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Why 6G?
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What will 6G be?

 6G networks: from “connected things” to “connected intelligence”

4

6G: connected intelligence 5G: connected things 

[Ref] 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.



Connected intelligence via AI

 Make networks full of AI: embed intelligence across whole network
to provide greater level of automation and adaptiveness
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Success of modern AI

 Two secrets of AI’s success: computing power and big data

 Computing power: Intel i386, Intel i486, Intel Pentium Intel Core, Nvidia GPU,

Google TPU, Google quantum supremacy,…

 Big data: the world’s most valuable resource

is no longer oil, but data
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Challenges of modern AI
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Solution: mobile edge AI

 Processing at “edge” instead of “cloud”
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Levels of edge AI
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Six levels of edge AI 
based on the path of data 

offloading: cloud-edge-
device coordination via 

data offloading

Fig. credit: Zhou



This talk

 Part I: mathematics in edge AI
 Provable guarantees for nonconvex machine learning

 Communication-efficient distributed machine learning

 Part II: edge inference process
 Communication-efficient on-device distributed inference

 Energy-efficient edge cooperative inference

 Part III: edge training process
 Over-the-air computation for federated learning

 Intelligent reflecting surface empowered federated learning
10







































































































































































Deep learning: next wave of AI
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Cloud-centric machine learning
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The model lives in the cloud
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We train models in the cloud
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Make predictions in the cloud
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Gather training data in the cloud
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And make the models better



Why edge machine learning?
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Challenges to modern AI

 Challenges: data privacy and confidentiality; small data and fragmented
data; data quality and limited labels
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Facebook’s data privacy scandal the general data protection regulation (GDPR)



Learning on the edge

 The emerging high-stake AI applications: low-latency, privacy,…

17

phones drones robots

glasses self driving cars

where to compute?



Mobile edge AI

 Processing at “edge” instead of “cloud”
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Edge computing ecosystem

 “Device-edge-cloud” computing system for mobile AI applications
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Edge machine learning

 Edge ML: both ML inference and training processes are pushed down
into the network edge (bottom)
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Fig. credit: Park



Vignettes A: Over-the-air computation for 
federated learning 
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Federated computation and learning

 Goal: imbue mobile devices with state of the art machine learning
systems without centralizing data and with privacy by default

 Federated computation: a server coordinates a fleet of participating
devices to compute aggregations of devices’ private data

 Federated learning: a shared global model is trained via federated
computation
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Federated learning
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Federated learning: applications

 Applications: where the data is generated at the mobile devices and is 
undesirable/infeasible to be transmitted to centralized servers

30

financial services smart retail smart healthcarekeyboard prediction



Federated learning over wireless networks

 Goal: train a shared global model via wireless federated computation
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System challenges
 Massively distributed
 Node heterogeneity

Statistical challenges
 Unbalanced
 Non-IID
 Underlying structure

on-device distributed federated learning system



How to efficiently aggregate models over wireless networks?
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Model aggregation via over-the-air computation

 Aggregating local updates from 
mobile devices

 weighted sum of messages

 mobile devices and one     antenna 
base station

 is the set of 
selected devices

 is the data size at device 33

Over-the-air computation: 
explore signal superposition of 

a wireless multiple-access 
channel for model aggregation



Over-the-air computation

 The estimated value before post-processing at the BS

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

 target function to be estimated: 

 recovered aggregation vector entry via post-processing:                  

 Model aggregation error:

 Optimal transmitter scalar: 
34



Problem formulation

 Key observations:

 More selected devices yield fast convergence rate of the training process

 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

 Joint device selection and received beamforming vector design

 Improve convergence rate in the training process, guarantee prediction 
accuracy in the inference process

 Mixed combinatorial optimization problem
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Difference-of-convex functions representation

 DC representation for sparsity function

 DC representation for rank-one positive semidefinite matrix

 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.
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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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A DC representation framework

 Step II: feasibility detection

 Ordering in descending order as

 Increasing from to , choosing as

 Feasibility detection via DC programming
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DC algorithm with convergence guarantees

 and : minimize the difference of two strongly convex functions

 e.g., and

 The DC algorithm via linearizing the concave part

 converge to a critical point with speed
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Numerical results

 Convergence of the proposed DC algorithm for problem
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Numerical results

 Probability of feasibility with different algorithms
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Numerical results

 Average number of selected devices with different algorithms
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Numerical results

 Performance of proposed fast model aggregation in federated learning

 Training an SVM classifier on CIFAR-10 dataset
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Vignettes B: Intelligent reflecting surface empowered
federated learning 
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Smart radio environments

 Current wireless networks: no control of radio waves

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

 Optimize only the end-points of the communication network

 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



Intelligent reflecting surface

 Working principle of intelligent reflecting surface (IRS): different
elements of an IRS can reflect the incident signal by controlling its
amplitude and/or phase for directional signal enhancement or nulling
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Fig. credit: Renzo

improve spectral and energy efficiency

1. no any active 
transmit module

2. operate in full-
duplex mode



Intelligent reflecting surface

 Architecture of intelligent reflecting surface
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Fig. credit: Wu

1. Outer layer: a large number of 
metallic patches (elements) are 
printed on a dielectric substrate 
to directly interact with incident 
signals. 

2. Second layer: a copper plate is 
used to avoid the signal energy 
leakage. 

3. Inner layer: a control circuit 
board for adjusting the reflection 
amplitude/phase shift of each 
element, triggered by a smart 
controller attached to the IRS.



Intelligent reflecting surface meet wireless networks

53Fig. credit: Wu

intelligent reflecting surface 
meets wireless network: 
• over-the-air computation
• edge computing/caching
• wireless power transfer
• D2D communications
• massive MIMO
• NOMA
• mmWave
• …



IRS empowered AirComp

 Intelligent reflecting surface (IRS):

 overcoming unfavorable signal 
propagation conditions

 improving spectrum and energy 
efficiency

 tuning phase shifts with     passive 
elements
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IRS aided AirComp system: 
build controllable wireless environments 

to boost received signal power 
w.l.o.g. assuming 



Problem formulation

 Received signal at the AP:

w.l.o.g. suppose target function:

 Aggregation error:

 optimal transmitter scalar: 

 Proposal: joint design for AirComp transceivers and IRS phase shifts 
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received beamforming vector



Nonconvex bi-quadratic programming

 Nonconvex bi-quadratic programming problem

 Challenges:

 nonconvex quadratic constraints with respect to       and    

 Solution:

 Alternating minimization for      and

 Matrix lifting to alternatively linearize nonconvex bi-quadratic constraints 56



An alternating DC framework



57

Goal: updating receiver beamforming vector     with fixed IRS phase shifts  

matrix lifting
DC programming

DC representation



An alternating DC framework


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Goal: updating phase shifts with fixed beamformer

matrix liftingDC programming

denoting

DC representation



Numerical results

 Convergence behaviors of the proposed alternating DC algorithm
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layout of AP, IRS and users



Numerical results

 Performance of different algorithms with different network settings
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Numerical results

 The power of IRS for AirComp
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Insights: deploying IRS in AirComp 
system can significantly enhance the 

MSE performance for data 
aggregation 



IRS empowered federated learning system

 The power of IRS for federated learning

62training loss prediction accuracy



Concluding remarks

 Federated learning over “intelligent” wireless networks

 Federated learning via over-the-air computation

 Over-the-air computation empowered by intelligent reflecting surface

 Sparse and low-rank optimization framework

 Joint device selection and beamforming design for over-the-air computation

 Joint phase shifts and transceiver design for IRS empowered AirComp

 A unified DC programming framework

 DC representation for sparse and low-rank functions
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Future directions

 Federated learning

 stragglers, security, provable guarantees, …

 Over-the-air computation

 channel uncertainty, synchronization, security, …

 Sparse and low-rank optimization via DC programming

 optimality, scalability,…
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To learn more…
 Web: http://shiyuanming.github.io/publicationstopic.html

 Papers:
 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.

 J. Dong and Y. Shi, “Nonconvex demixing from bilinear measurements,” IEEE Trans. Signal Process., vol. 66, no. 19, pp. 5152-5166,
Oct., 2018.

 M. C. Tsakiris, L. Peng, A. Conca, L. Kneip, Y. Shi, and H. Choi, “An algebraic-geometric approach to shuffled linear regression,”
IEEE Trans. Inf. Theory., under major revision, 2019. https://arxiv.org/abs/1810.05440

 K. Yang, Y. Shi, and Z. Ding, “Data shuffling in wireless distributed computing via low-rank optimization,” IEEE Trans. Signal Process.,
vol. 67, no. 12, pp. 3087-3099, Jun., 2019.

 K. Yang, Y. Shi, W. Yu, and Z. Ding, “Energy-efficient processing and robust wireless cooperative transmission for edge
inference,” submitted. https://arxiv.org/abs/1907.12475

 S. Hua, Y. Zhou, K. Yang, and Y. Shi, “Reconfigurable intelligent surface for green edge inference,” submitted.
https://arxiv.org/abs/1912.00820

 K. Yang, T. Jiang, Y. Shi, and Z. Ding, “Federated learning via over-the-air computation,” IEEE Trans. Wireless Commun., under minor
revision, 2019. https://arxiv.org/abs/1812.11750

 T. Jiang and Y. Shi, “Over-the-air computation via intelligent reflecting surfaces,” in Proc. IEEE Global Commun. Conf. (Globecom),
Waikoloa, Hawaii, USA, Dec. 2019. https://arxiv.org/abs/1904.12475
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http://shiyuanming.github.io/home.html
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