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Federated Machine Learning in 6G 
opportunities and challenges



Outline
¡ Motivations

Ø 6G, connected intelligence, edge AI

¡ Two vignettes:
Ø Communication-efficient federated learning

v Task-oriented communication paradigm
v Federated learning models and algorithms
v Enabling wireless techniques

Ø Federated learning via over-the-air computation
v Low-latency model aggregation
v Decentralized federated learning
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Towards 6G: the evolution of use cases from 5G to 6G 
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Why 6G?

3G (2000)
Mobile Internet

sensing, communication, computation
& AI integrated technologies needed

to enable intelligent 6G applications

Native-AI Empowered Networks

4G (2010)
Internet of Things

5G (2020)
Tactile Internet

6G (2030)
Connected Intelligence

Conneccted Intelligence in 6G

digital twin

synaesthesia
internetsmart 

agriculture

smart 
industry

super traffic

supply chain 
finance

blockchain 
economy
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Three new service types in 6G
¡ 6G needs support 3 new service types beyond eMBB, uRLLC, and mMTC
¡ Computation Oriented Communications (CoC)

Ø Distributed computation to enable key functionalities in 
smart devices, e.g., federated learning

Ø CoC will flexibly choose an operating point in the rate-
latency-reliability space (instead of conventional QoS)

¡ Contextually Agile eMBB Communications 
(CAeC)
Ø Service expected to be more agile and adaptive to the

v Network context (e.g., link congestion and network 
topology)

v Physical environment context (e.g., location and 
mobility)

v Social network context (e.g., social neighborhood 
and sentiments)

¡ Event Defined uRLLC (EDuRLLC)
Ø Support uRLLC in extreme or emergency events (e.g., high 

latency events)
Ø With spatially and temporally changing device densities, 

traffic patterns, spectrum & infrastructure availability
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The current unprecedented transformation of 
wireless networks will make 6G substantially 

different from previous generations



Towards 6G: evolution of use cases from 5G to 6G 
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6G: Al empowered architecture
¡ Al enabled intelligent radio (IR) learn from labeled training data to meet 

diversified target requirements
¡ Local networks evolve individually to adapt to local environments and user 

demands intelligently
¡ Protocol evolution offered by protocol cooperation learning
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Ø from network softwarization to 
network intelligentization

Ø AI-enabled technologies for 6G
Ø 6G networks for edge AI

K. B. Letaief, W. Chen, Y. Shi, J. Zhang, and Y. Zhang, “The roadmap to 6G - AI empowered wireless networks,” IEEE Commun. Mag., 
vol. 57, no. 8, pp. 84-90, Aug. 2019.



Edge AI empowered 6G networks 
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Success of modern AI
¡ Two secrets of AI’s success: computing power and big data

Ø Computing power: Intel i386, Intel i486, Intel Pentium Intel Core, Nvidia GPU, 
Google TPU, Google quantum supremacy,…

Ø Big data: the world’s most valuable resource
is no longer oil, but data
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Modern AI challenges
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model size speed

energy privacy

sensor

cloud

transmitter

receiv
er

communication
latency

actuator

AlphaGo: 1920 CPUs and 280 GPUs, 
$3000 electric bill per game

on mobile: drains battery
on data-center: increases TCO
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Facebook’s data privacy scandal the general data protection regulation 
(GDPR)



Edge AI:  solution for paving the last mile of AI
¡ Edge AI:  providing a promising solution for connected intelligence by enabling 

data collection, processing, transmission, and consumption at the network edge 
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Edge AI: edge training & edge inference Six levels of edge AI

Fig. credit: Chen



Roadmap to edge AI : history of artificial intelligence 
¡ Machine learning: a rapidly growing technology; revolutionized many fields; 

unprecedented empirical success 

¡ Federated learning: a collaborative machine learning framework to train a 
global statistical model without accessing edge devices’ private raw data 
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Roadmap to edge AI : history of wireless communication
¡ Wireless communications: wireless networking era; major enabler 

technology; constantly increasing demands

¡ 3GPP Release 17 approved the NWDAF (network data analytics function-5G 
network AI) federated learning technology standard in 2020 
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Roadmap to edge AI
¡ Technologies: task-oriented communication-efficient edge training & inference
¡ Systems: service-driven resource allocation for scalable & trustworthy edge AI
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Edge AI empowered 6G networks 
¡ Edge AI empowered 6G networks: integrated sensing, communication, 

computation, and intelligence for “connected intelligence”
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6G: integrated intelligence for a connected world
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6G: connected intelligence5G: connected things
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Vignettes A: Communication-efficient federated learning
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Federated learning
¡ Federated learning definition: 

Ø A machine learning setting where multiple clients collaborate in solving a machine 
learning problem, under the coordination of a central server or service provider. 

Ø Each client's raw data is stored locally and not exchanged or transferred; instead, 
focused updates intended for immediate aggregation are used to achieve learning objective. 
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cloud machine learning federated machine learning

Peter Kairouz, H. Brendan McMahan, et al., “Advances and open problems in federated learning,” Found. Trends in Mach. Learn., 
vol. 14, no. 1-2, pp. 1–201, Jul. 2021. 



Communication-efficient federated learning
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achine learning w

orkflow

cost = computation + communication

data & problem 
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learning-
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Task-oriented communication paradigm for communication-efficient FL (maximize training speed and accuracy)



Federated learning models & algorithms
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Federated learning models and architectures
¡ Horizontal FL: datasets share the same feature space but different sample space 
¡ Vertical FL: datasets share the same sample space but differ in the feature space 
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Horizontal FL Vertical FL

S. Xia, J. Zhu, Y. Yang, Y. Zhou, Y. Shi, and W. Chen, “Fast convergence algorithm for analog federated learning,” in Pro. IEEE Int. Conf. 
Commun. (ICC), Montreal, Canada, Jun. 2021. 



Federated learning models and architectures
¡ Decentralized FL: learn a global model from decentralized datasets over the D2D

communication network topology without a central authority
¡ Trustworthy FL: differential privacy, Byzantine resilience, interpretability, optimality
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Decentralized FL Trustworthy FL

[1]Y. Shi, Y. Zhou, and Y. Shi “Over-the-air decentralized federated learning,” in Proc. IEEE Int. Symp. Inform. Theory (ISIT), Melbourne, Victoria, 
Australia, Jul. 2021.
[2] S. Huang, Y. Zhou, T. Wang, and Y. Shi “Byzantine-resilient federated machine learning via over- the-air computation,” in Pro. IEEE Int. 
Conf. Commun. (ICC) Workshop, Montreal, Canada, Jun. 2021. 
[3]Y. Yang, Y. Zhou, T. Wang, and Y. Shi “Reconfigurable intelligent surface assisted federated learning with privacy guarantee,” in Pro. IEEE 
Int. Conf. Commun. (ICC) Workshop, Montreal, Canada, Jun. 2021. 



Communication-efficient algorithms for FL
¡ FL is far from the trivial task of merely adopting the same computation and communication techniques in cloud 

¡ Algorithmic challenges: unbalanced, non-IID distributed datasets; complicated underlying model structures
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Trade-offs between communication 
rounds and computation cost 

(c) Second-order method (d) Federated Optimization

Computation costs per round
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First-order methods (e.g., gradient descent)

Zeroth-order methods

Second-order methods  (e.g., quasi-Newton)

Federated Optimization (e.g., federated averaging)

User 1

User

Local computation: local gradient 

Coordinating Center

User 2

User 1

User

Local computation: Approximate Newton-type update

Coordinating Center

User 2

User 1

User

Local computation: multiple steps of (stochastic) gradient descent

Coordinating Center

User 2

Coordinating Center

User 1

User

Local computation: gradient-free oracle, e.g.,

User 2

(a) Zeroth-order method (b) First-order method

different types of FL algorithms including zeroth-order, first-order, 
second-order and federated optimization algorithms

• Communication rounds for training models can 
be reduced by accelerating convergence

• Communication overhead per round can be 
reduced by information compression techniques 
(e.g., sparsification, quantization, etc.)



Enabling wireless techniques
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Scalable and trustworthy FL systems
¡ Goal: scalable and trustworthy intelligence distillation at the network edge from 

decentralized datasets
¡ Communication challenges

Ø model aggregations: weighted sum model aggregation in FL, consensus model 
aggregation in decentralized FL, and robust model aggregation (e.g., geometric median )
in secure FL

Ø high-dimensional model updates exchange

¡ System challenges: 
Ø limited and heterogeneous resources across edge nodes
Ø massive and flexible edge devices participation (e.g., sporadic access)
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Task-oriented communication: integrated design of learning models & wireless techniques



Wireless techniques for federated learning
¡ Over-the-air computation: explore waveform superposition of a wireless 

multiple-access channel for model aggregation (weighted average)
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K. Yang, Y. Shi, Y. Zhou, Z. Yang, L. Fu, and W. Chen, “Federated machine learning for intelligent IoT via reconfigurable intelligent 
surface,” IEEE Netw., vol. 34, no. 5, pp. 16-22, Oct. 2020.
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Wireless techniques for federated learning
¡ Massive access techniques for partial and variable device participation: edge

IoT devices have sporadic access to the wireless network
Ø Massive access protocols: grant-free random access protocol, blind demixing
Ø Nonorthogonal multiple access: power/code-domain NOMA
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[1] T. Jiang, Y. Shi, J. Zhang, and K. B. Letaief, “Joint activity detection and channel estimation for IoT networks: phase transition and 
computation-estimation tradeoff,” IEEE Internet of Things J., vol. 6, no. 4, pp. 6212-6225, Aug. 2019.
[2] J. Dong, Y. Shi, and Z. Ding, “Blind over-the-air computation and data fusion via provable Wirtinger flow,” IEEE Trans. Signal Process.,vol. 
68, pp. 1136-1151, Feb. 2020.

Massive access with sporadic traffics Blind demixing



¡ Ultra-massive MIMO: 1) Cloud-RAN: cost-effective way for wireless network 
densification and cooperation; 2) cell-free massive MIMO: channel hardening
Ø mitigating stragglers issues & unfavorable channel dynamics 
Ø robust to server failure issues, shortening the communication distances 

Wireless techniques for federated learning
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Cloud radio access network Cell-free massive MIMO

[1] Y. Shi, J. Zhang, and K. B. Letaief, “Group sparse beamforming for green Cloud-RAN,” IEEE Trans. Wireless Commun., vol. 
13, no. 5, pp. 2809-2823, May 2014. 2014. (The 2016 Marconi Prize Paper Award)
[2] L. Xing, Y. Zhou, and Y. Shi, “Over-the-air computation via cloud radio access networks,” in Proc. IEEE ICC Workshop, 
Virtual Conference, Jun. 2021.



Wireless techniques for federated learning
¡ Reconfigurable intelligent surface (RIS): adjust phase shifts and amplitudes 

of the incident signals for directional signal enhancement or nulling
Ø boosting signal power of AirComp for model aggregation
Ø mitigating stragglers by establishing favorable propagation
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RIS empowered wireless networks
(no active transmit module, full-duplex mode)

radio environments vs. 
smart radio environments

[1] X. Yuan, Y.-J. A. Zhang, Y. Shi, W. Yan, and H. Liu, “Reconfigurable-intelligent-surface empowered wireless communications: Challenges 
and opportunities,” IEEE Wirel. Commun., vol. 28, no. 2, pp. 136–143, 2021. 
[2] Z. Wang, J. Qiu, Y. Zhou, Y. Shi, L. Fu, W. Chen, and K. B. Letaief, “Federated learning via intelligent reflecting surface,” IEEE Trans. 
Wireless Commun., to appear, 2021.

signal model of RIS



Wireless techniques for federated learning
¡ Space-air-ground integrated network: an integration of satellite systems, 

aerial networks, and terrestrial communications to provide global connectivity
Ø UAV: serving as flying edge servers for moving edge devices, sparse BS deployment
Ø SAGIN: supporting client-server-cloud multi-layer FL architectures
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v Starlink with 12,000 LEO satellites (SpaceX) 
v OneWeb with 900 LEO satellites
v Telesat with 300 to 500 LEO  satellites UAV-assisted AirComp Space-air-ground integrated network 

M. Fu, Y. Zhou, Y. Shi, W. Chen, and R. Zhang, “UAV aided over-the-air computation,” IEEE Trans. Wireless Commun., under review, 2021.
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Vignettes B: Federated Machine Learning via
Over-the-Air Computation
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How to efficiently aggregate models over wireless networks?
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Federated learning over wireless networks
¡ Goal: new wireless multiple access scheme for model aggregation 
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Proposal: harness 
interference to reduce 

radio resources 
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Model aggregation via over-the-air computation

¡ Aggregating local updates from 
mobile devices

Ø weighted sum of messages
Ø mobile devices and one     antenna 

base station
Ø is the set of 

selected devices
Ø is the data size at device 

42

Over-the-air computation: 
explore signal superposition of 

a wireless multiple-access 
channel for model aggregation



Signal model for over-the-air computation

¡ The estimated value before post-processing at the BS

Ø is the transmitter scalar,      is the received beamforming vector,    is a 
normalizing factor

Ø target function to be estimated: 
Ø recovered aggregation vector entry via post-processing:                  

¡ Model aggregation error:

Ø Optimal transmitter scalar: 
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Problem formulation
¡ Key observations: 

Ø More selected devices yield fast convergence rate of the training process
Ø Aggregation error leads to the deterioration of model prediction accuracy
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Problem formulation
¡ Goal: maximize the number of selected devices under target MSE constraint

Ø Joint device selection and received beamforming vector design
Ø Improve convergence rate in the training process, guarantee prediction accuracy in 

the inference process
Ø Mixed combinatorial optimization problem
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K. Yang, T. Jiang, Y. Shi, and Z. Ding, “Federated learning via over-the-air computation,” IEEE Trans. Wireless Commun., vol. 19, 
no. 3, pp. 2022-2035, Mar. 2020.



Sparse and low-rank optimization
¡ Sparse and low-rank optimization for on-device federated learning
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multicasting 
duality

sum of feasibilities

matrix lifting



Problem analysis
¡ Goal: induce sparsity while satisfying fixed-rank constraint

¡ Limitations of existing methods
Ø sparse optimization: iterative reweighted algorithms are parameters sensitive
Ø low-rank optimization: semidefinite relaxation (SDR) approach (i.e., drop rank-one 

constraint) has the poor capability of returning rank-one solution  
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Difference-of-convex functions representation
¡ Ky Fan    norm [Fan, PNAS’1951]:  the sum of largest- absolute values

Ø is a permutation of               ,where
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convex function 

PNAS’1951



Difference-of-convex functions representation
¡ DC representation for sparsity function

¡ DC representation for rank-one positive semidefinite matrix

Ø where

[Ref] J.-y. Gotoh, A. Takeda, and K. Tono, “DC formulations and algorithms for sparse optimization problems,” Math. 
Program., vol. 169, pp. 141– 176, May 2018. 

49

algorithmic 
advantages?



A DC representation framework
¡ A two-step framework for device selection

¡ Step 1: obtain the sparse solution such that the objective value achieves zero 
through increasing    from   to 
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zero?



A DC representation framework
¡ Step II: feasibility detection

Ø Ordering    in descending order as
Ø Increasing    from   to    , choosing       as

¡ Feasibility detection via DC programming
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zero?



DC algorithm with convergence guarantees
¡ and       : minimize the difference of two strongly convex functions 

Ø e.g.,                                           and

¡ The DC algorithm via linearizing the concave part 

Ø converge to a critical point with speed
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convergence of the proposed 
DC algorithm for problem  



Numerical results
¡ Probability of feasibility with 

different algorithms  
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¡ Average number of selected devices 
with different algorithms



Numerical results
¡ Performance of proposed fast model aggregation in federated learning

Ø training an SVM classifier on CIFAR-10 dataset
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Over-the-air decentralized federated learning 
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Decentralized federated learning
¡ Consider    single-antenna edge devices indexed by set and the 

network topology is represented by an undirected graph

¡ Goal: decentralized FL aims to solve the distributed optimization problem

Ø is the global model
Ø is the local loss function at device
Ø device          has a local parameter vector 
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Decentralized federated learning
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¡ Network topology
Ø Arbitrary connectivity graphs
Ø Pros: communication efficiency, computation scalability and data locality
Ø Cons: cause interference in wireless communication

¡ Poor convergence results of DSGD
Ø inexact convergence, i.e., the steady error

has an additional bias
v stochastic gradient updates

v average local model based on mixing matrix

inexact convergence



DSGT-VR: a framework for decentralized FL
¡ Idea 1: random communication graph

Ø We form the connectivity graph     by connecting the devices   and    if the channel gain         
is above a certain threshold     

¡ Idea 2:  gradient tracking (removes bias) & variance reduction (linear convergence)
Ø Local model update and variance reduction:

Ø Consensus and gradient tracking:
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R. Xin, U. A. Khan, and S. Kar, “Variance-reduced decentralized stochastic optimization with accelerated convergence,” IEEE Trans. Signal 
Process., vol. 68, pp. 6255–6271, Oct. 2020.

unbiased gradient

gradient estimator



DSGT-VR: a framework for decentralized FL
¡ Idea 3: Communication model design

Ø Scheduling: interference-free schedule scheme

v Scheduling enrolled receiving devices as active “PS” in different transmission block

v There are no two enrolled receiving devices connected to the same device

Ø Transmission: support consensus step in DSGT-VR over wireless networks

v Over-the-air computation

v Precoding and consensus over-the-air
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AirComp-based DSGT-VR
¡ Over-the-air computation

Ø The received signal at the device    is given by

Ø :channel coefficient between devices   and
Ø : the Gaussian noise
Ø : the information about the local model
Ø : the set of connected neighbors of device 

¡ Precoding
Ø The signal                transmitted to device    becomes  

where       is a uniform scaling factor.
60

¡ AirComp consensus

Issue: effective 
channel noise 
imposed by wireless 
communication



Convergence results
¡ Assumptions

Ø The local cost function     is both    -strongly convex and    -smooth for any 
Ø The network graph     is undirected and connected, i.e., there exists a path between any two devices  
Ø The local parameter is bounded by a universal constant           i.e., 
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¡ Linear convergence
¡ Optimality gap in term of

the additive noise

¡ Optimality gap depends on 
the number of devices



Numerical results
¡ Performance of proposed AirComp

based DSGT-VR 
Ø Training an a regularized logistic 

regression model for binary classification 
of classes 3 and 5 on MNIST dataset

Ø Baseline: AirComp based DSGD 
[ozfatura’20Globecom]

¡ Advantages
Ø Smaller optimality gap
Ø More accurate test result
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Numerical results
¡ Validation of theorem

Ø Optimality gap of proposed algorithm decreases as the number of devices increases, 
while the AirComp-based DSGD has the opposite result
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Concluding remarks
¡ Edge AI empowered 6G networks

Ø Task-oriented communication-efficient edge training & inference 
Ø Service-driven resource allocation for scalable & trustworthy edge AI 
Ø Integrated sensing, communication, computation, and intelligence in 6G

¡ Communication-efficient federated learning
Ø Learning models: horizontal/vertical/decentralized/trustworthy FL
Ø Wireless techniques: over-the-air computation, massive access, cell-free massive MIMO,

reconfigurable intelligent surface (RIS), UAV, space-air-ground integrated network, …

¡ Federated learning via over-the-air computation
Ø Joint device selection and transceiver design for AirComp-aided model aggregation
Ø Over-the-air consensus for decentralized federated learning 
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Thanks
http://faculty.sist.shanghaitech.edu.cn/faculty/shiym/home.html

“When wireless is perfectly applied the whole 
earth will be converted into a huge brain, which in 

fact it is, all things being particles of a real and 
rhythmic whole. We shall be able to communicate 
with one another instantly, irrespective of distance.”

Nikola Tesla (1926)

(10 Jul. 1856 - 7 Jan. 1943)

Nikola Tesla
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Federated Machine Learning in 6G 
Opportunities and Challenges

Part II



Outline
¡ Communication-efficient FL via AirComp

Ø RIS-assisted AirComp

Ø UAV-assisted AirComp

Ø FL via RIS-assisted AirComp

¡ Scalable RIS-assisted AirComp

¡ Trustworthy FL via AirComp

Ø Privacy-preserving FL via RIS-assisted AirComp

Ø Byzantine-resilient FL via AirComp
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How to efficiently exploit distributed data and 
computing power over wireless networks?
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Federated learning via AirComp
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Principle of AirComp
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Example: Arithmetic mean
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¡ Target function to be estimated:

¡ Estimated value before post-processing at the BS

Ø is the transmit coefficient,    is a receiving normalizing factor

Ø recovered target function after post-processing:                  

¡ Mean-squared error (MSE):

Computation error is induced by non-uniform channel fading and receiver noise.



Challenge of FL via AirComp
¡ AirComp suffers from magnitude misalignment due to multi-user channel fading

and receiver noise
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MSE =
�2

P0

max
i2S

||m||2

||mHhi||2

<latexit sha1_base64="m9HmLJosw5RcliNGqiAwLTkando="></latexit>

Solution: reconfigure propagation environment for communication bottleneck mitigation



Communication-efficient FL via AirComp
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Part A: RIS-assisted AirComp

Z. Wang, Y. Shi, Y. Zhou, H. Zhou, and N. Zhang, “Wireless-powered over-the-air computation in intelligent
reflecting surface aided IoT networks,” IEEE InternetThings J., vol. 8, no. 3, pp. 1585-1598, Feb. 2021.
W. Fang, M. Fu, K. Wang, Y. Shi, and Y. Zhou, “Stochastic beamforming for reconfigurable intelligent surface aided
over-the-air computation,” in Proc. IEEE Globecom,Virtual Conference, Dec. 2020.



Spectrum efficiency
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Space-Ground Integrated CommunicationMassive MIMO system aided by 
Reconfigurable Intelligent surface

Terahertz Communication
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Smart radio environments
¡ Current wireless networks: no control of radio waves

Ø Perceive the environment as an “unintentional adversary” to communication

Ø Optimize only the end-points of the communication network

Ø No control of the environment, which is viewed as a passive spectator

¡ Smart radio environments: reconfigure the wireless propagations
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“dumb” wireless “smart” wireless

Fig. credit: Renzo



Reconfigurable intelligent surface

¡ Massive low-cost reflecting elements mounted on a planar surface

¡ Achieve 3D passive beamforming via joint signal reflection (amplitude and phase shift)

¡ Low energy consumption (without use of any transmit RF chains), high spectrum
efficiency (full-duplex, noiseless reflection)
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Baseband model at each RIS element

where

: reflection amplitude

:  phase shift

:  number of elementsFig. credit: Wu



RIS-assisted AirComp 
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where :  transmit scalar

:  receive beamforming vector
:  normalizing factor

Reconfigure propagation environment to mitigate communication bottleneck



¡ Phase 1. Downlink wireless power transfer via
energy beamforming
Ø Transmit power constraint:

Ø Energy harvested by IoT device k during the downlink
energy beamforming phase:

System model
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...

RIS

AP

Device k
EB

AirComp

Device 1

...

¡ Phase 2. Uplink wireless data aggregation via AirComp
Ø Transmit power constraint:

Ø Estimated received signal: with

Efficiency factor of the energy conversion

Fraction of the harvested energy allocated for data transmission



¡ Minimize AirComp distortion

Ø Optimization problem

Problem formulation

79

Problem 
reformulation

...
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Device k
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AirComp

Device 1

...

Uniform-forcing



¡ Joint optimization problem

¡ Challenge
Ø Non-convex quadratic constraints with coupled optimization variables.

¡ Solutions
Ø Alternating minimization for different variables.

Ø Matrix lifting to linearize non-convex constraints.

Ø Represent low-rank constraints with difference-of-convex (DC) functions.

Problem formulation
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...



Alternating optimization
¡ Step 1. Update aggregation beamforming vector with given uplink phase-shift matrix and

downlink phase-shift matrix

Matrix lifting

Reformulation with 
DC functions



Alternating optimization
¡ Step 2. Update uplink phase-shift matrix with given downlink phase-shift matrix and

aggregation beamforming vector

Matrix 
lifting

Reformulation with 
DC functions



Alternating optimization
¡ Step 3. Update downlink phase-shift matrix with given aggregation beamforming vector and

uplink phase-shift matrix

Matrix 
lifting

Reformulation with 
DC functions



Simulation results
¡ Performance comparison in terms of MSE

Ø Deploying an RIS boosts the performance of wireless-powered AirComp in IoT networks.
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Communication-efficient FL via AirComp
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Part B: UAV-assisted AirComp

M. Fu, Y. Zhou, Y. Shi, T. Wang, and W. Chen, "UAV-assisted over-the-air computation,” in Proc. IEEE ICC, Virtual
Conference, May 2021.
M. Fu, Y. Zhou, Y. Shi, W. Chen, and R. Zhang, “UAV-aided over-the-air computation,” submitted to IEEE Trans.
Wireless Commun., 2021, available at: https://arxiv.org/abs/2101.09856.

https://arxiv.org/abs/2101.09856


Integrating UAV into cellular

¡ High altitude and high 3D mobility

¡ Strong air-to-ground line-of-sight (LoS) channel
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Fig. credit: Zeng



Trajectory design
¡ UAV trajectory: A new design degree-of-freedom (DoF) for communication

performance enhancement

¡ Possible constraints:

Ø Initial/final positions

Ø Max/min UAV speed

Ø Maximum acceleration or tuning angle

Ø Collision avoidance
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wireless data aggregation

Joint trajectory design and communication resource allocation

Fig. credit: Zeng



UAV-assisted AirComp
¡ Goal: The UAV as a flying base station is deployed to aggregate sensory data via

AirComp and track sensors’ mobility for improving performance of AirComp

Ø UAV: flexible deployment, high altitude, controllable mobility

Ø Sensors: mobile, limited transmit power
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Joint transceiver and UAV 
trajectory design to mitigate
the performance bottleneck

of AirComp



¡ Nonconvex time-averaged MSE minimization problem

¡ Challenges:

Ø Highly coupled variables

Ø The objective function with respect to trajectory is non-convex

Problem formulation
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Successive convex approximation(SCA):  
sub-optimal and high-complexity

Time-averaged MSE

Constraints on 
sensors’ power 

UAV mobility 
constraints



¡ Goal: Make it easier to decompose the original problem into three convex 
subproblems, which can be optimally solved.

n Advantages:

Ø It reduces to a convex subproblem by using block coordinate descent (BCD).

Ø We derive the optimal closed-form solutions for

Ø To further reduce the computational complexity, trajectory design subproblem can
be recast into an ADMM form with closed-form variables updating.

A Novel Problem Transformation
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Signal quality factor

Propose an BCD-ADMM algorithm



Simulation parameters
¡ UAV service region: [0, 400] m X [0, 400] m

¡ Two clusters: Cluster A with 15 sensors, Cluster B with 35 sensors

¡ Mission duration T = 50 s
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Numerical results
¡ Optimized UAV trajectories for different algorithms

Ø The UAV flies along an arc path.
Ø Proposed BCD-ADMM algorithm renders the 

UAV to move sufficiently close to the sensors 
to save their transmit power.
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transmission with trajectory design; 
BCD-SCA:  UAV trajectory is obtained 
by using the SCA technique;



Numerical results
¡ Fly-hover w PC: Initial trajectory with power control

¡ Static UAV: UAV is placed at the initial position and remains static
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Benefits of exploiting UAV mobility and joint design
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Part C: FL via RIS-assisted AirComp

K. Yang, Y. Shi, Y. Zhou, Z. Yang, L. Fu, and W. Chen, “Federated machine learning for intelligent IoT via
reconfigurable intelligent surface,” IEEE Netw., vol. 34, no. 5, pp. 16-22, Sept. 2020.
Z. Wang, J. Qiu, Y. Zhou, Y. Shi, L. Fu, W. Chen, K. B. Letaief, “Federated learning via intelligent reflecting surface,”
IEEETrans.Wireless Commun., to appear.



System model
¡ Learning model

Ø Local loss function

Ø Global loss function

Ø Objective

Ø Computation of local gradients
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System model
¡ Communication model

Ø Model normalization

Ø Model uploading via AirComp

Ø Estimated signal at the BS
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System model
¡ Convergence analysis

Ø Upper bound
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Optimality Gap

Error caused by device selection

Error caused by wireless communication



Problem formulation 
¡ Sparse optimization
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¡ Step 1. Sparsity inducing

¡ Step 2. Feasibility detection
Ø Find optimal with bisection method.

Two-step framework
Determine the priority of
each device to be selected

Find the maximum
feasible device set



n Step 1. Sparsity inducing
Ø Given phase-shift matrix

Matrix 
lifting

Reformulation with 
DC functions

Alternating optimization



n Step 1. Sparsity inducing
Ø Given and aggregation beamforming vector

Alternating optimization

Matrix 
liftingReformulation with 

DC functions



n Step 2. Feasibility detection
Ø Given phase-shift matrix

Alternating optimization

Matrix 
lifting

Reformulation with 
DC functions



n Step 2. Feasibility detection
Ø Given aggregation beamforming vector

Alternating optimization

Matrix 
lifting

Reformulation with 
DC functions



Simulation results
¡ Performance comparison in terms of average number of selected devices

Ø Our proposed algorithm is able to induce more devices to participate in FL under certain
aggregation error requirements.
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Simulation results
¡ Performance comparison in terms of test accuracy on MNIST

Ø Achieve higher convergence rate and higher test accuracy than other baseline schemes.

Ø There is a trade-off between the number of selected devices (or test accuracy) and the
aggregation error, which is also verified by the convergence analysis.
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Scalable RIS-assisted AirComp
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W. Fang, Y. Jiang, Y. Shi, Y. Zhou, W. Chen, and K. Letaief, “Over-the-Air Computation via Reconfigurable
Intelligent Surface,” IEEETrans. Commun., 2021, available at: https://arxiv.org/abs/2105.05113. (under revision)

https://arxiv.org/abs/2105.05113


System model

¡ Estimated value before post-processing at the AP

Ø is the IoT devices set

Ø is the transmit scalar

Ø is the received beamforming vector   

Ø is a normalizing factor    

¡ Target function to be estimated:
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Problem formulation

¡ Model aggregation error

Ø where     denotes the noise power and denotes the maximum power
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Uniform-forcing



Transformation
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Details can be found in 
Proposition of our paper 

Dropping constant



n Phase-Shift vector optimization
Ø Given receive beamforming vector

Convert into the real domain

Alternating optimization

Relaxing unit-modulus 
constraint



Alternating optimization
¡ Phase-Shift vector optimization

Ø Successive convex approximation (SCA)
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SCA

Smoothed by Lagrangian
dual transformation

Construct linear upper bound
based on Taylor approximation

Smooth convex-concave
saddle point problem



¡ Receive beamforming vector optimization
Ø Given phase-shift vector

Convert into the real domain

Alternating optimization

Optimality attain at 
the boundary



Alternating optimization
¡ Receive beamforming vector optimization

Ø Successive convex approximation (SCA)
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SCA

Smoothed by Lagrangian
dual transformation

Smooth convex-concave
saddle point problem



Numerical results
¡ Performance comparison in terms of MSE and computation time
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200 IoT devices and 20 receive antennas



Numerical results
¡ Performance comparison in terms of MSE and computation time
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10 IoT devices and 40 RIS elements



Trustworthy FL via AirComp
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Part A: Privacy-preserving FL via RIS-assisted AirComp

Y. Yang, Y. Zhou, T. Wang, and Y. Shi, “Reconfigurable Intelligent Surface Assisted Federated Learning with
Privacy Guarantee,” in Proc. IEEE ICCWorkshop,Virtual Conference, Jun. 2021.



System model
¡ Learning model
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Central 
BS

……

Selected edge devices

Model Dissemination

……

Selected edge devices

Central 
BS

Local update via full-
batch gradient descent

……

Selected edge devices

Central 
BS

Local model upload and
global model aggregation



System model
¡ Communication model (AirComp)

Ø RIS for communication efficiency and privacy-preserving

Ø Assume that perfect CSI is available
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Received signal at the BS

where

: AWGN

Transmit power



System model
¡ Differential privacy: PS is honest-but-curious
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Let denote a dataset comprising n points.Two datasets
and are neighboring, if they differ only by one element.

Differential privacy

The communication and learning protocol is -differentially private, where and , for any
two neighboring datasets and , we have the following inequality

where denotes the received signal.

Let differential privacy loss denote by . It satisfies

Log-likelihood ratio for the detection of neighboring datasets



Privacy and power constraints
¡ DP can be enhanced by adding artificial noise

120

, ,( )k t k k t k ts D F nw= Ñ +

Privacy constraint

For any fixed , the RIS-assisted FL model satisfies - DP if the following condition holds:

where .

Power constraint

For any given , the following transmit power constraint should be satisfied

Total effective noise

Ratio of signal to noise



Convergence analysis
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Convergence analysis

Assuming the learning step size , for given . The optimality gap
satisfies:

where 𝜔∗ denotes the parameter minimizing the global loss function.



Optimization problem
¡ Minimize the convergence upper bound, subject to DP, transmit power, and

constant modulus constraints

¡ Alternately optimize and
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Simulation results
¡ Performance comparison in terms of optimality gap
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Trustworthy FL via AirComp

124

Part B: Byzantine-resilient FL via AirComp

S. Huang, Y. Zhou, T. Wang, and Y. Shi, “Byzantine-Resilient Federated Machine Learning via Over-the-Air
Computation,” in Proc. IEEE ICCWorkshop,Virtual Conference, Jun. 2021.



¡ Byzantine devices: send arbitrary messages due to hardware/software 
malfunction or malicious adversary.

Byzantine-resilient FL
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Data Poisoning Attack Model Poisoning Attack Free-Riding Attack
Create dirty-label data Poison global model Pretend to have small dataset



System model
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¡ Byzantine devices: unbeknownst to the normal devices and the server.

Global Model Dissemination

Model Aggregation & Update Local Model Computation



Robust aggregation
¡ Geometric median

¡ Solving algorithm: Weiszfeld algorithm
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with

Converge linearly to a neighborhood of the optimal
solution if less than half of the devices are Byzantine

Numerically unstable due to division by
possibly extremely close distance



Robust aggregation
¡ Smoothed geometric median

¡ Solving algorithm: Weiszfeld algorithm
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where

with

Weighted Average



¡ Basic idea
Ø Update messages 𝒎! = [numerator, denominator]
Ø AirComp for model aggregation

Byzantine-Resilient FL: Robust Aggregation
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+

Device
1

Device
2

Device
𝐾 − 1

Device
𝐾

Noise

Edge Server

Perfect channel state information 
(CSI) is  available at all device.

with

Channel Inversion



Experiments
¡ Handwritten-digital recognition on MNIST dataset
¡ 50 devices in the whole federated learning system
¡ Consider complex Gaussian channel model

¡ Consider two typical data poisoning attack
Ø Class flip attack (Data Poisoning Attack)
Ø Weight flip attack (Model Poisoning Attack)

¡ Comparison convergence of AirComp-aided FL and ideal FL
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Simulation Results

¡ Proposed AirComp-based robust aggregation is effective in resisting the attack
from Byzantine devices

¡ Performance degradation is more distinct as the number of Byzantine devices 
increases
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Concluding remarks
¡ Communication-efficient FL via RIS-assisted AirComp

Ø AirComp for fast wireless model aggregation

Ø RIS and UAV for communication bottleneck mitigation

¡ Scalable RIS-assisted AirComp
Ø Low-complexity resource allocation algorithm design for RIS-assisted AirComp

¡ Trustworthy AirComp
Ø AirComp induced noisy model for privacy-preserving

Ø AirComp for robust aggregation
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