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Abstract

As an emerging distributed learning paradigm, Federated
Learning (FL) facilitates collaborative training among mul-
tiple clients without sharing raw data. However, the classic
FL still faces significant challenges due to feature/model het-
erogeneity and catastrophic forgetting, which seriously hin-
der knowledge transfer and cause the forgetting of previous
knowledge. To address these important challenges, we pro-
pose FBCL, a novel generalizable heterogeneity-aware Fed-
erated features and Basic-matrix Consistency Learning to bal-
ance intra-domain discriminability and inter-domain general-
ization. For feature/model heterogeneity, we align the similar-
ity of feature distribution and construct the high-dimensional
basic matrix with irrelevant unlabeled data, thereby over-
coming communication barriers and learning generalizable
representations while maintaining strict privacy preservation.
For catastrophic forgetting during local updating, we intro-
duce constraints in high-dimensional features to retain inter-
domain knowledge and then extract accurate knowledge by
distilling old models to preserve worthy historical informa-
tion. Using real-world unlabeled public datasets, extensive
experiments validate the superiority of the proposed FBCL,
which outperforms the state-of-the-art methods on different
scenarios of image classification.

Introduction
In recent years, the rapid advancement in Artificial Intelli-
gence (AI) has significantly influenced various aspects of so-
cial life, such as healthcare, finance, and smart homes (Feng
et al. 2023), while accompanied by serious issues of data pri-
vacy and security. To effectively address these issues, Fed-
erated Learning (FL) (McMahan et al. 2017) has emerged
as a novel decentralized training paradigm, garnering con-
siderable attention for its excellent ability to enable model
collaborative training while safeguarding data privacy and
security. The clients can only share their model parameters
rather than the raw data, thereby mitigating the risk of data
leakage. FL not only offers substantial advantages in privacy
protection but also presents innovative solutions for collab-
orative efforts across many parties, such as healthcare and
finance. For example, multiple medical institutions can col-
laboratively train a strong diagnostic model without compro-
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mising patient privacy, thereby improving diagnostic accu-
racy and medical plans while adhering to privacy regulations
and ethical standards (Liu et al. 2022).

Although FL offers considerable benefits in protecting
data privacy and security, it still encounters numerous chal-
lenges in practical applications. First and foremost, the data
from different clients commonly exhibits huge heterogene-
ity, which implies that the data of different clients might pos-
sess distinct underlying distributions, and thus each client
will optimize towards its local empirical optimum during the
training process. Under such a situation, slow convergence,
low accuracy, and even model collapse may happen in clas-
sic FL algorithms (e.g., FedAvg (McMahan et al. 2017)).
Moreover, FL necessitates model updates on multiple de-
vices with varying hardware capabilities and network con-
ditions. Besides, clients typically aim to protect their pro-
prietary information and data privacy, and they are often
reluctant to share the details of model design, thereby fur-
ther increasing the complexity and instability of the training
process. Existing studies fall into two categories: 1) Model
sharing (Diao, Ding, and Tarokh 2020; Ma et al. 2022; Tan
et al. 2023) and 2) Knowledge transfer (Li, Li, and Varsh-
ney 2021; Chen et al. 2020; Itahara et al. 2021). As for
the studies of model sharing, they usually require design-
ing unique network architectures, incurring substantial com-
munication costs. As for the studies of knowledge transfer,
they commonly rely on data quality and the completeness
of information transfer, which may inadvertently cause in-
terference with other clients in some cases. It is noted that
the latest research trend has predominantly focused on per-
sonalized FL (Tan et al. 2022a; Shen, Zhou, and Yu 2022;
Zhang et al. 2023) with rare consideration of model gener-
alization, which may detract from the broader applicability
and robustness of FL across diverse scenarios.

In FL, the central server and clients conduct model up-
dates via mutual communication. Due to the constraints
on bandwidth and privacy, the number of communication
rounds is often restricted. Thus, the model should flexibly
adapt to various tasks within limited communication rounds.
When making model transitions between different data dis-
tributions, model parameters need to be fine-tuned with con-
strained capacities. This may compromise their adaptability
to old tasks, resulting in catastrophic forgetting (Tan et al.
2022a). Existing studies focus on parameter isolation (Bon-
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ato et al. 2024) and replay mechanism (Li et al. 2024),
which significantly increase model complexity and storage
resources. Therefore, it remains an open challenge to find
efficient ways to mitigate the forgetting of old data distribu-
tions while learning new ones.

To address the above important challenges in FL, we pro-
pose FBCL, a novel Federated features and Basic-matrix
Consistency Learning. FBCL leverages the accessible un-
labeled public data to perform instance-level feature align-
ment, where client models map same-label data to consistent
regions in a shared feature space, reducing inter-domain dis-
crepancies. Further, we introduce feature basis-matrix con-
sistency that enforces orthogonality between categorical fea-
tures, establishing distinct feature-to-basis vector mappings
to prevent interference while enhancing discriminability and
generalization. Meanwhile, to mitigate catastrophic forget-
ting during local updates, we implement dual-consistency
constraints: (i) Feature-space stabilization through L2-norm
regularization limits representation drift; (ii) Distillation of
non-target probabilities from prior models preserves global
knowledge. Label supervision is maintained throughout to
ensure intra-domain discriminability, collectively enabling
balanced adaptation to new tasks without sacrificing prior
knowledge. The main contributions of this work are sum-
marized as follows.

• We propose a new heterogeneity-aware FL that employs
Gaussian distributions to characterize sample features
across different channels on irrelevant unlabeled public
data. By aligning features across domains, an original
cross-domain consistency learning is devised to facilitate
communication between heterogeneous clients and learn
feature representations with stronger generalization.

• We design a novel feature basis-matrix consistency learn-
ing mechanism to establish a well-structured feature
space, encouraging features from distinct categories to
be distributed along an orthogonal direction, thereby re-
ducing inter-feature interference while improving feature
distinguishability and generalization potential.

• We introduce an innovative dual-consistency constraint
methodology to preserve the global perspective of old
models during local updating. With label supervision, the
knowledge of different models is balanced, relieving the
issue of catastrophic forgetting and improving both the
inter-domain and intra-domain performance.

• Using real-world unlabeled public datasets, extensive ex-
periments validate the superiority of the proposed FBCL
in intra-domain and inter-domain performance, which
outperforms the state-of-the-art methods on different im-
age classification tasks. Moreover, the ablation study ver-
ifies the effectiveness of core components in FBCL, ex-
hibiting its robustness and utility in diverse scenarios.

Related Work
Federated Knowledge Distillation
Recently, Federated Knowledge Distillation (FKD) has
emerged as an influential advancement in FL, garnering
much attention. FedMD (Li and Wang 2019) utilized labeled

proxy data and logits for knowledge distillation, enabling
knowledge transfer across models. Cronus (Hongyan et al.
2019) aggregated logits to improve robustness against out-
liers and noise by using a mean estimation on the server side.
CFD (Sattler et al. 2021) introduced a quantization mech-
anism and incremental encoding method to compress log-
its for reducing communication overheads. FedGEN (Zhu,
Hong, and Zhou 2021) executed statistical heterogeneous
FL by ensembling client information via a data-free knowl-
edge distillation. FedGKT (He, Annavaram, and Avestimehr
2020) alleviated training burden by transferring knowledge
periodically from client-side small models to the server-side
large model. FedFTG (Zhang et al. 2022) trained a condi-
tional generator to fit the input space of local models for gen-
erating pseudo-data and then transferred local knowledge to
the global model by minimizing the Kullback-Leibler (KL)
divergence between predicted outputs. Generally, FKD com-
monly relies on the quality of shared proxy data and extra
data generators. However, the transmission of unprocessed
logits causes privacy leakage of local data, and the high-
dimensional semantic information makes it hard to capture
rich local information in feature tilt scenarios, causing con-
fusing directions of gradient updates. Moreover, extra data
generators boost the difficulty of parameter tuning and the
possibility of model collapses while increasing computation
and communication overheads. Different from existing stud-
ies, the proposed FBCL utilizes unlabeled public data for
knowledge transfer, avoiding the dependency on labeled pri-
vate data while alleviating privacy leakage and distribution
mismatch.

Federated Catastrophic Forgetting
The integration of FL with continual learning has led to
the development of Federated Continual Learning, aiming
to address the problem of catastrophic forgetting in clas-
sic FL. FedPer (Xu, Yan, and Huang 2022) decomposed
the model into basic and personalized layers, aggregating
shallow basic layers to capture generalized knowledge while
retaining deep personalized layers to maintain clients’ per-
sonalized knowledge. FedWeIT (Yoon et al. 2021) decom-
posed the local model parameters of clients into dense basic
parameters and sparse task-adaptive parameters, aiming to
achieve more efficient communication. GLFC (Dong et al.
2022) approached from both global and local perspectives,
focusing on addressing the problem of catastrophic forget-
ting by training a global incremental model to support con-
tinual learning. FedKNOW (Luopan et al. 2023) integrated
the gradients of new and old tasks with the gradients before
and after global aggregation. CRSS (Good et al. 2023) re-
played samples to enhance the diversity of loss gradients and
introduced auxiliary variables to coordinate client selection
by making the objectives of clients separable. In general,
the existing studies usually require specific configurations
for client models or incur high communication costs due to
the massive transmission of extra parameters or models. Dif-
ferent from the existing studies, the proposed FBCL unifies
feature representations under the scenarios of model hetero-
geneity, mitigating the problem of catastrophic forgetting in
distributed environments while maintaining low communi-
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(a) Feature heterogeneity. (b) Model heterogeneity.

Figure 1: Examples of feature and model heterogeneity.

cation overheads.

Problem Formulation
In the general FL, there are K participating clients. For the
private dataset Dk = (xki , y

k
i )
Nk

i=1 on the k-th client Ck, the
total number of samples is denoted as Nk and the predicted
output of the sample xki on the local model θk is denoted
as ȳki , where Pk(X,Y ) indicates the data distribution. As
shown in Figure 1, we specify the problems of feature and
model heterogeneity in FL as follows.
• Feature Heterogeneity. The data collected by clients of-

ten exhibit significant variability due to different scenar-
ios from the perspectives of lighting, background, and
resolution, leading to diverse feature distributions across
clients. Therefore, the feature heterogeneity can be for-
mulated as Pk(X) ̸= Pl(X), ∀k = l.

• Model Heterogeneity. There is significant diversity in
device types and personalized demands across different
clients, and clients often adopt distinct local model struc-
tures tailored to their specific scenarios. Therefore, the
model heterogeneity can be formulated as shape{θk} ̸=
shape{θl}, ∀k = l.

Methodology
As illustrated in Figure 2, the proposed FBCL operates
through two integrated phases. During collaborative updat-
ing, we leverage public data to perform feature instance
alignment and represent features through unified basis ma-
trices via Feature Instance-level Alignment (FIA) and Fea-
ture Basic-Matrix consistency (FBM), reducing model re-
dundancy while enhancing cross-domain adaptability. This
approach minimizes privacy risks and communication over-
head inherent in conventional FL by enabling secure knowl-
edge transfer across clients. Transitioning to local updat-
ing, FBCL employs Correct Not-target Distillation (CND)
with Feature Relationship Regularization (FRR) to bal-
ance intra/inter-domain information, specifically mitigating
catastrophic forgetting under data heterogeneity by preserv-
ing prior cross-domain knowledge while adapting to new lo-
cal distributions. The key steps are presented in Algorithm 1.

Feature Instance-level Alignment
Inspired by the Auto-Encoder (He et al. 2022), the proper
feature distribution contains rich information that can re-
place the direct transmission of model parameters, thereby
reducing communication overheads. We split the local

model θk into a feature extractor fk and a classifier ψk.
Different from prototype-based methods(Tan et al. 2022b),
which learn domain-invariant representations leaking class-
level statistics, we utilize public dataDp to approximate fea-
ture extraction capability across models. To address model
heterogeneity where feature extractors output different di-
mensions, we add a mapping branch gk (i.e., 1×1 conv) for
client k, to convert features into the same high-dimensional
space. For public data x ∈ Dp, features extracted from dif-
ferent clients should be mapped to similar positions as

min
hk

∥hk(x)− h̄(x)∥F , ∀x ∈ Dp, (1)

where hk(x) = gk(fk(x)), h̄(x) = 1
K

K∑
i=1

hi(x) is the aver-

age of the sample x after being mapped by all clients. ∥ · ∥F
measures the similarity between two feature outputs.

Considering conventional pooling operations discard sub-
stantial spatial information, we align feature distributions
channel-wise to capture intricate activation patterns across
the entire feature map. It is limited to comparing the fea-
ture offset of individual channels by directly calculating the
Euclidean distance, lacking a mechanism for cross-sample
comparison. Meanwhile, deep features of images are often
high-dimensional and sparse, making the KL divergence un-
suitable when distributions do not overlap. To this end, we
adopt the Gaussian distribution to model the feature vectors
extracted from the high-dimensional space, defined as

N(µ, δ) =
1√
2π |δ|

e−
1
2 (h−µ)T δ−1(h−µ), (2)

where δ = 1
m

m∑
i=1

(hi − µ)(hi − µ)
T is the covariance ma-

trix, µ = 1
m

m∑
i=1

hi is the mean vector,m = height×width
is the size of feature map, and |δ| is the matrix determinant.

By representing features in the above probabilistic man-
ner, we can better align and compare features from different
clients, contributing to more consistent and robust feature
representations. Therefore, the loss of FIA is defined as

LFIA = ∥µ− µ̄∥22 +
∥∥δ − δ̄

∥∥2
2
. (3)

Feature Basic-matrix Consistency
Relying solely on average features for model updating risks
convergence to outliers (e.g., trivial solutions like gk = 0
mapping all inputs to identical positions). To capture diverse
invariant features and mitigate feature redundancy, we will
maximize the differentiation between features of different
samples while minimizing the distance for features of the
same sample. Since public data lacks labels, it is infeasible
to directly assess the distance between different samples in a
high-dimensional space. Instead, we measure the positional
relationship of samples through the feature direction. The
feature vectors of each sample batch can form a feature ma-
trix. If the feature vectors are orthogonal to each other and
constitute a subset of the solutions of the basic matrix, the
difference between features is maximized. The difference
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Figure 2: Overview of the proposed FBCL for solving the issues of heterogeneity and catastrophic forgetting in FL.

Algorithm 1: the proposed FBCL

1: Input: Communication rounds T , number of participat-
ing clients K, unlabeled public data Dp(Xp), i-th pri-
vate data Di(Xi, Yi), batch size B, hyper-parameters
λ, α, β.

2: Output: θti of i-th participating client.
3: for t = 1 to T do
4: # Global updating
5: for k = 1 to K do
6: Calculate N(µtk, δ

t
k) for x ∈ Dp by Eq.(2)

7: Close N(µtk, δ
t
k) to other clients by Eq.(3)

8: Make {µtk}Bi=1 unrelated by Eq.(4)
9: Update θtk,global ← θti − η∇Lcol by Eq.(5)

10: end for
11: #Local updating
12: for k = 1 to K do
13: Distill historical knowledge from Zt−1

k by Eq.(6)
14: Close relationship of {µtk}Bi=1 to global by Eq.(7)
15: Update θt+1

k ← θtk,global − η∇Lloc by Eq.(9)
16: end for
17: end for

degree between the u-th and v-th samples in each batch is
denoted as |µT

uµv|
∥µu∥∥µv∥ , with a value range from 0 (completely

unrelated) to 1 (completely consistent).

Since the normal vector of each feature in the high-
dimensional space is not unique, when the batch size B is
less than the dimension D, a direction should be set to ap-
proximate the true direction of feature vectors. For simplic-
ity, we regard the average direction of features as the pre-
set direction. The difference between the mapped feature
of the u-th sample and the preset direction is quantified as
|µT

u µ̄u|
∥µu∥∥µ̄u∥ . Because this optimization direction is consistent
with Eq. (3), it is negligible. Therefore, the loss of FBM is

defined as

LFBM =
1

B(B − 1)

∑

u̸=v

|µTuµv|
∥µu∥∥µv∥

. (4)

The loss of FBM encourages the orthogonality and diver-
sity of features, enabling FBCL to learn comprehensive and
robust representations. Furthermore, by combining LFIA
and LFBM , the overall loss of collaborative is updated by

Lcol = LFIA + λLFBM . (5)

Correct Not-target Distillation
While soft labels from old models provide richer inter-class
relational information than hard labels, enhancing knowl-
edge transfer under complex distributions, their inconsis-
tency and potential misalignment with true labels risk prop-
agating errors during distillation. To address this issue, we
propose a new CND that calculates the probability distribu-
tion by only using the ”non-target class” information dur-
ing the training process, thereby minimizing the negative
impact of erroneous labels. Then, we set weight parameters
to the prediction probability of corresponding labels. There-
fore, the loss of CND for the sample (x, y) is defined as

LCND = γ
∑

i̸=y
KL(Pold(i|x), Pcur(i|x)), (6)

where γ is the confidence parameter for historical knowl-
edge. If the output of the old model corresponds exactly to
the label y, γ = Pold(y|x); Otherwise, γ = 0. Pold(y|x) is
the soft label distribution of the old model for y, Pcur(i|x)
is the soft label distribution of the current model for i, and
KL is the KL divergence.

Feature Relationship Regularization
Relying solely on local supervised learning risks overfitting
to current data distributions, degrading inter-domain perfor-
mance. To prevent feature representation drift, we apply the
corresponding global model θ(t−1)

i,global as a teacher to guide
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local updating. Since the global model acts as a feature ex-
tractor and does not output specific logits, classic logit-based
knowledge distillation strategies cannot be applied directly.
To realize effective knowledge transfer between the global
and local models, we constrain the changes in local models
via a feature relationship matrix ϕ (Detailed design is given
in Appendix A), which is defined as

LFRR = l(ϕ(h(θ
(t−1)
i,global, X)), ϕ(h(θ

(t)
i , X))), (7)

This consistency constraint ensures that the distribution
of feature representations in the high-dimensional space
remains invariant across both source and target domains,
thereby circumventing the over-reliance on data from a par-
ticular domain. It enhances the model generalization across
diverse domains while alleviating the impact of catastrophic
forgetting, thus enabling more efficient knowledge transfer
and sharing among clients.

Intra-domain Discrimination
In addition to ensuring the similarity between local and
global features, we expect the classification features of the
local model to be sufficiently discriminative to distinguish
different classes in the feature space. To this end, we retain
the label loss, which is defined as

LCE = −
C∑

c=1

yilog(pi). (8)

Therefore, the overall loss of local is updated by

Lloc = LCE + αLCND + βLFRR. (9)

Global Generalization Bound
Considering the target domain to be the set of all client data
(i.e., Dt = ∪Kk=1Dk), there exists an upper bound on the
generalization error of the global model.

Theorem 1. (Upper Bound on Global Generalization Er-
ror) When the global classifier ψ∗ and feature transform-
ers {gk} satisfy the Lipschitz continuity and the distribution
discrepancy between the public dataset Dp and the target
domain Dt is measured by dH(Dp, Dt), the generalization
error of the global model is bounded by

ϵg(h
∗, ψ∗) ≤ 1

K

K∑

k=1

ϵk(fk, ψk) + ρLψLgRg
√
∆zg

+ λ · dH(Dp, Dt) +O

(√
logK

nK

)
,

(10)

where ∆zg is the feature alignment loss and n is the mini-
mum size of samples per client. The upper bound indicates
that the global performance is jointly determined by the
client-specific error, alignment error, domain discrepancy,
and statistical term. Detailed proof is given in Appendix.

Performance Evaluation
Experiment Setup
Datasets and Backbones. We evaluate the proposed FBCL
on two real-world datasets from Digits (LeCun et al. 1998;

mnist usps

svhn syn

(a) Digits.

amazon caltech

dslr webcam

(b) Office-Caltech.

Figure 3: Feature heterogeneity on Digits and Office-
Caltech.

Dataset Structure Dataset Structure

mnist Resnet10 amazon Mobilenetv2
usps Resnet12 caltech Resnet12
svhn efficientnet dslr Resnet10
syn Mobilenetv2 webcam Resnet12

Table 1: Settings of model structures for different datasets

Netzer et al. 2011; Roy et al. 2018; Hull 1994) and Office
(Gong et al. 2012). The Digits dataset encompasses four do-
mains: mnist, usps, svhn, and syn, where each contains 10
classes of digits 0-9. We randomly select 1% of the sam-
ples per class in each domain to form the training set while
keeping the testing set unchanged. For the Office dataset, we
randomly select 30% of the samples per class in each do-
main as the testing set while randomly selecting 50% of the
remaining samples as the training set. Based on the above
setup, each client is assigned data from one domain exclu-
sively, without overlapping with data from other domains.
As illustrated in Figure 3, the datasets from different do-
mains exhibit significant feature heterogeneity. For the pub-
lic dataset, we adopt the datasets of CIFAR and ImageNet,
where 5,000 images are randomly selected. To verify the
robustness and generalizability of FBCL, we consider var-
ious mainstream model structures as backbones, including
ResNet (He et al. 2016), EfficientNet (Tan and Le 2019), and
MobileNet (Howard 2017). Table 1 summarizes the settings
of model structures for different datasets.

Comparison Methods. We compare the proposed FBCL
with the following state-of-the-art methods: 1) FedMD (Li
and Wang 2019) relies on relevant public data for knowledge
distillation; 2) FedDF (Lin et al. 2020) integrates knowledge
distillation with unlabeled data for model fusion; 3) FCCL
(Huang, Ye, and Du 2022) constructs a cross-correlation ma-
trix to align unlabeled data and extract cross-domain knowl-
edge; and 4) FCCL+ (Huang et al. 2023) adds instance-
similarity distribution alignment and extracts cross-domain
information through posterior class relations. For model ho-
mogeneity, we further compare FBCL with FedFSA (Qi
et al. 2025), which learns a unified feature space for clients
to bridge inconsistency.

Implementation Details. We implement FBCL using Py-
Torch on one NVIDIA RTX 3090Ti GPU. The code has

22746



Method Digits Office-Caltech

mnist usps svhn syn AVG amazon caltech dslr webcam AVG

Baseline 98.67 94.87 82.41 62.40 84.59 52.06 45.18 86.11 80.95 66.08
FedMD 99.13 96.21 86.09 82.75 91.05 57.22 42.54 77.78 73.02 62.64
FedDF 99.08 94.11 85.91 89.50 92.15 62.98 43.93 80.33 74.78 65.51
FCCL 99.08 94.76 86.22 88.05 92.03 67.53 45.61 83.33 74.60 67.77
FCCL+ 99.02 95.96 86.06 89.05 92.52 62.37 45.61 83.33 77.78 67.27
FBCL 99.12 95.71 87.22 90.35 93.10 65.46 46.93 83.33 76.19 67.98

Table 2: Comparison of intra-domain performance on different datasets with CIFAR-100

Method Digits Office-Caltech

mnist usps svhn syn AVG amazon caltech dslr webcam AVG

Baseline 98.67 94.87 82.41 62.40 84.59 52.06 45.18 86.11 80.95 66.08
FedMD 99.13 96.21 86.09 82.75 91.05 57.22 42.54 77.78 73.02 62.64
FedDF 99.08 94.11 85.91 89.50 92.15 62.98 43.93 80.33 74.78 65.51
FCCL 99.08 94.76 86.22 88.05 92.03 67.53 45.61 83.33 74.60 67.77
FCCL+ 99.02 95.96 86.06 89.05 92.52 62.37 45.61 83.33 77.78 67.27
FBCL 99.12 95.71 87.22 90.35 93.10 65.46 46.93 83.33 76.19 67.98

Table 2: Comparison of intra-domain performance on different datasets with CIFAR-100

Baseline FedMD FedDF FCCL FCCL+ FBCL

Figure 4: Caption

Method Digits Office-Caltech

mnist+ usps+ svhn+ syn+ AVG amazon+ caltech+ dslr+ webcam+ AVG

Baseline 14.08 15.05 43.95 30.91 26.00 15.35 35.53 20.41 23.39 23.67
FedMD 23.71 10.32 49.07 40.01 30.78 15.12 32.00 23.47 22.20 23.20
FedDF 23.98 12.06 49.60 40.11 31.44 17.95 32.36 17.77 25.08 23.29
FCCL 18.30 15.23 49.21 43.94 31.67 20.80 35.10 20.61 19.56 24.02
FCCL+ 15.23 30.38 42.25 49.93 34.45 19.61 42.00 18.36 24.22 26.00
FBCL 17.64 24.57 49.92 47.24 34.84 25.15 41.18 20.19 23.54 27.51

Table 3: Comparison of inter-domain performance on different datasets with CIFAR-100 (e.g., ”mnist+” indicates that ”mnist”
is private data and the model is tested on all other domains except it)

been included in the supplementary materials. For fairness,
we use the same parameter settings for both the proposed
FBCL and state-of-the-art methods. Specifically, the num-
ber of clients is set to 4 for all datasets. The Adam opti-
mizer is used with a learning rate of 0.001. We set the hyper-
parameters λ = 0.05, α = 3, and β = 0.1. The number of
unlabeled public data is 5,000 for CIFAR-100. During local
updating, the batch size is set to 128 with 40 iterations. Dur-
ing collaborative updating, the batch size is set to 256. For
pre-processing, we resize all input images into 32 × 32 × 3
for compatibility without data augmentation and train the
baseline optimized on private data only for 100 iterations.
Performance Metrics. The following commonly-used

performance metrics are used to evaluate model accuracy.

Aintra
i =

∑
(argmax(fi(X

Test
i )) == Y Test

i )

|Di|
, (11)

Ainter
i =

∑

i̸=j

(argmax(fi(X
Test
j )) == Y Test

j )

(K − 1)|Dj |
, (12)

where |Dj | is the number of testing samples on j-th client.

Experiment Results and Analysis
Intra-domain Performance. As illustrated in Table 2,
Baseline is optimized solely with local data without the ben-

efit of collaborative learning with other domains, exhibiting
the worst performance on the simple digits dataset while
obtaining comparable performance on the complex office
dataset. This suggests other algorithms may have failed to
effectively extract domain-invariant features, indicating that
blind joint communication across domains can be counter-
productive rather than beneficial. In contrast, the proposed
FBCL achieves the best or near-best performance across
all datasets. As shown in Figure 6, FBCL converges with
fewer communication rounds and exhibits minimal oscilla-
tion thereafter, demonstrating its efficiency and stability.

Inter-domain Performance. To evaluate the effective-
ness of different methods in addressing catastrophic forget-
ting, we analyze their inter-domain performance on differ-
ent datasets. As depicted in Table 3, Baseline underperforms
in all cases, indicating that communication generally has a
positive impact. FCCL+ and FBCL significantly outperform
other methods, attributed to their unique designs targeting
catastrophic forgetting, demonstrating that preserving global
model information substantially enhances cross-domain per-
formance. Notably, except for the Office-31 dataset, FBCL
slightly outperforms FCCL+, particularly achieving an ap-
proximate 1.46% higher performance on the Office-Caltech
dataset. The results underscore the good robustness of FBCL

Figure 5: Caption

0 5 10 15 20 25 30 35 40
Commincation round

86
88
90
92

Te
st

 A
cc

ur
ac

y

(a) Intra-Acc in Digits.
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(b) Intra-Acc in Office-Caltech.
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(c) Inter-Acc in Digits.
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(d) Inter-Acc in Office-Caltech.

Figure 6: Comparison of average intra-domain and inter-domain accuracy on Digits and Office-Caltech with CIFAR-100.

Method amazon caltech dslr webcam AVG amazon+ caltech+ dslr+ webcam+ AVG

FedAvg 76.80 54.39 86.11 85.71 75.75 61.20 79.09 53.40 64.67 64.59
FedMD 78.87 52.63 80.56 84.13 74.05 57.62 74.36 59.94 67.41 64.83
FedDF 77.84 55.70 86.11 85.71 76.34 67.04 77.58 45.78 66.93 64.33
FCCL 77.32 50.88 91.67 80.95 75.21 62.00 71.91 54.90 61.98 62.69
FCCL+ 83.51 56.14 86.11 80.95 76.68 66.16 76.26 55.47 66.15 66.01
FedPSA 80.41 54.39 86.11 85.71 76.66 66.16 78.51 62.54 67.99 68.80
FBCL 78.35 57.02 86.11 88.89 77.59 63.90 76.75 62.67 72.62 68.99

Table 4: Comparison with the state-of-the-art methods under model homogeneity on Office-Caltech with CIFAR-100

FIA FBM CND FRR mnist usps svhn syn AVG mnist+ usps+ svhn+ syn+ AVG

98.67 94.87 82.41 62.40 84.59 14.08 15.05 43.95 30.91 26.00√
98.99 96.01 85.97 82.60 90.89 24.43 18.37 45.25 32.59 30.16√ √
99.10 96.11 85.61 82.30 90.78 26.42 17.44 46.51 36.73 31.77√ √ √
99.14 95.57 86.74 89.30 92.69 14.14 23.97 50.62 41.78 32.63√ √ √
99.12 95.42 85.07 90.35 92.49 23.61 17.36 46.77 42.85 32.65√ √ √ √
99.12 95.71 87.22 90.35 93.10 17.64 24.57 49.92 47.24 34.84

Table 5: Ablation study for core components in FBCL on Digits with CIFAR-100

in maintaining high performance across different domains
and alleviating the impact of catastrophic forgetting.
Performance under Model Homogeneity. We com-

pare FBCL with other methods under model homogeneity.
We set the shared model as ResNet-18 and add the av-
eraging parameters operation between collaborative updat-
ing and local updating. The Table 4 presents both inter-
domain and intra-domain performance on Office-Caltech
with CIFAR-100. It can be observed that merely using log-
its knowledge for guidance achieves results comparable to
FedAvg, while algorithms leveraging feature-level knowl-
edge demonstrate notable improvements. Prototype-based
methods like FedFSA perform well in label-skewed settings
partitioned from a single dataset, yet slightly underperform
in feature-skewed settings with stylistic heterogeneity – the
primary focus of this study. Crucially, our FBCL approach
achieves competitive results without leaking local feature
prototypes.
Ablation Study. We conduct ablation experiments to

evaluate the effectiveness of core components in the pro-
posed FBCL, including Feature Instance-level Alignment

(FIA), Feature Basic-Matrix consistency (FBM), Correct
Not-target Distillation (CND), and Feature Relationship
Regularization (FRR). Table 5 illustrates the intra-domain
and inter-domain performance with these components.
Specifically, the first row refers to the model that is indepen-
dently trained on private data. Both FIA and FBM contribute
to better intra-domain and inter-domain performance. This
is because FIA can align feature instances, and FBM en-
sures consistency of the feature basic matrix. CND enhances
intra-domain accuracy but leads to decreasing inter-domain
performance in some scenarios. This is because the teacher
model focuses on retaining the local private data distribution
rather than offering guidance based on the global data dis-
tribution. Therefore, CND is effective for intra-domain gen-
eralization, but it might introduce biases when the model is
applied across domains. In contrast, FRR excels in improv-
ing inter-domain performance. By constraining the changes
in model representations, FRR effectively mitigates domain
shifts, leading to better generalization to other domains.
When combining CND and FRR, FBCL achieves improve-
ment in both intra-domain and inter-domain performance,

Figure 4: Comparison of average intra-domain and inter-domain accuracy on Digits and Office-Caltech with CIFAR-100.

Method Digits Office-Caltech

mnist+ usps+ svhn+ syn+ AVG amazon+ caltech+ dslr+ webcam+ AVG

Baseline 14.08 15.05 43.95 30.91 26.00 15.35 35.53 20.41 23.39 23.67
FedMD 23.71 10.32 49.07 40.01 30.78 15.12 32.00 23.47 22.20 23.20
FedDF 23.98 12.06 49.60 40.11 31.44 17.95 32.36 17.77 25.08 23.29
FCCL 18.30 15.23 49.21 43.94 31.67 20.80 35.10 20.61 19.56 24.02
FCCL+ 15.23 30.38 42.25 49.93 34.45 19.61 42.00 18.36 24.22 26.00
FBCL 17.64 24.57 49.92 47.24 34.84 25.15 41.18 20.19 23.54 27.51

Table 3: Comparison of inter-domain performance on different datasets with CIFAR-100 (e.g., ”mnist+” indicates that ”mnist”
is private data and the model is tested on all other domains except it)

been included in the supplementary materials. For fairness,
we use the same parameter settings for both the proposed
FBCL and state-of-the-art methods. Specifically, the num-
ber of clients is set to 4 for all datasets. The Adam opti-
mizer is used with a learning rate of 0.001. We set the hyper-
parameters λ = 0.05, α = 3, and β = 0.1. The number of
unlabeled public data is 5,000 for CIFAR-100. During local
updating, the batch size is set to 128 with 40 iterations. Dur-
ing collaborative updating, the batch size is set to 256. For
pre-processing, we resize all input images into 32 × 32 × 3
for compatibility without data augmentation and train the
baseline optimized on private data only for 100 iterations.

Performance Metrics. The following commonly-used
performance metrics are used to evaluate model accuracy.

Aintrai =

∑
(argmax(fi(X

Test
i )) == Y Testi )

|Di|
, (11)

Ainteri =
∑

i̸=j

(argmax(fi(X
Test
j )) == Y Testj )

(K − 1)|Dj |
, (12)

where |Dj | is the number of testing samples on j-th client.

Experiment Results and Analysis

Intra-domain Performance. As illustrated in Table 2,
Baseline is optimized solely with local data without the ben-
efit of collaborative learning with other domains, exhibiting
the worst performance on the simple digits dataset while
obtaining comparable performance on the complex office
dataset. This suggests other algorithms may have failed to
effectively extract domain-invariant features, indicating that
blind joint communication across domains can be counter-
productive rather than beneficial. In contrast, the proposed
FBCL achieves the best or near-best performance across
all datasets. As shown in Figure 4, FBCL converges with
fewer communication rounds and exhibits minimal oscilla-
tion thereafter, demonstrating its efficiency and stability.

Inter-domain Performance. To evaluate the effective-
ness of different methods in addressing catastrophic forget-
ting, we analyze their inter-domain performance on differ-
ent datasets. As depicted in Table 3, Baseline underperforms
in all cases, indicating that communication generally has a
positive impact. FCCL+ and FBCL significantly outperform
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FCCL 77.32 50.88 91.67 80.95 75.21 62.00 71.91 54.90 61.98 62.69
FCCL+ 83.51 56.14 86.11 80.95 76.68 66.16 76.26 55.47 66.15 66.01
FedPSA 80.41 54.39 86.11 85.71 76.66 66.16 78.51 62.54 67.99 68.80
FBCL 78.35 57.02 86.11 88.89 77.59 63.90 76.75 62.67 72.62 68.99

Table 4: Comparison with the state-of-the-art methods under model homogeneity on Office-Caltech with CIFAR-100

FIA FBM CND FRR mnist usps svhn syn AVG mnist+ usps+ svhn+ syn+ AVG

98.67 94.87 82.41 62.40 84.59 14.08 15.05 43.95 30.91 26.00√
98.99 96.01 85.97 82.60 90.89 24.43 18.37 45.25 32.59 30.16√ √
99.10 96.11 85.61 82.30 90.78 26.42 17.44 46.51 36.73 31.77√ √ √
99.14 95.57 86.74 89.30 92.69 14.14 23.97 50.62 41.78 32.63√ √ √
99.12 95.42 85.07 90.35 92.49 23.61 17.36 46.77 42.85 32.65√ √ √ √
99.12 95.71 87.22 90.35 93.10 17.64 24.57 49.92 47.24 34.84

Table 5: Ablation study for core components in FBCL on Digits with CIFAR-100

other methods, attributed to their unique designs targeting
catastrophic forgetting, demonstrating that preserving global
model information substantially enhances cross-domain per-
formance. Notably, except for the Office-31 dataset, FBCL
slightly outperforms FCCL+, particularly achieving an ap-
proximate 1.46% higher performance on the Office-Caltech
dataset. The results underscore the good robustness of FBCL
in maintaining high performance across different domains
and alleviating the impact of catastrophic forgetting.

Performance under Model Homogeneity. We com-
pare FBCL with other methods under model homogeneity.
We set the shared model as ResNet-18 and add the av-
eraging parameters operation between collaborative updat-
ing and local updating. The Table 4 presents both inter-
domain and intra-domain performance on Office-Caltech
with CIFAR-100. It can be observed that merely using log-
its knowledge for guidance achieves results comparable to
FedAvg, while algorithms leveraging feature-level knowl-
edge demonstrate notable improvements. Prototype-based
methods like FedFSA perform well in label-skewed settings
partitioned from a single dataset, yet slightly underperform
in feature-skewed settings with stylistic heterogeneity – the
primary focus of this study. Crucially, our FBCL approach
achieves competitive results without leaking local feature
prototypes.

Ablation Study. We conduct ablation experiments to
evaluate the effectiveness of core components in the pro-
posed FBCL, including Feature Instance-level Alignment
(FIA), Feature Basic-Matrix consistency (FBM), Correct
Not-target Distillation (CND), and Feature Relationship
Regularization (FRR). Table 5 illustrates the intra-domain
and inter-domain performance with these components.
Specifically, the first row refers to the model that is indepen-
dently trained on private data. Both FIA and FBM contribute
to better intra-domain and inter-domain performance. This

is because FIA can align feature instances, and FBM en-
sures consistency of the feature basic matrix. CND enhances
intra-domain accuracy but leads to decreasing inter-domain
performance in some scenarios. This is because the teacher
model focuses on retaining the local private data distribution
rather than offering guidance based on the global data dis-
tribution. Therefore, CND is effective for intra-domain gen-
eralization, but it might introduce biases when the model is
applied across domains. In contrast, FRR excels in improv-
ing inter-domain performance. By constraining the changes
in model representations, FRR effectively mitigates domain
shifts, leading to better generalization to other domains.
When combining CND and FRR, FBCL achieves improve-
ment in both intra-domain and inter-domain performance,
surpassing the gains only obtained by feature exchange.

Performance under Various Scenarios. We validate
the superior intra-domain and inter-domain performance
of FBCL under various scenarios, including diverse model
structures, varying feature dimensions, and different data
types and volumes. Detailed analysis is given in Appendix.

Conclusion
In this paper, we propose FBCL, a novel generalizable
heterogeneity-aware FL framework, to solve the issues of
heterogeneity and catastrophic forgetting. In FBCL, we first
align instance feature distribution and construct the basic
matrix to extract client-invariant features on unlabeled pub-
lic data. Next, we preserve accurate historical knowledge
and feature relationship information to balance the inter-
domain and intra-domain performance. Extensive experi-
ments on real-world datasets of image classification demon-
strate that FBCL significantly surpasses the state-of-the-art
methods in discriminability and generalization under vari-
ous scenarios. Moreover, the ablation study validates the ef-
fectiveness of the core components designed in FBCL.
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