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Federated Learning

* Federated Learning (FL) is a method for
training Al models from distributed client
devices.
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FL Objective
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* In FL objective, the global objective J(w) at server can be represented as a linear
combination of local objectives J"(w) at each client. w is the model parameter.

* Given each client has a data D™, the local object is usually defined as the negative
log-likelihood #(D™; w) = —log p(y™|x™, w) on the m-th client’s dataset.

« g™ is aweight proportional to the size of the local dataset (e.g., |D™|/|D])



 FedAvg [1]is a basic FL approach to
find an optimal model, proposed by
aggregation McMahan et al. in 2017.
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* |titeratively updates the global model

parameter w with the average of local
parameter w™ weighted by each
@ @ @ @ client’s data size.

 However, conventional FL has

difficulties in the real-world application.
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[1] McMahan et al., Communication-Efficient Learning of Deep Networks from Decentralized Data, AISTAT, 2017



Challenge in FL with Non-IID clients
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IID clients: The conventional FL algorithm, (e.g.,
FedAVG) could convergence well when the data
from different clients is independently and
identically distributed (lID).
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Non-IID data: Due to the differences in preferences,
locations, and usage habits of clients, the private
data are usually non-IID. In this case, the local model
learned from each client can diverge, and thus
learning an optimal global model could fail.



Other Challenges in FL

* Limited or Unbalanced data: When the data available on each local device is limited, the model
overfitting occurs, resulting in poor generalization to unseen clients.

* Sparse participation: In practice, the total number of clients M can be extremely large, while
communication between the server and the clients can be intermittent or unreliable. This creates
the challenge of inconsistent training due to a small subset of participating clients in each round
of communication.

 Communication cost: FL optimization requires frequent communication between local devices
and the central server to exchange model parameters. This process is slow and could introduce
additional privacy concerns. Therefore, reducing model size is also an important area of research.



Motivation

* Our research goal was to mitigate these major challenges in FL (such as
non-lID clients, data imbalance, few-shot learning, sparse client
participation, and communication costs) simultaneously.

* How do we address these issues?
- We introduce a new Bayesian FL framework, called Meta-Variational Dropout.

- This framework includes,

1) Variational Inference for FL

2) Conditional Variational Dropout approach based on Hypernetwork
3) Sparse prior, enabling model compression

4) Model aggregation rule based on parameter uncertainty



Bayesian Federated Learning

w

p(w'|DY) p(/ZIDZ)
= =
Sh=

p(w|D1,...,DM)

= [Im=1P(w™|D™)

Server

Clients

p(w?3 D)\ p(w*|D*)

= =
5 E

Bayesian focuses on learning local posteriors
p(w™|D™) in each client’s device, then we
utilizes those local posteriors to infer the global

posterior p(w|D) = p(w|D?,...,DM).

In other words, Bayesian approach employes a
distribution over the model instead of a fixed-
point estimation of model parameter.



Variational Inference for FL

m
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(ELBO) objective over all the distributed client’s dataset can be defined as
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 g(w™; @) is a variational posterior (or probability distribution) over w™

o p(y™[x™,w™) represents a likelihood model based on a neural network (NN) on each m-th
client’s data, and w™ is a client-specific NN parameter

* p(w™) is a prior distribution that acts as a regularizer for the g(w™; 0)

« g™ is the local weight is proportional to the size of the local dataset (e.g., |D™|/|D|)

* qw™;¢) = p(w™|D™).



Posterior model

** MetaVD extends the posterior model of Variational Dropout (VD) [2] by introducing a
hypernetwork h, (and embedding e™) to predict a client-specific dropout variable a™.

K
q(w™; 0 = (0,10,e™)) = H N (w0, a*87) where a™ = hy(e™)
k=1
* The 0 is (a typically fixed) neural network parameter that is a globally shared across clients.

* The dropout technique switches off the neurons of a deep learning model with a certain
probability to sample a neural network with a different structure each time.

* This has a similar effect to ensemble learning and improves generalization performance by
reducing the dependence between neurons and prevent model overfitting during training.

[2] Diederik P. Kingma te al., Variational Dropout and Local Reparameterization Trick. NeurlPS 2015



Prior

** MetaVD adopted the hierarchical prior [3] to enforce a sparsity on the global
weight. The KL regularization terms in the ELBO for FL is defined as

KL(g(w™; o)||p(w™)) = f‘:l 0.51log(1 + (@E’")_l)

* (1) The two-level structure in a hierarchical system can generate a much more
complex distribution, expanding the potential solution spaces for variety of
different clients' models in the FL environment.

* (2) This has been proven effectiveness in network regularization and scarification.

* The same hierarchical prior is uniformly applied across all 1...M clients to ensure
the Bayesian posterior aggregation rule.

[3] Yuhang Liu et al., Variational Bayesian Dropout with a Hierarchical Prior, CVPR 2019



Bayesian Posterior Aggregation

* To update the global NN parameter, we first assume the Bayesian posterior
aggregation rule,

M m m
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* Since we have approximated the conditional posterior as Gaussian Dropout, we
can denote the global posterior as a product of local Gaussians,
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** MetaVD derives an exact aggregation rule to compute a maximum a posterior
(MAP) solution of the parameter as

_ m( o gmy2y—1
(}ﬂgg o i T']"” O'Jﬂ.- ‘WhC‘I'C r e !'?:” (n :!'t-'” (0:#” ) ) :
! i Z'ﬂ’l— -qir”: ({}1” (\{)1” ) 3) -

M

Tt



Combination with MAML/Reptile

* MetaVD is compatible with several meta-learning based PFL
algorithms such as Reptile, MAML, PerFedAvg.

* Unlike conventional meta-learning algorithms, MetaVD changes the
mode of initialization parameters for each client.

* MetaVD prevents overfitting of local adaptation in meta-learning
based based PFL approach.



Overall FL with MetaVD
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(a) Initialization at Server: (1) MetaVD estimates client specific dropout variable a™ using a hypernetwork h, and embedding vector e™. (2)

Apply dropout to Global NNs' weight 8 and send {6, a™} to each client -> reduce communication cost through dropout pruning.

(b) Optimization at each Client: A client receives personalized model, and train the global parameter and dropout rates using the local data,

then send them back to server. (Here, we can also utilize the optimization based meta-learning approach, Reptile or MAML).

(c) Aggregation at Server: When merging models learned from multiple local clients, update the global weight 8 inversely proportional to the

dropout rate learned from each client (merging models reflecting the uncertainty of weight) -> lead to better optimum.



Experiment



Classification with Non-1ID data

Dirichlet distribution (CIFAR-100)
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Dirichlet Distribution was used to control the diversity level of FL client data distribution
(e.g., size, degree of non-IID of class, etc.).



Classification with Non-1ID data

CIFAR- 100 dataset CIFAR-10 dataset
Hetrogenity a = 5.0 & =105 a=10.1
Method Test (%) 00D (%) A Test (%) 00D (%) A Test(%)00D (%) A
FedAvg [1] 42,35 43.08  +0.73 41.92 4196 +0.04 T1.65  T1.57  —0.08
Fed Ave+FT [H¥] 41.49 4245 +0.96 4099 3983 —-1.16 69.62 68.38 —1.24
FedProx [73] 42,23 4411 +1.88 42.03 4051 —1.52 7227 T3.7h +1.48
FedBE [31] 45.17 4543 +0.26 4429 4423 —0.06 70.23  69.19 —1.04
pFedGP [34] 4269  43.07 +0.38 4244 4253 +0.09 7194 T6.83 +4.89
Reptile [22] 4787 4773 —0.14 46.13 4594 —0.19 7393 T76.36 +2.43
MAML [24] 48.30 49.14 +0.84 46.33  46.65 +0.32 76.06  T4.89 —1.17
PerFedAvg (HF-MAML) [23] 48.19 7.3 —0.84 4622  46.36 +0.14 75.42 7956 +4.14
Fed Avg+MetaVD (ours) 47.82  h0.26 +2.44 4754  4A7.5h  4+0.01 T6.RT  T6.25  —0.62
Reptile+MetaVD (ours) 53.7T1  54.50 +0.79 52.06 51.50 —-0.56 7T6.51 82.07 +5.56
MAML+MetaVD (ours) 52.40  51.78 —0.62 50.21 4975 —046 TT7.2T T79.05 +1.78

PerFedAvg+MetaVD (ours)  51.67  51.70 40.03 50.02  48.70 —1.32 76.06 81.77 4+5.T1

» Tested at different Non-IID levels utilizing FL Benchmark datasets (CIFAR-100 and CIFAR-10).

* When the MetaVD is combined with traditional FL algorithms (FedAvg) or meta-learning based
algorithms (Reptile, MAML, PerFedAvg), it shows a significant improvement in classification
accuracy.

* |n addition to the test data, accuracy was significantly improved for out-of-distribution (OOD)
clients that were never seen during training.



Uncertainty Calibration

(a) Reptile (b) MAML
1.0 1.0,
ECE = 0.77% , ECE = 0.70%
0| MCE = 40.19% 0g MCE =48.16% - To measure how well the FL model's predictions match
i 6. the actual probability values, we analyzed the reliability
diagram for the CIFAR-100 dataset.
0.4 0.4
0.2 0.24
& ool 5,544 « The reliability diagram measures the proportion of true-
S %O 0.2 04 06 0.8 %0 02 04 06 08 1.0
5 N Rentile 4 MataUTy O MAMT S MatuTy ositive samples in each probability interval. The lower
3 (c) Reptile + MetaVD (d) MAML + MetaVD P . L . o
< Lo N L the bias of the model, the closer to the diagonal line it is
0.g| MCE = 23.86% 0.8 MCE = 32.56% drawn.
0.6/ R 0.6/
0.4] « As a result of the experiment, we observed that the
b1 reliability of most baselines such as Reptile and MAML

improved when MetaVD was applied.

08 10 °%o0
Confidence



Uncertainty Calibration (2)

CIFAR-100 dataset

Method ECE (%) MCE (%)
FedAvg [1] 0.60 36.79
FedAvg+FT [17] 0.69 45.04
FedProx [58] 0.67 39.69
FedBE [28] 0.50 34.66
Reptile [21] 0.77 50.52
MAML [20] 0.75 46.57
PerFedAvg (HF-MAML) [22 0.69 45.27
FedAvg+MetaVD (ours) 0.39 25.27
Reptile+MetaVD (ours) 0.57 42.40
MAML+MetaVD (ours) 0.52 37.26
PerFedAvg+MetaVD (ours) 0.43 30.20

ECE score represents the average difference
between the model predictions and the
actual probability, while MCE score
represents the maximum difference.

We observe a much lower error when
applying MetaVD. This indicates that MetaVD
improves the reliability of model predictions.



Client Participation Degrees

FEMNIST datasel
Sparsity 5 =10.2 s =101 5 = 0.05
Method Test (%) 00D (%) A Test(%)00D (%) A Test(%)00D (%) A
FedAvg H] 88.08 8529 279 8813 8470 —3.43 B83.06 86.22 —1.84
FedAvg+FT [L¥] #8.33  86.37 —1.96 87.85 8695 —-0.90 37.66 87.11 —0.55
Reptile [24] #8.00  86.52 203 83.39 8720 —1.19 87.86 85.22 +40.36

FedAvg+MetaVD (ours) #8.81  85.28 —3.53 83.69 85,71 —2.98 83.66 86.21 —2.45
Reptile+MetaVD (ours) 8990 89.04 —-0.86 89.86 8863 —1.23 8943 8871 —-0.72

We used the FEMNIST dataset to measure the prediction accuracy of the model by adjusting
the percentage (%) of clients participating in training (s = 0.2, 0.1, 0.05).

- In all cases, the MetaVD improved prediction results of baseline even with the sparse client
participation degrees.



Model Compression

CIFAR-10 dataset (&« = 0.5)

Method Test (%) OOD (%) Sparsity(%)
Reptile+MetaVD 83.20 83.40 0
MAML+MetaVD 81.32  81.81 0
PerFedAvg+MetaVD 81.06  81.47 0
Reptile+MetaVD+DP 81.40  80.98 80.06
MAML+MetaVD+DP 81.48  81.73 79.49
PerFedAvg+MetaVD+DP 82.43  82.19 78.20

When applying MetaVD, the dropout
probability per model weight is learned.

When learning FL, weights with dropout rates
above 0.8 are pruned and not exchanged
between server and client (+DP), and the
final prediction performance is not
significantly reduced.



Conclusion

 MetaVD is a novel Bayesian meta-learning approach to FL extending Variational Dropout.

* Hypernetwork Utilization: MetaVD predicts dropout rates for each NN parameter of each client,
supporting model personalization and adaptation in FL with non-IID and limited data.

* Uncertainty in PFL aggregation: Variational dropout uncertainty is firstly utilized as a principled
Bayesian aggregation rule in PFL, improving training convergence and prevent model overfitting.

* OOD Performance: MetaVD has been tested on various FL scenarios. It prevents model over-
fitting and significantly improves prediction performance over the OOD clients. In addition, it has
the effect of compressing the model, which reduces communication costs.

* Generic Compatibility: MetaVD is a highly versatile methodology. It works with any existing meta-
learning algorithms to avoid overfitting. The application in broader domains (NLP, RL, etc.) is an
interesting future work.
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