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I 1. Introduction

Background and Requirement

Backgrounds

+  Many people use mobile phones

*  Mobile phones have data that contains personal information
* Training models with this data maximises usability for users

Problems
* Traditional centralised processing can expose privacy risks
* Centralisation of data creates bottlenecks

Requirements
*  Couldn't we advance the model without transferring data?
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Contribution

Solution
* Introducing federated learning, a technique for training shared models without having to store rich data
centrally.

Summary of how it works
«  Combine the server performing the model average with each client performing the local SGD

Contribution
* Decentralising to solve bottlenecks
« Simple and practical algorithm using SGD and model averaging

+  Extensive empirical evaluation
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Basic Concepts

Defining terms
* Non-lID: means that the data held by each distributed node is of a very different character and an imbalance of

data exists.
« Dataimbalance: Due to variations in mobile phone usage among users, there is an imbalance in the amount of

data collected.

Cloud Server

4. Aggregate local updates

2. Compute local update
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Related works

Paper Year Methods Limitation
Distributed training strategies for the structured perceptron [28] 2010
Averaging local training Data imbalance
models Not considering non-IID
Parallel training of deep neural networks with natural gradient and parameter averaging [31] 2015
Information-theoretic lower bounds for distributed statistical estimation with communication 2013
constraints [45]
Communication efficient distributed optimization using an approximate newton-type method [34] 2013
Make distribt_Jted data Data imbalance
Trading computation for communication: Distributed stochastic dual coordinate ascent [40] 2013 communication more Not considering non-IID
efficient Few clients
Adding vs. averaging in distributed primal-dual optimization [27] 2015
Communication-efficient distributed optimization of self-concordant empirical loss [43] 2015
Communication-efficient algorithms for statistical optimization [44] 2012
Communication complexity of distributed convex learning and optimization [3] 2015 ; Not considering non-IID
Global model averaging Performance issues
Parallelized stochastic gradient descent [46] 2010
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J 2. The FedAvg. Algorithm

Baseline

Stochastic Gradient Descent (SGD) performs the gradient calculation for one batch of clients

(randomly selected) in one round.
Use Large-batch because it doesn't cost much for a large number of clients

n : learning rate K T K T
k : number of clients Wil Wi — NXp—y — Gk where Yie1— gk = Vf(w)
n : number of data samples n n

w;: current model weight

k ng
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FedAvg algorithm's pseudo code

Algorithm 1 FederatedAveraging. The K clients are
indexed by k: B is the local minibatch size, E is the number
of local epochs, and 7 is the learning rate.
Server executes:
initialize wq
for cachroundt =1,2,... do
m < max(C' - K, 1)
St + (random set of m clients)
for each client & € .S; in parallel do
wr,_, + ClientUpdate(k, w;)

oy K ng k
Wil 4= ) gy Wik

ClientUpdate(k, w): // Run on client k
B + (split Py, into batches of size I3)
for each local epoch ¢ from 1 to £ do

for batch b € B do
w 4+ w —nVEl(w;b)
return w to server
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Demonstrate effectiveness

Independent initialization Common initialization
1.9 0.54} -
1.1 0.52
1.0 0.50
n 0.9 w 0.48
un u
2 0.8 2 p.a6
0.7 0.44
0.6 0.42
0.5
0.4l ] 0.40 |
~0.20.0 0.2 0.4 0.6 0.8 1.0 1.2 -0.200020406081.01.2
mixing weight & mixing weight #

Learning about small datasets
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I 3. Experimental Results

Datasets and Experimental design

Datasets
MNIST (2NN and CNN)
CIFAR-10 (2NN and CNN)
The Complete Works of William Shakespeare (LSTM)

Experimental design

1. Impact of client participation rate C

2. Per-client Computation amount (Batch size and Epoch)
3. Evaluate FedSGD / FedAvg Algorithms Performance
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Impact of client participationrate C

MNIST
2NN 11D NON-IID
! B =rc B =110 B == B =10
0.0 1455 316 4278 3275
0.1 1474 (1.0xX) 87 (3.6x) 1796 (2.4x) _ 664 (4.9%)
0.2 1658 (0.9x) 77 (4.1x) 1528 (2.8x) 619 (5.3x)
0.5 — (—)  75(4.2x) —  (—) 443 (7.4x)
1.0 — (=) 70 (4.5x) i | 380 (8.6x)
CNN. E =
0.0 387 50 1181 956
0.1 339 (1.1x) [ I8(2.8x)| 1100 (1.1x) [206 (4.6%)
0.2 337(1.1x) | 18(2.8x)| 978 (1.2x) | 200 (4.8%)
0.5 164 (2.4x) | 18(2.8x)| 1067 (1.1x 261 (3.7x)
1.0 246 (1.6x) | 16(3.1x) — (=) 97 (9.9x)

Set up the rest of the experiment with C=0.1
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Per-client calculations(Batch size and Epoch)

o MNIST CNN 11D o MNIST CNN Non-1ID
g Ch
MNIST CNN, 99% ACCURACY >8 28|
CNN E B u 11D NoON-1ID 3 s )
FEDSGD 1 o I 626 483 7 el g | — Bl et
FEDAVG 5 o 5 179 (3.5x) 1000 (0.5%) © o Bl0E20| S - B0 E-20
FEDAVG 1 50 12 65 (9.6x) 600 (0.8x) i il w10 2 | il w102
FEpAve 20 oo 20 234 (2.7x) 672 (0.7x) o T B o T BeEs
FEDAVG 1 10 60 34 (18.4x) 350 (1.4x) sl | 0 EeEm oAl o el
FEDAVG 5 50 60 29 (21.6x) 334 (1.4x)
FepAve 20 50 240 32(19.6x) 426 (1.1x * CommunicationRounds  Communieation Rounds
| FEDAVG 5 10 300 20 (31.3x) 229 (2.1x)
TEoRvG 20 10 1200 TR (31.8x ) 73 (2.8%) o Non-1ID by Play&Role
SHAKESPEARE LSTM, 54% ACCURACY © | o |
LSTM E B u 1D NON-1ID - -
FEpSGD | oo 1.0 2488 3906 o -
FEDAVG 1 50 1.5 1635 (1.5x) 549 (7.1x) g g
FEDAVG 5 oo 5.0 613 (4.1x) 597 (6.5x%) Sq | Sq |
FEDAVG 1 10 7.4 460 (5.4x) 164 (23.8x) 7° z°
FEDAVG 5 50 7.4 401 (6.2x) 152 (25.7x) . -
[FEDAVG 5 10  37.1 192 (13.0x ) 41 (95.3x) | S S =~ s s
- =5
I 3 e
T T I T
0 1000 2000 3000 4000 0 1000 2000 3000 4000
Communication Rounds Communication Rounds
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Evaluate FedSGD / FedAvg Algorithms Performance

The Complete Works of William Shakespeare

MNext Word Prediction LSTM, Non-IID Data

CIFAR-10 0.14r - = i
012 :
Acc. 80% 82% 85% ®
0.10 F
SGD 18000  (—) 31000 (—) 99000  (—) >
FEOSGD 3750 (4 8w« a0 (4 7w« M A (—1 © 0.08
FEDAVG 280 (64.3x 630 (49.2x 2000 (49.5% =
e e ————— © 0.06
= _
= 004} FedSGD FedAvg (E=1)
2 n=6.0 n=3.0
0.02 } n=9.0 n=6.0 1
— 5=18.0 — 7=9.0
0.00 + — =220 — =180 -
0 200 400 600 800 1000

Communication Rounds
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Conclusion

Conclusion
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Future work
1. MUBHE HSE
2. differential privacyLl secure multi-party computations?l 7|z =&




I 5. Conclusion and future work
How to apply?
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Customised semi-supervised federated learning of video-based
traffic risk behaviour prediction modals for
Cooparative-Intelligent Transport Systems(C-1TS)
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How to apply?
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I 5. Conclusion and future work
How to apply?

Server
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