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Abstract – The evolution towards 6G raises a fundamental question: will future mobile networks connect 
machines more efficiently, or will they become an integral part of intelligent systems? This overview paper 
explores this question through the concept of task-oriented communications, which shifts the focus from 
faithfully transmitting data towards delivering the information needed to accomplish a task. We illustrate these 
ideas through two connected-robotics scenarios investigated in our research: semantic communication of 3D 
point clouds for industrial object recognition, and edge-based robotic localisation and mapping supported by 
5G/6G connectivity. These examples highlight how communication, computation and sensing can be designed 
together to support potentially the fundamental role of 6G technology, that is to connect intelligent machines. 
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1. INTRODUCTION 

 Mobile networks have evolved from connecting people through voice and data to supporting an 
increasingly diverse range of connected machines. As artificial intelligence (AI) advances, the next step 
materialised in 6G network standards may be to connect intelligent machines such as robots, 
autonomous vehicles and AI-driven systems that perceive, reason and act [1], [2]. This evolution raises 
new questions about what future networks should communicate, how they should process information, 
and how they can support the tasks performed by connected intelligent machines [3]. 
This paper explores these questions following the evolution of the emerging concept of task-oriented 
communications and focusing as use case examples on two connected-robotics scenarios 
investigated in our research. We first consider how the vision of 6G is evolving, then introduce the idea 
of communicating task-relevant information rather than simply reconstructing transmitted data. Finally, 
we illustrate this approach through industrial robotics communication and mobile-robot localisation 
using edge computing and 5G/6G infrastructure. Together, these examples offer a perspective on how 
communication, computation and sensing may become increasingly integrated as networks evolve 
towards 6G. 

2. MOBILE NETWORK EVOLUTION TOWARDS 6G 

Mobile networks have evolved from systems designed primarily for voice communication into platforms 
that connect people, machines, and services across the world. With 6G on the horizon, the question is 
not simply how to make these networks faster or more reliable, but whether they will need to play a 
different role altogether. As AI models increasingly move from data centres into robots, autonomous 
vehicles, and software agents, the network may become part of a much larger intelligent system rather 
than merely a means of transporting data. This section explores what that shift could mean, first by 
considering the emergence of intelligent machines and then by looking at how the vision of 6G is taking 
shape. 

2.1 Connecting Intelligent Machines 

In the past five decades, mobile cellular networks evolved through five generations of mobile systems. 
We are now at the brink of the sixth generation (6G). If we look back at the previous generations, it is not 
so easy to classify them. We often hear a common wisdom: the even generations were successful, 
while the odd generations failed. But perhaps this is looking at the history from a simplified perspective. 
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Let us recapitulate this evolution. 1G gave us mobile voice service. 2G made voice digital, scalable and 
truly global. 3G brought mobile data. 4G turned that data capability into seamless broadband 
connectivity. 5G shifted the ambition beyond connecting humans towards connecting machines. So 
perhaps the “odd generations” were not failures at all. Perhaps they were the generations that 
introduced new directions, while the following generation consolidated them and brought them to scale. 
If the above sequence of generations introduced voice - digital voice - data - broadband data - machines, 
what is the keyword 6G will bring in? If 6G is simply about making connected machines faster, more 
reliable, more efficient and more ubiquitous, this is exactly the expected consolidation and scaling step: 
communications has always progressed through a combination of technological innovation and 
massive engineering and economic scaling. 
But if 5G is about connecting machines, the logical keyword for 6G could be connecting intelligent 
machines. Note that when 5G was concieved (early 2010s), the AI models and tools were only at their 
infancy and their evolution was, at the time, hard to predict. The distinction between connecting 
machines and connecting intelligent machines may be way more important than another increase in 
peak data rate. 
We are entering a world in which machines are no longer just endpoints that generate data or execute 
commands. They increasingly perceive, reason, communicate and act. Some are physical, so called 
embodied intelligence, such as robots, autonomous vehicles, humanoids and other embodied 
intelligent systems [4]. Others are purely software, such as AI agents, assistants and autonomous 
digital services [5]. These two forms of intelligence may create very different demands on the network. 
Physical intelligent machines interact continuously with the physical world. Besides connectivity, they 
need sensing, perception, coordination and increasingly distributed intelligence. If these machines are 
no longer confined to a factory or a controlled environment, connectivity becomes considerably more 
complex problem, related not only to data rates and latency, but essentially to their capability to safely 
and reliably execute tasks. Software-based intelligent machines are different. They already run on our 
phones and in the cloud. Today their communication footprint may still be modest, but token exchange 
is growing very fast and that could change substantially depending on how human-AI and AI-AI 
interaction modes evolve. 

2.2 Evolution of Mobile Network Standards Towards 6G 

Crucial to the success of mobile networks lies in the global standardization coordinated by 
International Telecommunications Union Telecommunication Standardization Sector (ITU-T) and 
technically executed by 3rd Generation Partnership Project (3GPP). When 5G was being conceived in 
early 2010s, the key idea of what 5G would bring has been visually represented by famous “5G service 
triangle”. The idea was to extend 4G in three directions corresponding to three different services 5G 
network would offer. The principal service, called enhanced mobile broadband (eMBB), would extend 
the capabilities of 4G mobile broadband. The other two: massive machine-type communications 
(mMTC) and ultra-reliable low-latency communications (URLLC) were behind the 5G as the technology 
that aimed to connect the machines. 
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Figure 1. From 5G triangle to 6G hexagon [6] 

In the past several years, conceptual design of 6G extended the notion of 5G triangle to the 6G hexagon 
(Figure 1). The idea is to extend 5G with three novel features: Integrated AI and Communication, 
Integrated Sensing and Communication, and Ubiquitous Connectivity. If 6G will be the technology to 
enable connected intelligent machines, then indeed, these three pillars constitute some of the key 
underlying features. But let us inspect this more closely. 
With the aim of connecting intelligent machines, the main target of 6G is no longer “How much more 
capacity will 6G provide?” Instead, the main design problem can be broadly formulated as “What does 
the 6G network need to become when the endpoints themselves become intelligent?” This changes the 
role of the network. 
Regarding the first new pillar of 6G: Integrated AI and Communication, in 3GPP, a lot of effort has been 
spent in discussing and standardizing the AI for the network, i.e., using machine learning and AI in 
optimising different network functionalities across the core network and the RAN such as scheduling 
radio resources, predicting traffic, automating operations and managing increasingly complex 
networks [7]. Significantly less effort is invested in standardizing the network for AI, although recently, 
frameworks such as AI/ML enablement (AIMLE) at the service level are arising to fill this gap [8]. As the 
network becomes integral part of the computing and intelligence infrastructure itself, communication, 
computation, sensing and AI increasingly interact rather than remain separate functions. 
The second 6G pillar: Integrated Sensing and Communication (ISAC) is active topic of 3GPP 
standardization effort. We have moved from thinking of wireless systems purely as communication 
systems towards integrated sensing and communication. But for intelligent machines, we need to go 
one step further. The machine does not experience the world through RF sensing alone. It sees, hears, 
measures, localises and interacts through multiple sensing modalities. The network could become part 
of a much broader multimodal sensing infrastructure, with AI bringing these different observations 
together. Current 3GPP focus is leaned towards radar-like functionalities of future wireless interface, 
while most of the end-users (robotic, vehicular or similar industries) place focus on different modalities. 
This raises important question who will be the commercial user of 6G ISAC service in the future. 
Finally, 6G targets ubiquitous connectivity. 5G already had the ambition of connecting essentially 
everything. Non-terrestrial networks (NTN) can extend that reach and help complete that vision. But for 
intelligent machines, ubiquitous connectivity may mean something more than simply having coverage 
everywhere. It means providing the connectivity, sensing and computational support wherever 
intelligent machines operate, including environments where infrastructure cannot be assumed. Thus it 
is reasonable to expect that the former two pillars will be of immediate importance for 6G connectivity 
of intelligent machines, while NTN and ubiquitous connectivity will complete the 5G ambition of 
connecting machines anytime and anywhere. 
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3. FROM COMMUNICATING DATA TO COMMUNICATING MEANING 

Imagine a mobile robot navigating through a factory. Its cameras and LiDAR sensors continuously 
generate images and three-dimensional point clouds containing millions of measurements. Should the 
robot transmit all this information to a remote server at the edge or cloud, or could it transmit only the 
information needed to estimate its position, recognise an obstacle or plan its next movement? The 
answer depends on what we expect the communication system to accomplish. 
This simple question captures the motivation behind task-oriented communications, also known as 
goal-oriented communications. Instead of treating the faithful error-free delivery of data as the ultimate 
objective, task-oriented communications starts from the task that the receiving system must perform. 
The communication system is then designed to preserve the information that matters for that task, 
potentially reducing the amount of data that needs to be transmitted while maintaining the required 
task performance. 

3.1 From Bits to Tasks 

Modern communications are built around a remarkably successful principle: represent information as 
bits, transmit those bits reliably, and reconstruct the original information exactly at the receiver. This 
approach follows the foundations of information and coding theory established by Claude Shannon [9]. 
Its success is visible everywhere, from mobile broadband and video streaming to industrial 
communications. 
A conventional communication system typically separates the problem into several stages. First, 
source coding compresses the original data. Channel coding adds redundancy to protect the 
information against transmission errors. Modulation and waveform processing then prepare the 
information for transmission over a wireless channel. At the receiver, the corresponding operations 
recover the transmitted information. 
This architecture works extremely well when the objective is to reproduce the original message, the goal 
established by Shannon. But intelligent machines introduce a different perspective. If a remote AI 
model needs to identify a particular object in a camera image, does it really need every detail of that 
image? If a robot needs to estimate its position, must the network deliver an exact reconstruction of 
every LiDAR measurement? Often, the answer is no. 
What matters is not necessarily how accurately the original data can be reconstructed, but how well 
the receiving system can perform its task. A slightly distorted image may be perfectly adequate for 
recognising an object, while a visually excellent reconstruction might lose a small detail that is essential 
for robotic manipulation. The best representation of data depends on what we intend to do with it. 
This is the central intuition behind task-oriented communications [3], [10]. Rather than optimising 
communication solely for bit-level accuracy or conventional measures of signal distortion, we consider 
the performance of the task itself. The relevant objective might be object-recognition accuracy, robot 
localisation error, the success rate of a manipulation operation or the stability of a control system. 
Communication system can be designed and its resources allocated according to how much they 
contribute to achieving that objective. 

3.2 Learning What Information Matters 

How can a communication system learn which information is important for a task? One possibility is to 
improve conventional compression. Images, video and three-dimensional point clouds can already be 
compressed before transmission, reducing the required bandwidth while attempting to preserve their 
important features. These techniques provide a useful starting point, but they generally aim to 
reconstruct the source data, rather than directly optimise the performance of a remote AI task. 
A more radical approach is to design the communication and AI processing together. Deep learning 
makes this possible by representing different processing stages as interconnected neural networks. 
Instead of designing each stage independently, it becomes possible to train an end-to-end system to 
transform sensor measurements into a compact representation that can be transmitted over a wireless 
channel. 
An important step in this direction is deep joint source-channel coding [11]. In contrast to a strictly 
separated compression and channel-coding architecture, a learned system can jointly adapt its 
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representation to the characteristics of the communication channel. Such approaches have 
demonstrated promising results, particularly when transmission conditions are challenging. However, 
if the objective remains the reconstruction of the original image or point cloud, the system is still 
fundamentally solving a data-reconstruction problem. 
Task-oriented communications takes the idea further. Suppose a robot's camera captures an image 
containing a workpiece. Instead of transmitting the image for reconstruction, the system could extract 
features relevant to the downstream task and transmit those features to a remote AI model. Depending 
on the application, the transmitted representation might encode the object's position, its geometric 
characteristics or other information needed for recognition and manipulation. The receiver uses this 
representation directly, without necessarily reconstructing the original image. 
The important distinction is that the transmitted representation is designed around the task, rather than 
around the appearance of the original data. It may therefore be compact, task-specific and very 
different from the sensor data itself. This approach usually referred to as semantic communications, 
which investigates how to represent and transmit information according to its meaning and intended 
use. In this context, semantics does not simply mean converting data into words or human-readable 
descriptions. For an intelligent machine, useful semantic information may consist of learned numerical 
features that preserve the information required by a particular AI model. However, the task-oriented 
communication is still an open problem, both from the perspective of theoretical limits, as well as the 
specific transmitter and receiver design (Figure 2). 

 
Figure 2. Task-oriented communication system design challenges 

3.3 Why This Matters for Connected Robotics 

Connected robotics offers a natural setting for exploring these ideas. Robots increasingly rely on 
cameras, LiDAR, inertial sensors and other sources of information to perceive their surroundings, 
estimate their position and coordinate their actions. These sensors usually generate large volumes of 
data, while the processing required to interpret that data may be computationally demanding. 
Wireless connectivity creates an opportunity to distribute or completely offload this processing 
between the robot, nearby edge computers and more powerful cloud infrastructure. However, sending 
all sensor data to a remote server can consume substantial communication resources and introduce 
delays. On the other hand, moving all computation onto the robot may be impractical when its size, 
cost, energy consumption or available processing power is limited. 
Task-oriented communications offers a way to approach this trade-off. The robot can partly process its 
sensor data locally, extract information relevant to a particular task and transmit a compact 
representation to an edge AI service. The remote system can then perform the required inference or 
contribute to a larger processing pipeline. The appropriate division of work depends on the task, the 
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available computing resources, the wireless channel and the consequences of errors or delays [12]. 
This does not mean that transmitting raw data or reconstructing it at the receiver will become 
unnecessary. Some applications require detailed sensor information, and a representation optimised 
for one task may be unsuitable for another. A representation useful for object recognition, for example, 
may discard geometric details needed for precise manipulation. Task-oriented communication 
therefore introduces new design questions: which information should be retained, how should its 
representation be learned, and how should the system balance communication cost against task 
accuracy and reliability? 
These questions remain active areas of research. There is no single semantic representation that is 
optimal for every task, nor is there yet a universally applicable mathematical theory and consequently 
design framework that determines the best transmitter, receiver and communication architecture for 
arbitrary tasks. An important challenge is to develop methods that preserve task-relevant information 
while remaining robust to changing wireless conditions and practical enough to integrate into real 
communication systems [12], [13]. 
As 6G networks increasingly support intelligent machines, communication can become more closely 
integrated with sensing, computation and control. Instead of treating sensor data as an end product 
that must be delivered intact, the network can become an active part of the process through which 
machines perceive their environment and accomplish their goals. In this sense, task-oriented 
communications represents a shift in perspective: from asking how faithfully we can transmit data to 
asking how effectively we can help a machine accomplish its task. The following section explores what 
this shift can mean in practice through connected-robotics use cases investigated jointly by the two 
teams at the University of Novi Sad - Faculty of Technical Sciences and the Institute of Artificial 
Intelligence Research and Development of Serbia. 

4. CONNECTED ROBOTICS: FROM COMMUNICATING DATA TO UNDERSTANDING THE WORLD 

The ideas behind task-oriented communication become easier to understand when we look at real 
robotic systems. A robot may need to recognise an object, estimate its position, or build a map of the 
space in which it moves. In each case, its sensors generate much more information than is ultimately 
needed for a particular decision. As noted in the previous section, sending all this information over a 
wireless network can consume valuable bandwidth and introduce delays. But what if we could design 
the communication system around what the robot or the edge AI server assisting it actually needs to 
know? 
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Figure 3. Two representative 6G connected robotics use cases 

Our research explores this question through two specific connected-robotics scenarios. The first 
concerns the transmission of three-dimensional information about objects in industrial environments. 
The second investigates how mobile robots can efficiently perform edge-based simultaneous 
localization and mapping (SLAM) while distributing their perception and localization tasks between the 
robot itself and nearby edge servers, while exploring how the wireless network can contribute as an 
additional sensing modality. 

4.1 Semantic Communication of Point Clouds 

In modern industrial environments, robots increasingly rely on depth cameras and other three-
dimensional sensors to understand objects and their surroundings. These sensors can produce a point 
cloud: a collection of points representing the surfaces of objects in three-dimensional space. Point 
clouds can describe a scene in considerable detail, but transmitting them over a wireless network is 
demanding, particularly when the information must arrive quickly enough to support an ongoing robotic 
task. 
Traditional compression approaches attempt to reduce the amount of data while preserving the 
geometry of the original point cloud as accurately as possible. This makes sense when the objective is 
to reconstruct or visualise an object. But consider a different situation: a robot receives information 
from a remote sensor because it needs to identify a component or determine whether a particular 
object is present. Does it really need every surface point to be reconstructed precisely? Or is it more 
important that the information arriving at the other end supports the correct decision? 
These questions motivate our work on task-oriented wireless transmission of 3D point clouds. We are 
working towards developing a learning-based communication approach in which the transmitter 
converts a point cloud into a compact representation, which is sent over a simulated wireless channel 
and processed at the receiver. The system is designed to support two different objectives: 
reconstructing the object's geometry and recognising what the object is. This allows us to study how 
these objectives respond differently to imperfections in wireless transmission. 
The experiments use data from an industrial setting, including the recognition of objects relevant for 
autonomous welding task. The results reveal an important behaviour. As the wireless channel 
deteriorates, the reconstructed geometry can become noticeably less accurate, while object 
recognition remains comparatively stable over a broad range of channel conditions. In other words, 
small errors in the reconstructed positions of individual points do not necessarily prevent a learning 
model from recognising the object correctly [14]. 
This finding illustrates one of the central ideas of semantic communication: the quality of a 
communication system should be judged not only by how accurately it reproduces the transmitted data, 
but also by how well it supports the task for which that data is needed. In an industrial application, the 
ability to make a reliable decision may matter more than reproducing every geometric detail. 
There is an important qualification, however. Geometry still matters when a robot needs precise object 
dimensions, accurate positioning, or reliable manipulation. The goal is not to discard geometric 
information indiscriminately, but to understand which information must be preserved for a given task. 
A representation suitable for recognising an object may not be sufficient for grasping it. The challenge 
is to find the right balance between communication cost, robustness, and the requirements of the 
application. 

4.2 Edge SLAM for 6G Connected Robotics 

A second research scenario concerns mobile robots that continuously determine where they are and 
what their surroundings look like. This capability is known as simultaneous localisation and mapping, 
or SLAM. It allows a robot to estimate its position while building a map of an unfamiliar environment, 
using observations from sensors such as cameras, lidars and wheel odometry. 
SLAM can require substantial computing power, particularly when it involves processing detailed lidar 
and camera images or combining several sources of information. A limited-compute mobile robotic 
platform cannot always perform every computation locally while meeting its performance and energy 
constraints. One option is to transfer some of the processing to a nearby edge server connected through 
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a 5G/6G network. 
This arrangement introduces a challenge. The robot should send its sensor data across the network, 
the edge server must process it, and the resulting information should arrive in time to be useful. The 
wireless link is therefore not simply a transparent pipe between two endpoints: its latency, data rate, 
and behaviour affect the overall robotic system. Even the software mechanisms, such as widely used 
ROS2 middleware, that is used to package and transport sensor messages can influence end-to-end 
performance. 
To investigate these interactions, our team has developed a connected mobile-robot platform 
integrating an unmanned ground vehicle, a 5G Open RAN testbed, and an edge server running a SLAM 
application. The platform allows us to examine and keep full observability of the complete path from 
the robot's sensors, through the robotic software and 5G network, to the computation performed at the 
edge. This makes it possible to investigate the system as a whole rather than studying the wireless link 
and the robotics software independently. 
One part of this research focuses on a particularly interesting question: where should the processing 
take place? For example, instead of transmitting an entire camera image for every subsequent 
operation to be performed at the edge server, a learning-based visual-processing pipeline can be split 
between the robot and the edge computer. The robot performs an initial part of the computation and 
sends an intermediate representation to the edge, where the remaining processing is completed. 
Recently, we have explored this idea for the detection of visual markers used to estimate the robot's 
position [15]. The learning model can be split at different points, changing how much computation takes 
place onboard and how much information must be transmitted. The intermediate representation is not 
intended to recreate the original image; it carries features needed for the remaining visual-processing 
task. The choice of split point therefore creates a trade-off between local computation, communication 
overhead, and the accuracy of the final localisation result, while the overall design goal is to minimize 
end-to-end latency while keeping the task performance at the satisfactory level. The communication 
system is no longer designed solely around the transmission of camera images. Instead, the 
transmitted information is tied to the computation that must be completed at the other end.  
The same research platform opens the door to an even broader idea. A wireless network may do more 
than transport information between a robot and an edge server. The radio signals used for 
communication also interact with the surrounding environment, and measurements of these signals 
can contain information about that environment, as part of integrated sensing and communication 
paradigm. In particular, the wireless system can provide channel state information (CSI), which 
describes characteristics of the radio channel between the network and a connected device. Such 
measurements may complement information from cameras, odometry, and other sensors. 
Our current work investigates how radio-channel information can be made available to the robot's 
SLAM application through the 5G Open RAN infrastructure. This is not simply a matter of switching on 
an existing feature: the radio measurements must be extracted from the network, delivered to the 
robotic software, and associated correctly with the robot's other sensor observations. We have 
developed and tested a mechanism for exposing CSI from the radio processing system to the edge 
application, while exploring an alternative based on the network's programmable control infrastructure. 
Using these measurements to improve the SLAM algorithm itself remains a further research step. 
The longer-term vision is a more tightly integrated system in which the robot, edge server, and wireless 
network cooperate in understanding the environment. Rather than treating communication, 
computation, and sensing as separate functions, the system could exploit their interaction to support 
more capable and adaptable robots. 

5. CONCLUSIONS: CONNECTING INTELLIGENT MACHINES 

Is 6G going to be evolutionary or revolutionary? Perhaps the more useful question is what we expect 
future mobile networks to make possible. If 5G expanded the role of mobile networks from connecting 
people to connecting machines, 6G may take the next step towards connecting intelligent machines 
that must continuously perceive, reason, coordinate, and act in the physical world. 
In this paper, we presented two examples that illustrate two complementary directions in our research. 
In the first, we investigate how to transmit information that preserves the properties needed for an 
industrial perception task, even when the wireless channel is imperfect. In the second, we explore how 
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to distribute robotic processing across the robot and the edge, and how information generated by the 
wireless network itself might contribute to environmental perception. 
Both directions point beyond the traditional view of a mobile network as a system that simply delivers 
bits from one endpoint to another. For connected robotics, communication has to be considered 
alongside the computation and sensing that give those bits their purpose. The most useful information 
is not necessarily the most detailed, and the best place to process it is not necessarily on the robot or 
in the cloud alone. 
These are still active research questions, rather than problems with universal solutions. Different 
robotic tasks demand different levels of geometric accuracy, latency, and robustness; wireless 
conditions and computing resources also change. The opportunity lies in designing these elements 
together, so that communication supports what the robot is trying to achieve. 
This perspective brings us back to the broader question raised by the evolution towards 6G. If future 
networks are to support increasingly intelligent machines, success may depend not only on how much 
data they can carry, but also on how effectively they help those machines perceive, decide, and act. 
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