
 +AI    Distributed System

Hao Wang  IntelliSys Lab



2

👨🎓 🇨🇦• 09/2015-08/2020

• 01/2021-present IntelliSys Lab

• AI + Distributed System 

• 17 published papers


• 624 citations


• Projects sponsored by 


- NSERC, Huawei Canada, 
Orbis Investment…



3

ML Training / Inference

Big Data Analytics

Video Processing

…

Performance

Adaptivity

Robustness

…

Reinforcement Learning 

Federated Learning 

Transfer Learning 

…

AI



Topic #1 

Federated Learning 



5

…

Siri Alexa

< …>< …>





7

…

Local data

Initial model

Federated Averaging Algorithm (FedAvg)



8

…

Local data

Local model

Update global modelRandom selection



9

…

  Thank you for the feedback

Local model

Local data

Local model



Projects Done
• Optimizing Federated Learning on Non-

IID Data with Reinforcement Learning


• [INFOCOM’20] 


- Federated learning


- Client selection 


- Reinforcement learning

10



ML algorithms assume the training data is 
independent and identically distributed (IID)
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Federated Learning reuses the existing ML 
algorithms but on non-IID data
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Peeking into the data distribution 
on each device without violating 
data privacy
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Build IID training data? No

Probing the bias of non-IID data
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Carefully select devices 
to balance the bias 
introduced by non-IID 
data
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Initial model

Local model

A two-layer CNN model with 
431,080 parameters

100 devices, each has 600 samples

Non-IID data

80% data has the same label, e.g, “6”



We apply Principle Component Analysis 
(PCA) to reduce dimensionality
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431,080-dimension model weight 2-dimension space
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How to select participating clients?
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• SpaceDML: Enabling Distributed Machine 

Learning in Space Information Networks 


• [IEEE Network]
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- Model compression
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reducing the volume of updates transmitted between the global
server and participating devices. Quantized SGD [12] that
quantizes gradient and trades off between communication
bandwidth and converging times in distributed setting was
proposed to boost efficiency. FedPAQ [13] combined pe-
riod averaging, partial participation, and quantization with
federated learning to address communication bottleneck. Nir
Shlezinger et al. [14] proved coupling universal quantiza-
tion vector with Federated Learning works well. LFL algo-
rithm [15] quantized client models and global server models
so that the transmission can be further reduced. However, all
these existing works follow a static model quantization policy
that can hardly adjust model compression rate dynamically.

III. SPACEDML’S DESIGN

This section first describes SPACEDML’s architecture and
deployment in SINs. We then introduce the two key parts
of SPACEDML: 1) Adaptive loss-aware quantization (ALQ)
for multi-bit neural networks; 2) Partial averaging and ALQ
for global model weights. At last, we present a detailed
complexity analysis of the algorithm applied in SPACEDML.

A. Architecture and Deployment in SINs

Fig. 1 presents the architecture of SPACEDML, where there
are  SIN devices participating in training and one SIN
device working as the global server. The global server device
orchestrates participating devices to train local models and
exchange model weights iteratively. The participating SIN
devices communicate with the global server device using SIN
communication channels.

In each communication round, the server device picks a
subset of  devices in SINs and distributes its global model
weights to them as in Algorithm 1. When the selected devices
receive the quantized global weights, they reconstruct the
original global weights with small precision loss. Then, these
devices use the reconstructed weights to train the model
using their local data. After the training, each selected device
uses ALQ to quantize the local weights and uploads the
quantized local weights H8 and "8 to the server device. For any
participating device 8, H8 is the concatenated binary bases of
all layer weight groups, and "8 is the corresponding vectorized
coordinates. The server device reconstructs and aggregates all
the local weights to update the global model. And the server
uses ALQ to quantize the global model. After all participating
devices receive the updated quantized global model, a new
communication round begins.

B. Problem Formulation

In this paper, we aim to formulate a distributed machine
learning paradigm for SINs, with an objective to reduce
the volume of data transmitted between SIN devices. In
SPACEDML, we formulate the distributed machine learning
procedure into the following optimization problem:

min
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Fig. 1: An overview of SPACEDML’s architecture.

where 58 is the loss function on a device 8,  is the number
of participating SIN devices, and -8 is the input training data
on the device 8. H is the concatenated binary bases and " is
the corresponding vectorized coordinates. Combining H and "

can reconstruct the model weights, which will be introduced
in Section III-C.

The objective of SPACEDML is to reduce the communica-
tion overhead introduced by model weight exchange between
SIN devices and allow more devices to participate in training.
Quantizing model weights into lower-precision data formats
can extensively reduce communication bandwidth usage. With
the same level of infrastructures and bandwidth provisioning,
reducing the communication overhead of each device will
allow more devices to participate in training, eventually in-
creasing the training efficiency.

C. Adaptive Loss-aware Model Compression
Quantization reduces communication overhead by convert-

ing higher-precision model parameters to lower-precision ones.
Preliminary quantization maps each model parameter to a
lower-precision model parameter, while multi-bit networks
quantize their weights to coordinates and binary bases, fur-
ther reducing the data volume required to keep the model.
However, ALQ can generate multi-bit networks with several
bit-widths in the same layer, compared with global bit-width in
one layer for common multi-bit networks. The ALQ algorithm
keeps the composition of the model and reduces the model size
extensively.

Adaptive loss-aware quantization (ALQ) for multi-bit net-
works divides the same layers into disjoint groups and quan-
tizes them into diverse bit-widths [11]. For weight F; 2 R#⇥1

in layer ; of the model on device 8, # = =⇥" . ALQ separates
the weights of layer ; into " groups. Each group F̂8;,<, < 2 "
has its own H

8
;,< and "

8
;,<.

F̂8;,< =

� 8;,<’
9=1

U 9 V 9 = H
8
;,<"

8
;,<, (2)
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• Byzantine-robust Federated Learning


- Federated learning


- Byzantine attacks
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• Debugging Federated Learning


- Mitigating stragglers


- Model tuning & testing


- Personalized federated learning
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Fig. 7: Accuracy v.s. communication rounds on different
levels of non-IID FashionMNIST data.

Each entry in Table I shows the number of communication
rounds necessary to achieve a test-set accuracy of 99% for
the CNN on MNIST, 85% for FashionMNIST, and 55% for
CIFAR-10. It should be noted that the italic numbers indicate
that the model converges to a lower accuracy than the test-
set accuracy. The model on MNIST with data distribution of
� = 1.0 converges to a test-set accuracy of 96%. The models
trained on FashionMNIST with data distribution of � = 1.0
and � = H both converge to a test-set accuracy of 80%. The
model trained on CIFAR-10 with data distribution of � = 1.0
converges to a test-set accuracy of 50%.

Our experimental results show there is no guarantee that K-
Center can always outperform FEDAVG. Devices selected from

� MNIST FashionMNIST CIFAR-10

FEDAVG 0 (IID) 55 14 47

FEDAVG 1.0 1517 1811 1714
K-Center 1.0 1684 2132 1871

FAVOR 1.0 1232 1497 1383

FEDAVG H 313 1340 198
K-Center H 421 1593 188

FAVOR H 272 1134 114

FEDAVG 0.8 221 52 87
K-Center 0.8 126 62 74

FAVOR 0.8 113 43 61

FEDAVG 0.5 59 19 67
K-Center 0.5 67 21 52

FAVOR 0.5 59 16 50

TABLE I: The number of communication rounds to reach
a target accuracy for FAVOR v.s. FEDAVG and K-Center.
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Fig. 8: Accuracy v.s. communication rounds on different
levels of non-IID CIFAR-10 data.

winit

w1

w2w3w4w5

Local weights Global weights

C
2

−0.5

0

0.5

1.0

1.5

C1
1.0 1.5 2.0 2.5 3.0

(a) Training on MNIST with FEDAVG.

winit

w1

w2w3w4

Local weights Global weights

C
2

−0.5

0

0.5

1.0

1.5

C1
1.0 1.5 2.0 2.5 3.0
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Fig. 9: PCA on model weights of FL training with MNIST.
w1, w2 . . . , w5 are the global model weights at Round 1-5.

the K-Center clusters may introduce more bias to federated
learning than devices selected randomly by FEDAVG. How-
ever, FAVOR has reduced the number of communication rounds
by up to 49% on the MNIST, up to 23% on FashionMNIST,
and up to 42% on CIFAR-10, compared to the FEDAVG
algorithm.

C. Device Selection and Weight Updates
We save the global model weights and local model weights

per round when we train the two-layer CNN on MNIST with
� = 0.8. The saved model weights are reduced to two-
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Each entry in Table I shows the number of communication
rounds necessary to achieve a test-set accuracy of 99% for
the CNN on MNIST, 85% for FashionMNIST, and 55% for
CIFAR-10. It should be noted that the italic numbers indicate
that the model converges to a lower accuracy than the test-
set accuracy. The model on MNIST with data distribution of
� = 1.0 converges to a test-set accuracy of 96%. The models
trained on FashionMNIST with data distribution of � = 1.0
and � = H both converge to a test-set accuracy of 80%. The
model trained on CIFAR-10 with data distribution of � = 1.0
converges to a test-set accuracy of 50%.

Our experimental results show there is no guarantee that K-
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Fig. 9: PCA on model weights of FL training with MNIST.
w1, w2 . . . , w5 are the global model weights at Round 1-5.

the K-Center clusters may introduce more bias to federated
learning than devices selected randomly by FEDAVG. How-
ever, FAVOR has reduced the number of communication rounds
by up to 49% on the MNIST, up to 23% on FashionMNIST,
and up to 42% on CIFAR-10, compared to the FEDAVG
algorithm.

C. Device Selection and Weight Updates
We save the global model weights and local model weights

per round when we train the two-layer CNN on MNIST with
� = 0.8. The saved model weights are reduced to two-
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Serverless Computing



What is Serverless?

IaaS Serverless

Pricing Per hour Per call

Resources Virtual Server Functions

Maintanance By users By providers

Examples AWS EC2 AWS Lambda
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Severless Cloud
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Function

Traditional Cloud



Projects Done
• Distributed Machine Learning with a 

Serverless Architecture


• [INFOCOM’19]


- Serverless ML system


- Resource provisioning
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Target

A General ML Workflow

Model 
Design
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Training  & 
Evaluation

😭
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Datasets
…
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KV Storage

AWS S3

Redis

… … …
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Function

Function
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Fetching data Computing Updating Parameters

Time

…

…
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Mini-batch

epoch t
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epoch t + 1

ft+1,j



Agent

Environment

Action atFe
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es

st−1State
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rtReward 

Functions

π(at |st−1, θ)

Policy parameters θ



Step 5

action

Step 4

states
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Cloud

ClientDRL 
Agent

Function 
Manager

Code 
package

Resource allocation Step 1

Step 2Functions

Scheduler

Step 3 Function status
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Freyr

KV Storage

Invoker

Frontend

…

DRL Agent

state

CPU
Mem

Waiting Queue

Container

λ λ λ

λ

Database

allocation

Controller
Load Balancer Safeguard

(CPU, mem) allocation

(results, usage)

Func req 1

Distributed Message Queue
(Pub/Sub)

Func req N

Projects Ongoing
• Resource Provisioning for Serverless


- Resource rebalancing


- Function acceleration



Projects Ongoing
• Optimizing Serverless


- Function cold start 


- Resource provisioning


• New Serverless Applications


- Serverless scientific computing


- Serverless high performance computing
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Wrap-up 
• Federated Learning


- Performance: stragglers, debugging


- Security: Byzantine attacks & defense


• Serverless Computing


- Cold start & other performance issues


- New serverless applications 
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