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» Solution: self-supervised federated learning

» Use the federation for self-supervised training

 Obtaining labelled data in federated learning (FL) is tricky

* Who provides the labels at the client level?

« Commonly, we observe
* Client have unlabeled data

* Fine-tune using a central labelled dataset for the task at hand 551 x,
« SIMCLR is a popular centralized self-supervised paradigm %, &

* How can we extend it from first principles to the federated setting? "’e,, - 2%
* This work:

We extend SImCLR to FL through a mutual-information perspective SimCLR

Bonus: extension also Second Bonus: insights

covers the semi- translate to other self-
supervised setting supervised methods
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Supervised federated SimCLR: with an
additonal label classifier and label dependent
contrastive learning, we obtain a label-
informed variant that also optimizes a lower
bound to the global I(z;; z,)
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ol

The generative process
with non-i.i.d. data

 What are the effects of data non-i.i.d.-ness?
* Use local I(z4; z,|s) or global I(z4; z,)?

* The client classification task is what separates them

 When we have label skew, the client
classification task is beneficial
» We prove that it maximizes a lower bound to the

mutual information between the representations and
the unknown ground truth label

« When we have covariate shift, it can be
detrimental

* |t encourages storing in the representations
irrelevant, for the downstream task, information
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Experimental results

Results in the unsupervised case

CIFAR 10 CIFAR 100
Method Label skew Covariate shift Joint shift Label skew Covariate shift Joint shift
Local SimCLR 79.4:]:0_2 74-3:t0.3 71.010'4 42.23:0.2 41-2d:0.2 38.1:;:0'3
Federated SimCLR 85.040.2 73.840.2 74.8.105 48.54101 39.540.2 431,02
Spectral CL 76.541.1 73.540.4 68.2106 33.316.0 33.6.23 29.6.6.2
Spectral CL+UV 87.8:‘:0.3 71.7:‘:0.5 76.6:&0.6 41'0:t6.4 29'3i4‘8 21-5:i:6‘2
SimSiam 40.0405 399,403 39.6.103 16.940.3 16.6+0.4 16.940.4
SimSiam + UV 35-4;t0,4 354:1:0.2 34'5:t0.3 16'5:I:0.2 16.5i0‘3 16.3:*:0,5

Supervised 89.6:{:0.1 78.3:{:0,4 76.3:t1.1 59.210.2 47.9:{:0‘2 43.9:*:0_3
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Results in the unsupervised case

CIFAR 10 CIFAR 100
Method Label skew Covariate shift Joint shift Label skew Covariate shift Joint shift
Local SimCLR 79.4:]:0_2 74-3:t0.3 71.010'4 42-2:l:0.2 41-2d:0.2 38.1:]:0'3
Federated SimCLR 85.040.2 73.840.2 74.8.105 48.54101 39.540.2 431,02
Spectral CL 76.541.1 73.540.4 68.2106 33.316.0 33.6.23 29.6.6.2
Spectral CL+UV 87.8:{:0.3 71.7:‘:0.5 76.6:{:0.6 41'0:t6.4 29'3i4‘8 21-5:i:6‘2
SimSiam 40.0+0.5 39.94103 39.640.3 16.940.3 16.6+0.4 16.940.4
SimSiam + UV 35-4;t0,4 35.4:*:0.2 34-5:t0.3 16.55:0.2 16.5i0‘3 16.3:*:0‘5
SllpCI'ViSCd 89.6:{:0.1 78.3:{:0,4 76.3:t1.1 59.25:0.2 47.9:{:0.2 43.9:*:0_3
Results in the semi-supervised case
CIFAR 10 CIFAR 100
Method Label skew Covariate shift Joint shift Label Skew Covariate shift Joint shift
Local SimCLR 745:1:03 49.1:&1.3 45.8:*:1.4 30.3:*:0.2 15.1:&0.4 13.15:0.3
Federated SimCLR 78.0&0.2 50.3:1:1_1 49.9ﬁ:1.4 34.5ﬁ:0.3 14'8i:0.3 14.6:1:0.3
Spectral CL 742:1:03 48.0:*:0.7 45.4:*:1_5 30'1:t0.2 14.1:&0.4 123:i:0.3
Spectral CL+UV 79.6:&:0.3 49.7i1_0 49.8:}:1.1 34.0:t0.2 13.73:0.3 13.6:t0.4
SimSiam 75.340.4 46.84+0.7 40.5+0.9 30.740.2 134403 12.840.3
SimSiam + UV 80.4410.2 50.041 2 44.311.0 34.34+01 13.640.3 14.040.4
Supervised 75.1:1:0_2 48.1:;:0_9 42.7:&1_7 29.6:&0_3 12.610.2 12.2:§:0_1
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