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Outline of the Talk

Edge/Cloud-AI and Task-Oriented Communications 

Task-Oriented Communications in 6G Connected Robotics



Data Source
(Sensor)

Task Engine
(AI model)

Data source and task 
engine collocated

Task engine trained to 
minimize task-specific 
expected loss function 

Data source and task 
engine separated

Data Source
(Sensor)

Task Engine
(AI model)

Communication System
(Data Network)

Task-oriented (goal-oriented) 
communications

Design Communication System with the goal of             being equal to  

Traditional Shannon-theory 
communications

Design Communication System with the goal of     being equal to  

C. E. Shannon and W. Weaver, The Mathematical Theory of Communication. Urbana, IL, USA: Univ. Illinois Press, 1949.

Task-Oriented Communications



Task-Oriented Communications in Robotics

Robotic hand
(video/3DPC)

Communication System
(Data Network)

Edge 3D Object 
Reconstruction Task

AMR (image/
odometry)

Communication System
(Data Network)

Edge SLAM Task

Example 1 (static): Robotic Working Cell

Example 2 (mobile): Edge SLAM



Data Source
(Sensor)

Communication System
(Data Network)

Task Engine (AI model)

Traditional Approach: Transmit raw sensor data to the edge/cloud
Problem: The amount of data easily saturates uplink connection, data transfer delay 
could be prohibitively high. Motivates relocation of AI models from cloud to edge.

Potential Traditional Relaxation: Compress and transmit
Problem: Reduces the amount of data to be transmitted and consequently the data 
transfer delay. Introduces compression/reconstruction delay and processing costs.

Overall Goal: Replicate source data at the receiver side (Shannon technical 
communication problem) potentially trading-off rate vs distortion (compression). 
Note that compression might affect AI model (task) performance. 

Traditional Approach: How does it work?



Source Coding 
(Compression)

Source Decoding 
(Reconstruction)

Channel Coding Decoding

Communication Channel

Waveform Tx Waveform Rx

State-of-the-art source codecs

State-of-the-art channel codes

Standard modulation constellations

Standard waveform design

Traditional (Shannon) Approach

Modulation Demodulation

Modern Architecture (Shannon Separation Principle)



Source Coding 
(Compression)

Source Decoding 
(Reconstruction)

Communication Channel

Waveform design Waveform design

Fundamental limits governed by Shannon's 
Rate-Distortion Theory

Solving Classical Shannon Technical Problem

Channel Coding Decoding

Modulation Demodulation



Source Coding 
(Compression)

Source Decoding 
(Reconstruction)

Communication Channel

Waveform design Waveform design

Fundamental limits governed by Shannon's 
Information and Coding Theory

Solving Classical Shannon Technical Problem

Channel Coding Decoding

Modulation Demodulation



Source Coding 
(Compression)

Source Decoding 
(Reconstruction)

Communication Channel

Waveform design Waveform design

Mapping bits onto signals
Two-step procedure
Digital Modulation: mapping bits onto 
complex modulation symbols (QAM)
Waveform Design: mapping modulation 
symbols on a transmitted waveform (OFDM)

Solving Classical Shannon Technical Problem

Channel Coding Decoding

Modulation Demodulation



Data Source
(Sensor)

Communication System
(Data Network)

Task Engine (AI model)

Task Engine (AI Model)
• Based on modern deep learning architectures

Traditional Shannon Communication System Approach
• Based on classical model-based signal processing and optimization methods
• Represents current state of the art
• Supported by established theoretical results (information theory, signal processing)

Modern AI-Based Communication System Approach
• Replaces model-based system design with data-based deep learning models
• Achieves state-of-the-art performance across communication system blocks
• Transforms data transmission/processing pipeline into an end-to-end AI model



Data Source
(Sensor)

Communication System
(Data Network)

Task Engine (AI model)

Source Coding Source Decoding 

Communication Channel

Waveform design Waveform design

Point-Cloud Compression:

Classical: MPEG 3D Graphics Coding Group
PCC-V: Video-based PCC
PCC-G: Geometry-based PCC

Deep Learning Based: Compression achieved 
using end-to-end trained deep learning PCC 
architectures.

Channel Coding Decoding

Modulation Demodulation



Communication Channel

Waveform design Waveform design

Channel Coding Decoding

Data Source
(Sensor)

Communication System
(Data Network)

Source Coding Source Decoding 
Channel Coding:

Classical: Efficient error correction codes
LDPC: Used in latest Wi-Fi & 5G standards 
Polar: Used in 5G standard

Deep Learning Based: Efficient design using 
DL architectures (autoencoders, transformer, 
RNN & LSTMs, etc.) 



Communication Channel

Waveform design Waveform design

Channel Coding Decoding

Data Source
(Sensor)

Communication System
(Data Network)

Source Coding Source Decoding 

Effects of waveform processing and channel 
transmission can be implemented as 
differentiable neural network layers



Channel Coding Decoding

LIDAR 
(Point Cloud)

Communication System
(Data Network)

Source Coding Source Decoding 

Communication Channel

The whole communication and edge-AI setup is an end-to-end neural network
Can we learn it through appropriate architecture design and end-to-end training?



LIDAR 
(Point Cloud)

Communication System
(Data Network)

Joint Source
Channel Coding

Joint Source
Channel Coding

Communication Channel

Deep Joint Source-Channel Coding (DJSCC) demonstrates improved performance
However, DJSCC still aims to replicate the source message at the receiver



LIDAR 
(Point Cloud)

Communication System
(Data Network)

Split Inference 
(UE part)

Split Inference 
(Edge Part)

Communication Channel

Deep Learning models could be end-to-end trained and split into UE and Edge parts
The source message is converted in semantic representation and never reconstructed



Communication Channel

Waveform design Waveform design

Channel Coding Decoding

Data Source
(Sensor)

Communication System
(Data Network)

Currently within the scope of standardization
Open-RAN 5G/6G evolution will possibly 
allow more flexible physical layer design

Split Inference 
(UE part)

Split Inference 
(Edge Part)

Split models (UE and Edge parts) can be 
designed and deployed at the application 
layer (instead of data compression)



Data Source
(Sensor)

Communication System
(Data Network)

Task Engine (AI model)

Summary of the Problem

Key Question: How to represent source information    efficiently in order to achieve 
the same (or as close) task performance on remotely received data    as it would be 
achieved if the task is executed on the original data?

Question? Is attempting to replicate source data at the receiver side (Shannon 
technical communication problem) a good strategy?

Comment: Efficient source data semantic representations could be task-dependent!



Channel Coding Decoding

Data Source
(Sensor)

Communication System
(Data Network)

Source Coding Source Decoding 

Communication Channel

Task

Task-Oriented Communication Theory/Design 
is still largely an open problem
How to design Tx and Rx side? 
Where are the block boundaries and what are 
the interfaces?
Can the design be made generic or it is 
destined to remain task-specific?
What are the limits (bounds) in the sense of 
semantic rate vs distortion?



Channel Coding Decoding

Data Source
(Sensor)

Communication System
(Data Network)

Source Coding Source Decoding 

Communication Channel

Task

Different Design Methods

Information Bottleneck 
min I(   ,  ) while max I(   ;        )

Rate-Distortion-Perception
min I(   ;   ), while D(   ;   ) and d(p(   ),p(   ))



Outline of the Talk

Task-Oriented Communications: High-Level Introduction

Task-Oriented Communications in 6G Connected Robotics



Connected Robotic Workcell

Connected Edge SLAM

Hardware and Sensors
• Robotic hand (Fanuc CRX 10)
• Camera: 3D point cloud + 

stereo RGB image
Edge AI
• AI model: 3D object and pose

reconstruction
• Motion planning & control

Hardware and Sensors
• UGV platform
• Wheel odometry, lidar, 

camera, CSI data
Edge AI
• Edge model: Factor Graph

SLAM running Gaussian BP



Channel Coding Decoding

Robotic hand
(video/3DPC)

Communication System
(Data Network)

Source Coding Source Decoding 

Communication Channel

Object 3D 
Reconstruction Task



Communication System
(Data Network)

Data Source: 
3D point cloud + 
stereo RGB image

Task: Accurate 3D 
pose reconstruction of
the relevant object



O-CU

5GCN

UE
SDR

3GPP/O-RAN Testbed

Robotic workcell & Control Server Remote Server

Uplink

Downlink

Motion Commands & Task Execution Motion Planning & Control

Streaming Platform & Transport Streaming Platform & Transport

Compression / Semantic Encoder Decompression / Semantic Decoder

Stereo Image & 3DPC acquisition 3D model & pose reconstruction

O-DU

Communication System
(Data Network)

Data Source: 
3D point cloud + 
stereo RGB image

Task: Accurate 3D 
pose reconstruction of
the relevant object



Communication System
(Data Network)

Data Source: 
3D point cloud + 
stereo RGB image

Task: Accurate 3D 
pose reconstruction of
the relevant object



Channel Coding Decoding

AMR (image/
odometry)

Communication System
(Data Network)

Source Coding Source Decoding 

Communication Channel

Edge SLAM Task



5G Edge Connected SLAM



5G Edge Connected SLAM

ROS2 Environment: Consists of inter-connected ROS2 nodes that exchange data

UGV platform
Camera Node: Periodically generates 
and publishes camera image

Edge Server

ROS2 Data Distribution Service

Odometry Node: Periodically generates 
and publishes wheel odometry

Edge SLAM Node: Collects messages from sensor 
nodes, preprocess them, extract SLAM-relevant 
information, runs SLAM algorithm (pose 
estimation of UGV and relevant map features)

CSI Exposure Node: ?

Built-in ROS2 data distribution service (DDS) solution. Many different realizations (FastDDS). Optimize for 5G? 



5G Edge Connected SLAM
5G O-RAN Environment: 3GPP/O-RAN compliant lab testbed

Setup: High-performance servers running 3GPP/O-RAN compliant implementations 
of O-CU/O-DU, O-RAN RICs and 5G core network.
Edge AI Services: Deployed at Edge AI servers connected to 5GCN. 

USRP Radios: B210 (20 MHz) and X300 (100 MHz). 





Research Problem: Sensor data bottleneck



How to integrate CSI to SLAM?
SLAM Algorithms: Modern SLAM methods are derivates of Kalman filtering 

Prediction Step: Based on the motion model and odometry data. Can CSI help? 
Can CSI data serve as a cheap odometer?
Correction Step: Based on observation model. Can CSI provide distance estimate 
from map anchor points (location of 5G radio nodes)



Further SLAM Improvements

SLAM State-of-the-art: Factor Graphs 
and Gaussian Belief Propagation

Can we improve complexity, speed, 
convergence, implementation, etc.



Outline of the Talk

Task-Oriented Communications: High-Level Introduction

Task-Oriented Communications in 6G Connected Robotics

Bonus



Functional 
Blocks

6G Enablers Metrics Robotic Impact

Sensing and 
Perception

ISAC, edge AI, 
HRLLC

50–200 Gbps; 
300–500 
Mbps; 1–10 
cm

Shared perception, 
SLAM, situational 
awareness

Cognition, 
Reasoning and
Planning

AI-native, 
semantic 
comms, 
edge/cloud

1.5–
3×spectrum 
efficiency; AI 
inference 
latency

Distributed 
reasoning & fleet 
coordination

Execution, and
Actuation

HRLLC, TSN, 
edge control

0.1–1 ms; 
10⁻⁵–10⁻⁷ 
reliability

Teleoperation, 
collision avoidance, 
safety

Self-learning FL, edge 
intelligence, AI 
agents

FL update 
time; 
energy/bit 
reduction

Cooperative learning 
& adaptive 
autonomy

M. Ghassemian, A. M. Valenzuela, A. G. Armada, D. Vukobratovic, P. Chatzimisios, K. Althofer, P. R. Venkatesh: "6G Empowering Future 
Robotics: A Vision for Next-Generation Autonomous Systems," early access, IEEE Communication Magazine, 2026.

6G Connected Robotics



One6G & euRobotics whitepaper



https://standards.ieee.org/ieee/1955/11660/
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