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Abstract

To support real-world decision-making, it is
crucial for models to be well-calibrated, i.e.,
to assign reliable confidence estimates to
their predictions. Uncertainty quantification
is particularly important in personalized
federated learning (PFL), as participating
clients typically have small local datasets,
making it difficult to unambiguously deter-
mine optimal model parameters. Bayesian
PFL (BPFL) methods can potentially en-
hance calibration, but they often come with
considerable computational and memory
requirements due to the need to track
the variances of all the individual model
parameters. Furthermore, different clients
may exhibit heterogeneous uncertainty levels
owing to varying local dataset sizes and dis-
tributions. To address these challenges, we
propose LR-BPFL, a novel BPFL method
that learns a global deterministic model
along with personalized low-rank Bayesian
corrections. To tailor the local model to
each client’s inherent uncertainty level,
LR-BPFL incorporates an adaptive rank
selection mechanism. We evaluate LR-BPFL
across a variety of datasets, demonstrat-
ing its advantages in terms of calibration,
accuracy, as well as computational and mem-
ory requirements. The code is available at
https://github.com/Bernie0115/LR-BPFL/.

1 INTRODUCTION

Federated Learning (FL) has emerged as a power-
ful distributed learning framework, enabling multiple
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Figure 1: Average reliability diagrams across clients
on the CIFAR-10 dataset for FedAvg (McMahan et
al., 2017), a standard FL algorithm; Per-FedAvg (Fal-
lah et al., 2020), a benchmark PFL scheme; pFed-
Bayes (Zhang et al., 2022), a state-of-the-art BPFL
algorithm; and the proposed LR-BPFL. (See Section
5.2 for details.)

clients to collaboratively train a global model without
sharing their local datasets. FL has demonstrated suc-
cess across various domains, including healthcare (Xu
et al., 2021), finance (C. Li et al., 2018), the Internet of
Things (Nguyen et al., 2021), and computer vision (Oh
et al., 2021). However, when data distributions vary
significantly across clients, the traditional FL frame-
work, which focuses on training a single global model,
often struggles to generalize well to individual clients,
leading to performance degradation (Zhao et al., 2018;
Tan et al., 2022).

Personalized Federated Learning (PFL) (T Dinh et al.,
2020; T. Li et al., 2020) addresses this issue by allow-
ing each client to optimize a personalized model while
still leveraging shared information collected from other
clients through FL. Despite the benefits of personaliza-
tion in accounting for data heterogeneity, PFL meth-
ods are typically trained on smaller effective datasets,
which often exacerbates the uncertainty in the model-
parameter space. Moreover, standard PFL methods
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frequently output models that fail to correctly quan-
tify local uncertainty, producing overconfident deci-
sions (Fallah et al., 2020; Collins et al., 2021). This
is illustrated in Fig. 1 for FedAvg (McMahan et al.,
2017), a standard FL method, and for Per-FedAvg
(Fallah et al., 2020), a benchmark PFL scheme.

Bayesian learning can potentially produce well-
calibrated models by representing uncertainty in the
model-parameter space. Recent efforts to integrate
Bayesian learning into PFL have shown promise in en-
hancing model performance, offering improved predic-
tive accuracy and calibration in heterogeneous data
scenarios (Zhang et al., 2022; Achituve et al., 2021;
Jeon et al., 2024). This is illustrated in Fig. 1 for
pFedBayes (Zhang et al., 2022), a representative BPFL
algorithm. However, these methods often rely on full-
dimensional posterior distributions, leading to sub-
stantial computational and memory requirements. For
example, in Zhang et al. (2022), the distribution over
the model parameters is specified by weight-specific
means and variances, thus doubling the number of pa-
rameters that need to be stored and processed.

Rank-1 Bayesian Neural Networks (BNNs) (Dusen-
berry et al., 2020) provide a parameter-efficient alter-
native to full BNNs by modeling the posterior distri-
bution only over a rank-1 correction of deterministic
model weights. However, incorporating rank-1 BNNs
into FL is non-trivial, as it requires new strategies for
model sharing and for personalization in order to ad-
dress the heterogeneous distributions and sizes of the
local datasets.

Thus motivated, in this paper, we propose LR-BPFL,
a novel BPFL scheme that learns a global determinis-
tic model along with personalized low-rank Bayesian
corrections. To tailor the local model to each client’s
inherent uncertainty level, LR-BPFL incorporates an
adaptive rank selection mechanism. As exemplified
in Fig. 1, LR-BPFL is demonstrated via experiments
to enhance accuracy and calibration as compared to
the state-of-the-art methods, while also significantly
reducing the model size, and, with it, computational
and memory requirements.

The main contributions are summarized as follows:

e We introduce LR-BPFL, a BPFL protocol that re-
duces computational and memory requirements by
jointly learning a shared deterministic model, while
enabling clients to retain personalized Bayesian low-
rank corrections.

e To address data heterogeneity, LR-BPFL incor-
porates a novel adaptive rank selection mechanism,
which dynamically adjusts the complexity of the
Bayesian corrections based on client-specific uncer-

tainty levels.

e We empirically evaluate LR-BPFL on several real-
world datasets, demonstrating significant improve-
ments in calibration and predictive accuracy as com-
pared to state-of-the-art FL, BFL, PFL and BPFL
methods, particularly in scenarios with small and het-
erogeneous client datasets (see Fig. 1).

2 RELATED WORK

Personalized federated learning. PFL methods
have been devised based on different principles, in-
cluding local customization (T. Li et al., 2020; Hanzely
& Richtarik, 2020), multi-task learning (Smith et al.,
2017; Marfoq et al., 2021; Cai et al., 2023), meta-
learning (Fallah et al., 2020; F. Chen et al., 2018; Lee
et al., 2024), client clustering (Briggs et al., 2020; Sat-
tler et al., 2020; Ma et al., 2023), and model mixing
(Collins et al., 2021; Deng et al., 2020; Xu et al., 2023).
While these methodologies enhance predictive accu-
racy on non-i.i.d. data, they offer suboptimal perfor-
mance in terms of calibration (Achituve et al., 2021).

Bayesian Neural Network. BNNs combine the
flexibility and expressive power of neural networks
with the probabilistic properties of Bayesian infer-
ence, providing a powerful tool for uncertainty mod-
eling (Neal, 2012). By accounting for uncertainty in
the model-parameter space, BNNs enhance calibration
performance (Khan & Rue, 2021; Knoblauch et al.,
2019; Simeone, 2022). However, the high computa-
tional and memory complexity of BNNs has hindered
their widespread adoption, particularly for resource-
constrained clients. To address this limitation, one line
of research advocates the use of sparsity-promoting
priors to reduce the computational load by pruning
neurons or weights (Molchanov et al., 2017; Bai et al.,
2020). Another direction of research focuses on selec-
tively applying Bayesian inference to critical parts of
the model, while maintaining a deterministic, frequen-
tist approach for other parts of the model (Daxberger
et al., 2021). Some studies aim to reduce compu-
tational redundancies by addressing parameter space
symmetries (Atzeni et al., 2023; Sen et al., 2024). A
further promising strategy involves low-rank approxi-
mation. Notably, Dusenberry et al. (2020) proposes a
rank-1 parameterization of BNNs.

Bayesian federated learning. While traditional FL
methods typically focus on point estimates of model
parameters, recent progress has applied Bayesian
learning to FL. Bayesian FL (BFL) aims to derive
a global posterior distribution that aggregates knowl-
edge from all participating clients within the federated
network. Algorithms, like FedPA (Al-Shedivat et al.,
2020), QLSD (Vono et al., 2022) and DSVGD (Kassab
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& Simeone, 2022), employ Bayesian posterior decom-
position techniques to break down the global poste-
rior into the product of local posteriors; while FedBE
(H.-Y. Chen & Chao, 2020) constructs a Gaussian or
Dirichlet distribution at the server for Bayesian model
ensembling. FedNP (Wu et al., 2023) efficiently esti-
mates the inaccessible ground-truth global data distri-
bution using a probabilistic neural network, mitigating
performance degradation induced by data heterogene-
ity.

Bayesian Personalized Federated Learning.
To address statistical heterogeneity among clients,
pFedGP (Achituve et al., 2021) learns a shared deep
kernel function for all clients, while maintaining a per-
sonalized Gaussian process classifier at each client.
Similarly, pFedBayes (Zhang et al., 2022) enables each
client to maintain its own personalized BNN, while
using the aggregated global posterior as the prior dis-
tribution. Furthermore, MetaVD (Jeon et al., 2024)
employs a hypernetwork to predict client-specific pos-
terior distributions of Gaussian noises.

3 PRELIMINARIES

This section reviews the standard FL setup (McMahan
et al., 2017), BPFL via variational inference (Zhang
et al., 2022; Jeon et al., 2024), as well as the rank-
1 BNN method (Dusenberry et al., 2020) as required
preliminaries.

3.1 Federated Learning

The typical FL setup involves a server coordinating
with K clients to collaboratively train a global model
without data sharing. Consider the training of a neural
network parameterized by the weight vector W. Each
client k has a loss function Fj(-) used for training on
its local dataset Dy = {(xj,yj)}ljzkll. In conventional
FL, the objective for all clients is to find a global model
that minimizes the weighted sum

K

r%ivn];lka(w,Dk), (1)

where the weight [ is typically proportional to the
size of the local dataset (i.e., I = |D|/|D|, with
D = {D;}X_|). To address this problem, in each com-
munication round ¢, a subset S? of clients is selected to
conduct local training, starting from the latest global
model weights W¢. At the end of the communication
round ¢, the server aggregates the local models from
the selected clients to update the global model, e.g.,
Wi S st kW, where W1 is the updated pa-
rameter vector produced by client k.

3.2 Bayesian Personalized Federated
Learning via Variational Inference

Variational inference methods approximate posterior
distributions in the model-parameter space for a BNN,
by using a family of variational distributions ¢(W; ¢),
which depends on a set of variational parameters
¢ (see, e.g., (Bishop & Nasrabadi, 2006); (Sime-
one, 2022)). For each client k, variational inference
aims at minimizing the negative evidence lower bound
(ELBO), also known as free energy, as in

Igikn{ — Eywyi¢n) logp (Dr. | W)

(2)
+ KL (¢ (Wg; éx) Ip (W) },

where —logp (D) | W) represents the cross-entropy
loss accrued by the local model parameter Wy, on the
local dataset Dy; KL(g||p) is the Kullback-Leibler di-
vergence between distributions p and ¢; ¢ is a vector
of local variational parameters; and p(Wy,) represents
a prior distribution. The free energy (2) is thus a reg-
ularized version of the average cross-entropy loss (the
first term in (2)), with regularization dictated by the
prior distribution p(Wy) (the second term in (2)).

pFedBayes (Zhang et al., 2022) optimizes jointly the
global prior distribution p(W) and local posteriors
q(Wg; @) for all clients ¥ = 1,--- , K by setting
p(W) = p(W) in (2). Assuming the prior p(W) and
the local posterior ¢(Wy; ¢) to be Gaussian with di-
agonal covariance, the number of model parameters to
be stored and processed is thus doubled as compared
to non-Bayesian PFL methods.

MetaVD (Jeon et al., 2024) models the local poste-
rior distribution ¢(Wy; ¢x) as a Gaussian with a com-
mon mean W and a client-specific diagonal covariance,
where the variance terms are produced by a shared
hypernetwork that takes a client-specific learnable em-
bedding as input. Like pFedBayes, MetaVD doubles
the number of parameters that need to be stored and
processed.

3.3 Rank-1 Bayesian Neural Network

As discussed in Section 3.2, a BNN maintains a distri-
bution ¢(W; ¢) over the model parameters at the cost
of increased computational and memory requirements.
For single-model training, rank-1 BNNs present an ef-
ficient alternative in which the weight matrix G €
R™*™ for each layer is parameterized as G = Woqr',
where W represents a deterministic weight matrix,
while q and r are m- and n-dimensional vectors, re-
spectively, that are treated as random variables within
a Bayesian framework. The symbol o represents the
element-wise product.
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Training is based on the minimization of the free en-
ergy loss, i.e.,

min { — Eq(qse),a(rsp) [l0g (D | W o qu)] (3)

W.¢,%
+ KL(a(a; @) || p(@) + KL(a(r; %) || p(r)) },

where D is the dataset available at a given client;
q(q; @) and ¢(r;?)) are the variational distributions
parameterized by vectors ¢ and 1p; and p(q) and p(r)
are prior distributions. Rank-1 BNNs support the
BatchEnsemble method (Wen et al., 2020), in which
the output of multiple models sampled from the vari-
ational posteriors can be evaluated simultaneously for
a given mini-batch, enabling efficient parallel compu-
tations.

4 LOW-RANK BAYESIAN
PERSONALIZED FEDERATED
LEARNING

This section introduces LR-BPFL, a novel BPFL
protocol that optimizes a shared model along with
low-rank Bayesian multiplicative corrections for each
client, whose rank is adapted to each client’s local un-
certainty levels. The overall protocol is detailed in
Algorithm 1.

4.1 Low-Rank BNNs With Adaptive Rank
Selection

LR-BPFL describes the m x n weight matrix Gy for
each layer of client k’s model as

Gr = WoM,, (4)

where W represents the shared deterministic model,
while My denotes the personalized Bayesian correc-
tion. To support personalization of uncertainty quan-
tification, we model the correction My, also referred
to as the Bayesian mask, as

M; = QsArR), (5)

where Qp is an m X rpa matrix, Ry is a n X rpax
matrix, and Ay IS an rmax X Tmax gating matrix.
The parameter r,x represents the maximum rank for
the mask My, and is set to be much smaller than
min(m,n). To select the optimal rank, the diago-
nal gating matrix Ay has binary diagonal elements
Aki € {0,1} that control whether the corresponding
i-th column of the dictionary matrices Qi and Ry, are
retained (when Mg ; = 1) or pruned (when A\ ; = 0).
The rank of the personalized Bayesian mask My, is
then given by

Tmax

T = Z /\k,i~ (6)
=1

Algorithm 1 LR-BPFL
Input: Number of global communication rounds T,
number of clients K, fraction ratio 7, learning rate 7,
size of the local dataset Ny, threshold A\, number of
local adaptation steps 17,
Output: W*, {1, 9}, M},
Initialize: Shared model WV, {¢y., s, )‘k}szl
for round t =0,...,7T do

St < Randomly sample 7K clients

for client k € St in parallel do

Receive W from the server and reinitialize ¢y, ¥y,

@1 AR < (A M)~V (s Yo Ar)
Set W}i — Wt — nVwe F (Wt, b, Yy, )\k)
Update Ag using (10)
Send W back to the server
end for
Server aggregates local models asW =>", _ . [, W
end for

4.2 LR-BPFL

As detailed in Algorithm 1, LR-BPFL learns a shared
deterministic model W by following a standard fre-
quentist approach, while the distributions ¢(Qp; ¢x)
and ¢(Ryg; k) of the Bayesian mask are optimized via
variational learning through their variational param-
eters ¢y and ¥y (see Section 3.3). Accordingly, the
learning problem is formulated as

K
min Zlka (W, o, %1, Ar),  (7)

Wddr,¥r Ay 1

where Fy(-) denotes the regularized free energy loss in
(3), i.e.,

Fe(W, o, i, Ai) = (8)
— Equin).a®sn) [logp(Dr | Wo QkAlcR{)]
+ KL(q(Qx; #r) || p(Qr)) + KL(q(Ri; %x) || p(Ri)),

and Ay represents the diagonal vector of the matrix
Ay.

To solve this problem, we adopt a coordinate descent
strategy, decoupling the updates of the Bayesian mask
parameters {dy, i, Ax 1, from the shared model
W, along with a continuous relaxation of the binary
variables {\;}/_,. The decoupling of updates allows
the global model to capture general patterns across
all clients via federated updates, while the Bayesian
masks adapt to the local datasets.

Specifically, for a given shared model W, each
client k addresses problem (7) over the parameters
(K, ¥r, Ar) by relaxing the entries of the vector Ay
as

Aei = 0(Vhyi), (9)
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Figure 2: Top: In the proposed LR-BPFL scheme, each client uploads its updated shared model to the server
and then downloads the deterministic shared model from the server, while retaining and updating the Bayesian
low-rank corrections locally. Bottom: During local training, after receiving the shared model from the server,
clients perform local adaptation of the low-rank corrections before proceeding to update the shared model.

where o(y) = (1 + exp(—y))~! is the sigmoid
function, so that optimization is carried out over
the corresponding unconstrained variables {vx,};™3.
Furthermore, we model the variational dlstrlbutlons
4(Qk; dr), q(Rk; 1) as Gaussian distributions with a
trainable mean and diagonal covariance matrix. The
priors p(Qy) and p(Ryg) also follow Gaussian distribu-
tions with fixed means and diagonal covariances. In a
manner similar to Hu et al. (2022), we specifically set
the means to 1/,/7%, with r, being the current rank
(6). This way, the average value of the Bayesian mask
elements is a priori equal to 1. The variance is set to
a small number, such as 0.1.

Optimization over the parameters (¢, ) is per-
formed by client k using the reparameterization trick,
and the KL divergence terms are evaluated in closed
form (see, e.g., Simeone (2022)). To approximate the
expected likelihood term in (8), we use Monte Carlo
averaging, drawing C samples from the variational dis-
tributions. To promote the selection of the most effec-
tive ranks, an L2-norm regularization term is applied
to the vector \j.

After completing the local optimization of the parame-
ters (¢, Y, Ak ), each active client updates the shared
model W via stochastic gradient descent on the free
energy (8). Subsequently, the rank 7 is updated via
a thresholding mechanism, with a fixed threshold X as

AMlji 4= Akyi - Lia, >3 (10)

where 1., is the indicator function and Ais a hyperpa-
rameter. We recommend setting the threshold A close
to 1 (e.g., 0.95).

Finally, the selected clients send their updated local
models to the server, which then aggregates these mod-
els to obtain the next iterate.

5 EXPERIMENTS

To validate the effectiveness of LR-BPFL, this section
reports on the results of extensive experiments across
multiple scenarios, including non-i.i.d. data distribu-
tions, varying local dataset sizes, and different gen-
eralization requirements. Additionally, we performed
an ablation study to assess the impact of the adaptive
rank selection module on the model performance. We
evaluated both accuracy and uncertainty calibration
performance on several datasets, including CIFAR-10
and CIFAR-100.

Baselines. We compare LR-BPFL with the standard
FL method FedAvg (McMahan et al., 2017), the BFL
algorithm Fed BE (H.-Y. Chen & Chao, 2020), PFL al-
gorithms such as PerFedAvg (Fallah et al., 2020) and
pFedME (T Dinh et al., 2020), as well as the BPFL al-
gorithms MetaVD (Jeon et al., 2024), pFedGP (Achi-
tuve et al., 2021) and pFedBayes (Zhang et al., 2022).

Experimental setting. To maintain consistency
with previous research, we employ a widely adopted
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Table 1: Comparison of computational, communication, memory requirements for different BPFL algorithms.

Method Training time (s) Parameters (M) Communication (MB)
MetaVD (Jeon et al., 2024) 0.026 2.44 9.76
pFedGP (Achituve et al., 2021) 0.023 1.22 4.88
pFedBayes (Zhang et al., 2022) 0.034 2.44 9.76
LR-BPFL (ours) 0.018 1.27 4.88

Table 2: Average Uncertainty calibration scores (ECE and MCE) evaluated on the CIFAR-10 and CIFAR-100

datasets. Lower scores indicate better calibration.

Dataset CIFAR-10 CIFAR-100
Data Heterogeneity 2/10 5/10 5/100

Method ECE MCE ECE MCE ECE MCE
FL FedAvg (McMahan et al., 2017) 0.343 0495 0.382 0.517 0.623 0.745
BFL FedBE (H.-Y. Chen & Chao, 2020) 0.285 0.464 0.313 0.471 0.527  0.657
PFL Per-FedAvg (Fallah et al., 2020) 0.127 0.222 0.316 0.438 0.353 0.491
pFedMe (T Dinh et al., 2020) 0.224 0.318 0.265 0.445 0.368 0.536
MetaVD (Jeon et al., 2024) 0.215 0337 0.231 0.385 0.343 0.516
BPFL pFedGP (Achituve et al., 2021) 0.169 0.315 0.210 0.333 0.265 0.446
pFedBayes (Zhang et al., 2022) 0.062 0.287 0.082 0.322 0.148 0.256
LR-BPFL (Ours) 0.030 0.121 0.037 0.138 0.054 0.172

CNN model across all algorithms and datasets. Specif-
ically, the model comprises three convolutional layers,
followed by three fully-connected layers for a total of
1.22 million parameters. For LR-BPFL, we set the
maximum rank to rya.x = 8, the variance of the pri-
ors p(Qy) and p(Ryg) to 0.1, the threshold for pruning
ranks to A = 0.95, and the ensemble size to C' = 4
for training and inference. Specifically, the predictive
distribution is achieved by averaging the predictive
probabilities from C' = 4 randomly generated Bayesian
masks.

We adopt the non-i.i.d. setting from Kotelevskii et al.
(2022). For CIFAR-10, we employ two configurations:
in the first, each client has 2 out of the 10 labels, de-
noted as 2/10; and in the second, each client has 5
out of the 10 labels, denoted as 5/10. For CIFAR-
100, each client has 5 out of the 100 labels, denoted as
5/100. Data heterogeneity is determined by the num-
ber of labels per client, and thus the 2-label setup is
more non-i.i.d. than the 5-label setup. In all cases, la-
bels are randomly selected from the label pools. Since
small datasets pose a greater challenge to calibration,
we train using only 10% of the total training samples.
In our experimental setup, we configure the number
of communication rounds to 7" = 1000, the number
of clients to K = 50, the fraction ratio of selected

clients for each round to 7 = 0.2, and the local update
steps to 20. All experiments are conducted on a server
equipped with an NVIDIA GeForce 4090 GPU, which
includes 24GB of memory. For specific hyperparame-
ter settings, please refer to the Appendix.

5.1 Computational, Memory, and

Communication Requirements

In this section, we compare the computational, mem-
ory, and communication requirements across the men-
tioned benchmark BPFL algorithms. Training time
is measured as the average time per model update.
As shown in Table 1, LR-BPFL achieves the short-
est training time per step. Furthermore, in terms of
memory requirements, LR-BPFL adds only 50K pa-
rameters — a 4% overhead — significantly reducing
memory usage as compared to other BFL algorithms.
As for the communication overhead, since only the
shared model is transmitted, the number of parameters
sent remains identical to conventional FL algorithms.
In contrast, both MetaVD and pFedBayes double the
communication and memory overheads, due to the ne-
cessity of transmitting and storing both the means and
variances for Bayesian updates.
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Figure 3: Reliability diagrams of the worst-calibrated client on CIFAR-10 with 50 clients. The diagonal line
represents perfect calibration. Each plot also displays the ECE and MCE values.

5.2 Uncertainty Calibration

Calibration is assessed using the expected calibration
error (ECE) (Guo et al., 2017), which measures the
average deviation between predicted probabilities and
actual true class frequencies, and the maximum cali-
bration error (MCE), which captures the largest de-
viation between predicted and actual classes. Table 2
summarizes the ECE and MCE results for the CIFAR-
10 and CIFAR-100 datasets. The results indicate that
BPFL algorithms generally achieve lower ECE and
MCE values as compared to conventional FL algo-
rithms such as FedAvg, PerFedAvg, and pFedMe. LR-
BPFL achieves the best ECE and MCE values among
all the benchmark BPFL methods, highlighting its ef-
fectiveness in improving model calibration.

To further investigate the impact of heterogeneity,
Fig. 3 illustrates the worst calibration performance
among all 50 participating clients. Compared to other
methods, the reliability diagram for LR-BPFL remains
closer to the diagonal line, indicating better calibra-
tion. This improvement in the worst client’s calibra-
tion performance underscores LR-BPFL’s capability
to achieve personalized calibration.

5.3 Accuracy

To evaluate the accuracy of the proposed method un-
der non-i.i.d. data conditions, we conduct experiments
using the same configuration described in the previ-
ous subsection, with datasets containing 40% of the
training samples. Table 3 presents the average clas-
sification accuracy on the CIFAR-10 and CIFAR-100
datasets across various non-i.i.d. settings defined by
the ratio between labels present at a client and overall
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Figure 4: Calibration performance for new clients as a
function of the parameter «, which dictates the degree
to which the local data distributions of the test clients
differ from those of the training clients. As « moves
away from 0.1, the distributions of new clients diverge
more from those of the training clients.

number of labels. As shown in Table 3, PFL meth-
ods, such as pFedMe and pFedGP, generally outper-
form non-personalized FL methods like FedAvg. In
all tested settings, LR-BPFL consistently outperforms
other benchmark algorithms.

5.4 Generalization to New Clients

To evaluate the calibration performance in unseen
clients, which do not participate in training, we fol-
low the evaluation method outlined in Shamsian et
al. (2021). Accordingly, the CIFAR-10 dataset is split
into two distinct subsets: the first subset is distributed
across 50 clients for model training, while the second is
assigned to 10 additional clients for evaluation as new
clients. Within both subsets, we set the class proba-
bilities in each client by sampling from a Dirichlet dis-
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Table 3: Classification accuracies (in %) with different heterogeneity degrees. Averages over 5 seeds are reported.

Dataset CIFAR10 CIFAR100
Data heterogeneity 2/10  5/10 5/100
FedAvg (McMahan et al., 2017) 66.37  68.66 33.05
FedBE (H.-Y. Chen & Chao, 2020) 67.05  68.75 34.11
Per-FedAvg (Fallah et al., 2020) 82.38  68.91 60.24
pFedMe (T Dinh et al., 2020) 78.14  70.45 47.15
MetaVD (Jeon et al., 2024) 67.52  68.58 34.23
pFedGP (Achituve et al., 2021) 67.11 68.25 33.29
pFedBayes (Zhang et al., 2022) 82.28  69.43 62.47
LR-BPFL (Ours) 84.67 72.38 66.12

Table 4: Performance comparison of LR-BPFL with and without adaptive rank selection (LR-BPFL w/o ARS)
on the CIFAR-10 and CIFAR-100 datasets. The table shows accuracy (in %), average expected calibration error

(A-ECE), and worst-client calibration error (W-ECE).

CIFAR-10 dataset

CIFAR-100 dataset

2/10 5/10 5/100
Method ACC A-ECE W-ECE ACC A-ECE W-ECE ACC A-ECE W-ECE
LR-BPFL (w/o ARS) 82.62 0035  0.130 648 0044 0143 5564 0061  0.156
LR-BPFL 83.30 0.030 0.096 65.68 0.038 0.111 56.49 0.054 0.124

tribution with the same a parameter. For the training
subset, we set the parameter « = 0.1. During test-
ing, we evaluate the performance of the model on new
clients by varying « € {0.1,0.25,0.5,0.75,1.0}. As «
moves away from 0.1, the distributions of new clients
diverge more from those of training clients, making
adaptation to new clients more challenging. Fig. 4 il-
lustrates the average ECE and the worst-client ECE as
a function of the Dirichlet parameter «, where a = 0
corresponds to the results of the clients involved in
the training process. LR-BPFL consistently demon-
strates superior calibration performance across all «
values. Notably, even for the worst-performing clients,
LR-BPFL maintains stable and reliable calibration.
These findings highlight the robustness of our method
in adapting to new clients while preserving calibration
quality among all participants.

5.5 On the Role of Adaptive Rank Selection

In this section, we conduct an ablation study to assess
the effect of the adaptive rank selection (ARS) mod-
ule in LR-BPFL. Table 4 presents the classification
accuracy, average ECE, and worst-client ECE for LR-
BPFL with and without the ARS module. The results
clearly demonstrate that incorporating the ARS mod-
ule significantly improves both accuracy and model
calibration. Fig. 5 provides a visual comparison for
a specific client, with the left figure representing the

LR-BPFL LR-BPFL w/o ARS

Accuracy
° 3
= >

Accuracy

0.2-

%o a2 °%% o2

0. 0.6 X 04 06
Confidence Confidence

Figure 5: Comparison of reliability diagrams for LR-
BPFL with and without the ARS module.

results with ARS and the right figure representing the
results without it. The comparison highlights the sig-
nificant contribution of ARS to overall performance.

6 CONCLUSION

We have proposed a novel personalized FL protocol
that jointly learns a global deterministic model, along
with personalized low-rank Bayesian corrections for
each client. The local adaptation of Bayesian masks
incorporates an adaptive rank selection module, which
dynamically tailors the local model by adjusting the
rank of the local masks. Our experiments validated
that LR-BPFL can effectively address data hetero-
geneity, local epistemic uncertainty, and local com-
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putational and memory constraints, showcasing im-
proved accuracy and calibration, as well as the ca-
pability to generalize to new clients as compared to
the state of the art. Future work may explore fully
decentralized versions of LR-BPFL.
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Checklist

1. For all models and algorithms presented, check if

you include:

(a) A clear description of the mathematical set-
ting, assumptions, algorithm, and/or model.
See Section 3 and 4.

(b) An analysis of the properties and complexity
(time, space, sample size) of any algorithm.
See Table 1.

(¢) (Optional) Anonymized source code, with
specification of all dependencies, including
external libraries.

. For any theoretical claim, check if you include:

(a) Statements of the full set of assumptions of
all theoretical results. Not Applicable.

(b) Complete proofs of all theoretical results.
Not Applicable.

(c) Clear explanations of any assumptions. Not
Applicable.

. For all figures and tables that present empirical
results, check if you include:

(a) The code, data, and instructions needed to
reproduce the main experimental results (ei-
ther in the supplemental material or as a
URL). Yes.

(b) All the training details (e.g., data splits, hy-
perparameters, how they were chosen). Yes.

(¢) A clear definition of the specific measure or
statistics and error bars (e.g., with respect to
the random seed after running experiments
multiple times). Yes.

(d) A description of the computing infrastructure
used. (e.g., type of GPUs, internal cluster, or
cloud provider). Yes.

. If you are using existing assets (e.g., code, data,
models) or curating/releasing new assets, check if
you include:

(a) Citations of the creator If your work uses ex-
isting assets. Yes.

(b) The license information of the assets, if ap-
plicable. Yes.

(¢) New assets either in the supplemental mate-
rial or as a URL, if applicable. Yes.

(d) Information about consent from data
providers/curators. Not applicable.

(e) Discussion of sensible content if applicable,
e.g., personally identifiable information or of-
fensive content. No.

5. If you used crowdsourcing or conducted research

with human subjects, check if you include:

(a) The full text of instructions given to partici-
pants and screenshots. Not Applicable.

(b) Descriptions of potential participant risks,
with links to Institutional Review Board
(IRB) approvals if applicable. Not Applica-
ble.

(¢) The estimated hourly wage paid to partici-
pants and the total amount spent on partic-
ipant compensation. Not Applicable.
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A IMPLEMENTATION DETAILS

A.1 Baselines

We present an overview of the baseline models used in our experiments, covering state-of-the-art approaches
across four categories: FL, PFL, BFL, and BPFL methods.

The following FL. method is considered in our experiments:

e FedAvg (McMahan et al., 2017) is a standard FL algorithm that averages gradients weighted by the data
size of clients in each FL round.

The following BFL method is considered in our experiments:

e FedBE (H.-Y. Chen & Chao, 2020) enhances robust aggregation by sampling high-quality global models
and combining them through Bayesian model ensembling, where the global model distribution is derived
by considering each client’s local model as a potential global model.

The following PFL methods are considered in our experiments:

e Per-FedAvg (Fallah et al., 2020) applies model-agnostic meta-learning (MAML) to fine-tune the global
model with local gradient updates, enabling personalized adaptation in federated learning.

e pFedMe (T Dinh et al., 2020) addresses personalized FL as a bi-level optimization problem, decoupling
the personalized model optimization from global model learning by employing Moreau envelopes as the
regularized loss function for each client.

The following BPFL methods are considered in our experiments:

e pFedGP (Achituve et al., 2021) employs Gaussian process for personalized federated learning, leveraging
shared kernel functions parameterized by a neural network and personalized Gaussian process classifier.

e MetaVD (Jeon et al., 2024) models the local posterior distribution as a Gaussian, where the mean is
derived from the deterministic global model, and the client-specific diagonal covariance is produced by a
shared hypernetwork.

e pFedBayes (Zhang et al., 2022) enables each client to maintain its own personalized BNN while using the
aggregated global posterior as the prior distribution.

A.2 Experimental hyperparameters

For all datasets, we set T' = 1000 to ensure convergence following standard conventions. The batch size is set
to 32, and local steps are set to 20. In order to ensure a fair comparison between the algorithms, the results
presented in all of our experiments are obtained using optimal hyperparameters for each model.

For hyperparameter settings, we refer to the configurations in the corresponding papers of each algorithm and
fine-tune the parameters around their recommended values. For instance, if an algorithm uses a learning rate
17 = 0.01, then we set the learning rate within the range of 0.001 to 0.1 for parameter tuning. For algorithm-
specific hyperparameters, we use the values recommended in their papers.

Based on our experimental results, we set the learning rates for FedAvg to 0.1, and for Per-FedAvg and FedBE to
0.01. For pFedMe, the personalized learning rate, global learning rate, and regularization weight are set to 0.01,
0.01, and 15, respectively. The learning rate for pFedGP is set to 0.05. For pFedBayes, the tradeoff parameter
is set to ¢ = 10 (see Eq. (27) in Zhang et al. (2022)), the learning rates for the personalized and global models
are set to 11 = 12 = 0.001. For LR-BPFL, we set the learning rate for the global deterministic model to 0.001
and for the Bayesian mask to 0.01. To ensure reproducibility of the experiments, we will release all code on our
GitHub repository.
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A.3 Dataset

We provide a description of the datasets used in our experiments. The CIFAR-10 and CIFAR-100 datasets are
commonly used for 10-class and 100-class image classification, respectively. Each contains 50,000 training images
and 10,000 test images, all with a resolution of 32x32 pixels. In our experiments, we combine the training and
test images, then distribute them to clients according to different non-i.i.d. settings to verify the impact of
data heterogeneity. Finally, each client splits their assigned data into training and testing sets according to the
specified percentage.

B ADDITIONAL EXPERIMENTS

B.1 Impact of local dataset sizes

To evaluate the accuracy of the proposed method with varying local dataset sizes, we consider two configurations:
the small dataset uses 10% of the data for training, while the medium dataset uses 40% of the data for training.
The results are presented in Table 5. In the small dataset scenario, all schemes perform better with the more
non-i.i.d. data distribution ( i.e., heterogeneity degree 2/10). A possible explanation is that when the dataset
size is limited, a more i.i.d. distribution results in fewer samples per label for each client, which can lead to
severe overfitting and, consequently, a decrease in accuracy. In all tested settings, our approach consistently
outperforms other SOTA algorithms.

Table 5: Classification accuracies with different heterogeneity degrees and varying dataset sizes. The higher
score, the better. Averages over 5 seeds are reported.

Small (Acc. (%)) Medium (Acc. (%))
Dataset CIFARI10 CIFAR100 CIFARI10 CIFAR100
Data heterogeneity 2/10  5/10 5/100 2/10  5/10 5/100

FedAvg (McMahan et al., 2017) 56.45  53.80 19.39 66.37  68.66 33.05
FedBE (H.-Y. Chen & Chao, 2020) 57.19  54.42 19.89 67.05  68.75 34.11

PerFedAvg (Fallah et al., 2020) 77.04 54.84 45.49 82.38  68.91 60.24
pFedMe (T Dinh et al., 2020) 61.37  57.53 37.27 78.14  70.45 47.15

MetaVD (Jeon et al., 2024) 57.02  54.58 20.74 67.52  68.58 34.23
pFedGP (Achituve et al., 2021) 55.14  52.27 19.05 67.11 68.25 33.29
pFedBayes (Zhang et al., 2022) 80.86  62.25 52.11 82.28  69.43 62.47

Ours 83.30 64.61 54.83 84.67 72.38 66.12

B.2 Impact of Noisy Dataset

To investigate the impact of noisy data on our algorithm, we use 10% of the CIFAR-10 samples, with each client
assigned 5 out of 10 labels, and apply 57 unique image corruption distributions as in Achituve et al. (2021).
Each client is assigned a distinct noise model, and within the client, each noisy data sample is randomly drawn
based on the assigned model. The results, as illustrated in Fig. 6, demonstrate the impact of noise on both
accuracy and calibration. The accuracy is represented along the x-axis, while ECE is plotted on the y-axis, with
better performance appearing closer to the lower right corner. The results show that models trained on the noisy
dataset suffer significant degradation in accuracy compared to those trained on the original dataset. However, our
approach calibrates the model well even under noisy datasets, remaining robust for providing reliable predictions
despite showing a lower accuracy.

B.3 On the Role of Coordinate Descent

In this section, we investigate different update strategies by comparing the coordinate descent approach used in
LR-BPFL with a joint update strategy, where the global deterministic model and the local Bayesian mask are
updated jointly, but only the deterministic model is shared with the server during each communication round.
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Figure 6: Test accuracy and ECE (%) on noisy and original CIFAR-10 dataset.

This setup is referred to as LR-BPFL (joint). As shown in Table 6, the coordinate descent approach leads to
significant improvements in both accuracy and calibration. These results indicate that decoupling the updates
of the global model and personalized masks allows the global model to focus on learning general patterns across
all clients via federated updates, while the personalized Bayesian masks adapt to local datasets, resulting in
enhanced overall performance.

Table 6: Performance comparison of LR-BPFL and LR-BPFL (joint) on the CIFAR-10 and CIFAR-100 datasets.
The table shows accuracy (in %), average expected calibration error (A-ECE), and worst-client calibration error
(W-ECE).

CIFAR-10 dataset CIFAR-100 dataset
2/10 5/10 5/100
Method ACC A-ECE W-ECE ACC A-ECE W-ECE ACC A-ECE W-ECE
LR-BPFL (joint) 80.79  0.065 0.194 61.76  0.154 0.297 52.93  0.115 0.246
LR-BPFL 83.30 0.030 0.096 65.68 0.038 0.111 56.49 0.054 0.124

B.4 The effect of rank selection

Since each Bayesian mask must retain at least one rank for personalization, we exclude the first rank from the
pruning strategy. In our experiments, each binary element of the diagonal vector A in the gating matrix is
relaxed to A = o(7), where o is the sigmoid function. The initial value of v is set at 3.5, and we set the pruning
threshold at 0.95. To encourage the selection of effective ranks, we apply an L2-norm regularization term with a
weight of 0.1 to the vector A in the loss function. We also set the learning rate to 0.001 for updating v. Fig. 7
illustrates an example of the final rank distribution per client. As shown, optimal ranks vary between different
layers and clients. This supports our hypothesis that clients require different BNN architectures to adapt to
their uncertainty levels.
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Figure 7: Resulting rank of each Bayesian mask based on the CIFAR-10 dataset using LR-BPFL. The x-axis
shows the layer index, and the y-axis represents different clients.



