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Abstract. Knowledge graphs have become the infrastructure of artificial intelligence. However,
most current knowledge graphs are incomplete. Consequently, knowledge graph completion
(KGC) has become a hot research topic. Researchers primarily focus on unimodal knowledge
graph completion, which consists solely of textual information. With the rapid progress of Al,
the demand for multi-modal knowledge graphs (MMKGs) is increasing. However, research on
multi-modal knowledge graph completion (MMKGC) is still in its initial stages. There is no clear
recognition of its status and trends. First, we summarize the multi-modal knowledge graph and
its significance. Second, we classify the comparisons between unimodal knowledge graph
completion and MMKGC. Finally, we discuss different methods of MMKGC. This paper may
provide guidance for future research.
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1. Introduction

The Knowledge Graph (KG) was first introduced by Google in 2012. It is defined as a large-scale
knowledge base composed of numerous entities and the relationships between them[1]. Knowledge
graphs (KGs) provide support for search engines, helping to make informational services more
intelligent and convenient. Since 2013, various fields, including biomedicine, have focused on KGs to
accelerate their progress. Entities are typically learned through human effort or representation learning.
Human learning is more comprehensive but requires significant resources, while representation learning
is more efficient but offers less interpretability[2]. There is a lack of complete relationships within these
graphs. Therefore, knowledge graph completion is necessary. Currently, single text-based knowledge
graph completion has made rapid progress. For instance, S. Guan et al. proposed a Shared Embedding-
based Neural Network (SENN) model[3]. R. Zhang et al. presented a neural network-based literature
discovery (LBD) approach to identify drug candidates from PubMed and other COVID-19-focused
research literature[4]. In recent years, with the development of computer vision and multi-modal
learning, researchers have discovered that multi-modal information has advantages over text alone. It
can enrich the representation of entities and concepts, enhancing reasoning ability and narrowing
information gaps, such as in the identification of entities. A multi-modal knowledge graph (MMKG)
includes text, audio, video, images, and more. It constructs entities in various forms and the relationships
between them. Multi-modal knowledge graph completion (MMKGC) has emerged because many facts
are still missing, and many implicit relationships between entities have not been fully explored.
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MMKGC plays a vital role in mining missing triples from existing KGs. This process involves three
sub-tasks: Entity Prediction, Relation Prediction, and Triple Classification[5]. However, current
research on the differences between single-modal and multi-modal approaches is insufficient, and the
development of MMKGC is still in its initial stages. Research efforts are relatively scattered, lacking a
clear progression trend and prospects.

To address this problem, we organized the basic information on multi-modal KGs, including their
progression from unimodal KGs and the differences between them. We then introduce the necessity of
MMKGC and discuss the reasons for this completion as well as its research methods. Section III
compares KGC and MMKGC, highlighting their different methods and application scenarios. Finally,
detailed methods of MMKGC are analyzed.

2. Literature Review and Analysis

2.1. Multi-modal Knowledge Graph

A knowledge graph is represented as a set of triplets, consisting of two entities and their relationships.
A knowledge graph acquires and integrates information into an ontology and applies a reasoner to derive
new knowledge[6]. The original data of KGs is divided into three types: structured data, semi-structured
data, and unstructured data. Unstructured data primarily comes from MMKGs. Currently, the storage
technologies for KGs include Resource Description Framework (RDF) and graph databases. The
construction of an MMKG is referred to as knowledge acquisition and is divided into three categories:
entity recognition, relation extraction, and event extraction[7].

Unlike traditional KGs, a MMKG is not limited to text alone; it extends its information resources to
various forms. A KG qualifies as multi-modal (MMKG) when it contains knowledge symbols expressed
in multiple modalities, which can include, but are not limited to, text, images, sound, and video[5].

In practical research, entities and relationships are often missing or incomplete. Therefore, MMKGC
is introduced, which is essential for several reasons:

1. Graphs often contain missing and ambiguous information, such as entities and relations.

2. To fully incorporate all kinds of information, it is necessary to collect multiple modalities
comprehensively and representatively.

3. Incomplete information may lead to incorrect or inaccurate predictions.

2.2. Multi-modal Knowledge Graph Completion Research Method

The main focus of MMKGC is to complete the structure of a knowledge graph by predicting missing
entities or relationships and mining unknown facts[7]. Currently, research on MMKG [7]completion
lacks depth and abundance. The primary goal in this field is to explore how to integrate different forms
of entities and whether the model can handle large-scale complex relational data, including its
computational efficiency and complexity as well as the model's completion accuracy[1]. Another
significant challenge is how to continuously integrate new information into the overall model, given that
the information landscape is constantly changing. Therefore, there is a demand for new models that are
both efficient and accurate.

MMKGC plays a crucial role in the advancement of artificial intelligence. With a completed
knowledge graph, Al can predict our needs more rapidly and accurately. Search engines and internet-
based domains can also benefit from better development. Existing KGs tend to be relatively static,
making it difficult to meet evolving demands. Dynamic KGs represent a key trend for future
development, as most fields rely on ever-changing information[1].

The research methods for MMKGC can be divided into three main categories:

1. Different Modal Information Fusion and Alignment: This involves linking two different pieces of
information that have the same equivalent meaning[8].

2. Using Rule-Based Reasoning and Generative Models to Generate New Entities: For example,
employing generative adversarial networks (GANs) to create new entities and relationships to complete
the graph[9].
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3. Multi-modal Inference to Better Integrate Various Models: Unlike traditional methods for single-
modal KGs, MMKGC requires the capability to capture all types of modalities while simultaneously
creating new entities to fill in the missing parts.

3. Discussion

3.1. Comparison Between KG and MMKG Completion
Table 1. Comparison between KG and MMKG completion.

KGC MMKGC
Entity Entity
Type Relationship Relationship
Different modal
Modal Text Text, image, audio, video
Text embedding, rule-based, Rule-based, graph-based, modals alignment and
Method ;
graph-based fusion
Technical Simple Complex
complexity
Application Knowledge Retrieval, search Computer vision, autonomous driving, video
engine clarification

Knowledge graph completion (KGC) is typically restricted to mere textual information. Z. Chen et al.
classified its methods into traditional and representation learning methods. The former category includes
rule-based methods derived from machine learning algorithms, such as rule-based learning and path
ranking algorithms. The latter includes translation models (e.g., TransE, TransH) and other neural
network models, including graph neural networks (GNNs) and attention-based techniques[1]. The
primary difference between KGC and multi-modal knowledge graph completion (MMKGC) is the
extension of modalities involved. In addition to entity and relationship reasoning, MMKGC requires the
integration of different modalities. The introduction of additional modalities presents a greater number
of challenges and choices in how to represent knowledge. For example, during the construction and
completion of an MMKG, a new modality representing the same entity can be added as another entity
or as an attribute of the entity [10].

As Table I shows, traditional KGC can be achieved through text embedding, rule-based methods,
and graph-based methods. For instance, researchers focus on fact embedding [11], where facts are
embedded into vector spaces to facilitate the prediction of missing relationships or entities. However,
when expanding into the multi-modal domain, we must further consider modality alignment and fusion
to correspond images and videos with their respective texts. This adds layers of complexity to the task,
making MMKGC significantly more intricate than simple KGC. One important aspect is the increase in
evaluation criteria; MMKGC must account for additional factors like modality consistency and
coherence compared to KGC[12]. In other words, MMKGC needs to ensure that knowledge extracted
from different modalities aligns properly and forms a coherent representation of the same entity.

MMKGC shares a broader range of application scenarios. Beyond simple tasks like knowledge
retrieval and text-based search engines, MMKGC significantly enhances the reasoning abilities of
systems. As a result, search engines can handle images, audio, video, and other types of information
more fluently[13]. Furthermore, when integrated with advanced computer vision techniques, MMKGC
can assist with autonomous driving and video clarification. In this context, MMKGC enables the real-
time recognition of objects and relationships across different environments, a crucial capability for the
automotive and robotics industries. In conclusion, MMKGC plays a necessary role in the advancement
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of the artificial intelligence field [14]. It expands the scope of Al applications by integrating various
models into reasoning systems.

3.2. Analysis of MMKGC Methods
Table 2. Comparison between MMKGC methods.

Method Type Model Purpose
Fusion Early, late Comprehenglve
understanding
Integration Alignment Fine-gr alqed, Unify different modal
coarse-grained
. Joint, .
Representation coordinated Vector mapping
Prediction Translate, GNN Discover TISSING entity
Inference and relations
Generation GAN Generate new information

The process of multimodal knowledge graph completion (MMKGC) is generally divided into two key
aspects: integration and inference. The former aspect focuses on combining multiple data sources,
including information prediction and generation. These two aspects are not separate; rather, they should
be considered together when dealing with a multimodal knowledge graph. It is important to note that
integration and inference are interconnected. Only by fully integrating downstream data can inference
achieve precise and complete results.

As shown in Table II, integration encompasses fusion, alignment, and representation. Fusion and
alignment focus on methods for linking and correlating different modalities. For example, a text labeled
“car” can be linked with an image of a car. Specifically, early fusion requires the integration of attributes
before output, while late fusion operates in reverse. Similarly, modal alignment can be performed at
different levels of granularity. Coarse-grained alignment involves mapping entire pieces of information
across modalities, such as connecting an entire image with its corresponding textual description. In
contrast, fine-grained alignment involves more detailed mapping, such as linking specific visual features
to corresponding text attributes, allowing for more nuanced connections between modalities[15].

Representation learning in the integration phase leverages various advanced techniques, such as
translation-based models, neural networks, and attention mechanisms. It aims to capture the internal
relationships between entities and their multimodal attributes. The goal of representation learning is to
embed these relationships into a unified vector space, allowing for a more precise and robust
representation of knowledge. By incorporating data from different modalities into the graph structure,
researchers can ensure that the knowledge graph reflects a comprehensive understanding of entities,
relationships, and their attributes[16].

As for the inference of MMKGC, prediction and generation are two major aspects. Prediction aims
to anticipate possible entities and relationships across different modalities. For example, when given an
image of a car, the system must be capable of predicting and linking it to the appropriate text label, such
as the word "car." This process is often achieved using models like translation-based methods and GNNs
[17]. A common issue encountered in the prediction process is the presence of incomplete or sparse
entities. This results from insufficient data for certain information and limits the system’s ability to make
accurate predictions. To address this problem, C. Zhang et al. proposed a solution[18], which ensures
robustness in MMKGC tasks and helps maintain the accuracy of the graph, even when data is scarce.

In addition to prediction, generation is another critical component of MMKGC inference. Generation
models, such as generative adversarial networks (GANSs), have been adopted to create new entities and
relationships. These techniques help fill in the gaps in the knowledge graph by generating new, plausible
knowledge from existing data. For example, if certain relationships or entities are missing from the
graph, GANs can generate synthetic entities and relationships based on learned patterns from the

153



Proceedings of the 2nd International Conference on Machine Learning and Automation
DOI: 10.54254/2755-2721/106/20241340

available data. This not only reduces uncertainty but also improves the overall completeness of the
knowledge graph[19].

4. Conclusion

This paper briefly reviews the origins of MMKGC, analyzing the key differences between traditional
unimodal KGC and MMKGC. It delves into the mainstream research directions in the field of MMKG
completion, highlighting both the theoretical foundations and practical applications. Specifically, we
categorize the completion process into two primary aspects: integration and inference. The integration
approach focuses on identifying and leveraging correlations between different entities across modalities,
enhancing the existing connections within the knowledge graph. In contrast, the inference approach
emphasizes the incorporation of new factors, such as introducing novel entities, relationships, or
attributes that were previously absent. These two approaches work in tandem to enhance the overall
completeness of the MMKG. However, despite the progress made, current developments still face
various challenges. Many existing models struggle to efficiently handle the growing complexity and
diversity of information, which influences the accuracy and completeness of the entire system.
Nevertheless, the field presents promising prospects in the following areas:

More models with high efficiency and accuracy are needed to complete tasks in shorter time frames.
As data in the real world continues to grow in size and complexity, there is a pressing need for fast and
precise methods.

Automation of the completion process is essential. The high density of information demands efficient
interactions between structured data and the knowledge graph. In this regard, we need to develop
systems that can autonomously update and maintain KGs with minimal human intervention.

Expansion of application scenarios is anticipated, including human-computer interaction, intelligent
search engines, and recommendation systems. An important development direction for MMKGC is to
achieve breakthroughs in more diverse application contexts.
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