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OPEN Digital twins as self-models for

intelligent structures

Xiaoxue Shen?, David J. Wagg®2*/, Matthew Tipuric2 & Matthew S. Bonney?

A self-model is an artificial intelligence that is able to create a continuously updated internal
representation of itself. In this paper we use an agent-based architecture to create a ‘digital twin self-
model’, using the example of a small-scale three-story building. The architecture is based on a set of
heterogeneous digital components, each managed by an agent. The agents can be orchestrated to
perform a specific workflow, or collaborate with a human user to perform requested tasks. The digital
twin architecture enables multiple complex behaviors to be represented via a time-evolving dynamic
assembly of the digital components, that also includes the encoding of a self-model in a knowledge
graph as well as producing quantitative outputs. Four operational modes are defined for the digital
twin and the example shown here demonstrates an offline mode that executes a predefined workflow
with five agents. The digital twin has an information management system which is coordinated using
a dynamic knowledge graph that encodes the self-model. Users can visualize the knowledge graph via
a web-based user interface and also input natural language queries. Retrieval augmented generation
is used to give a response to the queries using both the local knowledge graph and a large language
model.

Keywo rds Digital twin, Self-model, Agent, Structure

In this paper, we consider how a digital twin might be used as a self-model in the context of structural engineering.
The motivation is to move towards the idea of so called ‘intelligent’ (or ‘smart’) structures — something that
has been an aspiration of engineers since the 1980s'. Up until now ‘low-level’ forms of intelligence have been
developed, based on using material and control design (and more recently machine learning) to enable structures,
such as buildings, bridges, or aircraft, to sense and respond to their environments>=>. In this paper we consider
a different aspect of intelligence applied to structural engineering, that of the self-model®. More specifically, we
argue that a digital twin can be used as a self-model for an intelligent structure.

Self-modeling is the process whereby an intelligent agent learns to model its own time evolving behavior.
Self-modeling occurs in intelligent lifeforms (e.g. in humans and animals) and is a desirable attribute for entities
with artificial intelligence (AI), such as robots”. We will define a self-model as an artificial intelligence capable of
creating a continuously updated internal representation of itself. In this context, we propose to use a digital twin
as the self-model for an intelligent structure.

Digital twins are virtual representations of a physical object or process called the physical twin, with the
capacity for bi-directional data-exchange between the digital and physical domains®. In this work we will
make an explicit distinction between the physical twin (we use a small-scale building as the example) and its
surrounding physical environment’. The digital twin will be developed as a self-model of the physical twin, and
the surrounding physical environment can then be considered either as a world-model' in which the self-model
operates or (as here) simply as an assumed boundary with the self-model. We therefore create a world-self-
model system®, where the digital twin acts as the self-model. Our approach is distinct from previous work which
typically considers digital twins as creating a complete interconnected virtual representation of the physical
world, such as the ‘world avatar’ concept!'!~13.

To demonstrate an initial version of the concept, we focus on creating a self-model that is an informational
representation consisting of ‘self-knowledge’ and ‘memory’. The self-knowledge and memory are contained in
an information management system!4-!” that allows the digital twin to accumulate knowledge and also respond
to queries from human users and agents. In this paper, the information management system for the digital twin
is coordinated using a knowledge graph that is implemented using the Neo4j graph database package's. On
first launch of the digital twin, the knowledge graph is built based on an initially available set of information.
Following that, subsequent actions taken by the agents (or human users) are recorded as events in a dynamically
updated version of the knowledge graph. In this way, the self-model is encoded in the knowledge graph.

1The Alan Turing Institute, London NW1 2DB, UK. 2School of Mechanical, Aerospace and Civil Engineering,
University of Sheffield, Sheffield S1 3JD, UK. 3School of Aerospace, Civil, Electrical and Mechanical Engineering,
Swansea University, Swansea SA1 8EN, UK. "email: david.wagg@sheffield.ac.uk

Scientific Reports |

(2025) 15:30327 | https://doi.org/10.1038/s41598-025-14347-8 nature portfolio


http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-025-14347-8&domain=pdf&date_stamp=2025-8-19

www.nature.com/scientificreports/

Choice of example structure

Building structures form part of the built environment, and are often surrounded by many other similar structures
in urban areas and cities'>?’. Buildings are also complex systems in their own right, requiring increasingly
advanced forms of asset management to optimize functions such as energy use based on human occupation?!.
Here we use a small-scale building as the example physical twin, because the system can be complex in its own
right, but also part of a bigger more complex system?2. Thus, we make a distinction between the self-model of
the building itself, and a world-model of the environment surrounding the building.

To charactierize the level of intelligence, we adopt a four-level system where Level-0 means no intelligence,
and Levels 1-3 progressively introduce aspects of intelligence’. In this work, the most important aspects of Level
1-3 intelligence are that the digital twin (i) has a goal, (ii) can receive, process & output information to pursue
the goal, (iii) has an informational representation of itself & the world, (iv) can self-update, (v) can abstract
information from physical reality & transfer information into physical actions, and (vi) is able to interact with
the physical world.

In order to demonstrate the concept, we will focus on aspect (iii), which is creating an informational
representation of itself & the world. In our study the informational representation is limited to a system of
self-knowledge about the constituent parts and behaviors of the structure including ‘memory’ of events that
occur during a prescribed timeline. To achieve this, we use an architecture based on a set of ‘components, each
managed by an intelligent agent that can perceive information (across a communication network) and respond
by taking actions. Each of the agents has responsibility for curating a component, and by orchestrating the agents
together the components can be ‘assembled” into a digital twin?’.

The approach we take here is that the entire architecture of the digital twin is designed as a network of
collaborating agents to enable both the dynamic assembly of components and the construction of a self-model
which can maintain an updated internal representation of itself. Sample results are presented in the Results
Section to show how the overall process works for the example system.

Related work

Self-models have a long history of development in cognitive science and philosophy** and more recently in
AT and robotics®”’. In a different context from this work, agent-based models within digital twins have already
been considered by several authors, typically by using agent-based modeling to capture some process of interest
within the digital twin!®?>-28, More broadly, intelligent agents are an important tool in Al applications?**-3*. There
are multiple interpretations and definitions of ‘agent” including the rapidly developing topic of agentic systems
where, for example, large language models (LLMs) are used as the agents*. Other approaches to building digital
twins using graphical models, have also been developed®’.

There is a wide literature relating to knowledge modeling®-*! for AI systems. Both knowledge graphs and
LLMs have been developed extensively in the domain'>*>%. Digital twins including knowledge graphs have
been developed, for example as part of the ‘world avatar’ concept!!~1>.

We note that there is no single definition of intelligence in the context of A
system previously described in the context of world-self-models’.

I*4, s0 here we adopt a four-level

Results

Agent-based workflow

A sample result of creating the digital twin self-model for the three-story building example is shown in Fig. 1.
In this example, a predefined workflow (Fig. 1b) has been designed for the three-story building digital twin.
The workflow has a sequential structure, and will be started by the human user, after which there are a sequence
of five requests to Agents 1 to 5. Each of the digital twin components (Fig. 1a) in this example are managed by
Agents 1 to 5.

Agents 1 and 2 are designed to deal with the geometric complexity in this particular example. The information
generated by Agents 1 & 2 is then passed onto the knowledge graph (Fig. 1c) and Agent 3 which deals with
an aspect of the behavioral complexity for this example. Agent 3 also requires additional inputs that define
the material properties, boundary conditions (eg the interface with the world model) and other details of the
physical twin. This is provided using tabulated information based on the design and manufacture of the building
(Fig. 1d). Outputs from Agent 3 include parameter matrices than can be used by Agents 4 and 5 which ultimately
create the required quantitative and visual outputs that can be returned to the human user (Fig. 1g). Further
details of the workflow, including architecture and implementation, are given in the Methods Section.

Encoding the self-model within the knowledge graph

The time-evolving knowledge graph is initially seeded from the available information (Fig. 1d) to represent
the initial parameters and inputs of the building structure. As the workflow proceeds, the knowledge graph is
updated in parallel (dashed lines in Fig. 1) to record the outputs from each Agent as entities and relationships
in the knowledge graph. Seeding the knowledge graph requires context specific inputs from the digital twin
designer (or a human user), which includes the initial computer-aided-design (CAD) geometry, and tabulated
information about the material properties, joints, sensors, actuators & loads (often collated into a ‘bill of
materials’), other boundary conditions (eg the interface with the world model) including parameters such as
temperature etc. After seeding, and as the workflow progresses, each time an agent performs a task it also triggers
an update to the knowledge graph, which evolves dynamically as the workflow progresses. The knowledge graph
therefore essentially encodes the self-model, meaning it contains the knowledge representation of the physical
twin and the associated computational agents, which can then be used as part of a query system for human users.
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Fig. 1. Creating a digital twin (DT) self-model from a predefined workflow for the three-story building
example, showing a the DT components, b the predefined workflow, ¢ the knowledge graph which encodes the
self-model, d additional data sources, e the physical twin (PT), f a sample of the measured data from the PT,
and (g) quantitative outputs. The solid arrows show initial data flows and the dashed lines show dynamically
updated data/information flows into the knowledge graph.

User query results

In terms of what the human user experiences, an example user interface is shown in Fig. 2a, which in this case is
a web browser window. The user interface can be customized to suit the particular application of the digital twin.
In this case the user interface is designed as a proof-of-concept that showcases just a small number of desirable
functionalities. For example, the interface shown on the left of Fig. 2 can be used to visualize the knowledge
graph and interact with a chatbot-like query system.

The chat interface allows users to send questions via a text input field and receive responses from a server
endpoint. Answers to the chat interface are provided by a combined knowledge graph and language model
(LLM)-based question-answering system. The combination of knowledge graph and LLM is a form of retrieval
augmented generation (RAG) that sends the user query to both the local knowledge graph and the LLM (which
in this case is Chat-GPT*).

Examples of a human user making queries via the query box in the user interface are shown on the right
side of Fig. 2. Figure 2b illustrates the results obtained when querying information explicitly available within
the knowledge graph, such as the properties of material AL6082, the agents in the digital twin and their
respective names. Conversely, Fig. 2¢ illustrates the outcome of queries for information that is absent from
the local knowledge graph. In such cases, the query system switches to the external LLM API to retrieve data
from internet-based sources, ensuring the provision of comprehensive responses when local graph data are
incomplete or unavailable. The user interface indicates which system is answering by prefixing the response with
‘RAG:” when the local knowledge graph responds and ‘LLM:” when the LLM API responds.

This example is designed to demonstrate how a self-model can be used to enable increased intelligence
(Level-1 in this case’) in a digital twin of a structure. Specifically, the goal was to build a system of self-knowledge
(e.g., the knowledge graph within the IMS) that can respond to natural language queries accurately and efficiently
via RAG*,
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Fig. 2. Screenshots of the user interface of the three-story building digital twin. a The web-page that forms the
user-interface in this example, where a visualization of the knowledge graph is shown and the user can also
input queries. Note that when the user’s cursor hovers over the agent node, the node dynamically enlarges,
and the output generated by the agent is displayed adjacent to it (in this case the Gmsh image). This output
visualization persists only during the hover interaction and is concealed once the cursor moves away from the
node. The query system uses a form of retrieval augmented generation (RAG) to combine the local knowledge
graph with a large language model (LLM). b A query which is answered using information from the local
knowledge graph (the cursor response is RAG). ¢ A query which is answered using information from the LLM
(cursor shows as LLM).

Methods

Digital twin architecture and implementation

The overall architecture of the digital twin is shown schematically in Fig. 3. In this architecture, the digital twin
is composed of three main parts that enable a connection between the physical twin and the human user(s).
Firstly, there is a user interface through which human users give inputs and view the outputs of the digital twin,
as shown in Fig. 2. The user interface directs the input to and outputs from the two other main parts. These parts
are, firstly a network of N collaborative agents which are used to perform specific tasks within the digital twin.
Each agent is responsible for ‘curating’ a specific component in the digital twin, where curating in this context
means maintaining and updating the component. The agents communicate across a network, and each agent has
a set of potential actions it can take, depending on the task at hand. All actions across the network are logged,
and recorded as events in the temporal part of the information management system (IMS) which is coordinated
using the knowledge graph. The numbered circles in Fig. 3 denote the main points of information exchange.

In the current context, it is important to understand the possible modes of operation for the digital twin, which
are shown schematically in Fig. 4a. In this case, the modes of operation for the digital twin are a combination of
the ‘connectivity modes’” and ‘work modes’ Note that ‘online’ means the digital and physical twins are actively
connected over a network (via data flow @ in Fig. 3), whereas ‘offline’ means that there is not an active connection
between physical and digital twins. During the offline mode data flows are still possible via @, ®, @ and ® shown
in Fig. 3. The cases shown in in Fig. 4a are:

(1) online mode with agent orchestration; e.g. to carry out automated processes related to monitoring and con-
trol of the physical twin,

(2) online mode with the human user and agents collaborating; e.g. to respond to urgent situations and take
command of the situation,

(3) offline mode with agent-based orchestration; e.g. to carry out predefined background processes and work-
flows, and

(4) offline mode with the human user and agents collaborating; e.g. to carry out bespoke analyses and mainte-
nance that isn’t in a predefined workflow.

Normally agents are considered to be taking actions into an ‘environment’ and then learning from the feedback
from the action taken. In the architecture proposed in Fig. 3, the agent will only be able to take actions that
influence the physical twin (e.g. the physical ‘environment’) during the online connectivity modes. In offline
mode, the agents will interact with either prerecorded and/or simulated (e.g synthetic) data. In other words, the
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Fig. 3. The overall architecture of the digital twin. N-agents are used to perform specific computational tasks
within the digital twin. The agents communicate across a network. The information management system

is coordinated with a dynamic knowledge graph, and the user interface allows the user to interact with the
digital twin. The physical twin has local edge hardware such that data can be collected, and control actions
taken to adjust the behavior of the physical twin. The numbered circles denote the main points of information
exchange. Specifically @ is the data exchange between the physical and digital twin, @ is the exchange between
the N agents and the IMS, @ is the Ul interface with the agents, @ the UI and IMS and finally ® is the human
user interaction with the digital twin.
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Fig. 4. a Modes of operation for the digital twin as a combination of the connectivity modes and work modes.
The cases are (1) online mode with agent orchestration, (2) online mode with the human user and agents
collaborating, (3) offline mode with agent-based orchestration, and (4) offline mode with the human user and
agents collaborating. b A schematic diagram of the structure of an intelligent agent within the digital twin.

agents interact with a virtual environment?*” only when in offline mode. The example chosen here falls into mode
(3), it is an offline mode with a pre-defined, agent orchestrated workflow.

To create a digital twin self model the agents we use need to have some level of intelligence®. The specific
details of the agents used in this work are considered next.

Agents
The detailed layout of the agent structure used here is shown schematically in Fig. 4b. The nth agent structure
can be represented as a tuple o, = (P, S, C, A) with P inputs, S agent states, C component states, and A output
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actions. The agent receives inputs from human users and/or other agents in addition to sensor data across the
network P = (p1, p2..., pn). Then the agent uses predefined logic to make a decision on what corresponding
sequence of output actions is required A = (a1, az..., an). The decision making process iterates the agent states
S = (s1, $2..., $n) and relevant DT component states C' = {c1, 2..., Cp).

Each agent is given responsibility for curating (e.g. managing and maintaining) a specific digital twin
component. These components are a heterogeneous set of ‘digital objects’?’ that relate to the specific context of
the digital twin, as shown in Fig. 1a. In terms of software architecture, each agent manages a digital object that is
located in a software container. Containers are widely used in software development, and have also been using in
building digital twins'!. The container network is used to communicate between agents.

To demonstrate the implementation and potential use of agents, the example case in Fig. 1 will be explained
further in this section. The workflow in Fig. 1 proceeds as follows. Agent 1 is used to build/upload the computer-
aided design (CAD) files representing the geometric complexity of the building, considered to be input p;. The
output from Agent 1 is a set of STL (stereolithography CAD*®) files of the individual components, as well as the
assembled building structure. Each STL file describes a raw, unstructured triangulated surface by the unit normal
and vertices of the triangles using a three-dimensional Cartesian coordinate system. For this demonstration, we
utilize Blender, an open-source CAD software tool; however, STL is a widely used standardized format across
most CAD software tools.

The STL files serve both as the output of the Agent 1 and as the input of the Agent 2, in the form of a mapping
a1 — p2. The process carried out by Agent 2 using the Python library Gmsh* is outlined in Algorithm A shown
in Figure 5. After initializing Gmsh and setting the meshing parameters, the system merges the STL files stored
in the digital twin system. The geometric information is then classified to redefine the surfaces, followed by the
creation of discrete curves and surfaces in the mesh. Once these surfaces are created, a volume defined by these
surfaces will be prepared for meshing with the specified meshing parameters. For simple geometries, this process
can be fully automated.

Finally, Agent 2 converts the mesh to XDMF*° format so that it can be recognized by the open-source FEA
tool FEniCSx>!. This process first determines the topological dimension of the existing mesh, the types of cells
and facets are defined. These are then extracted from the structured information and reconstructed as a MeshIO
mesh in the mapping a2 — ps.

In addition to the mesh, the boundary conditions (type and coordinates), mesh specifications (size), and
material properties (density, Young’s modulus, and Poisson’s ratio) are also required as the inputs for Agent
3 (e.g. Fig. 1d) which manages FEniCSx, the finite element analysis (FEA) component. Agent 3 captures the
behavioral complexity via two types of analysis: modal analysis and steady-state analysis. In this modal analysis
case, the eigenfrequencies and mode shapes are compared with the data from the physical twin. The results
of Agent 3 are then mapped to the input of Agent 4, az — ps where they are verified against a reduced order
ordinary differential equation model®. Lastly, with mapping a4 — ps, Agent 5 performs Bayesian calibration®
that can calibrate the model parameters of Agent 4, using data measured from the physical twin®.

Example of calculating quantitative outputs

To demonstrate a quantitative result of the digital twin, an estimation of the parametric uncertainty of the
stiffness parameters k1, k2, k3 from Agent 4, was carried out using Agent 5. A uniform prior distribution
ranging from [30, 000, 50, 000]N/m is set as the initial estimate for the prior distributions of the parameters
k1, k2, k3. Agent 5, Bayesian model calibration method, was then used to calibrate the analytical model by
inferring the parameters k1, k2, k3%°2, and the results are shown as quantitative and visual outputs in Fig. 1g. The
discrepancy between the inferred (red line distributions) and the “ground truth” values (vertical black lines) in

Algorithm A: Gmsh. Algorithm B: Workflow of the knowledge graph G.
1: Input: STL files 1: Define class: BaseNode, BaseRelationship, nodes, relationships
2: Output: MSH file 2: Define KG Database class: delete, add_nodes, add_relationships
3: procedure MESH 3: procedure KNOWLEDGE GRAPH
4: Import python libraries: Gmsh, io 4: KG initialisation (parameters given: initial V.E,L,U,/, e,r)
5: Gmsh Initialization Agent registration: ..., s
6: Set parameters for meshing Add Layer 0 node (the central node, V)
7 Merge the STL files Add Layer 1 nodes (V1 p,.. &.edges Eyq..)
3 Classify surfaces Add Layer 2 nodes (agent attributes ar}d sub-agents, V5 1,.. & edges E» ;...
9 Create volumes Add Layer 3 & 4 nodes (bespoke attributes, V3 1,E3 1..., ,Va.1,E41-..)

Build mappings £: VUE — 2L, e: E -V xV,r:VUE —2Y.

10: Generate and save mesh as MSH file
. . L. 5: Agents run
1 if Gmsh VlSua]‘IZ‘aFIO.H then 6: KG updated with the agents’ outputs
12: Gmsh fitk initialize 7: if KG detects changes then
13: else if Pyvista visualization then 8: Re-run agents, update the outputs in KG
14: Pyvista plot 9: end if
15: 10: Visualization, Query at either back-end or front-end
16: end procedure 11: end procedure

Fig. 5. Sample pseudo-code for the algorithms for parts of the agent process. Shown here are: A Gmsh
meshing process, and B workflow of the knowledge graph.
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Fig. 1g is less than 200 N/m, which can be taken to be a reasonable result considering the range of the uniform
prior distribution.

As the workflow progresses, the agents’ outputs are dynamically updated both in the knowledge graph and
the relational database, and the results will be displayed via the user interface as shown in Fig. 2.

Information management system

The information management system (IMS)!® coordinates all data, information and knowledge within the
digital twin. All the knowledge of these digital assets is modeled through a structured, ontology-based approach.
Rooted in the philosophical exploration of being, existence, and reality, the term ontology has been adapted in
information technology to describe a structured framework of concepts used to model a particular domain of
knowledge. In the context of this digital twin, the ontology functions as a foundational blueprint that defines
the classification, attributes, and interrelationships of entities across all components of the digital twin. For the
example structure described in this paper, a more detailed ontology, including geometrical and behavioral, is
described in the authors’ previous work™>. Note that, we have chosen to develop a custom domain ontology in
Neo4j because they can carry rich contextual information, including timestamps, values, and other attributes,
which are not natively supported in other ontology models.

In this digital twin, the IMS consists of a knowledge graph and two relational databases. The first relational
database contains information on material properties, joints, sensors, actuators, loads, boundary conditions,
and conditions of the test environment (e.g. Fig. 1d). The second relational database contains the sensor data
recorded from the physical twin (e.g., Fig. 1f).

Structure and time evolution of the knowledge graph

The knowledge graph was built using Neo4j'®, and in this example is a property graph?! denoted as the tuple
G = (V,E,L,U,(, e, r) where V is the set of entities (graph nodes), E is the set of relationships (graph edges),
L the labels, U are property-value pairs and ¢, e, r are mappings within the graph. Specifically, ¢ is the mapping
that defines each of the labels in L to the elements in V and E. Then e maps the relationships (edges) E to a pair
of entities (nodes) in V. Finally, r maps entities and relationships to property-value pairs defined in U — see
Algorithm B in Fig. 5.

A section of the resulting graph built from Algorithm B is shown in Fig. 6a, where circles represent entities
and the relationships are shown using labeled single-direction arrows — note that a number of entities and
relationships have been removed from Fig. 6a to make it readable. The graph is centered around a single entity,
denoted Layer 0 (e.g. Vj, the sand colored entity in Fig. 6) representing the top-level part of the hierarchy in the
graph; for example, we can identify this as the self-model. Then each of the N agents are represented at Layer 1
and shown as green entities in Fig. 6. Other entities are considered to be in Layers 2, 3 or 4 depending on the
graph structure. In particular, Layers 3 and 4, are where the child characteristics of Layer 2 are defined and are
inherently bespoke due to the heterogeneous nature of the components within the specific digital twin.

To give context, a single generic agent structure is shown in detail in Fig. 6b, which is assumed to be part of
a generic ‘product’ at Level 0. Here examples of the detailed possible relationships, including self-relations and
double entity relations are shown. The metagraph depicts how a range of agent architectures can be represented
in the graph. Each agent within the DT has defined inputs and outputs and performs a distinct task. These
tasks are predetermined, and therefore fixed in the graph structure. In contrast, input/output parameters, files,
or components created during the agents’ operation will be added to the graph dynamically as the workflow
proceeds. An example of the evolution of the knowledge graph is shown in Fig. 6c.

A time-stamped recording approach is employed for new events occurring within the DT, which are stored
as entities or relationships in the KG. These timestamps effectively reflect the computational efforts of associated
agents. Each agent operates in two distinct modes: ‘on” and ‘off> In the ‘on’ mode, agents execute predefined
computational functionalities, whereas in the ‘off” mode, the KG is updated to include either input or output
data. The computational durations of the five agents were recorded as 9 seconds, 12 seconds, 20 seconds, 4
seconds, and 1500 seconds (25 minutes), respectively, as shown in Fig. 6c.

RAG query system design
The information management system includes a natural language querying function which in this case is enabled
using RAG between the local knowledge graph and a LLM. LLMs have gained much attention since the launch
of Chat-GPT in late 2022*%. LLMs allow users to retrieve a comprehensive answer to a query (prompt), but the
answer does not include information drawn from the specific domain defined by the user, especially from a
specific application-based knowledge graph, or the most recent information (before the LLM was trained).

The user interface shown in Fig. 2 was built using a combination of HTML, CSS, and JavaScript. It contains
a graph visualization powered by the D3.js library®. JavaScript is used to process user interactions, including
fetching graph data from a server endpoint and rendering it using a force-directed graph layout. The nodes and
edges of the graph are drawn with varying sizes and colors based on their labels and relationships. A custom
centering force ensures that the Layers 0 & 1 node types (e.g. “product” and “agent”) are positioned strategically
within the graph based on the assumption that the digital twin should be centered around the start node of the
self-model.

In Fig. 2, the chatbox element is used to input natural language queries. The RAG is achieved by establishing

a connection to the Neo4j graph database, facilitating semantic queries to the knowledge graph. Then the
LangChain® library is employed to query the graph using the natural language input from the user. Langchain
processes the input into Cypher language, the underlying query language used to query the Neo4j graph data-
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Fig. 6. Examples of the knowledge graph structure, showing a the three-story building knowledge graph with
the primary entity of the graph (Layer 0) as the sand color entity, and the agents as green entities — note a
number of entities and relationships have been removed from this Figure to make it readable. b A meta-graph,
indicating a generic graph structure for a generic agent, with a representative example of the associated entities
and relationships. ¢ Evolution of the knowledge graph; the KG is initialized by defining the Layer 0 node, and
it will subsequently be updated for each of the agent inputs (indicated by red arrows) and outputs (indicated
by blue arrows) to the KG; the associated computational time between agent inputs and outputs is indicated in
seconds (s). Note only Layers 0 and 1 are color coded in this figure.
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base. If the Cypher query to the Neo4j graph fails to return a valid response, the system reverts to the OpenAl
language model (GPT-4), querying the model via the OpenAl library using a chat-based completion approach.
As a demonstration, the back-end log for the example shown in the top right side of Fig. 2, is shown below:

Show me the parameters of material al6082, and show their values and units

> > Entering new GraphCypherQAChain chain...

3 Generated Cypher:

MATCH (m:material {material_name: ’"al6082’})-[:has_parameter]->(p:parameter)
MATCH (p)-[:has_value]->(v:parameter_value)

s MATCH (p)-[:has_unit]->(u:parameter_unit)

7 RETURN p.parameter_name, v.parameter_value, u.parameter_unit

s Full Context:

9 [{’p.parameter_name’: ’'possionsratio’, ’'v.parameter_value’: ’0.3’, 'u.parameter_unit’: '-’'}, {’'p.
parameter_name’: ’youngsmodulus’, ’‘v.parameter_value’: ’70e9’, ’'u.parameter_unit’: 'N/m2’}, {’p.
parameter_name’: ’'density’, ’‘v.parameter_value’: '2700’, 'u.parameter_unit’: ’‘kg/m3’}]

0o > Finished chain.

I Response: The parameters of material alé6082 are as follows:
- Poisson’s Ratio: 0.3 (-)

- Young’s Modulus: 70e9 N/m2

i — Density: 2700 kg/m3

Notice that in the Full Context the parameter values are stored as key value pairs from U, for example for
Poisson’s ratio as ‘p.parameter _name’ : 'possionsratio’, 'v.parameter wvalue’ : '0.3’.

Discussion

The digital twin architecture presented here enables the ‘assembly’ of a series of heterogeneous digital components
into a workflow that can be used to build a self-model. To enable the modes of operation, and switches between
them, it is important that agents can both collaborate and work autonomously. We have shown one, small-scale,
example of how this can be achieved for the case of just a single workflow in offline mode, and from that the
initial self-model is encoded in the form of a knowledge graph. In this small-scale example, the knowledge graph
is fulfilling the role of both a graph database and a knowledge-based representation of the self-model. Relational
databases are used to store other information relevant to the overall self-model.

Knowledge graphs can be highly effective for managing information, as we have shown, by designing a
hierarchical architecture in which the digital twin self-model concept is represented as the Layer 0 node, and
agents serve to provide functionalities at Layer 1 of the digital twin. Dynamic knowledge graphs can be used to
create ‘digital threads’ which can significantly enhance the life-cycle management of assets>°. This is because, the
timestamped event information, stored in the property graph, allows users to trace back the activities of agents
that occurred within the digital twin. The ultimate goal of using these types of knowledge graphs is to integrate
more sophisticated functions such as knowledge manipulation and reasoning capabilities'>*2.

The example chosen for this proof-of-concept work was quite small-scale, but we believe that the architecture
could be applied to many other applications, including at scale. Here, the purpose of the digital twin is chosen
purely to demonstrate how an agent-based architecture can be used to deliver a specific outcome. Other choices
could be made depending on the specific context of the application of interest. In this paper, we define the
purpose as creating a system of self-knowledge and enabling users to make queries via a user interface to access
the stored information. To achieve this functionality, a sample workflow for the digital twin is developed that
integrates geometric, material, and behavioral properties of the building structure in addition to a series of
analytical & numerical methods that create predictions and estimate uncertainties.

The output of our chosen example was a measure of parameter uncertainty. Future online workflows
could use newly measured data to update multi-fidelity prediction models and perform more sophisticated
uncertainty quantification and propagation methods. The high-fidelity model (such as FEA in Agent 3) can also
be used to update and re-calibrate the low-fidelity models (like ODE in Agent 4) once updated. By continuously
incorporating new information, the digital twin predictions remain up-to-date, while historical data are
preserved for future retrieval via a digital thread. It is possible that future DTs could have simultaneous online/
offline connectivity modes and therefore be operating both physical and virtual environments at the same time.
Also, we note that the example used here has significant similarities with building information management
(BIM) systems which have also been explored in connection with digital twinning®”.

However, it should also be noted that there are some limitations of the architecture proposed here. For
example, by using agents in this manner, it will not always be easy (or even possible) to represent the coupling
between physics that are not already contained in an individual agent. In particular, here we use a stepped
workflow approach (similar to how most FEA software does multiphysics) that ignores the non-propagation
aspects of the component parts of the overall model. For example, it could propagate the thermal stress but
would not typically be able to propagate the thermal expansion/volume change.

Although not considered here, actions can be sent to ‘actuators’ (or other forms of action-taking mechanism
acting on the physical twin) in the case that real-world actions are required. In the current example of the three-
story building, one method of taking actions is provided by force from a vibration ‘shaker’ (shown in Figure 1 (e)
attached to the three-story physical twin).
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Conclusion

In this paper, an agent-based digital twin architecture has been used to create a self-model of a small-scale three-
story building. The architecture was based on a set of digital components, each managed by an agent, and used to
create a self-model encoded in a knowledge graph. The agents can be orchestrated to perform a specific workflow
or collaborate with a human user to perform requested tasks.

The workflow chosen here enabled both complex geometries and behaviors to be represented. In this case
via a time-evolving dynamic assembly of the digital components, which also included uncertainty quantification
of selected parameters within the digital twin. Four operational modes were defined, based on the combination
of work and operational modes. The example shown here demonstrated an offline mode with agent-based
orchestration to carry out a predefined workflow with five agents.

The information management system was coordinated using a dynamic knowledge graph that encoded the
self-model. Users can visualize the graph representing the self-model via a web-based user interface. Natural
language queries can be input by the human user, and a form of retrieval augmented generation was used to give
response to the queries using both the local knowledge graph and a large language model.

Data availability
All code and data is available via: https://github.com/Digital-Twin-Operational-Platform/KG/tree/main/digita
Itwin
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