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Background & Motivation

e Collaboration-based Personalized Federated Learning

(Co-PFL)
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Background & Motivation

e Collaboration-based Personalized Federated Learning
(Co-PFL)
o Step 1: Collaboration Estimation
o Step 2: Personalized Aggregation
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Can Co-PFL manage device heterogeneity?
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Problem Statement

e Exploring Asynchronous Update Scheme

idle time
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With asynchronous update, we don’t have to wait stragglers!
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e Workflow of asynchronous Co-PFL naive adaptation

Preliminary: the server maintains n buffered models
(¢4, ..., P, )} for each client

Step 1: Client i finishes training, and uploads 0;
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e Workflow of asynchronous Co-PFL naive adaptation

Preliminary: the server maintains n buffered models
(¢4, ..., P, )} for each client

Step 1: Client i finishes training, and uploads 0;

Step 2: The server estimates collaboration relationship W;
with {¢4, ..., p,,} and 0;
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Problem Statement

e Workflow of asynchronous Co-PFL naive adaptation

Preliminary: the server maintains n buffered models
(¢4, ..., P, )} for each client

Step 1: Client i finishes training, and uploads 0;

Step 2: The server estimates collaboration relationship W;
with {¢4, ..., p,,} and 0;

Step 3: The server updates buffer ¢; with 6;, and
aggregates ¢; < ).;_ W;; d;

Async
Co-PFL

e
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e Challenges

Change 1: Inaccurate Collaboration Estimation
Similarity estimation s(6;, ¢;) applies models from different start
point

Change 2: Biased Model Aggregation
The buffers {¢4, ..., ¢,,} for aggregation are stale
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o Personalization under Asynchronous Collaboration Estimation
o Overview
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Our Solutions

e Collaboration-Aware Buffer Update
Principle: Actively update the buffer models to keep freshness

Step 1
Select model

\ 4

Step 2
Active update

Naive collaboration Our solution
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e Collaboration-Aware Buffer Update
o How to determine the weight of active update?
o Collaboration-aware decay

Wi
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Collaboration Staleness

i = " (1+’Ti)_a.
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Our Solutions

e Collaboration-Aware Buffer Update

Proof sketch

Suppose buffer ¢; is updated by a sequence of clients 1; = (r}, .., m}}, and
corresponding models aggregated are ¥; = {1/)}, ...,1/)]4}

(1) Buffer ¢; is updated as: (2) For correct collaboration relationship:
¢F = sy + (1 —af o 7+ ( “+§3€JW = [, (1 - aj),
L L Wjﬂl H ( ) 1
| ol
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e Staleness-Triggered Model Multicast
o Understanding the impact of asynchrony on collaboration

Claim 1. (Collaboration estimation error). The divergence be-
tween the estimated collaboration vector W; and the ground-

truth Wi for client v is:  gtaleness impact collaboration

Wi — Wil < 307 e (12)

where 0 is defined in Definition 1 of Appendix A, n is the
learning rate, F is the number of local epochs, G is the upper

bound of gradient, and G; = ||¢;||.
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Our Solutions

e Staleness-Triggered Model Multicast

Our solution: Model Multicast to limit staleness
Select a client set G to actively multicast the buffered model

Z 77> Q, |G x O.size() <P
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o Setup

Task
Image classification: EMNIST/CIFAR-10/CIFAR-100
Human activity recognition: HARBoXx
Text classification: AGNews

Baseline
Sync FL: FedAvg/FedProx
Async FL: FedAsync/FedBuff/PORT/FedAC/ASAFL
Sync Co-PFL: FedAMP/pFedGraph/FedSaC
Async Co-PFL: Async version of Sync Co-PFL baselines



Experiments

e Accuracy

EMNIST CIFAR-10 CIFAR-100 AGNews HARBox
Method

#C =10 Dir(0.1) #C =2 Dir(0.1) #C =20 Dir(0.1) Dir(0.3) Real-world
FedAvg [29] 82.38+0.35 84.98410.23 45.3240.07 49.4040.07 23.77+0.14 26.5640.50 72.27 4156 74.7640.14
FedProx [30] 82.6541.17 84.4340.16 46.08 1045 51.074£1.56 23.3440.63 26.554.0.27 67.97 1055 74.9040.00
FedAsync [17] 80.6240.08 83.74+0.20 40.76 +0.91 42.4540.44 20.1240.28 22.7640.19 74.2040.96 T1.2841.42
FedBuff [24] 81.2441.190 84.474+0.17 43.8940.17 47.8341.02 17.04+0.34 23.1640.45 70.6243.03 T4.72+0.70
PORT [18] 68.4340.01 81.6740.19 32.48 19 75 39.26 L0 00 17.4310.25 22.264¢.25 64.90 12 04 69.8541.16
FedAC [19] 83.36+0.42 84.6540.17 45.4840.19 52.81+0.47 20.61+0.07 24.094.0.38 75.77+0.01 76.1440.15
ASAFL [25] 80.7140.28 81.23+0.03 42.81+0.70 41.1241 54 10.1440.13 13.79+0.30 61.56+0.82 71.93+0.85
FedAMP [1] 80.7040.31 76.17+0.68 956.7140.31 69.53+0.09 23.584.0.37 18.2940.18 73.504+0.24 86.4440.06
pFedGraph [2] 85.32+40.01 81.71+0.00 77.43+0.09 76.80+0.03 22.8210.06 38.05+0.01 75.854+0.12 85.5240.10
FedSaC [3] 85.54:[:0_31 81.71:[:0_09 77.63:[:0_20 76.54:!:0.17 22.6910_04 38.48:[:0_09 75.95:&0_07 85.47:[:0_19
FedAMP-Async 16.7740.41 38.97+0.92 50.3340.11 71.67+0.15 1.074+0.18 6.3940.52 71.6040.14 85.7040.10
pFedGraph-Async  72.644+1 55 42.9842 20 59.904-0.33 16.7041 38 4.8040.25 3.9140.18 26.8340.14 45.8442 48
FedSaC-Async 86.599+0.26 82.8541.53 68.8940.27 69.85+0.93 12.1940.38 25.7640.33 67.4941.72 80.2640.82
PACE (Ours) 919741013 90.754+021 79984005 81l.65+062 25.03+022 41.114011 76.69+004a 92.73+0.20

PACE outperform existing Sync & Async Co-PFL algorithms
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Experiments

e Convergence Time
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PACE converges faster than existing Sync & Async Co-PFL algorithms




Experiments

e Effective of PACE’s module

B0{ . SyncCoPFL _  wemmm a0  SyneCoPfL .
Method CIFAR-10 CIFAR-100 AGNews _ 70 _ 35
Dir(0.1) Dir(0.1) Dir(0.3) Tl el
FedAMP-Async ~ 71.67 6.39 71.60 = 9] 5 2]
FedAMP-PACE  79.87(+8.20)  37.21(+30.82) 77.39(+5.79) < ) < o]
FedSaC-Async 69.85 25.76 67.49 lgA-s Co-PFL+butfe ticast PACE ;; I_CIPFL buffe fticast PACE
FedSaC-PACE  81.58(+11.73) 40.97(+15.21)  76.87(49.38) ye o e e e TeT e e
(a) CIFAR-10 (b) CIFAR-100
Extending Co-PFL methods with PACE Impact of each modules

PACE’s each module works well



[EEEINFOCOM -

Outline

e Background & Motivation
e Problem Statement

e Our Solutions

e Experiments

e Conclusion



~ILECINFOCOM

i 2
J
!
u -
Tokyo, Japan . - L - |
- a SR N B e B i Q
o n c u s I o n s =g .\-, RS e e S e o S SRS A SO,
El e L% R e e PN =T | R
PR i | M B8, PR G W e B A BRI RS

e We focus on Collaboration-based Personalized Federated
Learning (Co-PFL), and explore its asynchronous variant

e We propose PACE, a new framework that solves the
impact with Collaboration-Aware Buffer Update and
Staleness-Triggered Model Multicast

e Extensive experiments on various datasets validate the
performances on accuracy and efficiency
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