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ABSTRACT: Federated semi-supervised learning (FSSL) has garnered substantial attention for enabling collaborative
global model training across multiple clients to address the scarcity of labeled data and to preserve data privacy.
However, FSSL is plagued by formidable challenges stemming from cross-client data heterogeneity, as existing methods
fail to achieve effective fusion of feature subspaces across distinct clients. To address this issue, we propose a novel FSSL
framework, named FedSPQR, which is explicitly tailored for the label-at-server scenario. On the server side, FedSPQR
adopts subspace clustering and fusion method based on the Grassmann manifold to construct a unified global feature
space, which is further leveraged to refine the global model. On the client side, the pre-established global feature space
acts as a benchmark for aligning the local feature subspaces. Based on the aligned local feature subspaces, integrating
self-supervised learning with knowledge distillation facilitates effective local learning to alleviate local bias caused by
data heterogeneity. Extensive experiments on two standard public benchmarks confirm that FedSPQR outperforms
state-of-the-art (SOTA) baselines by a significant margin.
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1 Introduction
Federated Learning (FL) has been successfully applied across various fields, including finance and

healthcare [1]. Compared with traditional machine learning, FL can train a global model without sharing
training data [2]. Therefore, it ensures the security of training data during the training process. However, a
major practical challenge is the scarcity of labeled data, which significantly impedes the training effectiveness
of FL [3].

FSSL integrates FL with semi-supervised learning (SSL) to train global models by leveraging both the
limited labeled and the abundant unlabeled data, all while maintaining data privacy [4]. FSSL scenarios
can be divided into two categories: label-at-server and label-at-client scenarios [5,6]. In the label-at-server
scenario, the clients possess only unlabeled data and therefore perform local unsupervised learning. The
server, which holds the labeled data, conducts supervised learning and aggregates the local models received
from the clients [7]. Conversely, in the label-at-client scenario, the clients with both labeled and unlabeled
data perform semi-supervised learning, and the server’s role is limited to model aggregation [8]. Training
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a global model is more complex in the label-at-server scenario than in the label-at-client scenario [9].
Therefore, this paper focuses on the label-at-server scenario. Existing FSSL methods tailored to this setting
are confronted with two primary challenges.

• Data heterogeneity among clients:Traditional FL models, such as FedAvg [10], are built on the funda-
mental assumption that data across clients is independent and identically distributed (IID). However,
this assumption often fails in practice due to minimal restrictions on participating clients, leading to
data heterogeneity (non-IID). Such non-IID data not only causes global model bias and convergence
difficulties, but also makes the model prone to getting stuck in local optima [11,12].

• Training inconsistency and low aggregation efficiency:In the label-at-server scenario, the server uses
labeled data for supervised learning, while the clients employ consistency regularization to extract
knowledge from their local unlabeled data. The disparity between these two distinct learning tasks
creates a significant performance gap, which reduces the overall training efficiency. Although existing
methods leverage semi-supervised learning techniques, such as pseudo-labeling, to improve learning
consistency, the aggregation process remains inefficient due to the global model’s limited performance
in the early training stages [13,14].

Although recent FSSL methods have attempted to address these issues, their approaches often remain
inadequate. To cope with data heterogeneity, many methods simply adapt regularization techniques. How-
ever, these methods operate primarily on the parameter space of the model and do not explicitly reconcile
the underlying feature distribution drift across clients. Consequently, the aggregated global model lacks a
coherent and unified feature representation. Regarding training inconsistency, common solutions involve
applying SSL techniques like pseudo-labeling on the clients. The global model is aggregated from local
models on client sides and updated with the limited labeled data on the server side. So, in the early stages
of training, the global model tends to produce low-quality pseudo-labels for unlabeled data. This initiates a
vicious cycle: poor global guidance induces noisy local updates, which impair subsequent global aggregation
quality and further lead to slow convergence as well as suboptimal performance.

In this paper, we propose a novel federated semi-supervised learning framework, denoted as FedSPQR,
to address the aforementioned challenges. To tackle the first challenge, FedSPQR employs subspace clustering
and fusion techniques based on Grassmann manifold theory to aggregate feature subspaces from different
clients to generate a unified global feature space. This global feature space is then incorporated into the
local training on clients to alleviate data heterogeneity. For the second challenge, FedSPQR leverages this
global feature space alongside a knowledge distillation mechanism and self-supervised learning based
on SimSiam to integrate global knowledge into the local training process, thereby enhancing training
consistency. Specifically, the knowledge distillation mechanism addresses heterogeneity in the models’
prediction layers, while the fused feature space mitigates heterogeneity in the representation layers. Overall,
the main contributions of this paper are as follows:

• We utilize a feature space alignment technique to integrate feature subspaces from all clients, thereby
generating a unified global feature space. This global feature space is then incorporated into the local
training process on the client sides to mitigate the challenges posed by non-IID data.

• We leverage knowledge distillation mechanism and SimSiam-based self-supervised learning to incor-
porate global knowledge into the local training on client sides, thereby improving training consistency
and aggregation efficiency.

• We conduct extensive evaluations on the performance of our proposed method using the standard
CIFAR-10 and Fashion-MNIST datasets. Experimental results clearly demonstrate its superiority over
SOTA baselines across key performance metrics.
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The remainder of this paper is organized as follows. Section 2 provides an overview of related work.
The details of FedSPQR are described in Section 3. In Section 4, two public datasets are used to evaluate the
efficiency of FedSPQR.

2 Related Work
In this section, we introduce the related work for federated semi-supervised learning.

2.1 Federated Learning
FL is a distributed machine learning approach that enables model training across multiple nodes (e.g.,

institutions or devices) while keeping raw data decentralized, thus preserving data privacy and security. In
2017, McMahan et al. proposed FedAvg, which enhances communication efficiency by allowing clients to
conduct multiple local SGD updates before aggregation, significantly reducing communication rounds [10].
FedAvg has since become the baseline for numerous follow-up studies aiming to optimize its efficiency
further. ConfShield employs attested Confidential Virtual Machines (CVMs) to construct a secure enclave,
which prevents cloud service providers from accessing core federated learning (FL) processes and guarantees
model confidentiality [14]. In ref. [15], Cao et al. organically integrate data distillation-based initialization,
divergence metric strategy and adaptive optimization into the federated learning framework to achieve the
decentralized fault diagnosis of pumping units.

Statistical heterogeneity, as a well-recognized obstacle in FL, causes client drift and further degrades
model performance by creating a divergence between local and global objectives [16]. To mitigate this issue,
several algorithms have been proposed. For example, the FedProx algorithm [11] introduced a proximal
term into the local loss function, which mitigates client drift by constraining local updates to remain
close to the global model and thus stabilizing training. Similarly, the SCAFFOLD algorithm [17] employs
control variables (variance reduction terms) that are exchanged between clients and the server to correct
the direction of local updates. This approach has demonstrated significant performance improvements on
highly non-IID data. In ref. [18], Durmus et al. proposed a dynamic regularization to fuse the global solution
among client sides for reducing communication overhead. In order to optimize the global model in FL, some
researchers focus on optimizing parameter aggregation in server side. Beyond these, other approaches focus
on optimizing the aggregation process. For example, Chen et al. [19] proposed an aggregation weighting
scheme based on theoretical upper bounds of each client’s convergence rate for efficient global update.

While these methods improve robustness under non-IID conditions in standard supervised FL, they
are not directly designed for scenarios where labeled data is scarce, which is the focus of FSSL. This gap
motivates the need for specialized techniques that can jointly address data heterogeneity and the challenges
arising from limited supervision.

2.2 Semi-Supervised Learning
The core assumption of SSL is that the data distribution of unlabeled data contains information that

can enhance a model’s generalization capability [20]. Therefore, SSL leverages a large amount of unlabeled
data, in addition to a small set of labeled data, to improve model performance. Classical SSL methods have
inspired many FSSL approaches. The Mean-Teacher model [21] employs a teacher-student framework, where
the teacher’s predictions guide the updates of the student model. Tri-training [22] is a committee-based
method that utilizes three models. In this approach, one model is trained on unlabeled data instances where
the other two models agree in their predictions.
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Building upon traditional SSL, FSSL has yielded substantial achievements. For example, CBAFed [23]
maintains a fixed set of information from unlabeled clients and applies class-balanced adaptive thresholds,
considering the empirical data distribution to steer training toward class balance. It also incorporates a
residual weight connection mechanism during aggregation to improve efficiency. Similarly, pFSSL [24]
utilizes helper agents to assist partial-labeled and unlabeled clients and designs an uncertainty-based
data-relation metric to improve pseudo-label quality.

In the label-at-server scenario we focus on, these methods still face two difficulties. Firstly, severe data
heterogeneity remains problematic because existing alignment or regularization techniques do not explicitly
construct a unified feature representation space across clients; Secondly, the inconsistency between super-
vised learning on the server and unsupervised learning on clients leads to inefficient aggregation, especially
in early training stages when the global model provides low-quality guidance. Our work, FedSPQR, aims to
address these specific limitations by proposing a unified global feature space and a consistency-enhanced
training framework.

3 Proposed Method
In this section, we will introduce the details of the proposed federated semi-supervised learning model,

denoted as FedSPQR.

3.1 Problem Definition
This paper focuses on FSSL in the label-at-server scenario, where limited labeled data is centrally located

on the server while vast volumes of unlabeled data are distributed across clients. Under the premise of non-
IID among client data and a lack of supervision information at the client side, the core objective is to break
the heterogeneity barrier between the global and local feature spaces. The proposed framework, FedSPQR,
aims to train a global model using all available data without sharing any training samples between the server
and clients, thereby achieving efficient transmission and precise guidance of supervision signals to ultimately
enhance the generalization performance and training stability of the global model.

3.2 The Framework of FedSPQR
Fig. 1 illustrates the FedSPQR framework, which employs a teacher-student architecture on both server

and clients. The framework consists of two main modules, described below. Clients utilize the teacher
model as a repository of global knowledge to supervise the student model’s learning from local data. The
server, in turn, uses the teacher model to aggregate client models and the student model to distill this
aggregated knowledge.

• Collaborative Learning: On the server side, FedSPQR first constructs a global feature space from the
feature subspaces provided by the clients. Leveraging this global feature space, it then aggregates the
local models from the clients to generate a new global model. This global model updates the teacher
model, from which global knowledge is distilled into the student model. The student model is further
optimized through supervised learning. Finally, the server distributes the updated global feature space
and the student model parameters back to the clients.

• Local Knowledge Learning: On the client side, FedSPQR first updates the local teacher model with
the global model received from the server. The student model then learns local representations through
self-supervised learning mechanism, while simultaneously receiving global knowledge from the teacher
model via knowledge distillation. To enhance training efficiency, the local feature subspace is aligned
with the global feature space provided by the server. Upon completion of local training, the client
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generates a feature subspace using Principal Component Analysis (PCA). Finally, the updated student
model and the generated feature subspace are returned to the server.

Figure 1: The framework of FedSPQR.

In FedSPQR, the backbone network f (⋅) for both student and teacher models is ResNet-18. A fully
connected layer is used on both client and server sides as the projection head z(⋅) and prediction head
p(⋅), respectively.

3.3 Collaborative Learning
FedSPQR employs PCA and Grassmann manifold-based alignment technique to aggregate the local

models from clients and update the global model. Subsequently, global knowledge is transferred from the
teacher model to the student model and refined through a knowledge distillation mechanism.

3.3.1 Extraction of Feature Space for Labeled Data
Traditional FSSL faces the challenge of global model semantic drift. To address this issue, inspired by

FedPCA [25], FedSPQR extracts a feature space from the server’s labeled data using PCA, which serves as an
anchor to provide a stable and accurate guiding signal for both feature space alignment and the knowledge
distillation mechanism. Let FG ∈ RS×d f denote the feature matrix obtained from the server-side student
model’s backbone output for the labeled data. The extraction process is detailed below.

CG = 1
S
(F̂G)T F̂G (1)

CG = U G Λ(U G)T (2)

where F̂G is centralization of FG . Finally, FedSPQR selects the first k eigenvectors U G = {u1 , u2, ⋅ ⋅ ⋅ , uk} as
the basis of the feature subspace for labeled data.
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3.3.2 Generation of Global Feature Space
The global feature space is a low-dimensional feature manifold that is constructed on the server and

shared across all clients to align their feature distributions. FedSPQR generates this global feature space by
aggregating the client feature subspaces using a K-means clustering algorithm based on Grassmann distance.
The key advantages of this approach are as follows:

• FedSPQR enhances the precision of feature fusion by employing Grassmann distance to accurately
quantify the geometric discrepancies between client feature subspaces. This approach mitigates the
mutual interference of heterogeneous feature subspaces, a common issue in traditional fusion methods.
Consequently, FedSPQR ensures that the resulting global feature space more consistently reflects the
core feature structures prevalent across the client population.

• FedSPQR aims to adapt to non-IID data and mitigate feature subspace fragmentation. In FL, the non-
IID client data can lead to feature subspace fragmentation where the feature subspaces of different
clients become scattered. The Grassmann distance-based K-means clusters clients with similar feature
distributions into groups. After fusing the feature subspaces within each group, local-global subspaces
are generated. These generated local-global subspaces are used to generate the final global feature space.
This approach hierarchically unifies feature distributions, gradually reducing the differences between
heterogeneous subspaces.

The details of K-means based on Grassmann distance are shown as follow:

• Initialization: FedSPQR randomly selects C client subspaces as the initial cluster centers.
• Assignment step: FedSPQR calculates the Grassmann distance from each client’s feature subspace

to each cluster. Subsequently, each client is assigned to the cluster with the smallest distance. The
Grassmann distance is defined as Eq. (3).

dG(X , Y) =
√

k − tr(XT YY T X) (3)

where X , Y ∈ RD×k are the bases of feature subspaces received from two client sides.
• Updation: For each group, FedSPQR calculates the Grassmann mean of the feature subspace within the

cluster as new clustering center.
• Generation of global feature space: FedSPQR calculates the Grassmann mean of all clustering centers

as global feature space Ug .

3.3.3 Aggregation of Local Model
FedSPQR employs an aggregation mechanism based on projection distance to generate the global model

on the server. The core idea is to quantify the projection differences between the local models from the clients
and the global model, which enables the dynamic assignment of aggregation weights. Let {Ui}N

i=1 and {θi}N
i=1

be the feature subspaces and local models received from the N clients, respectively, and let Ug denote the
global feature space. The aggregation mechanism is formalized in Eq. (6).

ωi =
exp{−αt ⋅ dG(Ui , Ug)}
∑ j exp(−α ⋅ dG(U j , Ug))

(4)

αt = α0 ⋅ (1 − e(−β⋅t)) (5)
θ g l obal = ∑

j
ω j ⋅ θ j (6)
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where β is a hyperparameter, and t denotes the communication round. The resulting global model θ g l obal is
then used to update the teacher model on the server side.

3.3.4 Server Fine-Tuning
FedSPQR refines the server-side teacher model using the labeled data and the global feature space to

calibrate the non-IID bias introduced during client model aggregation. This calibration is crucial because
the teacher model, aggregated from client parameters, can be skewed by clients with larger datasets. Let
(xi , yi)M

i=1 be the labeled dataset on the server. The refinement involves minimizing a joint loss function,
comprising a feature alignment loss (Eq. (7)) and a Cross-Entropy loss (Eq. (8)) on the labeled data.

Lal i gn = 1 − 1
B

B
∑
j=1

f (x j; θ g l obal) ⋅ (UgU T
g ⋅ f (x j; θ g l obal))

∥ f (x j; θ g l obal) ∥2 ⋅ ∥ UgU T
g ⋅ f (x j; θ g l obal) ∥2

(7)

LCE = −
1
B

B
∑
i=1

yi ⋅ log( ŷi) (8)

where f (⋅) is the output of teacher model in server side. B is batch size. The total loss function is shown
as Eq. (9). yi and ŷi are the true label and prediction result of xi , respectively. Finally FedSPQR employs
knowledge distillation mechamism to transfer global knowledge from teacher model to student model. The
loss of knowledge distillation is defined as Eq. (10):

L f ine tune = LCE + λ ⋅Lal i gn (9)

LKD1 = 1
B
⋅

B
∑
j=1

KL(pstu (
fstu(x j)

T
) ∥ ptea (

ftea(x j)
T

)) × T2 (10)

where ftea(⋅) and fstu are the backbone output of teacher model and student model in server side,
respectively. ztea(⋅) and zstu(⋅) are projection output of teacher model and student model, respectively.

3.4 Local Knowledge Learning
FedSPQR enhances local client learning through a unified approach that integrates self-supervised

learning, knowledge distillation, and feature subspace alignment. Specifically, it employs self-supervised
learning to derive robust features from unlabeled data, leverages knowledge distillation to infuse global
insights from the teacher model, and utilizes subspace alignment to optimize the local models.

3.4.1 Representative Learning for Unlabeled Data
FedSPQR employs SimSiam [26], a lightweight self-supervised learning method, to learn features

from unlabeled data without requiring negative sample pairs. Its framework is naturally compatible with
the server-client architecture of federated learning, making it well-suited for the label-at-server scenario.
Additionally, SimSiam helps mitigate overfitting. We adopt its loss function [26], which is defined in Eq. (11).

Lsimsiam = −
1
B
⋅

B
∑
j=1

⎡⎢⎢⎢⎢⎣

pstu(Augw(x j)) ⋅ (ztea(Augs(x j)))
∥pstu(Augw(x j))∥ ⋅ ∥(ztea(Augs(x j)))

∥

+
ptea(Augs(x j)) ⋅ (zstu(Augw(x j)))
∥ptea(Augs(x j))∥ ⋅ ∥(zstu(Augw(x j)))∥

⎤⎥⎥⎥⎥⎦
(11)
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where Augs(x) and Augw(x) are weakness and strong augument of unlabeled data x. B is batch size.
On the client side, FedSPQR uses the teacher model to hold global knowledge and the student model to

acquire local knowledge. Knowledge distillation is then applied to transfer global insights from the teacher
to the student, compensating for client data heterogeneity (non-IID). The distillation loss is given in Eq. (12).

LKD =
1
B
⋅

B
∑
j=1

KL(pstu (
fstu(x j)

T
) ∥ ptea (

ftea(x j)
T

)) × T2 (12)

where T is a hyperparameter, specifically the temperature parameter.

3.4.2 The Alignment of Local Feature Subspace
Although FedSPQR employs knowledge distillation and SimSiam to mitigate non-IID bias in client data,

two key issues continue to impede effective model training.
• The knowledge distillation mechanism only aligns the output layers between the teacher model and the

student model while ignoring the heterogeneity of intermediate feature spaces. In non-IID scenarios, the
data distributions on the client sides differ significantly from that of the global model. The intermediate
features of client models may only capture local patterns of their own data, whereas the intermediate
features of the global model need to cover universal patterns across all classes. Even if the knowledge
distillation aligns the outputs of client models with those of the global model, the intermediate feature
spaces remain disconnected. It means that client models do not truly acquire the ability to extract
globally universal features, and only adapt to the global model by mimicking outputs, resulting in
poor generalization.

• SimSiam only learns local self-supervised representations and is prone to falling into the local feature
trap. The core of SimSiam resides in learning invariant representations of local data through feature
prediction across strong and weak augmented views. But this process relies entirely on client-side data
and lacks global-level constraints.
The above two issues lead to model drift. Due to the disconnection between their intermediate feature

spaces and the global counterpart, client models converge to local optima during each local training round.
And the discrepancies between client models become increasingly significant.

FedSPQR addresses these challenges through a feature subspace fusion mechanism that unifies inter-
mediate feature dimensions and imposes global constraints to mitigate model drift. This integrates scattered
client models into a coherent global feature framework, thereby endowing the knowledge distillation and
SimSiam-learned features with consistent global validity.

For FedSPQR, on the client side, the student model and the teacher model are used to learn local
knowledge and global knowledge, respectively. Therefore, the subspace alignment mechanism primarily
targets the student model, ensuring that the feature subspace of its output is consistent with the global feature
subspace. The alignment loss function is defined in Eq. (13).

Lal i gn = 1 − 1
B

B
∑
j=1

U j
c ⋅ (UgU T

g ⋅U
j
c)

∥ U j
c ∥2 ⋅ ∥ UgU T

g ⋅U
j
c ∥2

(13)

where Ug is global feature space information received from the server side. Uc is local feature space obtained
in previous round. The loss function in client is defined as Eq. (14).

L = λ1 ⋅Ls imsi am + λ2 ⋅LKD + λ3 ⋅Lal i gn (14)

where λ1, λ2 and λ3 are hyperparameters.
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3.4.3 Generation of Feature Subspace
Effective extraction of feature subspaces on the client side is crucial in FSSL. Traditional frameworks

typically generate these subspaces on the server using the aggregated local models and its labeled data, which
overlooks the distribution shift between client and server data. Inspired by FedPCA [25], FedSPQR adopts a
PCA-based method for on-client subspace generation. The detailed procedure is described in Section 3.3.1.

4 Experiment

4.1 Experiment Setup
In our experiment, we apply CIFAR-10 [27] and Fashion-MNIST dataset [28] to verify the efficiency of

FedSPQR.
• Fashion-MNIST: The Fashion-MNIST dataset is a classic benchmark comprising single-channel

grayscale images of 28 × 28 pixels with pixel values ranging from 0 to 255. It contains 60,000 training
and 10,000 test examples, evenly distributed across 10 categories.

• CIFAR-10: The CIFAR-10 dataset is a classic color image classification dataset. It consists of 3-channel
color images (RGB mode), with each image having a fixed size of 32 × 32 pixels and pixel values ranging
from 0 to 255. The dataset contains a total of 60,000 samples, covering 10 categories. Among them, the
training set includes 50,000 samples, and the test set includes 10,000 samples.
During training, we use the Adam optimizer with an initial learning rate of 0.001. The model is trained

for 15 warm-up epochs and 10 local epochs. We simulate a system with 100 clients in total, randomly selecting
10 clients in each communication round. To simulate non-IID data distributions across clients, we employ
Dirichlet distributions with concentration parameters of α = 1.0 and α = 0.1. For the IID setting, we use
α = 100. The server holds 500 labeled data samples. The data distributions of 10 randomly selected clients are
visualized in Fig. 2.

Figure 2: Client data distribution.

The loss function on server side utilizes a weighted combination of classification loss and subspace
alignment loss, defined Eq. (9). The alignment loss weight λ follows a progressive growth strategy. The initial
value of λ is 0.05. Its value increases continuously as interactions proceed. The upper limit of λ is set at 0.2.
In the early stage of training, λ is small to prioritize the optimization of classification tasks. It helps quickly
build basic discriminative capabilities. As training rounds progress, λ increases gradually. It strengthens the
alignment constraint between the local feature space and the global subspace step by step. It promotes the
consistency of feature representations among clients. In this way, it alleviates the model drift problem caused
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by non-IID data. The upper limit of 0.2 prevents the alignment loss from dominating excessively. It avoids
weakening classification performance.

For the loss function on the client side, defined as Eq. (14), the weight of SimSiam loss λ1 = 0.5 ensures
that self-supervised learning provides a stable function for feature representation. The weight of knowledge
distillation λ2 = 1.0 to transfer global knowledge from the teacher model to the student model. The weight
of subspace alignment λ3 adopts adaptive mechanism, which is dynamically adjusted according to the
Grassmann distance between the client’s local subspace and the global subspace. This design enables clients
with data distributions that differ significantly from the global distribution to obtain stronger alignment
constraints to alleviate the client drift problem caused by non-IID data. At the same time, it preserves a
personalized space for clients whose data distributions are similar to the global one. The synergistic effect
of hyperparameters forms a dual balance mechanism during training. The self-supervised loss guarantees
the quality of feature representation. The loss of knowledge distillation fuses global knowledge during
local learning. And the dynamic alignment loss adaptively regulates the trade-off between personalization
and consistency.

4.2 Baseline Method
We chose three models as baselines to verify the efficiency of FedSPQR.

• Only Server: This model only utilizes labeled data to train the global model on the server side. Thus,
this model serves as a lower bound for federated semi-supervised learning.

• FedMatch [29]: This model integrates consistency regularization among clients with parameter decom-
position to implement separate learning for labeled and unlabeled data.

• FedMix [6]: This model integrates parameter mixing strategy for separate learning with dynamic weight
allocation for client weights to increase data availability and alleviate the non-IID problem in a federated
semi-supervised learning environment.

• FedRGD [30]: This model is a grouping-based model averaging method. It integrates group
normalization with a consistency regularization loss to improve training efficiency for federated semi-
supervised learning.

4.3 Overall Result
In order to verify the efficiency, we compare FedSPQR with other baselines on CIFAR-10 and Fashion-

MNIST datasets. After each round of communication, the global model evaluates its accuracy using the test
dataset. The evaluation results are shown in Fig. 3.

Figure 3: Test accuracy variation with increasing of number of commnuncation.
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Fig. 3a,b shows the variation of test accuracy with the increase in the number of communications for
CIFAR-10 and Fashion-MNIST datasets under IID and non-IID settings, respectively. As can be shown
from Fig. 3, the test accuracy continuously improves with the increase in the number of communications.
The improvement in test accuracy is most significant during the first 0 to 100 communications. This is
because supervised learning based on labeled data on the server side effectively enhances the overall model
performance. Therefore, the subsequent improvement in accuracy mainly relies on the learning of unlabeled
data on the client side. It can be seen from Fig. 3 that when the number of communications between the client
and server exceeds 300, the global model begins to converge. Table 1 shows the highest accuracy of FedSPQR
and other baselines in Fig. 3. For the CIFAR-10 dataset, under non-IID and IID data distributions, the highest
accuracy of FedSPQR is 73.12% and 76.98%, respectively. This accuracy exceeds that of other baselines by at
least 20%. For the Fashion-MNIST dataset, under non-IID and IID data distributions, the highest accuracy
of our model is 87.03% and 88.82%, respectively. This accuracy exceeds that of other baselines by at least 3%.
As a result, the efficiency of FedSPQR is better than that of other baselines.

Table 1: Compared FedSPQR with the others baselines for the highest accuracy where the number of labeled data is
500.

Highest Accuracy (%)

Model CIFAR-10 Fashion-MNIST

IID (α = 100) Non-IID (α = 1.0) IID (α = 100) Non-IID (α = 1.0)
Only Server 51.82 51.82 80.17 80.17
FedMatch 53.62 52.76 81.92 81.59

FedMix 57.82 56.93 83.57 82.61
FedRGD 48.98 47.53 83.72 83.13

FedSPQR (our) 76.98 73.12 88.82 87.03

In order to verify the impact of the amount of labeled data on the efficiency of FedSPQR, we randomly
select 500 and 1000 samples as labeled data to test the model’s performance on the CIFAR-10 dataset. The
variation of test accuracy with the increase in the number of communications is shown in Fig. 4. As shown
in Fig. 4, with the increase in the amount of labeled data on the server side, the test accuracy of FedSPQR
improves. Table 2 presents the highest accuracy of FedSPQR and other baselines when 500 and 1000 samples
are used as labeled data on the server side. When the number of labeled samples is only 500, the highest
accuracy of FedSPQR is 74.13% and 68.04% under IID and non-IID scenarios, respectively. However, when
the number of labeled samples reaches 1000, the test accuracy of our model increases to 78.12% and 77.54%
under IID and non-IID scenarios, respectively. Furthermore, the highest accuracy of FedSPQR is also better
than that of other baselines.
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Figure 4: Test accuracy variation with different amounts of labeled data on server side for CIFAR-10.

Table 2: Compared FedSPQR with the others baselines for the highest accuracy for CIFAR-10, where the amount of
labeled data is 500 or 1000.

Highest Accuracy (%)

Model 500 1000

IID (α = 100) Non-IID (α = 1.0) IID (α = 100) Non-IID (α = 1.0)
Only Server 51.82 51.82 67.13 67.13
FedMatch 53.62 52.76 68.22 67.14

FedMix 57.82 56.93 69.43 68.72
FedRGD 48.98 47.53 61.53 60.42

FedSPQR (our) 74.13 68.04 78.93 77.54

4.4 Analysis and Ablation Study
In this section, we analyze the contribution of feature space alignment (-sa) and self-supervised learning

(-ss) to FedSPQR. After 100 communication rounds, the experimental results of comparing FedSPQR with its
variants without feature space alignment and self-supervised learning are shown in Figs. 5 and 6, and Table 3.

Figure 5: The ablation experimental results for space alignment.
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Figure 6: The ablation experimental results for self-supervised learning.

Table 3: The ablation Results.

Highest Accuracy (%)

Labeled data Setting CIFAR-10 Fashion-MNIST

FedSPQR -sa -ss FedSPQR -sa -ss

500 IID (α = 100) 74.13 65.72 66.03 88.82 85.92 86.72
non-IID
(α = 1.0) 68.04 63.01 62.17 87.03 82.67 84.67

1000 IID (α = 100) 78.93 69.31 71.92 89.12 86.83 87.92
non-IID
(α = 1.0) 77.54 66.35 69.63 87.52 84.93 85.43

Regarding feature space alignment, as shown in Fig. 5, with the increase in the number of interactions,
although the test accuracy of both models in Fig. 5 have improved, the improvement of the model without
feature space alignment is limited. This indicates that the feature space alignment can effectively assist
the model in achieving more effective training. When comparing the experimental results of the CIFAR-
10 dataset and the Fashion-MNIST dataset, it is found that on CIFAR-10, the performance improvement
of FedSPQR over its variant without feature space alignment is more significant. This indicates that for
datasets with greater classification difficulty, feature space alignment can more effectively enhance the
model’s performance.

For self-supervised learning, as shown in Fig. 6, the change in its test accuracy is similar to that of
the subspace alignment model. Furthermore, compared with the results of the ablation experiment on
the Fashion-MNIST dataset, the results of the ablation experiment on the CIFAR-10 dataset are more
pronounced. This indicates that the self-supervised model effectively facilitates model training and can more
effectively extract features when dealing with datasets that are more difficult to classify.

5 Conclusion
In this paper, we propose a novel federated semi-supervised learning method, denoted as FedSPQR,

for the label-at-server framework. Compared with traditional federated semi-supervised learning methods,
FedSPQR utilizes the subspace alignment technology to generate the global feature subspace in federated
learning. This global feature subspace alleviates data heterogeneity among clients. Furthermore, the knowl-
edge distillation mechanism is applied to inject global knowledge into local training on the client side. Finally,
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we utilize CIFAR-10 and Fashion-MNIST data to verify the performance of FedSPQR. The experimental
results show that the performance of FedSPQR is better than that of the traditional models.

Despite the promising results, several avenues remain for further improvement and exploration.
Firstly, the processes of subspace alignment and knowledge distillation introduce additional computational
overhead on both the server and client sides. Future work will focus on optimizing these components,
potentially through more efficient clustering algorithms, lightweight knowledge distillation techniques,
or the development of sparse feature subspace representations, to reduce the computational burden and
enhance scalability. Secondly, communication efficiency is paramount in federated systems. The current
framework requires transmitting feature subspace information between rounds. A key direction for future
research is for the server to evaluate the client-side local feature spaces using the locally uploaded models
and its own data, thereby reducing communication overhead.
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