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Fig. 2.  The framework of the FedRecovery algorithm and its rationale in
the parameter space. The learning algorithm M trains the model using
the gradient descent method, which corresponds to the blue and yellow
trajectories. The unlearning algorithm M removes the influence of the client
who wishes to be unlearned, as shown in green. The Gaussian noise is added
to guarantee the unlearned model and retrained model are indistinguishable.

11



3.2 FedRecovery AILIZ|2 (13)

1. Federated Learning (ZfzHt o)
. 1y 2El0|HE= X}7| H|O|E =
{|APoEL, M= Ol 20 222 22

utetolH ws 2H=SXo =2 UH0|E

gradientS

2. Z20|UE (¢, 2 HIolH 44 27

: MEE G, 8 Pek= MI7A4ot7| /o] L
Ol= X{H ¥ ZIO
M- o+ 2o =244
D¢ gtato|H {wt}f 02

> (1) 2T3
) d

(2) gradient {Vfl(wj)} i €|t],j € |n]

Fig. 2.
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the gradient descent method, which corresponds to the blue and yellow
trajectories. The unlearning algorithm M removes the influence of the client
who wishes to be unlearned, as shown in green. The Gaussian noise is added
to guarantee the unlearned model and retrained model are indistinguishable.
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the parameter space. The learning algorithm M trains the model using
the gradient descent method, which corresponds to the blue and yellow
trajectories. The unlearning algorithm M; removes the influence of the client
who wishes to be unlearned, as shown in green. The Gaussian noise is added
to guarantee the unlearned model and retrained model are indistinguishable.
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