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Abstract
Federated semi-supervised learning (FSSL) target to address the increasing privacy concerns for the practical scenarios, where
data holders are limited in labeling capability. Latest FSSL approaches leverage the prediction consistency between the local
model and global model to exploit knowledge from partially labeled or completely unlabeled clients. However, they merely
utilize data-level augmentation for prediction consistency and simply aggregate model parameters through the weighted
average at the server, which leads to biased classifiers and suffers from skewed unlabeled clients. To remedy these issues, we
present a novel FSSL framework, Relation-guided Versatile Regularization (FedRVR), consisting of versatile regularization
at clients and relation-guided directional aggregation strategy at the server. In versatile regularization, we propose the model-
guided regularization together with the data-guided one, and encourage the prediction of the local model invariant to two
extreme global models with different abilities, which provides richer consistency supervision for local training. Moreover,
we devise a relation-guided directional aggregation at the server, in which a parametric relation predictor is introduced to
yield pairwise model relation and obtain a model ranking. In this manner, the server can provide a superior global model
by aggregating relative dependable client models, and further produce an inferior global model via reverse aggregation to
promote the versatile regularization at clients. Extensive experiments on three FSSL benchmarks verify the superiority of
FedRVR over state-of-the-art counterparts across various federated learning settings.
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1 Introduction

Federated learning (FL) (McMahan,Moore, Ramage,Hamp-
son, and y Arcas, 2017; Mendieta et al., 2022; X. Li, Jiang,
Zhang, Kamp, and Dou, 2021; L. Zhang, Luo, Bai, Du, and
Duan, 2021; T. Li et al., 2020; X- C. Li et al., 2022; Y. Huang
et al., 2021) is a decentralized machine learning paradigm,
where multiple clients collaboratively train a global model
without data sharing. FL leverages the models trained at
various clients and yields an aggregatedmodel at the depend-
able server. Due to the data privacy-preserving issue, FL has
demonstrated incredible success in a wide range of scenar-
ios, including clinical diagnosis, public security and digital
finance (Z. Chen, Yang, Zhu, Peng, and Yuan, 2022; Dou
et al., 2021; McMahan, Moore, Ramage, Hampson, and y
Arcas, 2017; L. Zhang, Shen, Ding, Tao, and Duan, 2022).

Most current FL methods (McMahan, Moore, Ramage,
Hampson, and y Arcas, 2017; Mendieta et al., 2022; X. Li,
Jiang, Zhang, Kamp, and Dou, 2021; L. Zhang, Luo, Bai,
Du, and Duan, 2021; T. Li et al., 2020; X- C. Li et al., 2022;
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Fig. 1 Different training frameworks on unlabeled data. Top: Existing
FSSL works enforce the predictions to be similar across input variants
under data augmentation via consistency regularization Lcon. Bottom:
Our versatile regularization aligns predictions of the local model and
global models via both data-guided and model-guided constraints LDR
and LMR

Y.Huang et al., 2021) assume that the local data at each client
are fully annotated, which is laborious or even unrealistic in
many FL applications with limited labeling capability. To
ameliorate these issues, federated semi-supervised learning
(FSSL) (Jeong, Yoon, Yang, and Hwang, 2020; Liang, Lin,
Fu, Zhu, and Li, 2022; Fan, Hu, and Huang, 2022; Q. Liu,
Yang, Dou, and Heng, 2021; Jiang et al., 2022) is formulated
to exploit knowledge from a large amount of unlabeled data
across clients. As illustrated in Fig. 1 (left), these FSSLmeth-
ods (Kuo, Ma, Huang, and Kira, 2020; Fan, Hu, and Huang,
2022; Liang, Lin, Fu, Zhu, and Li, 2022; Q. Liu, Yang, Dou,
and Heng, 2021) usually adopt data-guided consistency to
train the local model. They leverage a global model received
from the server and encourage prediction alignment between
the global and local models under data augmentation.

Although previous works have achieved decent perfor-
mance, they merely constrain the consistency between the
local model and global model through the data-level aug-
mentation. Different from the centralized semi-supervised
learning, the clients in FSSL scenarios can leverage multiple
global models to perform diverse feature-level augmenta-
tions and introduce more effective regularization for training
local classifier, thereby fully exploiting knowledge from
unlabeled data. In this regard, we adopt two global mod-

els with extremely different abilities to generate perturbated
features, and perform the consistency among these perturbed
features as the model-guided regularization to complement
the constraints for local training. As illustrated in Fig. 1
(right), the superior global model as the feature extractor
outputs the features, which can yield credible pseudo labels
to guide the local model training. Different from merely
using strong data augmentation for regularization (Sohn et
al., 2020; J. Li, Xiong, and Hoi, 2021; Hu, Yang, Hu, and
Nevatia, 2021;B. Zhang et al., 2021), thiswork represents the
first effort to introduce an inferior global model as an aggres-
sive feature augmentor to generate highly perturbed features
for the classifier, and achieves aggressivemodel-guided regu-
larization.With both data-guided andmodel-guided versatile
regularizations, the client can efficiently train localmodel and
improve FSSL performance.

Moreover, existing studies treat all unlabeled clients
equally, whilst different unlabeled clients perform different
untrustworthy local training, which impede model aggrega-
tion and furthermislead decentralized training. Latest studies
in network performance estimation (Wen et al., 2020; Xu,
Wang, et al., 2021; Y. Chen et al., 2021) indicate that the
potential pairwise model relations can be estimated via a
parametric predictor. To this end, we introduce a relation
predictor to capture pairwise model relations at the server,
which can yield a directional path for model aggregation via
a relation-aware model ranking. In this way, we can obtain
a superior global model to promote decentralized training.
Towards stronger regularization for local training, we further
produce an inferior global model via reverse aggregation.
This relation-guided directional aggregation not only pro-
duces robust global models, but also facilitates local training.

In this work, we propose a novel FSSL framework,
Relation-guided Versatile Regularization (FedRVR), com-
prising versatile regularization and relation-guided direc-
tional aggregation, to efficiently exploit knowledge from
unlabeled data across clients. At each client, we present
versatile regularization, which introduces two global mod-
els including one with superior ability and another with
inferior ability to provide more efficient and aggressive con-
straints for local model training. Specifically, the superior
global model renders data-guided regularization, while the
inferior global model yields diverse features towards the
model-guided regularization. The predictions of the local
model are encouraged to be invariant with two global models
simultaneously. These two global models offer compatible
regularizations and enable the local model to achieve more
compelling FSSL performance. Moreover, at the server, we
design a relation-guided directional aggregation to acquire
the robust global model against skewed unlabeled clients.
It introduces a parametric relation predictor to obtain pair-
wise model relation and gathers client models according to
a model ranking yielded by pairwise relations among local
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models. This relation-guideddirectional aggregation canpro-
duce more robust global models and further promote local
training at decentralized clients.

To summarize, our contributions are fourfold:

• In this work, we present FedRVR to exploit knowledge
from unlabeled data, which significantly improves local
training efficiency and the robustness of server model
aggregation.

• Different from prior works merely relying on data-level
augmentation consistency, to render versatile regular-
ization towards better local training at each client, we
introduce both data-guided andmodel-guided constraints
via two global models.

• At the server, we design a relation-guided aggregation
strategy via model relation learning, which endows the
server to produce the superior global model for robust
decentralized training and the inferior global model for
efficient local training.

• Extensive experiments on threeFSSLbenchmarks demon-
strate that our framework FedRVR outperforms state-of-
the-art methods across various FL settings.

2 RelatedWork

2.1 Semi-Supervised Learning

Semi-supervised learning (SSL) is dominated by two pop-
ular directions: (1) Pseudo labeling-based approaches (Xie,
Dai, Hovy, Luong, and Le, 2020; Cascante-Bonilla, Tan, Qi,
and Ordonez, 2020; Xu, Shang, et al., 2021; Sohn et al.,
2020; Xie, Luong, Hovy, and Le, 2020; Berthelot, Carlini,
Goodfellow, et al., 2019; Berthelot, Carlini, Cubuk, et al.,
2019) produce artificial labels as supervision for unlabeled
samples, and then train models with these labels in an ad-hoc
fashion. In recent years,manyworks (Xie, Dai, Hovy, Luong,
and Le, 2020; Cascante-Bonilla, Tan, Qi, andOrdonez, 2020;
Xu, Shang, et al., 2021; Sohn et al., 2020; Xie, Luong, Hovy,
and Le, 2020; Berthelot, Carlini, Goodfellow, et al., 2019;
Berthelot, Carlini, Cubuk, et al., 2019) adopt pseudo labeling
process in SSL frameworks. (2) Consistency-based meth-
ods (Laine andAila, 2016; J. Li, Xiong, andHoi, 2021;Gong,
Wang, and Liu, 2021; Yang, Chen, and Yuan, 2023; Hu,
Yang, Hu, and Nevatia, 2021; Sohn et al., 2020; B. Zhang et
al., 2021; Berthelot, Carlini, Goodfellow, et al., 2019; Yang,
Liu, Chen, Ibragimov, and Yuan, 2022) depend on the low-
density assumption that the decision boundary usually lies
on the low data density regions. Under this assumption, these
works encourage the consistency between different views of
samples, and enable the trained models to capture informa-
tion related to the decision boundary.Most consistency-based
SSL methods (J. Li, Xiong, and Hoi, 2021; Gong, Wang,

and Liu, 2021; Berthelot, Carlini, Goodfellow, et al., 2019;
Sohn et al., 2020; B. Zhang et al., 2021; Miyato, Maeda,
Koyama, and Ishii, 2018; Yang, Liu, Chen, Ibragimov, and
Yuan, 2022) perform the consistency constraints of sample
predictions usingdifferent data augmentations.Others (Laine
and Aila, 2016; Tarvainen and Valpola, 2017; Zhou, Wang,
and Bilmes, 2020; T. Huang, Sun, Wang, Yao, and Zhang,
2021) enforce the sample predictions to be consistent across
different training generations.

2.2 Federated Learning

Federated learning (FL) (McMahan,Moore, Ramage,Hamp-
son, and y Arcas, 2017; Mendieta et al., 2022; T. Li et
al., 2020; Y. Huang et al., 2021; X- C. Li et al., 2022;
L. Zhang, Luo, Bai, Du, and Duan, 2021; L. Zhang, Shen,
Ding, Tao, and Duan, 2022; Z. Chen, Yang, Zhu, Peng,
and Yuan, 2022; Zhu, Liao, Liu, and Yuan, 2023) emerges
to collaboratively optimize models across multiple clients
with labeled private data. The recent works mainly focus
on promoting local training at clients and model aggrega-
tion at the server. (1) The local training methods (Z. Chen,
Yang, Zhu, Peng, and Yuan, 2022; L. Zhang, Shen, Ding,
Tao, and Duan, 2022; L. Zhang, Luo, Bai, Du, and Duan,
2021) aim to facilitate the local model of each client by
leveraging the global model and information from other
clients. For example, FedFTG (L. Zhang, Shen, Ding, Tao,
and Duan, 2022) utilizes a dynamic global model for each
client to boost local training via a data-free knowledge dis-
tillation strategy at the server. FedBN (X. Li, Jiang, Zhang,
Kamp, and Dou, 2021) maintains the batch normalization
layers updated locally and upload other layers to the server
towards the issue of personalized information within each
client. (2) For the model aggregation, FedAvg (McMahan,
Moore, Ramage, Hampson, and y Arcas, 2017) gathers the
knowledge ofmodel parameterswith a simple average.Many
works (Mendieta et al., 2022; T. Li et al., 2020; Y. Huang et
al., 2021; X- C. Li et al., 2022) improve the sub-optimal
FedAvg and design re-weighting strategies for each client
model. FedAMP (Y. Huang et al., 2021) performs federated
attentive message passing to improve similar clients to be
more collaborative. FedProx (T. Li et al., 2020) proposes a
tolerating partial strategy to pick up a set of reliable models
to achieve model aggregation by minimizing the knowledge
divergence across all clients. Compared with these methods
developed for fully-supervised FL, we focus on more practi-
cal FSSL scenarios and propose the FedRVR framework to
improve both local training and model aggregation.

2.3 Federated Semi-Supervised Learning

Federated Semi-Supervised Learning (FSSL) (Jeong, Yoon,
Yang, and Hwang, 2020; Fan, Hu, and Huang, 2022; M. Li,
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Li, and Wang, 2023; Liang, Lin, Fu, Zhu, and Li, 2022;
Q. Liu, Yang, Dou, and Heng, 2021; Long et al., 2020;
Jiang et al., 2022; Z. Zhang et al., 2020; Cho, Joshi, and
Dimitriadis, 2023; Y. Liu, Wu, and Qin, 2024) considers
more practical scenarios where data holders are limited
in labeling capability. The FSSL settings can be divided
into three lines: (1) Labeled-Unlabeled FSSL assumes that
the majority of clients contain fully unlabeled data while
few clients have fully labeled data. FedSSL (Fan, Hu, and
Huang, 2022) designs a unified mixup strategy to generate
mixed samples for better training in a shared global data
space. RSCFed (Liang, Lin, Fu, Zhu, and Li, 2022) per-
forms random sub-sampling across clients to exploit model
aggregation consensus with a distance-based re-weighting
term. FedCD (Y. Liu, Wu, and Qin, 2024) targets at the
class-imbalanced issue and proposes a global-local distil-
lation framework with a class-aware balancing strategy for
better rare categories recognition. (2) Partial-Labeled FSSL
considers each client has mostly unlabeled data and a small
number of labeled data. FedMatch (Jeong, Yoon, Yang,
and Hwang, 2020) exploits knowledge of unlabeled data
through inter-client prediction consistency. (3) Labels-at-
Server FSSL assumes that the client only contains unlabeled
data and the server has a small amount of labeled data.
SemiFL (Diao, Ding, and Tarokh, 2021) fine-tunes the global
model using the labeled samples stored at the server, and per-
forms self-training at clients in an alternate manner. In this
work, we follow the mainstream FSSL works (Jeong, Yoon,
Yang, and Hwang, 2020; Liang, Lin, Fu, Zhu, and Li, 2022;
Fan, Hu, and Huang, 2022; Q. Liu, Yang, Dou, and Heng,
2021; Cho, Joshi, and Dimitriadis, 2023; Y. Liu, Wu, and
Qin, 2024) and focus on first two settings, since the server
in FL usually coordinates the client collaboration rather than
storing data.

3 Motivation and Preliminaries

3.1 Motivation

Existing FSSL approaches typically employ a single global
model with data-level augmentation to maintain predic-
tion consistency, overlooking the potential of server-side
resources to providemultiple globalmodels and enhance reg-
ularization efficiency. To address this limitation, we propose
to leverage diverse global models based on different aggre-
gation strategies at the server. These global models serve
as feature augmentors, producing highly perturbed features
to facilitate model-guided regularization for local classifier
training. Our approach requires the server to evaluate and
rank model performance based on their inter-relationships.
This process aims to identify an inferior global model with
relativeworse ability than localmodels to produce highly per-

turbed features. By integrating the strengths of FL with SSL
techniques, we introduce the FedRVR framework, which
consists of two key components, including a model relation-
guided aggregation to provide superior and inferior global
models, and a versatile regularization that exploits more effi-
cient regularization.

3.2 Preliminaries

Federated learning. In standard FL, given K clients, the
local model fk ∈ { f1, ..., fK } at each client is trained by
local labeled dataset. At each communication round, client
models { fk}Kk=1 are uploaded to the server and yield a global
model g by parameter aggregation. The decentralized train-
ing optimizes the global objective: min f

∑K
k=1

Nk
N Lk( fk),

where Nk refers to the number of data at k-th client, and
N is the number of all data. Lk denotes the loss function at
k-th client. This objective can be solved by FedAvg (McMa-
han, Moore, Ramage, Hampson, and y Arcas, 2017), where
the server averages client models to produce a global model
g = 1

K

∑K
k=1 fk . The global model g is then broadcast to

clients and updates local models for further local training.
The framework repeats these procedures until training con-
vergence.
Federated semi-supervised learning.Weconsider the fully-
labeled and fully-unlabeled clients in FSSL. We assume all
clients {C1, ...,CK } contain KL labeled clients {C1, ...,CKL }
and KU unlabeled clients {CKL+1, ...,CKL+KU }, K = KL +
KU , in general, KL � KU . Each labeled client has a dataset
Dk = {xli , yli }NK

i=1 including Nk labeled samples, and each

unlabeled client has a dataset Dk = {xui }NK
i=1 containing Nk

unlabeled examples. The objective of FSSL is minimizing
the global loss functionLglobal = Ll +Lu , whereLl andLu

are supervised and unsupervised losses yielded by labeled
and unlabeled client models respectively.

4 Methodology

In this section, we first describe the overview of our FedRVR
framework, and then introduce its components including
the versatile regularization at clients and the relation-guided
directional aggregation at the server.

4.1 Overview of FedRVR

As illustrated in Fig. 2, FedRVR is composed of the versatile
regularization to promote local training, and the relation-
guided directional aggregation to facilitate decentralized
training at the server. At each unlabeled client, the local
model f is jointly trained by two proposed regularizations
via two global models gI and gS . At the server, the relations
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Fig. 2 The proposed FedRVR framework. It consists of versatile
regularization for efficient consistency regularizations towards local
self-training at the client, and a relation-guided directional model
aggregation strategy to produce global models at the server. In each
communication round, all clients send the local models and the labeled

clients upload the relation predictor to the server. Then, the server aggre-
gates local models and produces a superior global model and an inferior
global model for each client. After each client receives two global mod-
els, the versatile regularization guarantees efficient self-training of the
local model.

among client models are captured by a relation predictor φ,
and two global models gI and gS are produced by relation-
guided directional aggregation via predictor φ and a relation
graph GRG. The relation predictor φ is trained at labeled
clients and average aggregated at the server.

4.2 Versatile Regularization for Unlabeled Data

Given k-th unlabeled clients with dataset Dk = {xui }Nk
i=1 con-

taining Nk unlabeled samples, we aim to leverage it to train a
local model f with the support of two global models gS and
gI . To provide efficient regularization for local training, ver-
satile regularization involves data-guided and model-guided
regularizations to boost the local model training in different
aspects, respectively.
Data-guided regularization. To update the local model f in
a self-training fashion, we introduce the data-guided regular-
ization, a data augmentation-based consistency to regularize
the localmodelwith the superior aggregated globalmodel gS .
Specifically, with the weak augmented data Aw(xui ), where
Aw() represents the weak data augmentation, we can obtain
the prediction piS = gS(Aw(xui )) using the global model gS .
Then, the relative reliable prediction piS with high prediction
confidence (i.e., max piS ≥ τ , where τ is the threshold) is
selected to generate pseudo label p̂iS = argmax piS . Mean-

while, the local model f utilizes the strong augmented data
As(xui ), where As() denotes the strong data augmentation,
to infer prediction piL = f (As(xui )), which is encouraged
to be consistent with the pseudo label p̂iS . The data-guided
regularization can be formulated as:

LDR = 1

N B
k

N B
k∑

i=1

H( p̂iS, p
i
L), (1)

where H(·, ·) refers to cross-entropy loss and N B
k is the num-

ber of unlabeled samples within a mini-batch at the k-th
client. The data-guided regularization enforces the predic-
tions to be invariant towards different data augmentations.
Model-guided regularization. In addition to data-guided
regularization, the globalmodels received from the server can
generate diverse features, and providemodel-guided regular-
ization as the compatible constraint. To this end, we further
propose the model-guided regularization via another global
model gI with inferior ability as an aggressive feature aug-
mentor to generate highly perturbed features. Particularly,
to yield aggressive feature augmentations, we download the
inferior global model gI and leverage its feature encoder gencI
to extract diverse features hi = gencI (As(xui )) of unlabeled
data, andwewill explain the aggregation strategy towards the
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inferior globalmodel in the next Sect. 4.3.With the generated
aggressive features hi , we feed them into the local classi-
fier f cls to produce prediction piI = f cls(hi ), which is then
enforced to be invariant to the prediction piL = f (As(xui ))

from the local model f via the model-guided regularization:

LMR = 1

N B
k

N B
k∑

i=1

H(piI , p
i
L). (2)

In this way, the data-guided and model-guided regulariza-
tions offer compatible constraints via aggressive augmenta-
tions on both data and features to promote local training.
Local training. The local model f at each unlabeled client
is jointly trained by the superior global model gS via the
proposed data-guided and model-guided regularizations ,
respectively. Note that the local classifier f cls of the client
model f is shared across both local and global models. To
avoid incurring degenerate solution, two global models are
frozen except the classifiers. The overall loss function of local
training for unlabeled clients can be expressed as:

Lu = LDR + λLMR, (3)

where λ is a trade-off factor to balance the contributions
of two regularizations. With respect to the labeled clients,
the local training is supervised by cross-entropy loss Ll =
1
N B
k

∑N B
k

i=1 H(yi , ŷi ), where yi and ŷi denote the label and

prediction, respectively.

4.3 Relation-Guided Directional Aggregation

Most existing aggregation strategies (McMahan, Moore,
Ramage, Hampson, and y Arcas, 2017; Jeong, Yoon, Yang,
and Hwang, 2020; Q. Liu, Yang, Dou, and Heng, 2021) treat
each unlabeled client model equally at the server, while they
ignore the potential relation among models, which is benefi-
cial to robust model aggregation. To this end, we propose the
relation-guided directional aggregation by building a model
relation graph via pairwise model relation learning.
Intrinsic model graph. In the server with K client mod-
els { f1, ..., fK }, we construct an undirected intrinsic model
graph GIMG = {V IMG, E IMG}, where the vertices V IMG rep-
resent client models and the edges E IMG are defined as the
consine similarity between the parameters of two models
eIMG
i, j = fi · f j

‖ fi‖2‖ f j‖2 . This graph represents the intrinsic rela-
tion among all client models, which can be regarded as an
undirected weighted graph.
Relation predictor. To capture the pairwise relation towards
potential discrimination ability among clientmodels, as illus-
trated in Fig. 3,we introduce a parametric relation predictorφ
tomake comparisons between twomodels,which is trained at

Fig. 3 Training of model relation predictor. With the pairwise models
as inputs from the labeled client, the predictor is trained by the true
performance comparison of the pair models. All historical local and
global models from the past training iterations of the labeled client are
utilized to train the relation predictor. Note that the relation predictor is
trained at labeled clients and deployed at the server.

each labeled client after each communication round and aver-
age aggregated at the server. We formulate an inter-model
relation learning task at each labeled client. In particular,
we construct the model pairs { fi , f j }, consisting of two
local models, as the training data, and set the true clas-
sification accuracy comparison as the label yRP ∈ {0, 1},
where yRP = 1 if fi is superior to f j , and vice versa. Since
the model parameter space is continuous and the number
of parameters is extremely large, it is inefficient to directly
encode all parameters and train the relation predictor. To alle-
viate this issue, we first sample part of layers (the classifier
and penultimate layer) within the model. Then, we prune the
selected layers by setting the unimportant parameters smaller
than a threshold θpru as zero. Afterward, we randomly pick
two prunedmodels fi and f j as the inputs to feed the relation
predictor φ. The predictor produces the binary comparison
result pRP = φ( fi , f j ), pRP ∈ [0, 1]. With the true compar-
ison result yRP as the supervision, the relation predictor is
trained as a binary classification task via binary cross-entropy
loss LRP = −[yRP log(pRP) + (1 − yRP) log(1 − pRP)].
Note that all historical local and global models from the past
training iterations of the labeled client are utilized to train
the relation predictor. The well-trained relation predictors φ

from labeled clients are sent to the server to average and
yield a global relation predictor φ = 1

KL

∑KL
k=1 φk , where φk

denotes the relation predictor of k-th labeled client. Obtained
the global relation predictor, the server can evaluate the rela-
tion among all client models and construct a directed relation
graph GRG, which inherits the weights of edges E IMG within
the undirected intrinsicmodel graphGIMG. Then, the relation
graph GRG can be utilized to achieve superior model aggre-
gation illustrated in next directional model aggregation.
Directional model aggregation. Given the estimated rela-
tions with the directional graph GRG from the relation
predictor, we first leverage the approximation algorithm pro-
posed in Arch-Graph (M. Huang et al., 2022) to find the
maximal acyclic subgraph GMAS = (V, EMAS) weighted by
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Algorithm 1 Pipeline of our FedRVR framework.
Input:Unlabeled data xu at unlabeled clientsC1, . . . ,CKU , clientmod-
els f1, . . . , fK , learning rate η; Output: Global model gS ;
1: procedure ServerUpdate
2: for each round in MaxRound do
3: for each client in KU do
4: { f1, . . . , fK }, {φ1, . . . , φKL } ← LocalUpdate(gS, gI )
5: end for
6: Build intrinsic model graph GIMG, and obtain similarity score

as the edges E IMG

7: Feed the pairwise client models to relation predictor, and yield
relation graph GRG = φ(GIMG)

8: Search maximal acyclic subgraph GMAS

9: Forward aggregation to produce superior global models gS
10: Reverse aggregation to produce inferior global models gI
11: Return two global models gS and gI
12: end for
13: end procedure
14: procedure LocalUpdate(gS, gI )
15: for each epoch in MaxLocalEpoch do
16: Data-guided regularization LDR
17: Model-guided regularization LMR
18: Update the local model: f ← f − η∇(LDR + λLMR)

19: end for
20: end procedure
21: return f and φ

the similarity scores in the directional relation graph GRG,
i.e., the edges E IMG of intrinsic model graph GIMG. Then,
we rank these models from the best ability one to the worst
ability one Rank = { fr1 , ..., frM }, where M represents the
node number of the GMAS and ri means the index of the i-th
best client model. This model ranking can yield a directional
path towards model aggregation, which contains the infor-
mation of model relation, and produce the superior global
model and inferior global model via the intrinsic similarity
scoreswithinGIMG. Afterward, considering that themaximal
acyclic subgraph GMAS represents the directional relation
among client models, we calculate the intrinsic similarity
score eIMG

ri ,r1 between the client model fri and the best model
fr1 . Then, we normalize it across the subgraph GMAS as the
weight êIMG

ri ,r1 of the model fri to achieve sequential model
aggregation. Then, the superior global model gS is obtained
through the aggregation via the forward path of the GMAS

and Ê IMG, as follows:

gS = 1

M

M∑

i=1

êIMG
ri ,r1 fri . (4)

In this manner, with the relation-guided model ranking, we
can determine the best client model and assign it the largest
weight. Theweights of othermodels are obtained via the sim-
ilarity between the best client model. In addition, to produce
highly perturbed features towards strong model-guided reg-
ularization at the client, we compute the intrinsic similarity
score eIMG

ri ,rM between the clientmodel fri and theworstmodel

frM . The normalized score êIMG
ri ,rM is used as the weight of the

model fri to yield an inferior global model gI , as follows:

gI = 1

M

M∑

i=1

êIMG
ri ,rM fri , (5)

where the worst client model frM is assigned the largest
weight towards reverse aggregation. Hence, the server pro-
vides two extreme global models gS and gI to perform the
data-guided and model-guided regularizations in Sect. 4.2,
and further render better consistency constraints for local
training in FSSL.

4.4 Optimization Pipeline

In each communication round, each client sends the local
model f and the labeled clients upload the relation pre-
dictor φ to the server. The server aggregates local models
via relation-guided directional aggregation, and produces a
superior global model gS and an inferior global model gI .
After each client receives gS and gI , the versatile regular-
ization guarantees efficient self-training of the local model
with data-guided and model-guided constraints. Finally, the
local models are optimized by decentralized training, and
the superior global model gS serves as the output model of
FedRVR for inference. We summarize the overall pipeline of
the proposed FedRVR framework in Algorithm 1.

5 Experiments

In this section, we evaluate the FedRVR on two FSSL set-
tings (i.e., labeled-unlabeled and partial-labeled clients) with
different data heterogeneity types of IID and Non-IID.

5.1 Experimental Setup

Datasets. To evaluate the effectiveness of our model, we
conduct experiments on three image classification bench-
marks, including CIFAR-10 (Krizhevsky, Hinton, et al.,
2009), CIFAR-100 (Krizhevsky, Hinton, et al., 2009) and
ISIC-2018 (Codella et al., 2019). Following common prac-
tice (Liang, Lin, Fu, Zhu, and Li, 2022), we use official
training and test sets of CIFAR-10 and CIFAR-100, and ran-
domly split ISIC dataset into 80% as training set and 20% as
test set. The images in ISIC dataset are resized as 240× 240
in the pre-processing for efficient training.
FSSL settings. In the labeled-unlabeled FSSL, we set 10
clients, where 1 client is fully labeled and the other 9 clients
only contain unlabeled data. This task is challenging since
the majority of unlabeled clients may mislead the training,
especially in the early phase of FSSL. Moreover, we further
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evaluate FedRVR in the partial-labeled setting, where each
client holds 10% labeled and 90% unlabeled data.
Data heterogeneity. We consider three cases in terms of
data heterogeneity across different clients, including one IID
and two Non-IID settings. (1) IID: It endows an identical
ratio of class distribution over all clients. We set the uniform
class number for each client. (2) Non-IID: In this setting,
the class distributions are distinct across clients as the het-
erogeneous FL scenarios. We randomly perform the number
of data per category for each client via Dirichlet distribution
Dir(α), where each client contains a subset of categories.
The coefficient α set as 0.5 and 0.8 constitutes two Non-IID
settings in our experiments, respectively.
Implementation details. All models are optimized by
stochastic gradient descent (SGD) (Sutskever,Martens,Dahl,
and Hinton, 2013) with a momentum of 0.9 and a weight
decay (Loshchilov & Hutter, 2016) of 5 × 10−4. We use
PyTorch (Paszke et al., 2019) to implement our models, and
train all models for 1000 rounds with 1 local training epoch
per round on each dataset. The batch size for CIFAR-10
and CIFAR-100 is set as 64, and 12 for ISIC. We use the
crop-and-flip as the weak data augmentation Aw() and the
standard RandAugmentation (Cubuk, Zoph, Shlens, and Le,
2020) as the strong data augmentation As(). The trade-off
factor λ in Eq. (3) is set as 1.0, and the threshold θpru towards
model pruning is equal to the median of the selected layer
parameters. To facilitate fair evaluation, we adopt the same
backbones as the previous work (Liang, Lin, Fu, Zhu, and Li,
2022), where a simple CNN consisting of two convolution
layers and two fully-connected layers is used for CIFAR-10
and CIFAR-100, and ResNet-18 (He, Zhang, Ren, and Sun,
2016) is utilized for ISIC. We will release the source code
for reproduction.

5.2 Comparison with State-of-the-Arts

Labeled-unlabeled FSSL. To verify the effectiveness of the
FedRVR framework, we conduct comparison experiments
for three runs with state-of-the-art FSSL methods in both
IID and Non-IID cases. As shown in Table 1, our FedRVR
outperforms other FSSL works with a clear improvement in
IID, Non-IID with Dir(0.5) and Non-IID with Dir(0.8) set-
tings across three datasets. Specifically, compared with the
second-best FedLabel (Cho, Joshi, and Dimitriadis, 2023)
in three settings, FedRVR outperforms with 1.21%, 2.02%,
1.33%average accuracyonCIFAR-10, 1.67%, 1.58%, 1.36%
accuracy on CIFAR-100, and 1.62%, 1.36%, 1.64% accu-
racyon ISIC.These advantages demonstrate the effectiveness
of FedRVR. Particularly, in Non-IID setting with Dir(0.5),
FedRVR achieves 58.24%, 15.80%, 69.77% accuracy, and
86.81%, 80.76%, 87.56%AUC score on CIFAR-10, CIFAR-
100 and ISIC, respectively, indicating that FedRVR is still

powerful even the data heterogeneity is largely skewed across
clients.
Partial-labeled FSSL. We further consider another FSSL
scenario, i.e., partial-labeled FSSL, where each client con-
tains 10% of labeled data and 90% of unlabeled data. In
Table 2, FedRVR on CIFAR-10 delivers 68.43% accuracy
and 93.40% AUC score in IID setting, outperforming all
other competitors. InNon-IIDwithDir(0.5) setting, FedRVR
exhibits 65.46% accuracy and 88.93% AUC score, with
a significant advantage of 1.56% in accuracy and 1.55%
AUC score over the second-best FedLabel (Cho, Joshi, and
Dimitriadis, 2023). These results confirm that the FedRVR
framework consistently performs better in different FSSL
scenarios.

5.3 Ablation Study

Weconduct extensive ablation studies onCIFAR-10 to inves-
tigate each module in the FedRVR framework.
Effectiveness of relation-guided directional aggregation.
We study the effectiveness of the proposed relation-guided
directional aggregation (RDA) at the server. Firstly, we only
use the intrinsic model graph (IMG) to obtain the similarity
scores E IMG with all other clients for each client to calculate
the re-weighting term for model aggregation. From Table 3,
the accuracy increases from 54.31% and 51.66% to 55.67%
and 53.27% in IID and Non-IID with Dir(0.5), respectively.
Then, we adopt directional aggregation (DA), i.e., only using
GRG to perform client ranking and average aggregating mod-
els to produce a single global model. As shown in 5th row
of Table 3, the accuracy suggests 1.04% and 1.23% improve
in two FL settings respectively. We finally simultaneously
perform the IMG and DA via relation predictor to gather
the global model. The performance constantly increases by
1.26%and 0.88%of accuracy. These advantages indicate that
the server model aggregation strategy with intrinsic model
graph and relation learning can yield a robust global model,
boosting decentralized training and local training.
Impact of versatile regularization. To observe the impact
of the versatile regularization (VR), we employ the data-
guided and model-guided regularizations on the framework
with the relation-guided directional aggregation. As seen in
Table 3, the data-guided regularization (LDR) brings 1.55%
and 2.78%accuracy improvements in IID andNon-IID cases,
respectively. The model-guided regularization (LMR) can
further lead to a 2.06% and 1.31% rise in two cases. These
results imply that both two regularizations facilitate the FSSL
performance, and they can offer complementary constraints
for local training. Particularly, the versatile regularization
is robust towards data heterogeneity with consistent perfor-
mance gain.
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Table 2 Comparison with
partial-labeled FSSL on
CIFAR-10

Method IID Non-IID w/ Dir(0.5)

Acc. AUC Acc. AUC

FedMatch 63.60 89.13 59.21 84.73

FedIRM 64.43 89.95 60.72 85.15

FedSSL 65.14 90.39 61.47 85.77

RSCFed 65.97 91.03 62.84 86.44

FedLabel 66.46 91.50 63.40 86.93

FedCD 66.88 91.95 63.90 87.38

FedRVR 68.43 93.40 65.46 88.93

The result with best performance are highlighted with bold

Table 3 Ablation study of the
proposed FedRVR on CIFAR-10

RDA (Server) VR (Client) IID Non-IID w/ Dir(0.5)

IMG DA LDR LMR Acc. AUC Acc. AUC

54.31 84.59 51.66 81.03

� 55.67 85.48 53.27 82.66

� 55.35 85.33 52.89 82.38

� � 56.93 87.21 54.15 83.75

� � � 58.48 88.87 56.93 85.16

� � � 58.10 88.45 56.09 84.52

� � � � 60.54 90.46 58.24 86.81

Fig. 4 Threshold of pseudo label selection and ratio of parameter prun-
ing.aThreshold for pseudo label selection.bRemaining parameter ratio
in pruning

5.4 Sensitivity Analysis

To investigate the robustness of each proposed compo-
nent, including the thresholds for pseudo label selection and
parameter pruning, we further conduct detailed sensitivity
analysis in this section.
Threshold τs for Pseudo Label Selection. To indicate the
effect of the threshold τs used to pick up reliable predictions
to generate pseudo labels, we train FedRVR with different
thresholds τs from the set {0, 0.7, 0.8, 0.9, 0.97, 0.99} on
CIFAR-10, Non-IID with Dir(0.5). From Fig. 4a, we observe
that the accuracy increases with larger threshold τs , while it
shows a drop when τs is up to 0.99. The accuracy shows
the best with the threshold as 0.97, and we therefore use
τs = 0.97 as the choice in FedRVR. Moreover, the accuracy
performs worst when the threshold τs = 0, i.e., nominating

all predictions as pseudo labels. The reason is that it is hard
to train models with many noisy pseudo labels without the
filtering strategy.
Threshold τp for Parameter Pruning. To study the impact
of the threshold τp towards parameter pruning when training
the relation predictor φ, we conduct an ablation study on dif-
ferent thresholds τp, which can hold part of parameters via
a remaining parameter ratio from the set {5%, 25%, 50%,

75%, 100%} on CIFAR-10, Non-IID with Dir(0.5). From
Fig. 4b, the accuracy achieves the best when remaining 75%
of parameters, and the comparable result with the remain-
ing parameter ratio as 50%. For efficient training with a
smaller amount of parameters, we adopt the threshold with
the remaining parameter ratio as 50% in FedRVR.Moreover,
we notice that either too few or too many parameters lead to
performance slides, which suggests that choosing a suitable
scale of model parameters is important to train the relation
predictor φ.

5.5 Further Analysis

To understand the robustness of FedRVR, we analyze the
extention on label-at-server scenario, the accuracy of relation
predictor, the ratio of labeled and unlabeled clients, the trade-
off of two regularizations, the communication cost, and the
application on standard FL.
Evaluation on Label-at-Server FSSL. To evaluate the pro-
posed FedRVR framework, we follow previous works(Diao,
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Table 4 Comparison with label-at-server FSSL on CIFAR-10. “FS"
and “PS" refer to fully- and partially-supervised federated learning

Method IID Non-IID w/ Dir(0.5)

Acc. AUC Acc. AUC

FedAvg (FS) 72.37 92.67 68.15 88.43

FedAvg (PS) 55.42 85.23 52.13 81.55

FedMatch 54.37 86.96 52.63 81.59

+FedRVR 56.72 88.60 53.49 82.77

SemiFL 57.83 88.12 55.48 83.44

+FedRVR 58.34 88.95 56.18 84.30

The result with best performance are highlighted with bold

Ding, and Tarokh, 2021; Jeong, Yoon, Yang, and Hwang,
2020) and consider the label-at-server FSSL scenario, where
the 10% labeled data are located at the server and the clients
only contain remaining 90% unlabeled data. In this scenario,
we employ the proposed FedRVR framework on the basis
of FedMatch(Gao et al., 2022) and SemiFL(Diao, Ding, and
Tarokh, 2021) respectively. From Table 4, with the FedRVR,
the accuracy of FedMatch(Jeong, Yoon, Yang, and Hwang,
2020) can increase from 54.37% and 52.63% to 56.72% and
53.49% in IID and Non-IID with Dir(0.5) settings, respec-
tively. The FedRVR can boost the SemiFL(Diao, Ding, and
Tarokh, 2021) with 0.51% and 0.70% accuracy in IID and
Non-IID with Dir(0.5) settings, respectively. These results
verify the benefits of the proposed FedRVR framework on
label-at-server FSSL, indicating the effectiveness and robust-
ness of FedRVR across multiple FSSL scenarios.
Evaluation onHybrid-Labeled FSSL. We further consider
another setting termed hybrid-Labeled FSSL, in which there
is 1 labeled client, 1 semi-labeled clients with 10% labeled
samples and 90%unlabeled samples, and 8 unlabeled clients.
We conduct the experiments on CIFAR-10 in both IID and
No-IID with Dir(0.5) FL settings to observe the ability the
differentmodels and study the impact of semi-labeled clients.
From the Table 5, the proposed FedRVR exhibits 60.86%,
58.75% accuracy scores in IID and No-IID settings, respec-
tively, superior over other competitors, which demonstrate
that our FedRVR can be generalized on hybrid-labeled FSSL
by efficiently utilizing both labeled and unlabeled samples.
Analysis on relation predictor. To investigate the robust-
ness and generalization of the proposed relation predictor, we
calculate the accuracy of the relation predictor at the server
on multiple FL settings with different ratios and numbers of
labeled clients respectively. In Fig. 5a, on test set of ISIC, the
accuracy is 84.03% in 1:9 labeled and unlabeled client FL set-
ting under Non-IID with Dir(0.5), and the accuracy shows a
slight increase when the predictor is trained by more labeled
clients. Additionally, the relation predictor consisting of 3
FC layers brings 3.7% extra training time at FL setup with
1 labeled client and 9 unlabeled clients, which can be neg-

Table 5 Comparison with hybrid-labeled FSSL on CIFAR-10

Method IID Non-IID w/ Dir(0.5)

Acc. AUC Acc. AUC

FedMatch 56.47 86.63 53.35 82.80

FedIRM 57.12 87.20 53.82 83.17

FedSSL 57.29 87.91 54.86 83.67

RSCFed 59.04 88.97 55.90 84.83

FedCD 59.60 89.55 56.46 85.81

FedRVR 60.86 90.91 58.75 87.22

The result with best performance are highlighted with bold

Fig. 5 Detailed analysis. aAccuracy of the relation predictor under dif-
ferent labeled clients numbers. bRatio of labeled and unlabeled clients.
c Trade-off factor λ of two regularizations. dCommunication frequency

ligible towards extra computation cost. These results verify
the effectiveness and robustness of the relation predictor and
suggest that the predictor can be well applied on unlabeled
clients even though it is trained by the labeled client.
Analysis on the ratio of labeled and unlabeled clients.We
compare multiple ratios of labeled and unlabeled clients on
CIFAR-10. From Fig. 5b, we have consistent observations
with the performance decrease when diminishing the ratio
of labeled clients. As the ratio reduces from 1:2 to 1:39, the
accuracy of FedRVR drops significantly by 11.52% in Non-
IID case. Although it brings a performance deterioration,
FedRVR still surpasses the baseline with a clear margin. This
observation confirms that the proposed method is leading to
relatively optimal training and is less vulnerable to scenarios
with dominant unlabeled clients.
Analysis on trade-off factor λ. We study the sensitivity of
the FedRVR towards the trade-off factor λ of two regular-
izations LDR and LMR on CIFAR-10 under Non-IID with
Dir(0.5). FromFig. 5c, the performance growswith the trade-
off factor λ increasing from 0.0 to 2.0, while it plunges when
λ is larger than 2.0. These suggest that both data-guided and
model-guided regularizations lead to beneficial constraints
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Table 6 Comparison with
state-of-the-art FSSL algorithms
on CIFAR-100 with WRN-28-2
as the backbone. “FS" and “PS"
refer to fully- and
partially-supervised federated
learning

Method IID Non-IID w/ Dir(0.5)

Acc. AUC Acc. AUC

FedAvg (FS) 65.48 95.88 63.50 92.16

FedAvg (PS) 33.53 85.28 30.07 83.67

FedMatch 35.26 87.52 31.73 85.66

FedIRM 36.61 88.24 32.57 86.45

FedSSL 37.95 88.94 33.46 87.72

RSCFed 38.44 89.62 34.29 88.51

FedLabel 38.80 89.96 34.51 88.67

FedCD 39.11 90.22 34.83 88.75

FedRVR 40.17 90.67 36.71 89.15

The result with best performance are highlighted with bold

Table 7 Study on scalability of
different client numbers

Method Num. IID Non-IID w/ Dir(0.5)

L UL Acc. AUC Acc. AUC

FedMatch 1 9 54.37 85.11 49.67 80.14

FedMatch 10 90 47.64 (↓ 6.73) 78.70 (↓ 6.41) 40.09 (↓ 9.58) 70.50 (↓ 9.64)

RSCFed 1 9 57.69 87.52 52.18 82.95

RSCFed 10 90 51.44 (↓ 6.25) 80.90 (↓ 6.62) 44.50 (↓ 7.68) 73.63 (↓ 9.32)

FedRVR 1 9 59.36 89.40 55.66 84.59

FedRVR 10 90 53.85 (↓ 5.51) 84.28 (↓ 5.12) 49.27 (↓ 6.34) 76.95 (↓ 7.64)

The result with best performance are highlighted with bold

with the appropriate range of λ, while too strong or too weak
of the model-guided regularization may degrade the FSSL
performance.
Privacy and communication cost. Following standard
privacy-preserving protocols in FL (McMahan,Moore, Ram-
age, Hampson, and y Arcas, 2017; Y. Huang et al., 2021;
L. Zhang, Luo, Bai, Du, andDuan, 2021), FedRVRmaintains
private data at clients and avoids privacy leakage. Moreover,
two global models contain global information towards the
clients and the relation predictor involves the knowledge of
model relation, excluding identifiable private information.
Therefore, FedRVR can ensure privacy-preserving issue dur-
ing the communication process. In each communication
round of our framework, each client sends one local model
to the server and the server sends two global models to each
client (3 models totally), additionally, each labeled client
uploads the lightweight relation predictor to the server (can
be ignored). In total, compared with previous FL methods
(McMahan, Moore, Ramage, Hampson, and y Arcas, 2017;
Wang, Yurochkin, Sun, Papailiopoulos, and Khazaeni, 2020)
that send a single model between the server and each client
(2 models totally), our FedRVR suggests nearly 1.5 times
communication cost than them. To maintain a fair compar-
ison with the comparable communication cost for different
methods, we reduce the communication frequency with a 1

2
time ratio. Specifically, our FedRVR performs each commu-

nication every two local training epochs and other methods
performs communication every one training epoch. In this
manner, our framework yields less total communication cost
than other competitors. Note that all models are trained by
the same epochs under the fair protocol. From Fig. 5d, with
the less communication cost, FedRVR still exhibits notice-
ably superior performance over the baseline, which verify
the efficiency of the FedRVR.
Analysis on Backbone Scalability. To investigate the influ-
ence of the backbone scalability for our FedRVR, we replace
the small network Simple-CNN with a large one, i.e.,
Wide-ResNet-28-2 (WRN-28-2) (Zagoruyko, 2016), as the
backbone to train FedRVR and other competitors on CIFAR-
100 in IID and Non-IID with Dir(0.5) settings. From Table 6,
FedRVR delivers 40.17% and 36.71% accuracy in IID and
Non-IID, respectively, outperforming other methods. These
results prove that the proposed FedRVR framework is robust
and superior towards the scalable backbone.
Analysis on Client Number Scalability. To study the scal-
ability of the proposed FedRVR framework, we enlarge the
client numbers with 10 labeled clients and 90 unlabeled
clients to train the model on CIFAR-10 dataset with IID and
Non-IID, Dir(0.5) FL settings respectively. Considering the
training efficiency issue, we employ a smaller CNN network
containing one convolution layer and one fully-connected
layer for each client model. From the following Table 7, as
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Table 8 Results comparison of the relation-guided directional aggre-
gation (RDA) on standard FL on CIFAR-10

Method IID Non-IID w/ Dir(0.5)

Acc. AUC Acc. AUC

FedAvg 71.80 94.62 68.15 92.33

FedProx 72.66 95.11 69.40 92.94

FedAMP 73.24 95.73 70.55 93.60

RDA 73.91 96.26 71.53 94.57

The result with best performance are highlighted with bold

the client number of labeled and unlabeled clients increas-
ing from 1:9 to 10:90, our FedRVR suggests 5.51%, 6.34%
accuracy drops and 5.12%, 7.64% AUC drops in IID and
Non-IID settings, respectively, which are smaller than other
methods. In the scalable scenario of 10:90 labeled and unla-
beled clients, FedRVR achieves 53.85%, 49.27% accuracy in
two FL settings, outperforming other previous approaches,
which verifies that our framework can be well scalable to a
high number of clients.
Extension to standard FL. The proposed relation-guided
directional aggregation can yield the superior global model,
which can also improve the standard FL. We further apply it
on standard FL with ten labeled clients in CIFAR-10. From
Table 8, with the relation-guided directional aggregation, the
model achieves 73.91% and 71.53% accuracy in IID and
Non-IIDwithDir(0.5), surpassing other state-of-the-art com-
parisons. This indicates that the relation-guided directional
aggregation can also be applied in standard FL to achieve
competitive results.

6 Qualitative Results

6.1 Visualization of the Feature Distributions

The t-SNE(Van der Maaten and Hinton, 2008) visualiza-
tions of the feature distributions are presented in Fig. 6.
The features are extracted from a well-trained framework
on CIFAR-10, Non-IID with Dir(0.5), and we reduce the
feature dimension to 2 for clearer illustration. From Fig. 6a–
d, FedRVR shows the best ability to distinguish different
categories, and retains the compactness of intra-class dis-
tribution. These results verify that the proposed FedRVR
framework can encourage the features belonging to the same
class to be more similar, and the features from different cat-
egories to be more discriminative.

6.2 Visualization of the ConfusionMatrix

The confusion matrix of model prediction can reflect the
classification performance, and represent the confirma-

Fig. 6 Qualitative comparison of t-SNE visualization among FedAvg,
RSCFed and FedRVR. Compared with other methods, the feature dis-
tribution of the FedRVR is more compact within each category, and
more discriminative across classes

tion bias (Sohn et al., 2020) via inter-class correlation
of predictions. We therefore analyze the confusion matri-
ces across CIFAR-10, Non-IID with Dir(0.5) to perform
the classification performance and the mitigation effect
of confirmation bias. From Fig. 7a–d, compared with
FedAvg (McMahan,Moore,Ramage,Hampson, andyArcas,
2017), FedIRM (Q. Liu, Yang, Dou, and Heng, 2021) and
RSCFed (Liang, Lin, Fu, Zhu, and Li, 2022), the confu-
sion matrix of our FedRVR exhibits more active on diagonal
entries (marked in red), implying more accurate for classifi-
cation prediction.Moreover, the confusionmatrices obtained
by FedAvg, FedIRM and RSCFed models show that some
data tend to be mis-classified into other categories and gen-
erate noisy pseudo labels. The proposed FedRVR framework
can handle this problem, as shown in Fig. 7d, which deliv-
ers less inter-class confusion and can perform more reliable
pseudo labeling.

7 Conclusion

In this work, we target at the federated semi-supervised
learning task, and present the FedRVR framework, consist-
ing of versatile regularization and relation-guided directional
aggregation. In versatile regularization, we propose both the
data-guided and model-guided regularizations, and enforce
the predictions of the local model to be aligned with two
extreme global models, which can offer richer consistency
supervision for local training.Moreover,wedevise a relation-
guided directional aggregation at the server to produce robust
global models with a directional model relation graph. As
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Fig. 7 The confusion matrices among FedAvg, RSCFed and FedRVR
on CIFAR-10, Non-IID with Dir(0.5). FedRVR reduces the inter-class
confusion and boosts the classification confidence

such, our aggregation relies more on dependable client mod-
els to provide a superior global model for FSSL, and further
yields an inferior global model to promote the versatile
regularization at clients. Extensive experiments on three
FSSL benchmarks verify the superiority of the proposed
FedRVR over state-of-the-art approaches across various FL
settings, and detailed analysis on the proposed component,
hyper-parameters and data privacy reflects the robustness of
FedRVR.
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