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Al AND DEPENDENCY GRAPH-BASED DIGITAL
TWINS FOR CONTEXT-AWARE 6G ROBOTIC

NETWORKS

Kubra Duran

ABSTRACT

6G robotic networks demand highly con-
text-aware and intelligent management to meet
extreme performance requirements. These
requirements become even more challenging
with real-time control and autonomous decision-
making scenarios of 6G robotic applications.
However, traditional methods fail to provide
context-awareness and enhanced cognitive capa-
bilities to meet these requirements in a robotic
network. Therefore, in this paper, we introduce
a novel dependency graph-based Digital Twin
(DT) framework to provide context-awareness and
cognitive decision-making capabilities in robotic
applications. In this framework, we design a Data
Distribution Service (DDS)-based DT layer and a
context-aware mediator layer, comprising a Global
What-If Engine and an AutoMl-based Decision
Unit. The What-If Engine constructs four types
of dependency graphs based on temporal, data,
control, and performance-related information
to represent relationships between robots, sen-
sor inputs, and control triggers. Moreover, the
AutoML-based Decision Unit selects the most suc-
cessful algorithm based on the prediction error
and scenario conditions. Experimental results
demonstrate that our proposed framework pro-
vides real-time DT synchronisation under even
high-density twin scenarios without computa-
tionally overloading the system. The proposed
framework also achieves effective learning-based
decision-making for regression and classification
tasks in 6G robotic applications.

INTRODUCTION

The next generation of mobile networks, namely
6G, is transforming the design and operation
of the intelligent robotic networks. With key
features such as Ultra-Reliable Low Latency Com-
munication (URLLC) and massive Machine-Type
Communications (mMTC), 6G enables highly
dynamic interactions between autonomous
robots, loT sensors and peripherals [1].

In 6G robotic environments, customer expe-
rience translates into predictable service quality
and continuity of robotic workflows. At this
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point, real-time perception, accurate prediction
and adaptation are critical to meet these require-
ments. Additionally, these systems must not only
sense their environment and maintain consistent
communication but also reason over operational
status and performance. However, traditional
robotic frameworks cannot model complex
interdependencies across system components,
communication layers, and performance metrics.
Besides that, the classical network management
approaches such as FCAPS (Fault, Configuration,
Accounting, Performance, and Security) are insuf-
ficient for handling the dynamic interactions and
cognitive demands of the 6G robotic networks.
In this regard, the need for context-aware mod-
els, cognitive decision capabilities, and reasoning
becomes more important for the intelligent man-
agement of 6G robotic applications.

At this point, Digital Twins (DTs) emerge as a
key enabler by providing a virtual representation
of physical robots and loT sensors by allowing
for real-time analysis, and Artificial Intelligence/
Machine Learning (Al/ML)-based decision-making
in parallel with real-world operations [2], [3].

CHALLENGES IN 6G RoBOTIC NETWORKS

+ Lack of Full Context-Awareness: It emerges
as a critical requirement of the 6G robotic
networks as robots must continuously per-
ceive their physical and network contexts,
interpret situational dynamics, and adapt
their behaviours accordingly. In this regard,
context-awareness involves (i) continuously
sensing and aggregating data from hetero-
geneous sources, such as robots, loT sen-
sors, and network telemetry, (i) interpreting
these inputs accurately, and (iii) adapting
decision logic accordingly. However, pro-
viding all these subtasks in such a dynamic
network requires enhanced modelling and
analysis capabilities while meeting the 6G’s
extreme KPls.

+ Enhanced Cognitive Capabilities: The 6G
robotic network demands cognitive capa-
bilities beyond static rule-based control. At
this juncture, the intelligence should incor-
porate learning-based decision-making and
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adaptive coordination. This consists of learn-
ing from historical data, past actions, and
system-wide impacts through the models. At
this point, the key challenges regarding the
intelligence of the 6G robotic network arise
in selecting learning algorithms for diverse
tasks according to their performance.

STATE OF THE ART

Recent studies explore the integration of DTs,
Al, and graph-based representations to sup-
port emerging 6G robotics use-cases. In this
context, the Internet of DTs (1oDT) survey, [4],
positions DTs as a collaborative network of
multiple twins and emphasises the role of intra
and inter-twin communication design as key
enabling directions for scalable deployments.
From a DT-guided control perspective, Ho et al.
[5] proposes an Al-powered DT-assisted control
framework for automated warehouses over 5G
URLLC. To enable real-time decision-making, this
study uses Al/ML for robotic control. Similarly,
Duran and Canberk [6] introduces a DT-based
collaborative management framework by empha-
sising that DT synchronisation and interaction
timeliness are constrained by end-to-end latency
and bandwidth requirements. From a graph-based
representation perspective, Zeng et al. [7] pres-
ents knowledge graph-driven intelligence and
proposes knowledge-based robotic semantic
communication, in which an edge server hosts a
large-scale knowledge graph as a remote brain.
In parallel, we introduce generative Al as a means
of constructing adaptive twin models in our
prior study [8]. A complementary research per-
spective focuses on DT-based evaluations. More
specifically, Krieger et al. [9] integrates a real-
time DT network with scaled physical testbeds
by emulating radio-environment effects such as
path loss and shadowing by imposing the result-
ing link constraints on the scaled environment.
Finally, DTs are also used to accelerate Al lifecy-
cle management. In this regard, Hou et al. [10]
introduces a DT-powered online calibration model
for automatic Al model selection. In this, a con-
text-to-model mapping is optimised by generating
synthetic data from multiple simulated contexts.

Overall, while existing studies demonstrate the
benefits of DTs, Al, and graph-based models for
6G robotic applications, their graph abstractions
are primarily used for structural representation
[4], [71, [8], rather than as an operational input
for system-wide what-if analysis. In addition, prior
DT intelligence mechanisms are typically stud-
ied through resource optimisation within control
loops [5], [6] or testbed-oriented calibration [9],
[10], without explicitly modelling closed-loop
dependencies. Furthermore, these works do not
treat performance factors that directly affect DT
timeliness, such as twinning rate. As a result, these
limitations make it difficult to perform system-wide
what-if analysis required for context-aware
decision-making in 6G robotic networks.

At this point, our research question for this
study is “How can we design an efficient DT
framework for the control and management of
a 6G-enabled robotic network by considering
context-awareness and enhanced intelligence
capabilities?”. To address this, we present an oper-
ational dependency-graph framework that enables

system-wide what-if analysis across multiple twins.
More specifically, we separate system dependen-
cies into four categories: temporal, data, control,
and performance to support low-overhead run-
time updates. Here, the time dimension is to
capture propagation paths to reason under delays
and deadlines, while the data dimension is to
capture data dependency for freshness require-
ments to determine which decisions become
invalid under missing data. Similarly, the control
dimension is to capture control and feedback
commands to support DT-guided actuation, and
the performance dimension is for observing the
performance relation between system resources
and KPIs. In our solution, the Global What-If
Engine centralises scenario analysis and restricts
execution to the affected dependency subgraph,
thereby making the DT layer lighter.

CONTRIBUTIONS

We list the contributions of our study below:

+ We propose a DDS-based DT Layer and
a Context-aware Mediator Layer to enable
closed-loop operation under high-density
twin workloads.

+ We introduce a Global What-If Engine that
utilises four types of dependency graphs
based on temporal, data, control, and per-
formance domains to perform context-
aware management across multiple DTs by
restricting execution to the affected depen-
dency subgraph.

+ We develop an AutoML-based Decision Unit
that selects the most suitable learning model
for each what-if scenario based on model
error and per-sample latency threshold.

ALIGNMENT WITH STANDARDIZATION EFFORTS

There are several ongoing standardization activ-
ities for DT and Al adoption in robotics and
future communication networks. For instance,
ISO 23247 DT Framework [11] defines the DT
lifecycle, including data acquisition, modelling,
and synchronisation in robotics and manufactur-
ing environments. Our proposed DT framework
aligns with this via its layered design by leveraging
twinning frequency for real-time synchronisa-
tion and distinct data flows between the layers.
In the context of Al-enabled networking, ITU-T
Y. 3172 [12] defines an ML Sandbox as an iso-
lated environment where ML models can be
trained, tested, and evaluated without affecting
the operational network. In our framework, the
AutoML-based Decision Unit conceptually aligns
with this, where candidate models are trained
and evaluated without affecting the DT-robot
communication flows. In addition, the OMG
Data Distribution Service (DDS) [13] provides
the standardised communication backbone.
Regarding this, we design our DT framework with
a DDS-based middleware to provide a reliable
communication infrastructure. Overall, the pro-
posed DT framework remains consistent with
emerging standardisation activities toward 6G-en-
abled robotic DT deployments.

The remainder of the article is organised as fol-
lows: the “Proposed Framework” section gives the
details of the proposed DT-based robotic manage-
ment framework. The performance evaluation is
given in the “Performance Evaluation” section.
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Finally, the “Conclusion” section concludes the
paper.

PROPOSED FRAMEWORK

As given in Fig. 1, the proposed robotic DT frame-
work consists of a Physical Space and a Virtual
Space. In the Physical Space, there is a Device
Layer, and in the Virtual Space, there are a DT
Layer and a Context-Aware Mediator Layer.

DEVICE LAYER

This layer represents the set of real-world entities
that interact directly with the environment and
form the foundation of the 6G-enabled robotic
networks. Each component in this layer can per-
form as a publisher or subscriber by interacting
with the DDS middleware, mainly located within
the DT Layer. Robotic arms execute actions based
on control signals received from DT-driven deci-
sions, while 10T sensors and robotic arms feed
telemetry data, such as position, robot speed, and
temperature, back to the system.

DT LAYER

This layer hosts the DDS middleware core, which
manages the communication between the phys-
ical and virtual spaces via a publish-subscribe
mechanism.

1) DDS Topics: DDS middleware defines and
manages four main topics that form the data
exchange interface between the physical and vir-
tual spaces:

* /robot/telemetry: This topic corre-
sponds to the collection of state infor-
mation from the physical space. It is for
time-stamped observations such as robot
motion, task progress, and sensor readings
that are used to synchronise the DT state.

+ /dt/what-if: This is to transfer scenario-
level inputs to the Context-Aware Mediator
Layer. Here, each message encodes a candi-
date action and constraint set consisting of

latency bounds and slice selection to trigger

on-demand what-if evaluation.

+ /dt/system-update: Thisis to col-
lect dependency graph updates and inter-
nal model state information. It propagates
model updates so that subsequent decisions
operate on the most recent dependency
structure and twin state.

+ /dt/control: Thisis to enable command
dissemination back to the Device Layer. It
delivers the selected control action for actu-
ation and closed-loop feedback.

2) Data Flows: The proposed framework uti-
lises four inter-layer data flows to ensure real-time
synchronisation and feedback across the physical
and virtual spaces, as given below:

+ Flow1: Carries physical robots’ data and
sensor readings published from the Device
Layer.

+  Flow2: Carries physical space telemetry data
to the Context-Aware Mediator Layer (the
subscriber) to be used in the dependency
graph construction and What-if simulations.

+  Flow3: Carries the results of the decision
engine and global What-If modules (the
publishers) to the DT Layer.

*  Flow4: Carries actuation and control com-
mands from the DT Layer to the Device
Layer.

All these flows are managed via the DDS
middleware by ensuring deterministic message
delivery within 6G latency constraints. Moreover,
we kept DDS buffering bounded by utilising
KEEP_LAST with a small history depth. Addition-
ally, we apply a prioritisation by assigning Reliable
QoS to time-critical control and feedback, while
configuring telemetry updates as BestEffort to min-
imise QoS degradation.

3) Communication Requirements in 6G
Robotic Use Case: In the 6G robotics use case,
the wireless communication between the physical
and virtual spaces should maintain deterministic
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FIGURE 1. The proposed DT-hased rohotic applications management framework.
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latency and throughput. Supporting this, an empir-
ical evaluation of DDS-based robotic systems
notes the average per-robot data rates of 0.1-
0.3 Mbps for 10-50 Hz telemetry updates [14].
Based on this, in our study, each robot produces
telemetry streams including position, speed, and
energy consumption values at 20Hz, correspond-
ing to ~ 0.25 Mbps per subscriber when DDS
protocol overhead is considered. In this circum-
stance, the total throughput scales linearly with
the number of robots deployed within the Device
Layer. Furthermore, to guarantee responsiveness,
our framework applies two latency thresholds via
the twinning frequency. In this regard, the twin-
ning frequency will be set to 50Hz to keep the
control feedback latency around 20ms for real-
time actuation. Also, it will be set to 20Hz to keep
the synchronisation latency around 50 ms.

CONTEXT-AWARE MEDIATOR LAYER

This layer acts as the central coordination unit of
the proposed DT architecture. It interfaces with
the DT layer to collect information and consists
of five core components, including the Context

Aggregator, Global What-If Engine, DT Directory,

Decision Unit, and Policy Manager modules. We

explain each of these modules below.

1) Context Aggregator: It is responsible for
collecting and preprocessing telemetry and
behavioural data streams from all active DTs
within the 6G robotic system. It handles heteroge-
neous data from diverse robotic and loT sources,
including sensor readings, actuation logs, status
updates, and network metrics.

2) Global What-If Engine: This engine con-
structs dependency graphs of the entire 6G
robotic network to provide context-aware
knowledge on the mediator side. As it operates
system-wide by considering all DTs, it makes the
DT layer lighter without requiring each DT to run
individual What-If scenarios. This engine con-
structs four types of dependency graphs as given
below:

+ Temporal Dependency Graph (TDG): This
graph is a directed graph structure that
models the time-based execution and tim-
ing constraints between events. Each node
represents an event, and edges define their
temporal relationships, such as sequence,
delay, or deadline constraints. This graph
type addresses the question “What must
happen when?”. For instance, the time
between a sensor reading and the robotic
arm’s action is traced using the edge value
defined between these event nodes.

+ Data Dependency Graph (DDG): This
graph is a directed graph that represents
how data values are generated, used, and
propagated across different components
and tasks within the 6G robotic network. In
this graph, the nodes correspond to sensor
readings, robotic arm positions, and actu-
ation commands. On the other hand, the
edges indicate data dependencies among
them via the relations. The main target of
this graph is to address “What data is used
or produced where?”.

+ Control Dependency Graph (CDG): This
graph is the key to understanding which
actions are triggered by which conditions.

Therefore, it traces the flow of decisions and
evaluates alternative execution paths under
various inputs. This graph type addresses
“What decision causes what action?.” In this
graph, the nodes represent the conditions
and actions which are likely to occur with-

in the 6G robotic scenario. Therefore, with

CDGs, the impact of control nodes can be

traced.

+ Performance Dependency Graph (PDG):
This graph is a directed graph that models
how the performance characteristics of the
6G robotic scenario are affected by the
interactions between system components
and tasks. This graph type addresses “What
performance variation causes what impact?”.
For instance, to address URLLC services in
6G, the latency metric in the communica-
tion of components can be considered as
one of the KPI.

As given in Algorithm 1, our proposed global
what-if first initialises the dependency graphs,
TDG, DDG, CDG and PDG from DT Directory
metadata (line 1). During runtime, each incom-
ing DDS message triggers an incremental update
of the affected relations and the corresponding
graph attributes (lines 3-9). This ensures that the
dependency views remain consistent with the
latest system state. Afterwards, upon a what-if
request on /dt/what-1if (lines 11-12), the
engine iterates over candidate actions (lines
13-19) and extracts the impacted subgraphs from

Require: DT Directory metadata, DDS streams,
what-if request
(candidate action set, constraints)
Ensure: Selected action and predicted KPIs
1 Initialisation: Construct TDG, DDG, CDG,
and PDG
Runtime update:
for all DDS messages do
Extract affected entities and relations
Update TDG timing attributes using
timestamps and deadline fields.
6  Update DDG links for produced and
consumed data.
7 Update CDG triggers if control commands

G~ w N

change.
8  Update PDG KPI states.
9 end for

10 What-if query:

11 Receive request on /dt/what-1if and
parse candidate action set and constraints

12 Selected action REJECT

13 for all candidate actions do

14 Extract affected subgraphs from TDG, DDG,

CDG, PDG
15 if all subgraphs are consistent then
16 Predict KPls/actions using the selected
model

17 Update KPIs/actions depending on the
model output
18 endif
19 end for
20 Publish predicted KPIs/actions on /dt/
control.

Algorithm 1. Global What-If Engine.
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dependency graphs by executing the selected

model only when the resulting subgraphs satisfy

data, timing, control, and performance consis-
tency (line 15). Finally, the predicted outcome

(KPlIs/actions) is published back to the robotic

system via /dt/control to enable closed-loop

actuation (line 20).

3) DT Directory: The what-if engine main-
tains a centralised graph repository optimised for
high-throughput access and graph-specific oper-
ations. For example, the system can query TDG
to find all downstream tasks for a certain time
period, in which the control actions for a partic
ular robot are identified simultaneously via the
CDG.

4) Decision Unit: This unit utilises six types of
learning algorithms within the AutoML and selects
the most successful one to be used in the 6G
robotics scenario.

+  Model Training: In this phase, multiple can-
didate prediction models are trained offline
by using a bounded random search with 10
candidate configurations per model with
early stopping. The following algorithms are
utilised:

- Regression Models: Our main target for
using these is to predict the system KPIs,
such as latency, especially when utilising
PDGs.

- XGBoost: We consider this algorithm
while predicting the performance metrics
through the hybrid use of dependency
graphs within the What-If module.

- Hidden Markov Models (HMM): We
use this to model event transitions and
predict the next state of the end-to-end
robotic DT system, particularly when
working with TDGs.

- Decision Tree: We utilise this to learn
the causal relationships between con-
trol inputs and corresponding robotic
actions.

- Temporal Graph Neural Network
(TGNN): We utilise this to capture how
information flows and decisions evolve
across the robotic system based on both
spatial and temporal dependencies.

- Reinforcement Learning (RL): We utilise
this to learn adaptive behaviour policies
to maximise scenario objectives, such as
task success rate, latency, and accurate
control decisions.

* Model Selection: The AutoML selects the
best-performing model depending on the
minimum prediction error while ensuring
that the model’s inference latency remains
below a predefined threshold. For regres-
sion, we configure Ridge (regularisa-
tion), XGBoost (max_depth, n_estimators,
learning_rate), TGNN (hidden_dimension,
learning_rate, dropout), and Q-learning
(learning_rate, discount_factor, exploration_
rate). For classification, we configure HMM
(numb_of_states) and Decision Tree (max_
depth, min_samples_leaf).

+ Control Actions: The Decision Unit trans-
lates model outputs into concrete actions
via rule-based actuation logic at the media-
tor. For this, the predicted KPI, total_delay,
is compared against a service deadline to

choose a feasible control option such as
reducing twinning frequency or postponing
a non-critical update before issuing actu-
ation. In addition, the predicted task type
determines the corresponding command
template, which is published to the robot via
the /dt/control topic for execution and
closed-loop feedback.

5) Policy Manager: This module serves as a
constraint-filtering layer on top of the Decision
Engine and interacts with Global What-if and the
current DT states. In the context of 6G-enabled
robotic systems, decision outputs must con-
sider predefined situations, including energy
constraints, emergency override rules, and latency
bounds.

PERFORMANCE EVALUATION

In this section, we investigate the performance of
our proposed robotic DT framework in terms of
communication and computational cost, under
changing twinning frequencies.

Dataset Description: We use an open-source
industrial robot control system dataset [15]. We
construct the input feature vector using: {robot_
id, task_duration, energy_consumption, data_size,
position_coordinates, sensor_id, sensor_type,
sensor_reading, network_latency, feedback_delay,
slice_bandwidth, data_transfer_time}. In AutoML
experiments, the prediction target is total_delay,
which captures the end-to-end delay observed
for the corresponding control instance, while the
classification target is task_type. The realisation
with respect to 6G operation is provided by vary-
ing twinning frequency, the number of concurrent
twins, DDS modes, and stress test network condi-
tions. Alltogether, these capture the timeliness and
scalability constraints expected in dense robotic
deployments.

Experimental Setup: We use AnylLogic®
for the end-to-end execution of the proposed
DT-based robotic workflow. We integrate a DDS
middleware into the AnyLogic setup and imple-
ment the proposed topics for message exchange.
In our setting, we represent each robot and its
associated DT instance as an active agent that
periodically generates telemetry messages accord-
ing to the configured twinning frequency (20Hz
or 50Hz). We use NetworkX and Alpyne Python
libraries to create dependency graphs and run the
ML models exported from AnyLogic, respectively.
The simulation parameters are given in Table 1. In
our experiments, we consider the following two
scenarios:

Parameters Values

Number of twins [10, 530]

Twinning frequency (Hz) {20, 50}

DDS QoS Config. {Reliable, BestEffort}

Number of relations/ graph 25
Payload size/ update (bytes) 300
Batch size {128, 256}

Confidence interval 95%

TABLE 1. Simulation Parameters.
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end-to-end delay (ms)

CPU utilisation (%)

RAM usage (%) packet loss (%)

number of twins Scenario-1 Scenario-2 Scenario-1 Scenario-2 Scenario-1 Scenario-2 Scenario-1 Scenario-2

10 54 57 9.8 9.8 11.4 11.5 = 0

30 72 79 21.2 21.9 27.6 27.6 - 0.2
50 96 110 28.9 29.8 35.8 36.8 = 7.9
100 142 165 41.6 42.6 49.3 50.5 - 17.8
250 208 230 64.8 64.9 70.9 72.1 = 22.4
400 264 317 82.5 82.9 88.6 89.5 = 25.1
530 305 355 91.7 91.7 98.8 98.9 = 33.6

TABLE 2. System Responsiveness and Computational Overhead.
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FIGURE 2. End-to-end delay comparison for proposed DT and the haseline DT approaches.

+  Scenario-1: This is the base scenario where
we assume an uncongested network to iso-
late the DT-layer processing and DDS QoS
effects while observing the scalability.

+ Scenario-2: In this, we add bursty back-
ground traffic that shares the same DT
communication resource, thereby causing
queueing on the DDS message path.

System Responsiveness and Computational
Overhead Under Increasing Number of Twins:
In the first set of our experiments, we measure
the system responsiveness and computational
overhead of the proposed framework with the
utilisation of multiple twins. For this, we measure
the end-to-end delay with a gradually increasing
number of twins. Here, end-to-end delay consists
of synchronisation latency and DDS message-
queuing delay from DT Layer and querying
and decision delay from Context-Aware Media-
tor Layer. At this point, real-timeliness refers to
maintaining bounded DT synchronisation latency
via twinning frequency. According to simula-
tion results, the delay shows a gradual rise from
54 ms to 305 ms under a high-density twin for
Scenario-1. In Scenario-2, delay values are higher

when compared to the base scenario. This is due
to the queueing delay caused by bursty traffic in
the DDS message path. In addition, we record
the packet loss ratio as the number of twins
increases. As given in Table 2, when a larger num-
ber of twins participate in message exchange, the
effects of background traffic begin to appear in
Scenario-2 results. While there is no packet loss
for the 10-twin case, it reaches 33.6% levels when
530 twins jointly participate in the DDS network.
Moreover, despite the growth in end-to-end delay,
the DT layer maintains stable synchronisation with
the twinning frequency of 50Hz, meaning ~ 20 ms
synchronisation latency. As we set the twinning
frequency either to switch 20Hz or 50Hz, we say
that the proposed DT framework is capable of
real-time operation by forcing the twinning fre-
quency to provide stable and fast synchronisation.
Following this, we observe the RAM usage and
CPU utilisation metrics for both scenarios. As
given in Table 2, as the number of twins grows,
the RAM and CPU load increase almost linearly
for both scenarios. Based on these, we note that
RAM usage presents a computational bound-
ary (reaching to 98.9%) by allowing the system
to utilise 530 twins concurrently. Here, we note
that 25 relations for each graph refers to the size
of the active dependency subgraph maintained
and queried per decision cycle, rather than a full
system-wide knowledge graph. As our framework
operates on incrementally updated subgraphs,
for larger robotic systems, it can be extended via
subgraph extraction by keeping query overhead
bounded. Furthermore, the framework can be
extended to large-scale deployments via distrib-
uted mediation. In this, dependency graphs can
be stored and queried using distributed graph
backends. This perspective is an important direc-
tion for future work.

Furthermore, we compare end-to-end
delay results of our proposed DT with two DT
approaches: (i) Al-driven control [5], and (ii)
Collaborative and per-twin what-if-based con-
trol [6], by considering Scenario-2. In each
approach, twins generate DDS updates at two
twinning frequency values, 20Hz and 50Hz, with
a fixed payload size. Therefore, in the higher
twinning frequency case, the total load on the
network would increase when the number of
twins increases. According to recorded results,
when the number of twins participating in the
DDS increases, the Al-driven and collaborative
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methods are more affected for both 20Hz and
50Hz cases. In particular, up to 250 concurrent
twins, all approaches perform in a similar man-
ner, resulting in a gradual increase in end-to-end
delay. However, as given in Fig. 2, especially
after 400 concurrent twins, Al-driven and col-
laborative approaches start to show a sharper
increase when compared to the proposed DT.
At the most dense scenario (530 twins), the
proposed DT results in approximately 11.9%,
and 20.3% lower end-to-end delay for 20Hz,
and 50Hz cases, respectively (these are shown
in the figure with black arrows and labelled as
1 and 2.) The main reason for this behaviour is
that the Al-driven approach does not rely on
a context-aware data source for running the
decision algorithms. Similarly, the collaborative
approach lacks context-awareness and per-
forms per-twin what-if execution. In this, each
DT instance executes scenario evaluation locally,
and the mediator aggregates outputs. In con-
trast, the proposed DT approach both utilises
context-awareness and the global what-if centra-
lises scenario execution (Alg. 1, lines 10-19). As
a result, this restricts execution to the affected
dependency subgraph. This restriction in update
propagation is the main reason why the delay
gap becomes more pronounced at high twin
densities.

Performance of Learning Algorithms Within
AutoML-Based Decision Unit: In the last set of
our experiments, we evaluate the performance of
the AutoML-based Decision Unit. We start by par-
titioning the data into two: 80% for training and
20% for testing. Afterwards, we perform regres-
sion and classification tasks by using the four
types of dependency graphs. For the regression
task, we configure Ridge Regression (regularisa-
tion strength set to 3), XGBoost (maximum depth,
number of estimators, and learning rate are set to
4, 50, 0.8, respectively), TGNN (hidden dimen-
sion, learning rate and dropout are set to 2, 0.8
and 0.2, respectively), and Q-Learning (learning
rate, discount factor, and exploration rate are
set to 0.8, 0.9, 0.95, respectively) algorithms to
identify candidate KPIs over PDGs. For classifi-
cation, we configure HMM (with a number of
states as 3), and Decision Tree (with maximum
depth, and minimum number of samples in leaf
set to 4, and 3, respectively). Furthermore, we
set a persample inference latency threshold of
10 ms and limit the AutoML search to 10 candi-
date configurations per model, utilising a random
search with early stopping. Afterwards, we select
the best feasible models based on validation
error under this latency constraint. We evaluate
regression performance using MAE and RMSE.
For classification performance, we measure
cross-entropy. As shown in Fig. 3, in the regression
task where we request the prediction total delay,
XGBoost results in the most successive values.
On the contrary, TGNN and Q-Learning perform
worse than Ridge Regression and XGBoost. Due
to the limited dataset size, complex models tend
to overfit rather than generalise, which degrades
their KPI prediction performance. Here, TGNN
underperformance is due to limited training data;
therefore, the Decision Unit selects lighter models
when they provide better generalisation under
the latency threshold. To mitigate this, future
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FIGURE 3. Prediction success of models for regression and classification tasks.

works can incorporate more diverse traces and
constraint-aware synthetic augmentation, such
as preserving timing-consistency among delay
components to improve the generalisation of our
framework. Besides that, we observe the success
of classification tasks in which the actions of the
robots are determined. According to our simula-
tion results, the HMM performs better than the
Decision Tree model at predicting whether the
robot will perform pick-and-place, welding, or
assembly actions. As a result, XGBoost and HMM
can be used as the main prediction algorithms of
the Context-Aware Mediator Layer.

CONCLUSION

In this paper, we propose a robotic DT frame-
work consisting of a DDS-based DT Layer and a
Context-Aware Mediator Layer. These layers con-
sist of two main components: (i) Global What-If
Engine, and (ii) AutoML-based Decision Unit. In
this framework, we model four distinct types of
interdependencies based on temporal, data, con-
trol, and performance information. Furthermore,
we use AutoML to select the most appropriate
model based on prediction errors and scenario
constraints. The experimental results demonstrate
that the proposed framework is capable of pro-
viding real-time DT synchronisation even under
high-density twin scenarios without overloading
the system, thanks to the adaptable twinning
frequency and context-aware Global What-If.
Moreover, the proposed DT framework achieves
effective learning-based decision-making in 6G
robotic applications.

In future work, we aim to extend the frame-
work by integrating real-time edge-cloud
coordination to model end-to-end network effects
in distributed robotic applications. In addition, we
will extend our evaluations based on a robotic
emulation environment by considering larger
graphs and interference in a multi-robot scenario.
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