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Abstract
Multimodal knowledge graphs often separate easily represented
information (text) from that which is not (multimedia documents
like images, videos, or audio). This severely limits query expres-
siveness, as the engines lack access to the node contents stored
externally. We present MeGraS, the MediaGraph Store, a novel
storage and query engine for multimodal knowledge graphs. By
storing multimedia documents directly in the graph, MeGraS allows
the query engine to leverage their content for enhanced capabili-
ties, making it natively capable of performing operations such as
k-NN, segmentation, or deriving non-materialized relations based
on visual features. To demonstrate this, we incorporate and ex-
tend the pattern-matching query language SPARQL, resulting in a
unified framework for storing and managing multimodal knowl-
edge graphs with advanced expressiveness. MeGraS is available as
open-source software: http://megras.org
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1 Introduction
With the rise of multimodal data, traditional knowledge graphs in-
creasingly exhibit limitations in effectively representing and query-
ing multimedia information. While they remain powerful tools to
represent the seemingly unending floods of knowledge in a struc-
tured way, they struggle to incorporate modalities other than text.
Even though multimodal knowledge graphs offer methods to in-
corporate multimedia documents into the graph, they often do so
by using external URI references or storing media in unstructured
blobs. Consequently, they deny the underlying query engine access
to their contents, severely limiting expressiveness.
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To address this issue, we presentMeGraS, short forMediaGraph
Store, and aim to elevate multimedia documents to first-class citi-
zens in multimodal knowledge graphs. MeGraS consists of an inte-
grated data storage and a custom query processing engine, handling
the graph and its media components with the Resource Description
Framework (RDF).1 Therefore, the entire directed graph consists of
triple statements (subject, predicate, object), the parts of which are
all identified by a URI. While the data storage separates the triples
and the multimedia content, the latter remains linked by being kept
in a dedicated file store and the former in the database.

MeGraS not only provides means for querying but also for manip-
ulating multimedia documents. In keeping with the Unified Media
Segmentation [9], they can be segmented in temporal, spatial, or
both dimensions, further enhancing the data management aspect.
This also addresses limitations in existing approaches by avoiding
rigid constraints on media and segmentations. Instead, it offers a
formal and content-agnostic model combined with a practical URI
scheme for representing segments, contributing to granular and,
hence, more expressive querying.

Our contributions with MeGraS are as follows:
(1) Direct storage of multimodal documents within the graph
(2) Consistent URI scheme for media addressing
(3) Support for spatio-temporal segmentation of media
(4) Extended SPARQL capabilities
(5) An open-source framework formultimodal knowledge graphs
MeGraS is available to compile from source2 or using a Docker

container3 for convenience.

2 MeGraS: MediaGraph Store
The key features of MeGraS include integrated multimodal storage,
which allows documents to be directly stored within the graph, and
consistent URI-addressing, enabling direct addressing of media and
segments. It also offers spatiotemporal segmentation to support
fine-grainedmedia segment access, and extended SPARQL querying
for multimodal-aware capabilities.

As an overview, a high-level system architecture diagram of
MeGraS can be found in Figure 1. It shows the system at the center,
the three interaction methods on the left, and the components it
interacts with. The remainder of this section describes them all in
order.

2.1 Storage
The heart of MeGraS is the data management: the storage of the
knowledge graph and, explicitly, the linked multimedia documents.
1https://www.w3.org/RDF
2http://megras.org
3http://megras.org/docker
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Figure 1: High-level system architecture diagram of MeGraS.

As displayed in Figure 1, the two are separated, but the engine still
retains access to the content of the documents. When adding an
item to MeGraS, it is assigned a URI for reference, its graph triples
are written to the configured backend, and the document contents
are replicated to the media store.

The nature of the triple store depends on the configuration,
with three options being available. First, the FILE method wherein
the graph is held in memory and saved to a tab-separated val-
ues file, suitable for smaller graphs and testing purposes. Sec-
ond, COTTONTAIL uses Cottontail DB [2] as the backend to store
the knowledge graph. Third, POSTGRES employs the open-source
object-relational database PostgreSQL to persist triples. Further-
more, we leverage the pgvector4 extension for more efficient vector
operations, enabling faster similarity search or k-nearest-neighbor
queries. While the first option supports knowledge graphs with
triple numbers up to the six-digit range, the two databases are
aimed at production use with large graphs. Cottontail can be used
for knowledge graphs with up to a few million triples, whereas
PostgreSQL can sustain several tens of millions of triples.

To address the multimedia documents in the knowledge graph,
a URI is created upon adding them to the graph. This URI consists
of the configured hostname, port, and a generated document identi-
fier, making it a local value that indicates to the query engine that
the document contents are available, as opposed to external URIs.
To make the URI scheme consistent, interoperable, and human-
readable, we employ multihash.5 The identifiers for the documents,
which are part of the URI, are produced by hashing their contents as
a file stream with SHA-256, then encoding the resulting digests into
base64 and removing the padding. With this process, the string
representation adheres to common URI requirements, being com-
posed of uppercase and lowercase letters (A-Z and a-z), digits (0-9),
and the symbols + and /. In contrast, the “raw ID,” used for plac-
ing the document into media storage, is the raw digest encoded
in base32, thus avoiding issues with operating system compati-
bilities and relying only on capital letters and digits. At the same

4https://github.com/pgvector/pgvector
5https://github.com/multiformats/multihash

time, building a multi-level folder tree based on this identifier dis-
tributes the files uniformly and maintains fast file access. Finally,
multimedia segments created from documents through the Unified
Media Segmentation [9] are also assigned URIs. To easily distin-
guish them from proper documents, their identifier is a composite
of the ID of their parent and the hash of the string of the document
ID and a description of the segmentation. Hence, they are also
URI-addressable.

2.2 Queries
The brain of MeGraS is its query engine: a sophisticated compo-
nent designed to provide comprehensive and flexible access to the
multimodal knowledge graph. Using a layered approach allows for
efficient filtering of the information, making not only the media
content available but also its inherent semantics. The robust under-
lying storage manages the defined RDF triples and provides means
for precise retrieval. It enables lookups based on subject, predicate,
or object, as well as lists and combinations thereof. Queries against
these assertions form the foundation of the engine’s capabilities,
with its performance depending on the configured triple store and
the associated indexes.

Beyond the explicitly stored information, MeGraS extends its
query power to non-materialized triples. To this end, we distin-
guish two types of relations: implicit and derived. Implicit relations
are derived from facts already in the existing knowledge graph
based on the respective implemented logic of its reasoner and are
always between two nodes. Spatial or temporal relations [3] are
natural candidates for implicit relations as they can be inferred
from already attached properties. For example, there may be an
after-relation between two documents, indicating that one event
takes place later in time than another. Similarly, the information for
k-nearest neighbors is also already available, but the exact results
need to be computed. Implicit relations are never materialized in
the knowledge graph as they might change based on the addition
or removal of data.

Meanwhile, derived relations can be but are not necessarily part
of the graph. If the query engine does not find them for a given
subject, they are computed and persistently added to reduce com-
putational load. Derived relations are the results of predefined func-
tions evaluated at query time, mostly dependent on the contents of
the multimedia documents. Embedding vectors and extracted text
are examples of derived relations.

Consequently, MeGraS executes complex and expressive queries
that seamlessly combine explicit facts with dynamically generated
insights from multimodal data. Its sophisticated, layered architec-
ture supports advanced operations that can process properties,
literals, and multimedia content, resulting in a powerful interface
for exploring and reasoning over multimodal knowledge graphs.

2.3 Interaction and Manipulation
The interactionwithMeGraS happens, as shown in Figure 1, through
three different endpoints. First, a simple command-line interface
(CLI) is available for adding multimedia files and importing RDF
triples with their respective instructions.

Second, the RESTful API, designed with ease of use and interop-
erability in mind, is aimed at client applications. It offers a wider
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range of functionalities. Endpoints are available for data ingestion,
allowing the addition of media files to the store and inserting RDF
triples for semantic descriptions. Furthermore, users can retrieve
various representations of objects, including raw media, previews,
and metadata. The most extensive features are found in the query
interfaces. They enable filtering for subjects, predicates, and ob-
jects, as described above. Moreover, a dedicated API is available for
queries using SPARQL and its extended functionality.

Another important aspect of MeGraS’s API is the Unified Me-
dia Segmentation [9], which it enables. This is central to elevating
multimodal documents to first-class citizens within the knowledge
graph. Moving away from viewing them as atomic blobs, MeGraS
allows for the identification and precise addressing of specific parts
or regions within them. These can be defined in various ways, such
as dimensional (spatio, temporal) or content-based (channels, inter-
vals). Every newly generated segment is added to the knowledge
graph and, while linked to a parent, treated as its independent
document with the accompanying properties. As described above,
relationships between these segments can be leveraged for more
fine-grained insights, giving semantic meaning to details that would
otherwise remain inaccessible.

Finally, there are user interfaces (UI) for some core functionalities
of MeGraS. These include displaying the contents of the multime-
dia documents, their previews, as well as further information as
described in the knowledge graph, showing the triples that form
the neighborhood subgraph. There are also UIs for adding files
and triples to the knowledge graph, as well as one for segmenting
documents with previews.

2.4 External Services
MeGraS integrates external, but locally run, services using gRPC,
a high-performance Remote Procedure Calls framework. This ap-
proach allows for leveraging the rich ecosystem of available pre-
trained models in a different language than the core system. With
gRPC, we use an industry-standard interface to connect the two
parts of a distributed system reliably and comprehensibly, one being
the MeGraS core and the other one computationally intensive and
rapidly evolving tasks covered by outsourced services. Currently,
we have two of those implemented.

The first is anAPI to compute the embeddings of texts and images
using a Contrastive Language-Image Pre-Training (CLIP) model [4].
Since we use the same model for the two modalities, it allows for
comparing the resulting vectors in the same space. This enables
multimodal semantic similarity search and to query for images
with a text description as well as for nearest neighbors based on
visual features. The computed embeddings can be materialized in
the knowledge graph, preventing the need to repeat the expensive
calculations.

The second service extracts text from images, performing optical
character recognition with a pre-trained model. Likewise, this data
is added to the graph after having been computed. This allows
searching for text found within images, even if this information
has not been pre-computed or annotated, and can be extracted on
the fly.

3 Applications and Use Cases
MeGraS is aimed at researchers, data engineers, and developers
workingwith large-scalemultimodal datasets and knowledge graphs.
Hence, we describe applications and use cases for it below.

Enhancing Semantic Search in Multimedia Archives. Several it-
erations of LifeGraph [6, 7] using MeGraS as a backend have and
continue to participate in the Lifelog Search Challenge.6 Therein,
the participants are given a dataset consisting of lifelog events of a
first-person view over the span of 18 months, represented with over
700, 000 images. The task is then to retrieve these images accord-
ing to varying criteria from this multimodal dataset. Built for this
purpose, MeGraS leverages not only features of the dataset (time,
location, visual concepts) but also the visual content of the images.
This makes it possible to retrieve images based on query expres-
sions that would not be possible in traditional graph stores. For
example, MeGraS natively offers a k-nearest-neighbor operation
based on CLIP embeddings [1] of either image to image or text to
image. Furthermore, using the semantic expansion of annotations,
super- or subclasses can be included in the search.

Analytical Queries Across Disparate Media Types. Even though
the LSC use case is multimodal in nature, it only includes media
documents of a single type. However, MeGraS’s strength lies in its
ability to transcend such limitations. It enables complex analytical
queries across disparate media types, giving semantics to hitherto
undefined or non-existent relations, opening up new avenues for
knowledge discovery, proving valuable when dealing with large
multimodal datasets such as CASTLE [5]. Unifying the processing
of different multimedia types, MeGraS facilitates tasks such as mul-
timodal event search, co-occurrence analysis of objects in precise
spatial regions of an image, or retrieving 3D model segments based
on textual descriptions from a related document. This holistic un-
derstanding is enabled by the deep integration of media types as
well as their content.

Listing 1: Querying for the three nearest neighbors of an
image based on CLIP embeddings [4].

SELECT ?o
WHERE {
<img> implicit:clip3nn ?o .

}

Listing 2: Finding images that fit a textual description based
on the cosine similarity of their CLIP embeddings [4].

SELECT ?img
WHERE {
BIND (megras:CLIP_TEXT("description") as ?textVec)
?img derived:clipEmbedding ?imgVec .
FILTER (megras:COSINE_SIM(?textVec, ?imgVec) > 0.8)

}

6http://lifelogsearch.org/lsc
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Example SPARQL Queries. As the focus of the current develop-
ment is mainly on extending the query capabilities of MeGraS,
leveraging SPARQL and Apache Jena, we give some examples in-
spired by the use cases above. They are shown in Listings 1 and 2.

4 Implementation
MeGraS is implemented as a modular and extensible open-source
software system. It is developed using modern and widely adopted
technologies for easy integration and to facilitate reproducibility.

4.1 Technology Stack
MeGraS is written in Kotlin and runs on the Java Virtual Machine,
combining concise syntax with Java interoperability. It leverages
the following main technology stack:

• Build Tool: Gradle (Groovy DSL)
• Web Framework: Javalin, with OpenAPI and Swagger inte-
gration for API documentation

• CLI: Clikt for command-line interface support
• Backend:
– PostgreSQL with pgvector and JetBrains Exposed ORM
– Cottontail DB [2]

• Remote Services: gRPC for remote procedure calls and
Python (transformers) for local model inference

• Semantic Processing: Apache Jena for SPARQL handling

4.2 Availability and Installation
MeGraS is freely available under the MIT License and can be built
and run either from source2 or using a Docker container3 for ease
of deployment and reproducibility. Prebuilt artifacts for MeGraS
are automatically created and published through the GitHub CI
pipeline. The repository includes installation instructions, configu-
ration examples, and build scripts.

4.3 Documentation
MeGraS provides comprehensive documentation, including:

• README: A README file to get started
• APIDocumentation: Automatically generated by OpenAPI
annotations and accessible through Swagger UI

• Command-Line Help: Built-in support via Clikt for CLI
usage and parameter hints

• User Guides: Instructions in the getting-started guide

5 Conclusion
In this paper, we introduced MeGraS, the MediaGraph Store, a
novel storage and query engine for multimodal knowledge graphs.
By unifying the contents and annotations, such as metadata, of mul-
timedia documents, we extend the capabilities for querying them
and elevate them to first-class citizens of the graph. MeGraS also
allows for the segmentation of multimedia documents according
to the Unified Media Segmentation [9], further improving query
expressiveness.

MeGraS’s query engine is custom-built to handle sophisticated
extensions and allow it to reason over content-based features as
well. Expanding on SPARQL functionalities, we also account for

implicit (computed at run time) and derived (non-materialized)
relations, which contribute to enhancing what query expressions
can capture.

For future work, we plan on extending the incorporated function-
alities, further growing what MeGraS is already capable of, such
as including more implicit and derived relations. Optimizations for
the query planner are also yet to be explored. Moreover, interac-
tion with the system may be facilitated—especially for non-expert
users—by employing a natural-language-to-SPARQL transformer
such as NLQxform [8]. Ultimately, MeGraS aims to serve as a foun-
dational tool, fostering new avenues for research and application in
the increasingly multimodal landscape of knowledge management
and retrieval.
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