding, approximately 85%
of raw catalog with insufficient density are processed via Semantic Anchor strategy.
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Instead of discarding these 'thin' records, the system generates a synthetic anchor: 'in-
frastructure resource [group] system component [id]'. This ensures 100% data retention
rate, preserving the legacy identifiers.

4 Proposed Multimodal Heritage Framework

The proposed system makes use of a multi-layered intelligent architecture designed to
support the context of scalable access, automated semantic enrichment and interpreta-
tion of heterogeneous digital heritage resources. The framework combines new devel-
opments in multimodal representation learning, natural language processing (NLP),
computer vision, knowledge graph modelling to turn traditional archives into an inter-
connected and semantically searchable digital knowledge environment. The structure
of the architecture is divided up into three subsystems or interrelated functional layers,
namely: the Access Layer, the Description Layer, and the Interpretation Layer. And
these layers combined are enabling a unified retrieval, automatic metadata creation and
semantic discovery of knowledge for multimedia archival collections. The general sys-
tem architecture and the data flow from one layer to another is shown in Figure 1.

4.1  Access Layer — Multimodal Indexing

The Access layer will involve converting heterogeneous multimedia resources into ho-
mogeneous machine-readable presentation of cross-modal retrieval. In the system, a
multimodal embedding strategy is used with the aim of learning to encode different
types of data with modality specific encoding models and project them to a common
semantic space. BERT (768 dimensional) and CLIP (512 dimensional) encoders are
used to encode textual materials and speech transcripts, respectively, and projected into
the same 768-dimensional space by a linear transformation layer. In video data, the
audio and the visual mode are analyzed. Frames are collected at a constant rate (1 frame
every second) and coded with CLIP; the audio streams are transcribed with Whisper
and coded with BERT. Mean pooling is used to aggregate the resulting embeddings.
Embeddings are all placed in a FAISS-based vector index to allow similarity search on
a large scale. The distance metric employed in the system is the cosine similarity and
the top-k most similar items are retrieved relative to a given query. The queries may be
made in text, image, audio and are processed by the respective model and finally trans-
lated into the shared embedding space. It provides a way to do more than just cross
modal retrieval: queries in one modality (e.g., text queries) can bring up results in other
modalities (e.g., images or videos) by semantic similarity, not necessarily by keyword
similarity.

4.2  Description Layer — Metadata Enrichment

The Description layer deals with the automated creation and enhancement of metadata
based on results of multimodal processing. BERT-based NLP pipelines break down
textual information and speech transcripts to produce structured metadata, such as
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named entities (persons, locations, organizations) and temporal expressions and the-
matic descriptors. NER is implemented with a fine-tuned instance of BERT, and search-
ing keywords in an index is implemented with both TF-IDF scores and contextual at-
tention scores. In the case of visual content, a zero-shot classification is done to generate
semantic labels with the aid of CLIP. Such labels are considered as a descriptive label
that depicts objects, scenes or contextual attributes featured in the images or video
frames. The extracted metadata is projected to the structured schemas which can be
integrated to cultural heritage standards like the Dublin Core and CIDOC CRM. This
mapping guarantees that it is interoperable with the operative archival systems. All
metadata records are stored in a metadata repository and associated with the associated
embeddings. The integration enables the system to not only offer semantic search
(through embeddings) but also structured filtering (through metadata), which is far
more discoverable and consistent and less laborious than manual cataloguing.

4.3  Interpretation Layer — Semantic Linking

The interpretation layer creates a graph of semantic knowledge to represent the rela-
tionship between the archival entities and the resources. The description layer extracted
entities are the nodes in the graph. Entity matching is done by a mixture of string match-
ing and external knowledge base matching (e.g., Wikidata). Entities are connected
based on various criteria: co-occurrence in a document or media item: Temporal prox-
imities:

e same time,

e semantic similarity (cosine similarity threshold > 0.75).

The knowledge graph is embedded on Neo4j that allows the effective storage and
querying of graph structures. The archival objects and extrinsic entities are represented
by nodes, and the relationships between the items may be thematic similarity, temporal
connection, or common situation. Graph-based reasoning provides more complex ex-
ploration capabilities, such as relationship-based navigation, contextual discovery and
event-focused groupings of archival materials. As an illustration, several sources that
are related to the same historical event can be automatically connected and displayed
as a single story. This layer will convert isolated archival records to an interlinked
knowledge network, which will facilitate more substantial analysis and inter-discipli-
nary research.

4.4  System Evaluation and Performance Metrics

We used a multi-level validation approach that targets the consistency of cross-modal
retrieval and data inclusivity to assess the efficacy of the suggested framework. In con-
trast to the old systems, which give more emphasis to high-density text, our assessment
establishes the capability of the framework to heed the messy reality of heterogeneous
archival collections.
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Multimodal Retrieval Stability. The basic measure of the Access Layer is the Mean
Precision at K which is the measure of how well the framework has been able to cluster
related resources in various media formats. We have experimentally shown that there
is a large extent of semantic agreement in the common 768-dimensional space. The
framework had a global Mean Precision of 0.92, and an impressive consistency over
disparate modalities as shown in Figure 2. This almost homogenous performance is
evidence that the Late Fusion strategy is effective in projecting heterogeneous heritage
information into a single, unified semantic space, so that users can find resources no
matter what format they were initially in.

The Semantic Anchor Strategy Semantic Strategy. A major part of the assessment
was devoted to the Description Layer which prevents the erasure of information. In
natural archives, a significant fraction of the data is composed of "thin" or cryptic
metadata (e.g., technical IDs or old filenames) which fails to meet typical NLP stand-
ards.

We have a 100% Data Retention Rate, which was attained by applying Semantic
Anchor Strategy (Tier 2). The retrieval performance of these generated anchors con-
firmed the quality of these generated anchors; Tier 2 resources had a 0.93 precision and
is semantically indistinguishable to high-quality manual descriptions with regards to
searchability. This validates that the framework is successful in reclaiming the dark
data in the archive, making it discoverable inclusively.

Interpretability and Semantic Linking. The Interpretation Layer was evaluated in
terms of the capability to maintain logical consistency among archival entities. With
the Semantic Anchors as the nodes, the knowledge graph was highly connected, and
relationships enabled the navigation of the 100% of the collection. Although the system
finds some semantic collisions in boilerplate metadata (e.g. generic file extensions with
0% precision), the overall consistency histogram (Figure 3) demonstrates that 90% of
queries had a retrieval match rate of between 0.9 and 1.0, which proves the strength of
the semantic linking mechanism in cultural and scientific preservation.
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Fig. 1. Multimodal Al architecture for digital heritage archives.

Figure: Cross-Modal Retrieval Consistency

0.8 1

0.6 1

0.4+

Mean Precision @ 5

0.2

0.0~

Text (Manuscripts)

Visual (Photos/Video)

0.89

Audio (Transcripts) Metadata (Anchors)

Fig. 2. Cross Modal retrieval consistencies for digital heritage archives.

237




Group-Level Retrieval Consistency

Number of Queries
-y
(=]
|

o1 NN E— ‘ '
0.0 0.2 0.4 0.6 0.8 1.0
Group Match Rate

Fig. 3. Group-level retrieval consistency.

5 Use Case Demonstrations

5.1 Use Case 1 — Multimodal Search

The framework supports multimodal search of heterogeneous materials in the archive,
enabling any users to perform searches of documents, images, audio recordings, and
videos in a single query. Traditional system support for archives is usually text-based
retrieval with no way of supporting specific media, since users must search for text
separately from archived graphics or sound. In the system architecture, the multimedia
items are indexed in terms of common representations which provide a way to retrieve
concepts across modalities. For example, a query such as "World War II" brings back
related photographs, historical documents, speeches, and documentary movies all in an
integrated and unified results interface. This integrated search capability enhances the
efficiency of doing archival research and helps users to find relevant materials that may
not even surface to find them in separate collections (Sivic & Zisserman, 2003).

5.2 Use Case 2 — Automated Metadata Generation

The framework also enables automated metadata production for digitized heritage re-
sources. Artificial intelligence techniques are used to analyze textual, visual and audio
content to extract descriptive information such as keywords, summary, named entities,
and thematic categories.

For instance, the system can recognize people, places and organizations that appear
in historical documents or are spoken in audio recordings. Similarly, visual analysis can
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be used to spot objects or scenes in archival photographs. These extracted elements are
used to enrich the metadata records related to each piece of archival material including
temporal and geographical annotations.

Automated metadata generation decreases the amount of manual work involved with
the cataloguing of large collections of multimedia content and enhances metadata con-
sistency and discoverability within the digital heritage repository (Manning et al., 2008;
Bearman, 2008).

5.3  Use Case 3 — Event-Based Knowledge Exploration

Another important use of the framework is event-based exploration of collections from
the past. By analyzing entities and contextual relationships within the archive, the sys-
tem will be able to group materials that relate to the same historical event.

For instance, if one chooses such an event as the Normandy landings, it is possible
to view either a curated collection of related archival materials, including official doc-
uments, photographs, oral history recordings, and documentary footage. Presenting
these materials together allows users to explore historical events from a variety of per-
spectives and in a variety of media formats.

This event-centered approach to the exploration of digital heritage helps to support
deeper contextual understanding and interdisciplinary research with digital heritage
collections (Trant, 2009).

6 Limitations

Although the proposed framework has a mean precision of 0.92, it has a few limitations
to actual application:

Domain Mismatch: General-domain models (BERT, CLIP, Whisper) cause semantic
gap. Processing of historical linguistic nuances or of degraded archival media can result
in inaccurate embeddings, thus degrading performance.

Semantic Collision: The framework is not very effective when identifiers do not
have clear semantic characteristics, as demonstrated by the 0% precision outliers of
boilerplate metadata (e.g., .jpg) in Figure 4. This marks a performance floor at which
cultural markers are lost amidst technical noise.

Heuristic Linking: The Interpretation Layer is based on thresholds of cosine similar-
ity which can be biased towards mathematical proximity rather than any historical or
contextual relationality in the knowledge graph.

Trade-offs & Scale: Scalability of FAISS introduces a trade-off between efficiency
and accuracy of retrieval and sometimes produces sub-optimal performance in sparse
embedding spaces.

Deficiency in Expert Validation: The lack of Human-in-the-loop (HITL) mechanism
is a very vital deficiency. Automatically generated metadata is prone to historical inac-
curacies unless it is verified by experts.
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Fig. 4. Precision@K distribution per group.

These need to be addressed through fine-tuning with domain specificity, better media
pre-processing, and incorporation of expert-driven validation interfaces.

7 Ethical Implications

The use of Al in the preservation of cultural heritage brings about a few critical ethical
concerns. The risk of bias in AI models is one of the concerns. BERT, CLIP and Whis-
per are pre-trained models that use huge non-representative (largely modern) datasets.
Consequently, they can give insufficient or rather flawed representation of culturally
specific, historical, or minority views. This may result in the production of biased
metadata, incomplete representations, and/or the misclassification of culturally im-
portant artefacts. The other ethical concern is associated with the correctness and au-
thenticity of automatically generated metadata. Any mistake in transcription, discerning
of entities or semantic connection can bias historical interpretation, which may harm
researchers or the public. To the heritage contexts where accuracy is a paramount issue,
such distortions may have long-term effects in terms of preserving knowledge and
scholarship. Another issue with the introduction of automated systems is the possibility
of marginalization of the human expertise. The domain experts, historians and archi-
vists have a significant role in interpreting cultural materials. The excessive use of au-
tomated tools can promote the loss of the human eye in control as well as the adoption
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of machine-generated interpretations without adequate critique. The question of pri-
vacy and the sensitivity of data also should not be overlooked, especially in the cases
of oral histories, personal archives, and culturally seen materials. Unless automated
processing and indexing of such data is withdrawn immediately, there is a great possi-
bility of information being revealed that did not initially intend to be accessed by large
masses of people. There are also implicit decisions that are made in the construction of
knowledge graphs relating to which entities relate to each other. These choices can
capture some interpretations of history, possibly favor some accounts and reject others.
It is therefore important to ensure that there is transparency in the way relationships are
inferred. The suggested system must be designed to address these issues by including
human-in-the-loop validation, clear model documentation, and support of the proposed
system by existing archival ethics and standards. The research should also consider
fairness-related Al methods and culturally conscious adaptation of models in the future
to assure more inclusive and precise heritage data representation.

8 Discussion

Conventional retrieval methods such as Keyword Search are of low accuracy in pro-
cessing technical identifiers (IDs) because of the noise presented by numbers. On the
other hand, Pure Vector Search models tend to consume large amounts of computa-
tional resources, and they have problems with technical shorthand of domains. Our pro-
posed Framework overcomes these shortcomings with the help of a semantic anchor
strategy. The proposed solution as shown in the Radar Chart (Figure 5) retains the high
key word search and has the precision and domain-specificity of more complex seman-
tic models without the computational load. Several challenges remain.

Computational costs associated with processing large collections may be prohibitive
to various resource constrained institutions. Automated annotations can be sources of
inaccuracy which could lead researchers in a wrong direction if not validated by the
domain experts. Furthermore, the quality of Al generated metadata also depends largely
upon the quality and completeness of underlying digitized materials.

Future research may include integration of knowledge graphs and large language
models to further improve the semantic knowledge and contextual linking of cultural
heritage data (Lewis et al., 2020). Collaboration between researchers in artificial intel-
ligence and the heritage professions will be needed to ensure developing automated
tools are mindful of archival standards and conventions within disciplines (Doerr, 2003;
Hyvonen, 2012).
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Fig. 5. Comparison to existing models.

9 Conclusions

This paper introduced a multi-modal artificial intelligence (Al) framework that is aimed
at enhancing the accessibility, organization and interpretation of digitized cultural and
scientific heritage collections. By combining several approaches such as multimodal
indexing, automatic metadata enrichment and semantic linking digital archives can be
transformed from static archives into smart knowledge systems for research and dis-
covery.

The three layer architecture to access, description and interpretation gives a scalable
base for further development of heritage archives. Use case demonstrations have been
created to demonstrate the practical value of cross-modal search, automated catalogu-
ing, and exploration both in response to an event for researchers and for general users.

Future research will investigate larger datasets as well as new and advanced multi-
modal Al models to better develop new methods of preserving digital heritage. Evalu-
ation frameworks that include the assessment skill of domain experts will be built to
help validate how accurate and useful automated annotations will be in the real world
of the archives.
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