Introduction to Federated Learning
(Reference: Algorithms for Large-scale Distributed Machine Learning and Optimization by Prof. Gauri Joshi, CMU)
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Q: How can you utilize the parameter server framework we've explored to
effectively train a single machine learning model with data from the edge?

There are millions of edge clients:

What are some problems with this strategy?
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Federated Learning to the rescue!

d{\/\CQJ)
Key idea: Bring the training to the edge @at{(McMa/han et al. 2016: Communication-
efficient learning of deep networks from decentralized data) Tod Ay

e Already used for next-word prediction on Android cell phones, when the phone is
plugged in for charging

https://federated.withgoogle.com/
(Read this comic book)
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Decentralized SGD vs Federated Learning

Number of workers/servers
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Cross-Device vs Cross-Silo Federated Learning
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Notations:

Federated Learning Framework
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° Totalinumber of workers@

Fraction of workers participating in each communication rounr@
Local mini-batch sizé: B

Number of data samples at client iz n;
Learning rate:

Number of per cIient@
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Q: How many local updates 7; will be performed at client i?



The FedAvg Algorithm

e |ocal objective function:
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e Global objective function:
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Effect of IISata Heterogeneity and Client Participation

S~

@ (hand-written digit datas<ef/97% for 2-NN and@%ﬁfor CNN)

[ 2NN/ —1ID NON-IID

¢___B=o0 E =10 B = oo B =10
_0.0 1455 316 4278 3275

0.1 1474 (1.0x) 87 (3.6x) 1796 (2.4x) 664 (4.9x)
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) — (—) 380 (8.6x)

/CNN,E =5

0.0 387 50 1181 956
0.1 1339 (1.1x)  18(2.8x) 1100 (1.1x) 206 (4.6x)
0.2 1337 (1.1x)  18(2.8x)  978(1.2x) 200 (4.8x)
0.5 164 (2.4x)  18(2.8x) — 1067 (1.1x) 261 (3.7x)
1.0 246 (1.6x) 16 (3.1x) ——  (—) 97 (9.9%)

Total number of communication rounds

/60\4

e |ID experiment - sryﬁﬂe and partition the data across 100 clients, each receiving 600

examples N

* ' non-IID experiment - the data sorted by labels and divided into 200 shards of size

_

300 and each of the 100 clients receives 2 shardg‘(fg most 2 EIigits)
N I
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Effect of Numbe@cal Epochs \"—

MNIST CNN, 99% ACCURACY

CNN E B u 11D NON-IID
FEDSGD 1 oo 1 (626 483
ve 5 oo 5 1797(3.5x) 1000 (0.5%)
FepAve 1 50 12 65 (9.6x) 600 (0.8x
FEpAve 20 oo 20 234 (2.7x) 672 (0.7x
FepAve 1 10 60 34 (18.4x) 350 (1.4x)
FEpAve 5 50 60 29 (21.6x) 334 (1.4x)
FepAve 20 50 240 32 (19.6x) 426 (1.1x)
FepAve 5 10 300 20 (31.3x) 229 (2.1x)
FepAve 20 10 1200 18 (34.8x) 173 (2.8x)

SHAKES (P/EbRE LSTM, 54% ACCURACY
B

LSTM E NoN-IID
FEDSGD | 1 1. 3906

FEDAVG j 1 1. 549 (7.1x

FEDAVG 5 00 5. 597 (6.5x

FEDAVG 1 10 7. 164 (23.8x

FepAve 5 (50) 7. 152 (25.7x

FEDAVG 5 10> 37. 41 (95.3%

e As the number of local epochs E grows, we need fewer communication rounds to

reach targe'ﬁaﬁ‘cc\u}“a/‘cvh~ o //E | :[@\{\;
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Convergence Analysis of FL

Assumptions:
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e Lipschitz smoothness of local objective function
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e Unbiased gradients:
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Convergence of Federated Learning
For the number selected cIieMand learning rate

n = +/m/7 T, the optimization error after T communication rounds of

federated learning can bounded as

minE [||[VF(x.)|*] <O

where x, denotes the averaged model at the k" iteration.



Let’s revisit basic understanding of FL!

Does the convergence between error and communication rounds improve or deteriorate
when the parameters of the federated learning system/algorithm are altered in the

following manners?

Increase in fraction of participating clients/workers (C): Pe e

Increase in mini-batch size (B): W ov e
‘oo AU
- T 0N crtorda
Increase in local epochs (E): Bk, b H:LD“ Hhere wan be Nr%\\*ma

Higher-data heterogeneity across clients:  \\eyee

Increase in dissimilarity parameters § and k: W ovse
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Does the anticipated wallclock time per communication round shift when modifying the
parameters of the federated learning system/algorithm in the specified manners?

Increase in fraction of participating clients/workers (C): L Ortavk

Jdebeadung on Tne
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Increase in local epochs (E): Ta C G/

Higher-data heterogeneity across clients: Doemn t  malker

Increase in dissimilarity parameters f and k: L oenpn' W
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