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ABSTRACT

Personalized federated learning has emerged as a popular approach to training on
devices holding statistically heterogeneous data, known as clients. However, most
existing approaches require a client to have labeled data for training or finetuning
in order to obtain their own personalized model. In this paper we address this
by proposing FLowDUP, a novel method that is able to generate a personalized
model using only a forward pass with unlabeled data. The generated model
parameters reside in a low-dimensional subspace, enabling efficient communication
and computation. FLowDUP’s learning objective is theoretically motivated by our
new transductive multi-task PAC-Bayesian generalization bound, that provides
performance guarantees for unlabeled clients. The objective is structured in such a
way that it allows both clients with labeled data and clients with only unlabeled
data to contribute to the training process. To supplement our theoretical results we
carry out a thorough experimental evaluation of FLowDUP, demonstrating strong
empirical performance on a range of datasets with differing sorts of statistically
heterogeneous clients. Through numerous ablation studies, we test the efficacy of
the individual components of the method.

1 INTRODUCTION

Federated learning (FL) (McMahan et al., 2017) is a widely adopted approach to enable privacy-
preserving machine learning in distributed environments. Data holding devices (clients) cooperatively
train predictive models under the coordination of a central server, without sharing their local data.
Differing underlying behaviors often result in client data following different distributions, potentially
rendering single global model training ineffective (Kairouz et al., 2021). Personalized federated
learning (Smith et al., 2017) has emerged as a popular approach to address this challenge of statistical
heterogeneity. It enables clients to learn personalized models while still leveraging collective
knowledge from the broader network. However, since most approaches to personalization rely on
some form of finetuning on the client local data they require a client to have labeled data in order to
obtain a personalized model. This poses a major challenge for personalization in applications where
active participation from the client (i.e. user) is required to create labels for their local data. In such
scenarios, even though some clients will likely be labeled (have data with labels), the majority of
potentially participating clients will likely be unlabeled (i.e. have no labels for their data). Similarly,
most future clients will potentially also be unlabeled.

In this paper we address this issue with FLowDUP: Federated Low Dimensional Unlabeled
Personalization. FLowDUP learns to generate a personalized model for any client, even if
the client has only unlabeled data. To do so, it trains a hypernetwork (Ha et al., 2017) that takes as
input an unlabeled dataset and outputs the parameters of a personalized predictive model. Crucially,
rather than outputting all the parameters of a personalized model, the hypernetwork instead outputs a
parametrization in a subspace of much smaller dimension than the underlying personalized model.
The full model is obtained by multiplying the subspace parameters with a fixed (random) expansion
matrix. The use of a low-dimensional subspace is a crucial contribution of our work. It allows for
the generation of large model architectures and means that the hypernetwork is small and efficient
enough to be transmitted to and run on the client devices. This allows FLowDUP to adhere strictly to
the federated paradigm that clients data should not be transferred away from the device. Without it,
hypernetwork-based methods are only able to generate very small models and are only practical if
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the hypernetwork runs on the central server (Shamsian et al., 2021; Amosy et al., 2024; Scott et al.,
2024), which is at odds with the FL principle that clients’ data never leaves the clients’ device.

We propose a learning objective for FLowDUP that consists of two parts. The first part measures
the quality of the generated client models, for which it exploits that some of the clients at training
time do have labels. The second part prevents overfitting by penalizing large deviations between the
generated models and a learned regularization term. Evaluating it requires only unlabeled data, so
it can be computed from all clients available during training. FLowDUP and its learning objective
are motivated by theoretical results derived in a multi-task framework. Specifically, we prove a
generalization bound that provides performance guarantees on unlabeled clients. Our learning
objective is derived by optimizing terms that appear in this bound.

In addition to our theoretical contributions we carry out an experimental evaluation over a range of
datasets, exhibiting various types of statistical heterogeneity, and at a range of proportions of labeled
clients present during training. We conduct additional experiments and ablation studies to better
understand the different components of FLowDUP.

To summarize, our contributions are as follows:

• We propose FLowDUP, a method that generates low-dimensional personalized model
parameters using only an on-device forward pass on unlabeled data.

• We derive generalization bounds in a multi-task framework, which, in our FL setting, provide
guarantees on FLowDUP’s performance on unlabeled clients.

• Based on these bounds we propose a theoretically motivated training objective that is able to
also leverage unlabeled clients during training.

• We conduct an experimental evaluation demonstrating strong empirical performance of
FLowDUP and illustrate the efficacy of the individual components with ablation studies.

2 BACKGROUND

Notation We assume a federated setting with n clients participating in training. Each client
i ∈ {1, . . . , n} possesses a data distribution Di over shared inputs and output sets, X × Y . The
clients are statistically heterogeneous, meaning that Di ̸= Dj for i ̸= j is possible. We call nL
the number of clients that hold labeled data and nU the number that hold only unlabeled data, i.e.
nL + nU = n. Writing Si for the dataset of client i, and mi = |Si|, we then have

Si :=

{
(Xi, Yi) =

(
xji , y

j
i

)mi

j=1
∼ Di if i ∈ IL,

Xi =
(
xji
)mi

j=1
∼ Di|X if i ∈ IU ,

(1)

where Di|X denotes the marginal distribution of Di over X . We denote by f(· ; θ) : X → Y a
predictive model parameterized by θ ∈ Rd, and by ℓ : Y × Y → R a loss function, such that
ℓ(y, f(x; θ)) measures the prediction quality of f(· ; θ).

Learning in a subspace Modern neural networks use models with many parameters, often more
than the number of training examples. However, it has been shown that their intrinsic dimensionality
is much smaller than their number of parameters (Li et al., 2018), i.e. it is possible to learn strong
models in a random subspace of much smaller dimension than the full dimension of the model
parameter space. Formally, to learn model parameters θ ∈ Rd, given an initialization model θ0 ∈ Rd,
and a random expansion matrix P ∈ Rd×k (which describes the basis of a random subspace), we can
describe a model in the generated random subspace by learning a vector v ∈ Rk as

θ = θ0 + Pv. (2)

Prior work in standard learning Li et al. (2018) and recently multi-task learning Zakerinia et al. (2025)
showed that k can typically be chosen orders of magnitude smaller than d while still allowing high
accuracy models to be trained.

In this work, we keep the matrix P and the initialization θ0 fixed, such that θ is completely determined
by v. With a slight abuse of notation, we then also write f(· ; v) as shorthand for f(· ; θ0 + Pv).

2



108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

Under review as a conference paper at ICLR 2026

3 PERSONALIZED FEDERATED LEARNING WITH UNLABELED CLIENTS

3.1 TRAINING OBJECTIVE

Our goal is to generate personalized models for clients that possess only unlabeled data. We assume
we have access to labeled and potentially also unlabeled clients during training, and that future
clients we will encounter might be unlabeled. The primary object we work with is a hypernetwork
h : P(X ) → Rk, where P(X ) denotes the power set of X . The goal of h is take in an unlabeled
client dataset and output the (low dimensional subpace) parameters of a personalized model that
works for the underlying client data distribution. Formally, for (client) data Xi ⊂ X , h is defined as

h(Xi) := h2

(
1

|Xi|
∑
x∈Xi

h1(x)

)
, (3)

where h1 : X → Re is feature extraction module, which is followed by an average across the (batch
of) features, and a fully-connected module h2 : Re → Rk.

To generate model parameters for client i, given Xi, we first compute vi = h(Xi), then the full-
dimensional parameters for f are obtained by random expansion: θi = θ0+Pvi as defined in (2). The
final personalized model is f(· ; θi) : X → Y . Note that P is a random matrix and the initialization
θ0 is typically random, and both are fixed before training. Therefore, these matrices can be generated
on the client using an agreed-on random seed, and do not need to be transmitted via the network.

We denote the trainable parameters of h by ψh. Additionally, FLowDUP training also uses a learnable
regularization, ψr ∈ Rk, in the low dimensional model subspace to prevent overfitting. The learnable
parameters of FLowDUP are therefore ψ := (ψh, ψr).

Training FLowDUP means to learn parameters ψ that, given unlabeled data X , are able to output
personalized client model parameters that work on the distribution that X was drawn from. Our
proposed training objective for doing this has two parts, a loss L, and a (learnable) regularizer, Ω.

min
ψ
L(ψ) + λΩ(ψ), (4)

The loss measures the quality of a model that is generated for a client, and can therefore be evaluated
only on clients that have at least some labeled data,

L(ψ) :=
∑
i∈C

∑
(x′,y′)∈(X′

i,Y
′
i )

ℓ(y′, f(x′; h(Xi ; ψh))), (5)

where, C is a cohort (subset) of clients, Xi is a batch of data without labels from client i and (X ′
i, Y

′
i )

is a batch of data with labels from client i. In case (Xi, Yi) are empty, for example because client i has
no labeled data, the value of the sum is simply taken to be 0. Intuitively, L penalizes the hypernetwork
parameters ψh for outputting models that perform poorly on the clients’ data distributions. Notice
that different data batches are used to generate the client model and evaluate it. This is because we
want f to be good on the client distribution, and not just on the actual batch used to generate f .

The regularizer ensures that the learned models do not diverge too much from each other. It prevents
overfitting to individual clients by penalizing large deviations between client model parameters and a
global learned regularizer. It can be computed on all clients, as it depends only on unlabeled data:

Ω(ψ) :=
∑
i∈C
∥h(Xi ; ψh)− ψr∥2, (6)

where, again, C is a cohort of clients and Xi is an unlabeled batch of data from client i. Note that, as
required for federated learning, the participating clients and data batches can be different in every
update step. The regularization strength, λ ∈ R, is a hyperparameter. We provide a more in depth
and formal motivation for our loss function L, based on our generalization bound, in Section 4.

3.2 TRAINING PROCEDURE

FLowDUP is designed to be trainable by standard federated learning frameworks. Algorithms 1 and
2 show the necessary steps. Algorithm 1 shows the server steps of FLowDUP that follow a standard
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Algorithm 1 FLowDUP
1: Input: Client datasets {Si}ni=1, number of rounds T , global learning rate ηg, labeled client

sampling rate α
2: Initialize learnable parameters: ψ
3: for round t = 1 to T do
4: Server selects a subset of clients C, with fraction α labeled
5: for each client i ∈ C in parallel do
6: Client i receives current parameters ψ
7: Client i performs local updates: ∆ψi ← ClientUpdate(Si, ψ)
8: Client i sends update ∆ψi to server
9: end for

10: Server aggregates updates: ∆ψ ← 1
|C|
∑
i∈C ∆ψi

11: Server updates parameters: ψ ← GradientUpdate(ψ,∆ψ ; ηg)
12: end for
13: Return: Final parameters ψ

Algorithm 2 ClientUpdate
1: Input: client i, dataset Si, learnable parameters ψ, number of local epochs E, local batch size B,

local learning rate ηl, regularization strength λ
2: ψstart ← ψ
3: for local epoch j = 1 to E do
4: B ← client splits Si into batches of size B
5: for each batch in B do
6: Xi ← random half of batch B of data (no labels required)
7: (X ′

i, Y
′
i )← remaining half of batch B data (with labels if available, else Y ′

i ← ∅)
8: vi ← h(Xi;ψh)
9: Ω← ∥vi − ψr∥2

10: θi ← θ0 + Pvi
11: L ←

∑
(x′,y′)∈(X′

i,Y
′
i )
ℓ(y′, f(x′, θi)) // interpreted as L ← 0 if Y ′

i = ∅
12: g ← ∇ψ(L+ λΩ)
13: ψ ← GradientUpdate(ψ, g; ηl) // any suitable optimizers, e.g. SGD or Adam
14: end for
15: end for
16: Return: parameter update: ψ − ψstart

Federated Averaging (McMahan et al., 2017) pattern. Training proceeds over a number of rounds.
Each round, the server samples a subset of clients with the restriction that a certain fraction, α, are
clients with labeled data. Each client in the subset receives the current parameters ψ from the server,
computes an update to ψ and shares this update with the server. The server then aggregates the client
updates and uses the aggregate to update the learnable parameters using an update rule of their choice.

The most important step, namely the ClientUpdate, is shown in Algorithm 2. The client receives
the latest iteration of the parameters ψ from the server and computes an update direction to those
parameters by training on their local data for E local epochs. At each epoch, the client samples a
batch of data (line 5) and randomly splits the batch into two equal parts (lines 6, 7). The first part
is used to generate the subspace parameter v (line 8), note that no labels are required for this step.
The client then computes its contribution to the regularizer value Ω (line 9). Next, the labeled clients
compute the labeled portion of the loss L (line 11) of the generated client model on the second half
of the batch. The total loss is computed (line 12) and the client updates the learnable parameters ψ
with a single gradient step (line 13). After all local epochs have been run, the client computes the
difference between the final and initial parameters (line 16) and returns this update to the server.

3.3 MODEL GENERATION

After training, inference with FLowDUP is simple and lightweight, in particular it requires no model
training or finetuning, just a single forward pass through h. Given a client i, with unlabeled data

4
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Xi = (xji )
m
j=1, the client gets ψ from the server and generates a personalized model by passing Xi

through the hypernetwork: vi = h(Xi ; ψh) and expanding to full dimensionality: θi = θ0 + Pvi.
The client then has a personalized classifier f(· ; θi) that it can use (either on Xi or on future data).

4 THEORY

In this section, we provide a generalization bound for transductive multi-task learning in the PAC-
Bayesian framework, which provides a theoretical justification for our algorithm. In contrast to
inductive learning, which uses a labeled training dataset to learn a model for inference on future
samples, transductive learning (Vapnik, 1998), involves access to a set of unlabeled data for which
prediction are desired. Similarly, in transductive multi-task learning, there are both labeled and
unlabeled tasks, and the goal is to learn models for all tasks jointly. As our main theoretical
contribution, we prove a PAC-Bayesian generalization bound for transductive multi-task learning for
stochastic algorithms that generate a model given an unlabeled dataset. The proof and the general
results are provided in Appendix A. Here we provide a result tailored for our algorithm. Specifically,
define a Gaussian distribution over the parameters of the hypernetwrk, ρh = N (ψh ; αhId) for a
fixed αh, and n posterior models for n clients as Qi = N (h(Si ; ψh) ; αθId), and a regularization
distribution as Q = N (ψr ; αrId). Our result bounds the gap between the true risk,R, of all clients

R(ρh) = Eψ′
h∼ρh

1

n

n∑
i=1

E(x′,y′)∼Di
ℓ
(
y′, f(x′; h(Si ; ψ

′
h))
)
, (7)

and the training risk, R̂, of the labeled clients

R̂(ρh) = Eψ′
h∼ρh

1

nL

nL∑
i=1

1

m

m∑
j=1

ℓ
(
yji , f(x

j
i ; h(Si ; ψ

′
h))
)
.

Theorem 4.1. For all δ > 0, and any loss function ℓ : Y ×Y → [0, 1], the following statement holds
with probability at least 1 − δ over the sampling of nL clients of n clients and randomness of the
dataset. For all parameter vectors, ψ = (ψh, ψr):

R(ρh) ≤ R̂(ρh) +

√(
1− nL

n

) 1
2αh
∥ψh∥2 + c1

2nL

+ E
ψ′

h∼ρ

√
1

2αθ

∑n
i=1 Eψ′

r
∥h(Si ; ψ′

h)− ψ′
r∥2 + 1

2αr
∥ψr∥2 + c2

2mn
(8)

where c1 and c2 are logarithmic terms in n and nL.

Discussion. Theorem 4.1 provides a direct mathematical justification for FLowDUP. Our overall
goal is to achieve high accuracy across all tasks, i.e. minimize the left hand side of (8). That is
not a computable quantity, though, so as a proxy we instead minimize its upper bound on the right
hand side of (8). That consists of R̂(ρh), which corresponds to the training loss across labeled
tasks, i.e. FLowDUP’s loss L, and some complexity terms. Besides ∥ψh∥ and ∥ψr∥, which are
automatically minimized when using optimization steps with weight decay, the latter in particular
contains

∑n
i=1 Eψ′

r
∥h(Si ; ψ′

h) − ψ′
r∥2, which corresponds to FLowDUP’s regularizer Ω. The

difference between the theoretical viewpoint and the practical algorithm is that in practice we use
deterministic neural networks instead of stochastic models, so no expected value operations are
required. Also, we treat the regularization strength as a hyper-parameter that can be model-selected,
instead of relying on the (often overly pessimistic) values provided by generalization theory.

On a technical level, Theorem 4.1 has a number of desirable properties. Firstly, it directly reflects the
transductive setting, as it controls the risk across all clients in terms of the training loss of just the
labeled ones. The complexity term, however, is computed from all clients and its denominator scales
with the total number of available samples, which justifies the use of unlabeled clients during training,
which contribute to the learning of a shared regularizer. Finally, the sample complexity of the first
complexity term is improved by

√
1− nL/n compared to standard inductive bounds, which holds

the promise of better between-client generalization in transductive compared to inductive learning.
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5 EXPERIMENTS

Here we present our empirical results. In 5.1 we explain our experimental setup, in 5.2 we include our
main results and in 5.3 we provide additional experiments and ablation studies to better understand
FLowDUP. Implementation details and further ablation studies can be found in Appendix B. The
values in all results tables are given as the mean and standard deviation of runs over 3 random seeds.
We implement our experiments using the pfl-research library (Granqvist et al., 2024).

5.1 EXPERIMENTAL DETAILS

Baselines We are interested in producing a personalized model for an unlabeled client and consider
only baselines that are capable of doing this. The simplest to consider are those that train a single (full
dimensional) global model f on just the labeled clients. This of course results in a predictive model
that can be used by any unlabeled client. In this category we include Federated Averaging (FedAvg)
(McMahan et al., 2017) and FedProx (Li et al., 2020). We also include a baseline that we call LD-
FedAvg that trains the low dimensional subspace parameterization of f , using federated averaging.
This baseline therefore has the same client model f parameterization as the personalized models
generated by FLowDUP. Finally, we include two federated test time adaption methods: FedTTA (Ye
et al., 2024) and ATP (Bao et al., 2023). Both aim to personalize a globally trained model f , at
prediction time, to an unlabeled client with gradient updates obtained from an unsupervised loss.

Datasets We include a range of datasets with different types of statistically heterogeneous clients.
Following prior work in personalized FL we simulate label heterogeneity with a non-IID partitioning
of CIFAR-10 (Krizhevsky, 2009), where each client receives 100 datapoints from only 2 classes. We
simulate heterogeneity in the features X by partitioning and rotating Fashion-MNIST (Xiao et al.,
2017) and MNIST (LeCun et al., 1998), as first done by Ghosh et al. (2020). Specifically, we do this
by creating an IID partitioning of the dataset into clients, where each client receives 100 randomly IID
sampled datapoints. Then each client randomly samples a rotation from {0◦, 90◦, 180◦, 270◦} and
rotates all of their images by that amount. Finally, we also include results for FEMNIST (Caldas et al.,
2018), a federated dataset with 62 classes and an existing partition into around 3500 clients, holding in
total≈ 800000 datapoints. The clients in FEMNIST exhibit both feature (different writing styles) and
label (different class frequencies per client) heterogeneity. For each of the above datasets we simulate
a range of different levels of label prevalence in the clients. Specifically, for p ∈ {0.1, 0.2, 1.0} we
randomly choose pn of the n total clients to have labels and the rest are fully unlabeled.

Network architectures We run experiments using two different architectures for the client model
f , a CNN following prior work (McMahan et al., 2017) and a ResNet18 (He et al., 2016). On
partitioned CIFAR10 we present results for both the CNN and the ResNet18, for the remaining
datasets we use a CNN. For FLowDUP recall the structure of h is: h(X) = h2(

1
|X|
∑
x∈X h1(x)).

For our main results in Section 5.2 we always implement h1 using the same architecture (CNN
or ResNet18) as f for that particular setting. In Section 5.3 we explore the case when they differ.
We implement h2 as a fully connected network with a single hidden layer. Both FLowDUP and
LD-FedAvg work with subspace parameterizations of the client models f . For the results in Section
5.2 we set the subspace dimension to k = 104. This represents an approximately 15× reduction
in the number of client model parameters for the CNN and 1100× for ResNet18. We examine the
impact the choice of k has in 5.3. For FedTTA the global model architecture is the same as that used
for FedAvg and the adaptation model is the same 3-layer network as used in (Ye et al., 2024).

5.2 EXPERIMENTAL RESULTS

Our main results are shown in Tables 1 and 2. Table 1 shows class-partitioned CIFAR10 as we vary
the fraction of labeled clients present in the training set (p). The left part of the table shows the
results for when the model architecture is a CNN and the right part for ResNet18. The results show
that, with the exception of p = 0.2 for ResNet18, FLowDUP performs best across the board. As
expected all methods improve as the fraction of labeled clients increases and when we switch from
using a CNN to a ResNet18. Notably, even when using the CNN architectures, FLowDUP is able to
outperform the non-personalized baselines using a ResNet18. We also observe that LD-FedAvg has
significantly lower performance than FedAvg. This shows that in fact for a single global predictive
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Table 1: Class-partitioned CIFAR10 for varying fractions, p, of the training clients having labeled
data. Accuracy on unlabeled test clients.

Model CNN ResNet18
p 0.1 0.2 1.0 0.1 0.2 1.0
FedAvg 47.9 ± 0.1 53.5 ± 0.4 63.6 ± 0.4 63.6 ± 0.9 68.9 ± 0.7 75.9 ± 0.3
FedProx 47.6 ± 0.3 53.3 ± 0.3 63.7 ± 0.6 63.5 ± 0.8 68.8 ± 0.5 75.9 ± 0.3
LD-FedAvg 41.6 ± 0.6 47.8 ± 1.1 56.2 ± 0.7 54.6 ± 0.8 60.0 ± 0.5 65.4 ± 0.1
FedTTA 57.2 ± 1.0 60.2 ± 1.1 69.7 ± 3.8 69.3 ± 2.3 77.2 ± 1.5 81.9 ± 2.1
ATP 53.5 ± 2.1 67.3 ± 4.3 77.8 ± 2.0 71.3 ± 2.7 84.6 ± 1.4 89.6 ± 0.5
FLowDUP 66.1 ± 1.5 75.3 ± 1.8 86.6 ± 0.1 72.7 ± 1.3 82.9 ± 1.8 92.3 ± 0.4

Table 2: Rotated Fashion-MNIST (left) and FEMNIST (right) for varying fractions, p, of the training
clients having labeled data. Accuracy on unlabeled test clients.

Dataset Rotated Fashion-MNIST FEMNIST
p 0.1 0.2 1.0 0.1 0.2 1.0
FedAvg 77.7 ± 0.1 79.2 ± 0.2 81.4 ± 0.6 76.5 ± 0.3 78.0 ± 0.3 84.3 ± 0.1
FedProx 77.3 ± 0.7 78.7 ± 0.4 80.0 ± 0.6 72.3 ± 0.4 74.8 ± 0.4 83.3 ± 0.0
LD-FedAvg 76.1 ± 1.1 78.8 ± 0.3 81.3 ± 0.1 61.4 ± 1.4 74.4 ± 0.3 80.6 ± 0.4
FedTTA 78.3 ± 0.5 80.2 ± 0.1 81.2 ± 0.2 71.1 ± 2.4 72.6 ± 3.5 74.3 ± 3.1
ATP 76.7 ± 0.8 79.7 ± 0.7 81.5 ± 0.7 82.9 ± 0.1 83.7 ± 0.2 84.1 ± 0.4
FLowDUP 81.5 ± 0.3 83.3 ± 0.5 87.3 ± 0.2 84.5 ± 0.4 86.4 ± 0.3 89.3 ± 0.1

model, lower subspace dimension reduces the power of the model. However, FLowDUP’s strong
performance shows that, given a well learned representation of client heterogeneity in h, a low
dimensional subspace model can obtain good personalized performance.

Table 2 shows the results for Rotated Fashion-MNIST (left) and FEMNIST (right). The results for
Rotated MNIST can be found in the Appendix in Table 5. Here all methods use the CNN architecture.
When comparing to CIFAR10, for both these datasets the test-time adaptation methods, FedTTA and
ATP, perform quite poorly. This is to be expected given that they adapt the global model based on the
output logits of the unlabeled data. When statistical heterogeneity is present only in the labels (as is
the case for class-partitioned CIFAR10), the logits are a good summary of the client personalization
requirements. However, in the presence of feature heterogeneity the logits alone provide a poor
adaptation signal. FLowDUP performs better as it personalizes based on all the clients feature data.

5.3 ADDITIONAL STUDIES

Here we provide results from additional experiments investigating the components of FLowDUP. In
addition to these we include in the appendix a study of the effect that training with unlabeled clients
has (Tables 6 and 7) as well as the benefits of the learnable regularizer ψr (Table 8), and finally also
the effect of the labeled client sampling parameter α (Table 9).

Differing client model architectures We train h to output personalized model parameters in a
subspace of dimension k. However, for any given k we are still free to choose the architecture of
the client model f . Moreover, the choice of architecture of f does not affect the communication
cost of the training procedure (which is critical and typically the primary bottleneck when running
federated training in practice). It does, however, affect the compute cost on the client side. On the flip
side, the choice of hypernetwork architecture does affect the communication cost as h is transmitted
from server to client. This gives FLowDUP some flexibility when trading off communication
vs computational cost. In Table 3 we show results for CIFAR10 for different combinations of
hypernetwork and client model architectures. The results show that for a fixed subspace dimension k,
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Table 3: Accuracy of FLowDUP for architecture combinations on class-partitioned CIFAR10.

Model Architecture Fraction Labeled (p)

h1 f 0.1 0.2 0.5 1.0
CNN CNN 66.1 ± 1.5 75.3 ± 1.8 83.3 ± 1.5 86.6 ± 0.1
CNN ResNet18 71.4 ± 0.5 80.0 ± 3.3 88.0 ± 0.9 90.7 ± 0.2
ResNet18 CNN 67.0 ± 2.4 78.0 ± 3.1 87.3 ± 1.3 88.5 ± 1.1
ResNet18 ResNet18 72.7 ± 1.3 82.9 ± 1.8 91.0 ± 0.4 92.3 ± 0.4

Table 4: Accuracy of FLowDUP with different subspace dimensions, k, on class-partitioned CIFAR10.

Fraction Labeled (p) 0.1 0.2 0.5 1.0
FLowDUP (k = 200) 56.6 ± 1.9 65.7 ± 2.9 70.0 ± 1.8 71.2 ± 0.7
FLowDUP (k = 500) 60.0 ± 1.9 69.8 ± 2.8 75.9 ± 1.2 76.9 ± 0.8
FLowDUP (k = 2000) 64.5 ± 0.3 72.5 ± 1.7 80.3 ± 1.5 83.5 ± 0.9
FLowDUP (k = 10000) 66.1 ± 1.5 75.3 ± 1.8 83.3 ± 1.5 86.6 ± 0.1

changing the architecture of h1 or f can have a substantial impact on performance. Most notably,
when comparing row 1 with 2, and row 3 with 4, we see that changing f from a CNN to a ResNet18
gives a performance boost of 4-5% without incurring any additional communication cost.

Varying the subspace dimension While the choice of client model architecture affects only
the computational cost of FLowDUP, the subspace dimension k affects both communication and
computational cost. This is because the final layer of h has dimension k and the matrices in 2 scale
with k. Table 4 shows results for FLowDUP on CIFAR10 as we vary k. In these experiments we
fix the architectures of h1 and f to be CNN. We observe that performance increases monotonically
with k. Most notably we observe that, with the exception of p = 0.1, FLowDUP outperforms the
baselines, even for very low values of k which in turn incur low compute costs on the client.

Clients with rotation 0
Clients with rotation 90

Clients with rotation 180
Clients with rotation 270

Figure 1: Visualization of the client embeddings
on Rotated Fashion-MNIST. Projection to two
dimensions using PCA (left) and t-SNE (right).

Understanding dataset embeddings Recall
the hypernetwork architecture from (3). We can
interpret the input to h2 as an embedding repre-
sentation of the client dataset X , which we call

r(X) :=
1

|X|
∑
x∈X

h1(x). (9)

To better understand the inner workings of this
mechanism we visualize the space of dataset em-
beddings. Concretely, for each validation client in
the Rotated Fashion-MNIST dataset, we compute
r(Xi) for the h that was trained on the training
clients. For our experiments these representations are 256-dimensional, therefore to create a visualiza-
tion we apply dimensionality reduction. We separately apply both PCA and t-SNE (van der Maaten
& Hinton, 2008) to project the representations into 2 dimensions. The scatter plots (Figure 1) show
that FLowDUP learns to organize the space of client dataset representations according to the present
statistical heterogeneity, namely that the representations are clustered according to which rotation
the data has. Note that nowhere in the learning objective is this hard coded. Rather FLowDUP has
learned the type of heterogeneity present in the client datasets, and organized the representation space
so that in this case, roughly speaking, clients with the same rotation receive the same model.
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6 RELATED WORK

Personalized federated learning for unlabeled clients First proposed by Smith et al. (2017),
personalized FL arose from the observation that statistical heterogeneity of client data distributions
can make training a single global model suboptimal (Kairouz et al., 2021). However, most works in
personalized FL assume that all clients hold labeled data that they can use to obtain a personalized
model, see Appendix C. A small number of works have looked at the problem of personalizing models
to unlabeled clients. Ye et al. (2024) apply a popular test time adaptation method to a FL setting.
A global predictive model is personalized on a client using gradient updates obtained with forward
passes through an adaptation model. Closest to our own work are Amosy et al. (2024); Scott et al.
(2024) which use a combination of an embedding network and hypernetwork to generate personalized
models using only unlabeled data. Their approaches differ from ours in two key aspects. Firstly,
while they are able to produce personalized models for unlabeled clients, they are not able to use
the unlabeled clients during training. In contrast, FLowDUP also leverages unlabeled clients during
training, which leads to improved performance. Secondly, and more importantly, they generate all the
parameters of the personalized model, rather than a low dimensional parameterization as FLowDUP
does. Due to the high computational cost of this approach they are only able to generate very small
personalized models for the clients. Moreover, even for such small models the hypernetwork is too
large to send to the clients and instead remains on the server. This leads to complicated multi-step
communication schemes that are inefficient and break the federated learning paradigm of working
only with aggregate client statistics in order to maintain privacy. Finally, several works have explored
Federated Representation Learning in the presence of statistically heterogeneous clients (Zhang et al.,
2020; Jang et al., 2022). These methods typically aim to learn a feature extractor(s) using unlabeled
client data. However, obtaining a personalized predictive model on the client would still require the
client to possess labels, and as such these methods are not applicable to the task we aim to solve.

Theory Beyond standard single-task learning, it has been shown that in multi-task learning
(MTL) (Caruana, 1997; Baxter, 1995), when learning multiple related tasks, sharing information
between them can provably improve the performance. Specifically, different works had studied the
generalization behavior of multi-task learning(Maurer, 2006; Crammer & Mansour, 2012; Pontil &
Maurer, 2013; Pentina & Lampert, 2017; Yousefi et al., 2018; Du et al., 2021) using notions like
VC-dimensions(Vapnik & Chervonenkis, 1971) or Rademacher complexity(Bartlett & Mendelson,
2002). Recently, with the success of PAC-Bayesian bounds for studying generalization behavior of
neural networks (Dziugaite & Roy, 2017), and due to their strength in parameterizing multi-task
learning and meta-learning(Schmidhuber, 1987), PAC-Bayes multi-task learning has become an
active line of research (Pentina & Lampert, 2014; Amit & Meir, 2018; Rothfuss et al., 2023; Guan &
Lu, 2022; Zakerinia et al., 2024), However, the focus of these works is inductive multi-task learning,
where all tasks have access to labeled data. In contrast in this work, we introduce transductive
multi-task learning, where only a subset of the tasks have labeled data.

7 CONCLUSION

We presented FLowDUP, a method that can generate personalized models for clients using only a
single forward pass with unlabeled data. FLowDUP’s training objective is theoretically motivated by
our new generalization bound in a transductive multi-task framework and is able to make use of both
labeled and unlabeled clients during training for improved performance. Our empirical evaluation
demonstrated that FLowDUP can achieve strong performance in the presence of both feature and
label heterogeneity. In additional studies, we investigated the effect of model architecture choices,
subspace dimension, the benefit of using unlabeled clients and how FLowDUP is able to capture
dataset heterogeneity.

FLowDUP’s main strength is also its main limitation: because it uses only the unlabeled data
to produce a personalized model, it will struggle in a setting where the conditional distributions,
(Di)Y |X , differ across clients in a way such that knowledge of the marginals, (Di)X , are insufficient
to infer good predictive models. Such situations could be possible, for example, in subjective
prediction tasks, such as product recommendations or sentiment analysis. This limitation is not
specific to FLowDUP though: all methods that rely only on unlabeled client data would fail in this
setting, so additional information sources would be required, such as meta-data or user participation.

9
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8 REPRODUCIBILITY STATEMENT

Our methodological contribution is described in Section 3. Algorithms 1 and 2 contain all details for
understanding and implementing the proposed method. Our theoretical contribution is presented in
Section 4. In particular our main result is stated in Theorem 4.1. All our assumptions and proofs are
provided in full in Appendix A. Finally, our experimental evaluation is presented in Section 5. We
provide all implementation details including baselines, datasets, models and hyperparameter settings
in Section 5.1 and in Appendix B.2.
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A TRANSDUCTIVE MULTI-TASK LEARNING

In this section, we provide our general theoretical contributions and their proof.

PAC-Bayesian theory (McAllester, 1998) studies the generalization behavior of stochastic
models (a distribution over a set of models f ∈ F). Formally, when training a posterior distribution
Q ∈ M(F) using a dataset S consisting of mL i.i.d. labeled samples from a distribution D over
X × Y , PAC-Bayes bounds guarantee upper-bounds for the true risk of a posterior Q i.e.R(Q) =

Ef∼Q E(x,y)∼D ℓ(f, x, y) based on its training risk (R̂(Q) = Ef∼Q 1
mL

∑mL

i=1 ℓ(f, xi, yi)), and a
complexity term based on KL(Q∥P ) where P ∈M(F) is a data-independent prior over the space
of models, and KL is the Kullback-Leibler divergence. As an example, from (Maurer, 2004) we have
that for any prior P , and any δ > 0, over the sampling of the dataset S for all posteriors Q it holds:

R(Q)) ≤ R̂(Q) +

√
KL(Q∥P ) + log(

2
√
mL

δ )

2mL
, (10)

This bound holds in an inductive learning setting, i.e. we have a distribution D, and the goal is to
generalize from training data to the unseen data. On the other hand, in transductive learning (Vapnik,
1998), there is a set of labeled data, and a set of unlabeled data, and the goal is to generalize from
labeled to unlabeled data. Transductive learning has also been studied in the PAC-Bayes literature.
Therefore, if we have m samples which mL of them is labeled we want to generalize from R̂(Q) to
Ef∼Q 1

m

∑m
i=1 ℓ(f, xi, yi). For this problem, Bégin et al. (2014) have proved for any prior P , and

any δ > 0, over the sampling of mL labeled samples out of m samples (without replacement) for all
posteriors Q it holds:

E
f∼Q

1

m

m∑
i=1

ℓ(f, xi, yi) ≤ R̂L(Q) +

√
(1− mL

m
)
KL(Q∥P ) + log( t(mL,m)

δ )

2mL
, (11)

where t(mL,m) = 3 log(mL)
√
mL(1− mL

m ). Since the dominant term in both bounds is the KL

terms, the transductive setting has an improved generalization guarantee by a factor of
√
1− mL

m .

PAC-Bayes multi-task learning Beyond standard single-task learning, it has been shown theo-
retically that when learning multiple related tasks, sharing information between them can improve
performance. Formally, in multi-task learning (MTL) (Caruana, 1997), there are n tasks with different
distributions D1, . . . , Dn and respective datasets S1, . . . , Sn, and the goal is to learn individual
models (or Posteriors) jointly. Meta-learning (Schmidhuber, 1987), or learning to learn (Thrun &
Pratt, 1998), extends multi-task learning to the setting where there will also be future tasks that are
not observed yet, with the assumption that the observed tasks and future tasks are all i.i.d. samples
from a distribution τ over an environment of tasks (Baxter, 2000). In multi-task learning, the goal
is to generalize from the average training error to the average true risk of observed clients, and in
meta-learning, the goal is to generalize to the expected true risk over τ . Given that in the training
step, we can not learn a model for future tasks, meta-learning is formalized as learning an algorithm
to apply to a future task. However, past works focused on multi-task learning and meta-learning in an
inductive way, i.e. the model suggested by Baxter (2000). In this work, we focus on a transductive
version where there are n tasks, out of which nL tasks are selected randomly to have a labeled dataset,
and the remaining n− nL tasks have only unlabeled data.

Following Pentina & Lampert (2014), PAC-Bayes is a popular framework to study multi-task learning
and meta-learning, given its ability to share information between tasks through the concept of a
prior. In this work, we follow the framework introduced in Zakerinia et al. (2024). As our theoretical
contribution, we prove new bounds for the transductive multi-task learning scenario we described.

Formally, we have access to nL labeled datasets and n− nL unlabeled datasets, and our goal is to
generate models with good performance on all tasks. Since we have unlabeled tasks, we work with
a family of algorithms A that can create posteriors from unlabeled data i.e. A : P(X ) → M(F)
is a mapping from the set of unlabeled datasets to models. We aim to learn a stochastic algorithm
i.e. a meta-posterior over a set of algorithms (ρ ∈M(A)) that have good performance on all tasks.
For each algorithm, A(X1), . . . , A(Xn) are the task posteriors, and we denote to Q(A) as a hyper-
posterior, a distribution over priors to capture the similarities between the outputs of the algorithm,
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and to have a data-dependent prior for our PAC-Bayes bounds. For a detailed explanation of the role
of hyper-posterior, we refer the reader to Zakerinia et al. (2024).

For each meta-posterior, our goal is to minimize the average true risk of all tasks:

R(ρ) = EA∼ρ
1

n

n∑
i=1

E(xi,yi)∼Di
E

f∼A(Xi)
ℓ(yi, f(xi)) (12)

However, the true distribution of tasks is unknown, and we can not compute the training risk of
unlabeled clients; therefore, the computable object is the average training risk of labeled clients:

R̂(ρ) = EA∼ρ
1

nL

nL∑
i=1

1

m

m∑
j=1

E
f∼A(Xi)

ℓ(yi,j , f(xi,j)) (13)

We now state our main theoretical results:
Theorem A.1. For any fixed meta-prior π, fixed hyper-prior P and any δ > 0 with probability at
least 1− δ over the sampling of the datasets, for all distributions ρ ∈M(A) over algorithms, and
for all hyper-posterior functions Q : A →M(M(F)) it holds

R(ρ) ≤ R̂(ρ) +

√
(1− nL

n
)
KL(ρ||π) + log( t(nL,n)

δ )

2nL
+ E
A∼ρ

√
C(A,Q,P) + log( 8mnδ ) + 1

2mn
(14)

where,

C(A,Q,P) = KL(Q(A)∥P) + E
P∼Q(A)

n∑
i=1

KL(A(Si)||P ) (15)

Proof. For the proof, we define the following intermediate objective, which quantifies the training
risk of all clients. Note that this object exists (There is a labeling for the unlabeled data, however, we
do not have access to them, i.e. the loss function for unlabeled clients is well-defined, but we can not
compute it.)

R̃(ρ) = EA∼ρ
1

n

n∑
i=1

1

m

m∑
j=1

E
f∼A(Xi)

ℓ(yi,j , f(xi,j)) (16)

We divide the proof into boundingR(ρ)− R̃(ρ), and bounding R̃(ρ)− R̂(ρ) separately. For stating
our results, we use the following notations as in Zakerinia et al. (2024):

• Posterior Q(A,Q(A)): given as input an algorithm A ∈ A and a hyper-posterior mapping
Q : A →M(F) as input, it outputs the distribution overM(F)×F⊗n with the following
generating process: i) sample a prior P ∼ Q(A), ii) for each task, i = 1, . . . , n, sample a
model fi ∼ A(Xi).

• Prior P: For the hyper-prior P ∈M(F) as input, it outputs the distribution overM(F)×
F⊗n with the following generating process: i) sample a prior P ∼ P , ii) for each task,
i = 1, . . . , n, sample a model fi ∼ P .

First part is boundingR(ρ)− R̃(ρ) i.e. multi-task generalization bound for all n tasks. The change
of objective and intermediate step we have here compared to Zakerinia et al. (2024) allows us to
consider the generalization behavior of all tasks (labeled and unlabeled) in contrast to only the labeled
tasks. For the proof, for any task i and any model fi we define:

∆i(fi) = E
x∼Di

ℓ(y, fi(x))−
1

m

m∑
j=1

ℓ(yi,j , fi(xi,j)) (17)
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By this definition and the definitions of R̃ andR we have:

E
(P,f1,f2,...,fn)∼Q(A,Q(A))

[ 1
n

n∑
i=1

∆i(fi)
]
= R(A)− R̃(A) (18)

By change of measure inequality (Seldin et al., 2012), for any λ > 0, any A ∈ A and any Q : A →
M(M(F)), we have:

R(A)− R̃(A)− 1

λ
KL

(
Q(A,Q(A))||P

)
≤ 1

λ
log E

(P,f1,f2,...,fn)∼P

n∏
i=1

e
λ
n∆i(fi) (19)

Because P is independent of S1, ..., Sn, we have

E
S1,...,Sn

E
(P,f1,f2,...,fn)∼P

n∏
i=1

e
λ
n∆i(fi) = E

P∼P

n∏
i=1

E
Si

E
fi∼P

e
λ
n∆i(fi) (20)

By Hoeffding’s lemma for ∆i(fi) ∈ [0, 1], we have

E
Si

E
fi∼P

e
λ
n∆i(fi) ≤ e

λ2

8n2m . (21)

Therefore by combining (20) and (21) we have:

E
S1,...,Sn

E
(P,f1,f2,...,fn)∼P

n∏
i=1

e
λ
n∆i(fi) ≤ e λ2

8nm . (22)

By Markov’s inequality, for any ϵ > 0 we have

PS1,...,Sn

(
E

(P,f1,f2,...,fn)∼P

n∏
i=1

e
λ
n∆i(fi) ≥ eϵ

)
≤ e λ2

8nm−ϵ (23)

Hence by combining (19) and (23) we get

PS1,...,Sn

(
∃A,Q : R(A)− R̃(A)− 1

λ
KL(Q(A,Q(A))||P(P)) ≥ 1

λ
ϵ
)
≤ e λ2

8nm−ϵ, (24)

or, equivalently, it holds for any δ > 0 with probability at least 1− δ
2 :

∀A,Q : R(A)− R̃(A) ≤ 1

λ
KL(Q(A,Q(A))||P) +

1

λ
log(

2

δ
) +

λ

8nm
(25)

With a union bound for λ ∈ {1, . . . , 4mn}, and choosing the best λ we get:

PS1,...,Sn

(
∀A,Q : R(A)− R̃(A) ≤

√
KL

(
Q(A,Q(A))||P

)
+ log( 8mnδ ) + 1

2mn

)
≥ 1− δ

2
(26)

With probability at least 1− δ
2 , the bound holds for all A ∈ A, therefore, we can take the expectation

for A ∈ ρ. Given that EA∼ρ[R(A)− R̃(A)] = R(ρ)− R̃(ρ)], the following holds with probability
at least 1− δ

2 , for all ρ, and Q:

∀ρ,Q : R̃(ρ)− R̂(ρ) ≤ E
A∼ρ

√
KL(Q(A,Q(A))||P) + log( 8mnδ ) + 1

2mn
. (27)

For KL(Q(A,Q(A))||P), we have:

KL(Q(A,Q(A))||P) = E
P∼Q(A)

[
E

fi∼A(Xi)
ln
Q(A)(P )

∏n
i=1A(Xi)(fi)

P(P )
∏n
i=1 P (fi)

]
= E
P∼Q(A)

[
ln
Q(A)(P )
P(P )

]
+ E
P∼Q(A)

[ n∑
i=1

E
fi∼A(Si)

ln
A(Xi)(fi)

P (fi)

]]

= KL(Q(A)∥P) + E
P∼Q(A)

n∑
i=1

KL(A(Si)||P ) (28)
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Combining equations (27) and (28) gives that with probability 1− δ
2 , for all ρ ∈M(A),Q : A →

M(M(F)):

R̃(ρ)− R̂(ρ) ≤ E
A∼ρ

√
C(A,Q,P) + log( 8mnδ ) + 1

2mn
(29)

For the second part, we apply the transductive bound (11) to generalization between R̃(ρ) and R̂(ρ),
we get:

R(ρ) ≤ R̂(ρ) +

√
(1− nL

n
)
KL(ρ||π) + log( t(nL,n)

δ )

2nL
(30)

Combining (29) and (30) proves the theorem.

From this general theorem, we can now prove the generalization bound for our algorithm FLowDUP.
Theorem 4.1. For all δ > 0, and any loss function ℓ : Y ×Y → [0, 1], the following statement holds
with probability at least 1 − δ over the sampling of nL clients of n clients and randomness of the
dataset. For all parameter vectors, ψ = (ψh, ψr):

R(ρh) ≤ R̂(ρh) +

√(
1− nL

n

) 1
2αh
∥ψh∥2 + c1

2nL

+ E
ψ′

h∼ρ

√
1

2αθ

∑n
i=1 Eψ′

r
∥h(Si ; ψ′

h)− ψ′
r∥2 + 1

2αr
∥ψr∥2 + c2

2mn
(8)

where c1 and c2 are logarithmic terms in n and nL.

Proof. For each hypernetwork with trainable parameters ψh, consider an algorithm A that for task i
generates A(Si) = N (h(Si ; ψh) ; αθId).

For each v ∈ Rk, the corresponding prior is P = N (v;αθId), and P = N (0;αrId) is the hyper-
prior over priors i.e. over their mean. Define the meta-prior as π = N (0;αhId) over A i.e. over
hypernetwork parameters ψh.

Define the meta-posterior as a Gaussian distribution over the parameters of the hypernetwork,
ρh = N (ψh ; αhId) for a fixed αh. Define the hyper-posterior as Q = N (ψr ; αrId).

By applying the theorem A.1 to the defined distributions, we complete the proof.
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B EXPERIMENTS

Here we include additional experiments (Section B.1) and implementation details (Section B.2).

B.1 ADDITIONAL EXPERIMENTS

Rotated MNIST We include here results for Rotated MNIST The observations here are broadly
similar to those discussed in Section 5.2 with FLowDUP exhibiting the best performance overall.

Table 5: Accuracy on Rotated MNIST for varying fractions (p) of the training clients having labeled
data.

Fraction Labeled (p) 0.1 0.2 0.5 1.0
FedAvg 92.9 ± 0.2 94.8 ± 0.2 96.0 ± 0.2 96.4 ± 0.1
FedProx 92.8 ± 0.4 94.7 ± 0.1 95.8 ± 0.2 96.3 ± 0.1
LD-FedAvg 90.5 ± 0.3 92.4 ± 0.3 94.1 ± 0.0 95.0 ± 0.1
FedTTA 93.2 ± 0.3 94.8 ± 0.1 96.6 ± 0.1 97.3 ± 0.1
FLowDUP 94.0 ± 1.4 96.6 ± 0.4 97.8 ± 0.1 98.5 ± 0.1

The effect of unlabeled clients One of the advantages of FLowDUP is that it’s learning objective
is structured in such a way that it allows unlabeled clients that are present during training to contribute
to regularizing h. Specifically, unlabeled clients are able to compute the regularizer Ω in 6 and obtain
from this a gradient update for ψ. Here we investigate the effect that unlabeled clients have. To do
this we run FLowDUP on partitioned CIFAR10 both with and without using the unlabeled clients.
For FLowDUP without unlabeled clients we set the cohort size to 100 and sample only clients with
labeled data. For FLowDUP with labeled clients we set the cohort size to 200 and the labeled client
sampling rate to α = 0.5 so that the number of labeled clients present during each round is the same
in both cases. We vary the total fraction of labeled clients, with p ∈ {0.05, 0.1, 0.2, 0.5}. As always
we set k = 104. Tables 6 and 7 show the results. As we can see, overall using unlabeled clients leads
to an increase in performance. This is most pronounced for lower values of p (in particular at p = 0.5
the effect is small or negligible) and occurs for both architectures.

Table 6: Partitioned CIFAR10 Accuracy for CNN.
Fraction Labeled (p) 0.05 0.1 0.2 0.5
FLowDUP (without unlabeled) 51.5 ± 1.8 65.3 ± 1.3 74.5 ± 1.3 82.5 ± 1.0
FLowDUP (with unlabeled) 52.3 ± 1.4 67.5 ± 0.4 76.6 ± 2.3 83.8 ± 0.7

Table 7: Partitioned CIFAR10 Accuracy for ResNet18.
Fraction Labeled (p) 0.05 0.1 0.2 0.5
FLowDUP (without unlabeled) 54.8 ± 1.3 71.7 ± 1.2 83.3 ± 3.5 90.5 ± 0.4
FLowDUP (with unlabeled) 57.5 ± 1.6 72.6 ± 0.6 83.0 ± 2.7 90.6 ± 0.7

The learnable regularizer FLowDUP prevents overfitting by penalizing large deviations between
the generated client subspace parameters and a learned regularizer ψr. Intuitively, we can think of ψr
as a global subspace model that clients should not deviate too much from. Through the lens of our
theoretical results, 4.1, ψr is the mean of a learnable prior distribution on the client models. Here
we investigate the efficacy of learning the regularizer. To do this we replace ψr by 0, so that the
regularization term in the loss becomes instead

Ω =
∑
i∈C
∥h(X ; ψh)∥2. (31)

18



972
973
974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989
990
991
992
993
994
995
996
997
998
999
1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025

Under review as a conference paper at ICLR 2026

Table 8: The effect of learning the regularizer ψr. Accuracy on partitioned CIFAR10 for CNN.
Fraction Labeled (p) 0.1 0.2 0.5 1.0
FLowDUP (Without Learnable Reg) 65.5 ± 0.4 75.2 ± 0.8 83.3 ± 1.7 85.6 ± 0.8
FLowDUP (With Learnable Reg) 67.5 ± 0.4 76.6 ± 0.3 83.8 ± 0.7 86.6 ± 0.1

Table 9: The effect of the labeled client sampling rate α. Accuracy on partitioned CIFAR10 for CNN.
α 0.1 0.2 0.5 0.8 0.9

Accuracy 71.4 ± 2.8 74.4 ± 1.1 75.0 ± 3.2 75.6 ± 1.5 75.3 ± 1.8

Note, this is of course still a reasonable regularizer more in line with classic ℓ2 regularization. We train
FLowDUP using this new non-learnable regularizer and compare it our proposed version using the
learnable regularizer 6. As in the previous section we again take a cohort size of 100 labeled clients
and 100 unlabeled clients each round, i.e. α = 0.5. We set k = 104 and vary p ∈ {0.1, 0.2, 0.5, 1.0}.
The results can be seen in Table 8. They indeed show that the extra flexibility afforded by learning
the regularizer leads to a modest boost in performance for all values of p.

Labeled Client Sampling Rate The hyperparameter α is introduced in order to fix the fraction of
clients with labels participating per round. This is important for controlling the amount of labeled
signal per round, which is particularly relevant when the number of unlabeled clients is much
larger than the number of labeled clients. If we sampled only (or nearly only) unlabeled clients our
hypernetwork would not learn to generate good models. Here we include an ablation study testing
the influence of α. We do this in the setting of CIFAR10 with CNN and p = 0.2 from Table 1. The
results are shown in Table 9. As we can see, performance decreases if α is chosen too low and
plateaus quite quickly as we increase it.

B.2 IMPLEMENTATION DETAILS

Hyperparameters There are number of general federated learning hyperparameters that are shared
across methods. We train all methods for the same number of global rounds T . For class partitioned
CIFAR10 and FEMNIST we set T = 1000 while for Rotated Fashion-MNIST and Rotated MNIST
we set T = 500. All methods use a client cohort size each round of size 100, a local number of
epochs set to E = 1 and a local batch size of B = 20 for FEMNIST and B = 50 on all other datasets.
For all methods we tune the local learning rate ηl on validation clients.

Regarding method specific hyperparameters. For FedProx, we set µ following Li et al. (2020), that is
µ = 1 initially and is updated over the course of training as described in Li et al. (2020). For FedTTA
we tune the adaptive learning rate. For FLowDUP, unless otherwise stated, we set the labeled client
sampling rate to α = 0.9 and the subspace dimension to k = 104. We tune the regularization strength
λ.

Model architectures When used for prediction the CNN follows the architecture used in prior
work (McMahan et al., 2017) while the ResNet18 follows the standard architecture with the final
classification layer having output dimension 10 for the 10 classes present in CIFAR10. When used
for h1, we instead replace the final linear layers of the CNN and ResNet18 with another with output
dimension 256. For h2 we always use a fully connected network with a single hidden layer and ReLU
non-linearity.
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B.3 COMPARISON TO OTHER BASELINES WITH LABELED DATA

In this section, we report an additional comparison when clients have access to labeled data. We
use the baselines that require labeled data and are unable to generate a model in the original setting
of our paper, i.e., personalization with unlabeled data. We report the results for CIFAR10 and
FEMNIST from Scott et al. (2024), for Per-FedAvg (Fallah et al., 2020), FedRep (Collins et al.,
2021), pFedMe (Dinh et al., 2020), kNN-Per (Marfoq et al., 2022), pFedHN (Shamsian et al., 2021),
and PeFLL (Scott et al., 2024).

The setup of this experiment is the same as our results for CNN in Table 1 and FEMNIST in Table 2,
when p = 1. The results for FLowDUP use labeled clients to train the hypernetwork, however does
not use labels to generate the final personalized model. As it is shown in Table 10, our method
outperforms all the baselines except PeFLL, which is slightly better than FLowDUP. However, PeFLL
has much more communication overhead and comes with privacy violations as discussed in Section 6.

Table 10: Comparison in the setting that clients have labeled data.
Method CIFAR10 FEMNIST

Per-FedAvg 69.0± 2.5 81.1± 1.5
FedRep 77.4± 1.7 82.8± 0.7
pFedMe 74.3± 1.4 86.1± 0.4
kNN-Per 80.8± 1.5 84.6± 0.6
pFedHN 60.9± 2.4 82.5± 0.1
PeFLL 88.9± 0.6 90.7± 0.2

FLowDUP 86.6 ± 0.1 89.3 ± 0.1

C ADDITIONAL RELATED WORK

Personalized federated learning Approaches to personalized FL typically fall into one of the
following categories: Meta-learning based approaches (Jiang et al., 2019; Fallah et al., 2020) which
learn a single global model that can be easily personalized using a small number of gradient steps
on the client. Parameter decomposition-approaches (Arivazhagan et al., 2019; Collins et al., 2021;
Marfoq et al., 2022; Chen et al., 2023; Wu et al., 2023) which divide the learnable parameters into
some that are shared across clients (such as a feature extractor) and some that are specific individual
to each client (such as a classification head). Federated multi-task approaches (Smith et al., 2017;
Dinh et al., 2020; Hanzely et al., 2020; Marfoq et al., 2021; Li et al., 2021; Lin et al., 2022; Ye et al.,
2023; Zhang et al., 2023) learn separate models for each client while still sharing some information
across clients, for instance by regularizing towards some global model. All of the above approaches,
however, require a client to have labeled data in order to obtain a personalized model.

Learning in a subspace This formulation of intrinsic dimensionality and learning in a subspace
has been studied in different contexts in the literature. Li et al. (2018) introduced the formulation
and showed that for real-world problems the intrinsic dimension is much smaller than the total
number of parameters k ≪ d. Aghajanyan et al. (2021) showed that pretraining reduces the intrinsic
dimensionality of fine-tuning. Lotfi et al. (2022) used this parametrization to achieve non-vacuous
generalization bounds for neural networks. Zakerinia et al. (2025) extended the definition of the
intrinsic dimension to multi-task learning. Park et al. (2025) used the formulation for black-box
prompt tuning. Lin et al. (2022) used it to reduce the communication of the global model in
personalized federated learning.
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