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Federated Learning (FL)
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Examples:
• Data from different social groups

• Genders, races
• Data from different sensors

• Webcam v.s. prof. cam
• Grey-scale v.s. color images
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Non-i.i.d. users in FL

Representation bias: gray-scale v.s. color digit images 
(MNIST and MNIST-M) extracted by CNN models.

Credit: Ganin, Y., & Lempitsky, V. (2015). Unsupervised 
Domain Adaptation by Backpropagation. International 

Conference on Machine Learning



Group bias results in unfair models
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Domain bias results in non-transferable models
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• Extract representations                        
from two groups. Thus,              or            

• Measure the group discrepancy: 

• Update encoder to reduce bias
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Adversarial Debiasing

Central methods 
debias aggregated 

raw data

encoder

decoder

discriminator

G = argmin
G

Dp1,p2

<latexit sha1_base64="12JFQ29se5OGdGhqMKH9wWCISAE=">AAACDnicbVDLSsNAFJ3UV62vqEs3g6XgQkpSKroRigp1WcE+oAlhMp20QyeTMDMRSugXuPFX3LhQxK1rd/6NkzYLbT0wzOGce7n3Hj9mVCrL+jYKK6tr6xvFzdLW9s7unrl/0JFRIjBp44hFoucjSRjlpK2oYqQXC4JCn5GuP77O/O4DEZJG/F5NYuKGaMhpQDFSWvLMShNeQgeJIXRCyr2m/pAaiTC9mXpp7NmnMPZqU88sW1VrBrhM7JyUQY6WZ345gwgnIeEKMyRl37Zi5aZIKIoZmZacRJIY4TEakr6mHIVEuunsnCmsaGUAg0joxxWcqb87UhRKOQl9XZktKxe9TPzP6ycquHBTyuNEEY7ng4KEQRXBLBs4oIJgxSaaICyo3hXiERIIK51gSYdgL568TDq1ql2vnt3Vy42rPI4iOALH4ATY4Bw0wC1ogTbA4BE8g1fwZjwZL8a78TEvLRh5zyH4A+PzB+lwmso=</latexit>

z = G(x)

<latexit sha1_base64="3jNQOCfyQhhu45dXDe0vlw3fJec=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBahXkoiFXsRCh70WMF+QBvKZrtpl242cXcj1tA/4cWDIl79O978N27aHLT1wcDjvRlm5nkRZ0rb9reVW1ldW9/Ibxa2tnd294r7By0VxpLQJgl5KDseVpQzQZuaaU47kaQ48Dhte+Or1G8/UKlYKO70JKJugIeC+YxgbaTOE7pE1+XH036xZFfsGdAycTJSggyNfvGrNwhJHFChCcdKdR070m6CpWaE02mhFysaYTLGQ9o1VOCAKjeZ3TtFJ0YZID+UpoRGM/X3RIIDpSaBZzoDrEdq0UvF/7xurP2amzARxZoKMl/kxxzpEKXPowGTlGg+MQQTycytiIywxESbiAomBGfx5WXSOqs41cr5bbVUr2Vx5OEIjqEMDlxAHW6gAU0gwOEZXuHNurderHfrY96as7KZQ/gD6/MHTJGOzw==</latexit>

z ⇠ p1

<latexit sha1_base64="wrmViw29cyB/g0abgoMUbGcMCAM=">AAAB8HicbVBNSwMxEJ3Ur1q/qh69BIvgqeyKYo8FLx4r2A9pl5JNs21okl2SrFCX/govHhTx6s/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61TJxqypo0FrHuhMQwwRVrWm4F6ySaERkK1g7HNzO//ci04bG6t5OEBZIMFY84JdZJD089wyVO+n6/XPGq3hx4lfg5qUCORr/81RvENJVMWSqIMV3fS2yQEW05FWxa6qWGJYSOyZB1HVVEMhNk84On+MwpAxzF2pWyeK7+nsiINGYiQ9cpiR2ZZW8m/ud1UxvVgoyrJLVM0cWiKBXYxnj2PR5wzagVE0cI1dzdiumIaEKty6jkQvCXX14lrYuqf1m9urus1Gt5HEU4gVM4Bx+uoQ630IAmUJDwDK/whjR6Qe/oY9FaQPnMMfwB+vwBUYOQEQ==</latexit>

z ⇠ p2

<latexit sha1_base64="EOt4e262jHGndSHCHr16o0s/KZk=">AAAB8HicbVBNTwIxEJ3FL8Qv1KOXRmLiiewSjBxJvHjExAUMbEi3dKGh7W7arglu+BVePGiMV3+ON/+NBfag4EsmeXlvJjPzwoQzbVz32ylsbG5t7xR3S3v7B4dH5eOTto5TRahPYh6rbog15UxS3zDDaTdRFIuQ0044uZn7nUeqNIvlvZkmNBB4JFnECDZWenjqayZQMqgNyhW36i6A1omXkwrkaA3KX/1hTFJBpSEca93z3MQEGVaGEU5npX6qaYLJBI9oz1KJBdVBtjh4hi6sMkRRrGxJgxbq74kMC62nIrSdApuxXvXm4n9eLzVRI8iYTFJDJVkuilKOTIzm36MhU5QYPrUEE8XsrYiMscLE2IxKNgRv9eV10q5VvXr16q5eaTbyOIpwBudwCR5cQxNuoQU+EBDwDK/w5ijnxXl3PpatBSefOYU/cD5/AFMHkBI=</latexit>



• Extract representations                        
from two groups. Thus,              or            

• Measure the group discrepancy: 

• Update encoder to reduce bias
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Adversarial Debiasing

Central methods debias 
aggregated raw data
(Ganin, et al. 2015)

encoder

decoder

discriminator

G = argmin
G

Dp1,p2

<latexit sha1_base64="12JFQ29se5OGdGhqMKH9wWCISAE=">AAACDnicbVDLSsNAFJ3UV62vqEs3g6XgQkpSKroRigp1WcE+oAlhMp20QyeTMDMRSugXuPFX3LhQxK1rd/6NkzYLbT0wzOGce7n3Hj9mVCrL+jYKK6tr6xvFzdLW9s7unrl/0JFRIjBp44hFoucjSRjlpK2oYqQXC4JCn5GuP77O/O4DEZJG/F5NYuKGaMhpQDFSWvLMShNeQgeJIXRCyr2m/pAaiTC9mXpp7NmnMPZqU88sW1VrBrhM7JyUQY6WZ345gwgnIeEKMyRl37Zi5aZIKIoZmZacRJIY4TEakr6mHIVEuunsnCmsaGUAg0joxxWcqb87UhRKOQl9XZktKxe9TPzP6ycquHBTyuNEEY7ng4KEQRXBLBs4oIJgxSaaICyo3hXiERIIK51gSYdgL568TDq1ql2vnt3Vy42rPI4iOALH4ATY4Bw0wC1ogTbA4BE8g1fwZjwZL8a78TEvLRh5zyH4A+PzB+lwmso=</latexit>

z = G(x)

<latexit sha1_base64="3jNQOCfyQhhu45dXDe0vlw3fJec=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBahXkoiFXsRCh70WMF+QBvKZrtpl242cXcj1tA/4cWDIl79O978N27aHLT1wcDjvRlm5nkRZ0rb9reVW1ldW9/Ibxa2tnd294r7By0VxpLQJgl5KDseVpQzQZuaaU47kaQ48Dhte+Or1G8/UKlYKO70JKJugIeC+YxgbaTOE7pE1+XH036xZFfsGdAycTJSggyNfvGrNwhJHFChCcdKdR070m6CpWaE02mhFysaYTLGQ9o1VOCAKjeZ3TtFJ0YZID+UpoRGM/X3RIIDpSaBZzoDrEdq0UvF/7xurP2amzARxZoKMl/kxxzpEKXPowGTlGg+MQQTycytiIywxESbiAomBGfx5WXSOqs41cr5bbVUr2Vx5OEIjqEMDlxAHW6gAU0gwOEZXuHNurderHfrY96as7KZQ/gD6/MHTJGOzw==</latexit>

z ⇠ p1

<latexit sha1_base64="wrmViw29cyB/g0abgoMUbGcMCAM=">AAAB8HicbVBNSwMxEJ3Ur1q/qh69BIvgqeyKYo8FLx4r2A9pl5JNs21okl2SrFCX/govHhTx6s/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61TJxqypo0FrHuhMQwwRVrWm4F6ySaERkK1g7HNzO//ci04bG6t5OEBZIMFY84JdZJD089wyVO+n6/XPGq3hx4lfg5qUCORr/81RvENJVMWSqIMV3fS2yQEW05FWxa6qWGJYSOyZB1HVVEMhNk84On+MwpAxzF2pWyeK7+nsiINGYiQ9cpiR2ZZW8m/ud1UxvVgoyrJLVM0cWiKBXYxnj2PR5wzagVE0cI1dzdiumIaEKty6jkQvCXX14lrYuqf1m9urus1Gt5HEU4gVM4Bx+uoQ630IAmUJDwDK/whjR6Qe/oY9FaQPnMMfwB+vwBUYOQEQ==</latexit>

z ⇠ p2

<latexit sha1_base64="EOt4e262jHGndSHCHr16o0s/KZk=">AAAB8HicbVBNTwIxEJ3FL8Qv1KOXRmLiiewSjBxJvHjExAUMbEi3dKGh7W7arglu+BVePGiMV3+ON/+NBfag4EsmeXlvJjPzwoQzbVz32ylsbG5t7xR3S3v7B4dH5eOTto5TRahPYh6rbog15UxS3zDDaTdRFIuQ0044uZn7nUeqNIvlvZkmNBB4JFnECDZWenjqayZQMqgNyhW36i6A1omXkwrkaA3KX/1hTFJBpSEca93z3MQEGVaGEU5npX6qaYLJBI9oz1KJBdVBtjh4hi6sMkRRrGxJgxbq74kMC62nIrSdApuxXvXm4n9eLzVRI8iYTFJDJVkuilKOTIzm36MhU5QYPrUEE8XsrYiMscLE2IxKNgRv9eV10q5VvXr16q5eaTbyOIpwBudwCR5cQxNuoQU+EBDwDK/w5ijnxXl3PpatBSefOYU/cD5/AFMHkBI=</latexit>

FADA debiases aggregated 
representation data
(Peng, et al., 2019)

Peng, X., Huang, Z., Zhu, Y., & Saenko, K. (2019, September 25). Federated Adversarial Domain Adaptation. ICLR
Ganin, Y., & Lempitsky, V. (2015). Unsupervised Domain Adaptation by Backpropagation. ICML



Desired properties:
• Privacy: Users do not share 

training data, intermediate 
representations or sensitive 
group attributes during 
learning.

• Autonomous: Users have the 
freedom to quit the adversarial 
game during training.

• Satisfiable: Adversarial game 
should be able to reach an 
equilibrium.

10

Federated Adversarial Debiasing (FADE)
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Federated Adversarial Debiasing (FADE)

Property Central FADA FADE

Privacy ❌
(raw data)

❌
(representations &
group attributes)

✔‍‍

Autonomous ❌ ❌ ✔‍‍

Satisfiable ✔‍‍ ✔‍‍ ✔‍‍



average

Method
• Privacy: Each user train 

discriminators using local data 
only and encoders are 
supervised by shared 
discriminators.

• Autonomous: …
• Satisfiable: …
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Federated Adversarial Debiasing (FADE)
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Dp1,p2 = max
D

Ep1 [logD(z)] + Ep2 [log(1�D(z))]

<latexit sha1_base64="Q39Wmf3/dh6O0SueZdzhxRknHsw="></latexit>

Dp1,p2 = max
D

Ep1 [logD(z)] + Ep2 [log(1�D(z))]

<latexit sha1_base64="Q39Wmf3/dh6O0SueZdzhxRknHsw="></latexit>

Dp1,p2 = max
D

Ep1 [logD(z)] + Ep2 [log(1�D(z))]

<latexit sha1_base64="Q39Wmf3/dh6O0SueZdzhxRknHsw="></latexit>

Local discrepancy w/o adversarial data
user 1

(group 1)

user 2
(group 2)

Global discrepancy



Method
• Privacy: Each user train 

discriminators using local data 
only and generators are 
supervised by shared 
discriminators.

• Autonomous: Users are 
allowed not to upload their 
local models per iteration.

• Satisfiable: Distribution 
matching is sufficient for 
adversarial optimality.
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Federated Adversarial Debiasing (FADE)

Central discrepancy

Estimated global discrepancy

↵1

<latexit sha1_base64="/TkG5jLF5N9ZukbVbeNhkvqjNJI=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkYo8FLx4r2A9oQ5lsN+3SzSbuboQS+ie8eFDEq3/Hm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUUdaisYhVN0DNBJesZbgRrJsohlEgWCeY3M79zhNTmsfywUwT5kc4kjzkFI2Vun0UyRgH3qBccavuAmSdeDmpQI7moPzVH8Y0jZg0VKDWPc9NjJ+hMpwKNiv1U80SpBMcsZ6lEiOm/Wxx74xcWGVIwljZkoYs1N8TGUZaT6PAdkZoxnrVm4v/eb3UhHU/4zJJDZN0uShMBTExmT9PhlwxasTUEqSK21sJHaNCamxEJRuCt/ryOmlfVb1a9fq+VmnU8ziKcAbncAke3EAD7qAJLaAg4Ble4c15dF6cd+dj2Vpw8plT+APn8we0Z4+6</latexit>

↵2

<latexit sha1_base64="BROx9XGaB0u+LVljKNWTGiNLmog=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4Kkmp2GPBi8cK9gPaUCbbTbt0s4m7G6GE/gkvHhTx6t/x5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqKGvRWMSqG6BmgkvWMtwI1k0UwygQrBNMbud+54kpzWP5YKYJ8yMcSR5yisZK3T6KZIyD6qBUdivuAmSdeDkpQ47moPTVH8Y0jZg0VKDWPc9NjJ+hMpwKNiv2U80SpBMcsZ6lEiOm/Wxx74xcWmVIwljZkoYs1N8TGUZaT6PAdkZoxnrVm4v/eb3UhHU/4zJJDZN0uShMBTExmT9PhlwxasTUEqSK21sJHaNCamxERRuCt/ryOmlXK16tcn1fKzfqeRwFOIcLuAIPbqABd9CEFlAQ8Ayv8OY8Oi/Ou/OxbN1w8pkz+APn8we164+7</latexit>

Uploading probability 
from group 2

D̃p1,p2 = max
D

↵1Ep1 [logD(z)] + ↵2Ep2 [log(1�D(z))]

<latexit sha1_base64="zMG/+CooAKPRdikxuQHk3zX7hRQ="></latexit>



Method
• Privacy: Each user train 

discriminators using local data 
only and generators are 
supervised by shared 
discriminators.

• Autonomous: Users are 
allowed not to upload their 
local models per iteration.

• Satisfiable: Distribution 
matching is sufficient for 
adversarial optimality.
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Federated Adversarial Debiasing (FADE)

Estimated discrepancy
D̃p1,p2 = max

D
↵1Ep1 [logD(z)] + ↵2Ep2 [log(1�D(z))]

<latexit sha1_base64="zMG/+CooAKPRdikxuQHk3zX7hRQ="></latexit>

G = argmin
G

D̃p1,p2

<latexit sha1_base64="RHHCdwrJlNNoke7Dx4dh/x0slLk=">AAACFXicbVDLSgMxFM3UV62vqks3wSK4KGWmVOxGKCjUZQX7gE4ZMplMG5rJhCQjlGF+wo2/4saFIm4Fd/6N6WOhrQdCDufcy733+IJRpW3728qtrW9sbuW3Czu7e/sHxcOjjooTiUkbxyyWPR8pwignbU01Iz0hCYp8Rrr++Hrqdx+IVDTm93oiyCBCQ05DipE2klcsN+EVdJEcQjei3GuaD+mRH6aupiwg8CbzUuE5ZSi8auYVS3bFngGuEmdBSmCBllf8coMYJxHhGjOkVN+xhR6kSGqKGckKbqKIQHiMhqRvKEcRUYN0dlUGz4wSwDCW5nENZ+rvjhRFSk0i31ROd1bL3lT8z+snOqwPUspFognH80FhwqCO4TQiGFBJsGYTQxCW1OwK8QhJhLUJsmBCcJZPXiWdasWpVS7uaqVGfRFHHpyAU3AOHHAJGuAWtEAbYPAInsEreLOerBfr3fqYl+asRc8x+APr8wcJ3519</latexit>

Debias representations by estimated discrepancy



• The estimated discrepancy will be 
less sensitive to the true distribution 
difference when two groups are 
imbalanced.
• Lower uploading probability
• Imbalanced numbers of users

• Mitigate the imbalance by squared 
adversarial loss

• Class-wise non-iid may cause the 
loss of discrimination after 
debiasing. 

• A class-conditioned regularization 
will mitigate the issue.
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Theoretical Insights



Unsupervised Domain Adaptation (UDA)
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Unsupervised Domain Adaptation (UDA) 
with imbalanced source/target users
• Imbalance results in large adv. loss.
• Squared loss design: further increase the loss value if 

the loss is large.

17
USPS -> MNIST



Fair learning
with imbalanced female/male users
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Adult dataset with fairness on male/female groups

Most imbalance

Most unfair

Most unfair



Thank You!
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Codes: https://github.com/illidanlab/FADE


