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Abstract

Heterogeneous Federated Learning (HFL) has received
widespread attention due to its adaptability to different
models and data. The HFL approach utilizing auxiliary
models for knowledge transfer can further enhance flexi-
bility. However, existing frameworks face the challenges of
local overfitting and aggregation bias. To address these is-
sues, we propose FedSCE. By restricting specific layers of
the local model updates to a subspace, FedSCE reduces the
degrees of freedom of the update, enhances generalization,
and mitigates the risk of overfitting. The subspace is dy-
namically updated to ensure coverage of the latest model
update trajectory. Additionally, FedSCE evaluates client
contributions based on the update distance of the auxil-
iary model in feature space and parameter space, achieving
adaptive weighted aggregation. We validate our approach
in both feature-skewed and label-skewed scenarios, demon-
strating that on Office10, our method exceeds the best base-
line by 3.87%. The code will be available at https:
//github.com/AVC2-UESTC/FedSCE.git.

1. Introduction
Federated Learning (FL) has recently emerged as a col-
laborative machine learning paradigm that enables model
training while preserving local data privacy [30, 31, 49].
However, Traditional Federated Learning (TFL) methods
often perform poorly when dealing with heterogeneous
data [18, 22, 32]. To solve this problem, Personalized Fed-
erated Learning (PFL) was proposed by training customized
models on the client [33, 50]. However, most PFL methods
maintain a uniform model architecture [33, 54, 55], which
may not suit the unique requirements of certain organiza-
tions or individuals [52].

Therefore, Heterogeneous Federated Learning (HFL)
has been introduced as a paradigm that can handle both
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Figure 1. Challenges in heterogeneous federated learning based
on auxiliary model: 1) In the local training stage, local models
often suffer from overfitting and catastrophic forgetting, resulting
in suboptimal performance. 2) In the auxiliary model aggrega-
tion stage, assessing the contributions of each client is challeng-
ing, which hinders effective information transmission.

data and model heterogeneity [52]. HFL allows clients
to use different model architectures, making them adapt-
able to different hardware and specific task requirements.
In addition, these methods explore many novel knowledge
transfer strategies beyond simply aggregating model param-
eters [17, 28, 39, 57].

Current HFL methods can be broadly categorized into
knowledge distillation-based, prototype-based, and auxil-
iary model-based according to knowledge transfer strate-
gies [57, 58]. Knowledge distillation methods [17, 28] use a
global dataset on the server to facilitate knowledge transfer.
However, the availability and quality of this dataset signifi-
cantly impact distillation performance [16, 58]. Prototype-
based approaches [42, 43, 57] create a shared class pro-
totype for all clients, which serves as global information.
However, these prototypes often lack sufficient expressive-
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ness. When client data distributions differ, prototypes of
the same class may vary widely across clients. This limits
the ability of a unified prototype to adapt to different client
data. Auxiliary model-based approaches [39, 48] support
joint training of local and global models. In this frame-
work, global models are aggregated on the server to facil-
itate knowledge sharing, while private models are continu-
ously trained locally to capture domain-specific knowledge.

Although auxiliary model-based HFL has shown ini-
tial promise, it still faces fundamental challenges inher-
ent in the federated learning framework. FL consists of
two key stages: local model training and global knowl-
edge transfer. During local training, models are contin-
uously updated using private data, yet limited data often
leads to local overfitting [47, 53, 59] and catastrophic for-
getting [17, 36]. To mitigate these issues, existing meth-
ods usually incorporate pre-trained models [17] or regu-
larization techniques [23, 32, 46] to guide local training
with early-stage information. However, these methods rely
on pre-trained models and fail to fully leverage both early
and global information. Therefore, ❶ we need to design a
strategy that fully utilizes early knowledge to reduce model
complexity and alleviate overfitting.

During global knowledge transfer, data heterogeneity in-
troduces biases that complicate auxiliary model aggrega-
tion [9, 10, 20, 38]. Traditional average aggregation over-
looks client contribution differences, leaving the auxiliary
model without sufficient local insights. This raises a crucial
question: ❷ how can client contributions be effectively es-
timated and enable the auxiliary model to integrate knowl-
edge across all clients more accurately?

To tackle the above challenges, we introduce a novel
HFL method called Federated learning via Subspace Con-
straint and Contribution Estimation (FedSCE). First, to
mitigate local overfitting, we draw inspiration from sub-
space learning [34, 35], which improves both training ef-
ficiency and generalization ability by constraining the net-
work to optimize within a low-dimensional subspace. Re-
framing subspace learning in terms of model update direc-
tions, we find that generalization improves by reducing re-
dundant directions in the update process. In the context of
HFL, we consider restricting the update direction of the lo-
cal model to a low-dimensional subspace, thereby reduc-
ing the space complexity of model update. To further min-
imize the subspace storage cost, we selectively apply this
constraint to specific model layers. Furthermore, we dy-
namically adjust the subspace to cover the entire training
trajectory, ensuring that accumulated prior knowledge is ef-
fectively integrated into subsequent updates.

Second, to address the model aggregation bias problem,
we propose a new weighting strategy, auxiliary model con-
tribution estimation, to focus on client insights lacking in
auxiliary models. This strategy evaluates the contribution

of the client knowledge to the auxiliary model by estimat-
ing the update distance of the auxiliary model in both fea-
ture and model space.

We conducted extensive experiments to verify the ef-
fectiveness of FedSCE, comparing it with six methods un-
der feature-skewed and label-skewed scenarios. Results
demonstrate that FedSCE consistently outperforms other al-
gorithms. Specifically, on the Office10 dataset, FedSCE
achieved an average accuracy improvement of 3.08% at the
data level and 1.70% at the client level compared to the best
baseline. Our main contributions are as follows:

• We explore the overfitting problem of FL and introduce
a hierarchical subspace constrained training scheme. By
constraining specific layers to dynamically updated low-
rank subspaces, we reduce the degrees of freedom in the
model update direction and reduce the subspace storage.

• We propose an auxiliary model contribution estimation
strategy. By estimating the update distance in parameter
and feature space to reflect the contribution of different
clients, we solve the auxiliary model aggregation problem
and promote knowledge transfer.

• We conduct comprehensive experiments under feature-
skewed and label-skewed scenarios. On Office10, our
method achieves an accuracy improvement of up to
3.87%.

2. Related Work

2.1. Heterogeneous Federated Learning
We categorize existing federated learning frameworks into
two types: data heterogeneity and model heterogeneity.
Data Heterogeneous Federated Learning. The pioneer-
ing FedAvg method [37] introduced the idea of aggregat-
ing client-specific local model parameters to build a global
model. However, FedAvg [37] is primarily suited for homo-
geneous data and often faces challenges in non-IID (non-
independent and identically distributed) settings. Many
methods have extended FedAvg [37] to address data het-
erogeneity. For instance, FedProx [32] and FedDyn [1] in-
troduce regularization terms to limit local updates, while
approaches like SCAFFOLD [22] and FedDC [11] uti-
lize global gradient adjustments to counteract local model
drift. MOON [29] improves alignment between local and
global model representations using contrastive learning, and
FedNTD [26] applies local non-true distillation to prevent
global knowledge loss during local training. These meth-
ods only focus on the global model, which fails to address
the personalized needs of individual clients.
Model Heterogeneous Federated Learning. Heteroge-
neous federated learning methods can be classified into par-
tially heterogeneous (same model architecture, different pa-
rameters) and fully heterogeneous (different architectures
and parameters). Personalized federated learning (PFL) is
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Description Description
M Client volume T Communication rounds
P Local subspace ∆θ̂tm Vectorized layer update
E Local epochs qg,i Auxiliary model logits
η Learning rate ql,i Local model logits
θg Auxiliary model z Feature prototype
θm Local model p Number of constraint layers
s Subspace update gap R Rank of subspace
θtm Local model θtg,m Auxiliary model of client m

Table 1. A list of notations and corresponding descriptions.

a typical partially heterogeneous method [6, 7, 51]. Meth-
ods like FedPer [2] and FedRep [7] keep local classifiers
while sharing a feature extractor to capture general features.
Techniques such as pFedMe [41] and Ditto [33] adjust the
objective of personalized model training by adding regular-
ization to balance local and global information. However,
these methods rely on a fixed model architecture, which can
limit flexibility in meeting varied client needs.

Fully heterogeneous schemes in HFL can be catego-
rized into three main types: knowledge distillation-based,
prototype-based, and auxiliary model-based approaches.
Knowledge distillation methods, such as FedMD [28] and
FCCL [17], achieve knowledge transfer through server-
side distillation but are highly dependent on the availabil-
ity and quality of public datasets. Prototype-based meth-
ods, including FedProto [42] and FedTGP [57], establish
shared category prototypes across clients; however, their
limited expressiveness often hinders adaptability to diverse
client data distributions. Similarly, FedDistill [19] enables
information exchange through shared category logits, but
when client characteristics vary significantly, logits or pro-
totypes for the same category may show considerable de-
viation. FML [39] and FedKD [48] enhance knowledge
sharing through mutual learning between auxiliary mod-
els and client models. Although these methods have made
some progress, challenges still exist in local fitting. In addi-
tion, heterogeneous environments complicate model aggre-
gation, and interference between auxiliary models and the
local model may occur in the early stages of training.
2.2. Training in Subspace
Numerous studies have emphasized the inherent low-
dimensional structure in neural networks [14, 44, 45]. The
seminal work by [27] introduced the idea of training neu-
ral networks within a tiny subspace via random projec-
tion, showing that only a fraction of the original param-
eter dimensions are required to reach 90% of the perfor-
mance achieved by conventional training. Building on
this, [13] improves the approach by redrawing the random
basis at each step, enhancing the effectiveness of random
subspace training. In contrast to random projection, [35]
proposed leveraging subspaces derived from prior train-

ing trajectories, achieving comparable results to traditional
training methods. Additionally, [34] adaptively constructs
model parameters by performing a combinatorial coeffi-
cient search within the subspace basis, improving gener-
alization. However, current approaches rely on projecting
all gradients into a fixed subspace, which becomes infeasi-
ble for large-scale networks due to hardware storage burden
and fails to adapt to the dynamic nature of network updates.

3. Methodology

3.1. Problem Definition
We consider a standard federated learning setup with M
clients (indexed by m), where each client maintains a lo-
cal model θm and a private dataset Dm = {xi, yi}Nm

i=1,
with Nm denoting the size of the local data. In this set-
ting, the client data usually follows a different distribution,
denoted as Pm(x, y). This distribution can be decomposed
into Pm(x|y)Pm(y), allowing us to classify data skew into
two main types: label skew and feature skew:
• Label skew: The label distribution Pm(y) differs across

clients, with a same conditional distribution, defined as:
Pm(x|y) = Pn(x|y), while Pm(y) ̸= Pn(y). (1)

• Feature skew: Clients share the same label space, but the
conditional feature distribution Pm(x|y) varies among
them, described as:
Pm(x|y) ̸= Pn(x|y), while Pm(y) = Pn(y). (2)

In HFL, each client customizes an independent model,
and the global optimization objective is expressed as:

argmin
θ
L(θ) =

M∑
m=1

Wm · Lm(θm), (3)

where Lm(θm) = E(x,y)∼Dm
[ℓ(f(x, θm), y)] denotes the

local empirical loss, and ℓ(·) represents the loss function.
In heterogeneous federated learning, clients have dif-

fering local model architectures (i.e., Shape(θm) ̸=
Shape(θn)), making FedAvg-based knowledge transfer in-
feasible. In this work, we use an auxiliary/global model θg
to facilitate knowledge transfer across clients. Each model
consists of two components: a feature extractor and a clas-
sification head. The feature extractor g encodes sample x
as a I-dimensional feature vector z = g(x) ∈ RI , while
the classification head h maps the feature z to the logits
q = h(z) ∈ RC , where C denotes the number of categories.

3.2. Hierarchical Subspace Constraint
3.2.1. Local Deep Mutual Learning
In a heterogeneous federated framework using an auxiliary
model, each client operates two models: a local model cus-
tomized to the specific data and tasks of the client, and a
global model that enables knowledge transfer across clients.
Both models are trained on the client’s local dataset. Given
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Figure 2. Schematic diagram of the FedSCE. First, each client selects the projection layer of the local model and constrains updates
within a local subspace using Lpro to reduce the degree of freedom (LSL in Sec. 3.2.2). Then, mutual learning occurs through Lce and Lkl

(DML in Sec. 3.2.2). Finally, each client calculates the update distances Fm,1 and Fm,2 in the feature and parameter spaces and uploads
them. The server evaluates the contribution of each auxiliary model based on the update bias and aggregates them (CE in Sec. 3.3).

the logits output qg,i = f(xi, θ
t
g,m), ql,i = f(xi, θ

t
m), the

local cross-entropy losses are defined as:
Lce
g = −1yi

log (softmax (qg,i)) ,

Lce
l = −1yi log (softmax (ql,i)) ,

(4)

where 1yi denotes the one-hot encoding of yi and
softmax (qg,i) =

exp(qg,i)∑C
c′=1

exp(qc
′

g,i)
. In mutual learning,

both models are independently trained on private data and
consensus is reached by minimizing the difference between
the predicted distributions. The distance between the pre-
diction distributions of θtg,m and θtm is measured using KL
divergence, as shown below:

KL(qg,i, ql,i) =
C∑

c′=1

qc
′

g,i log
qc

′

g,i

qc
′

l,i

. (5)

Building on the approach in [48], we adaptively tune the
KL loss coefficient to balance distillation strength and task
performance. When predictions from both models are un-
reliable (i.e., both task losses Lce

l and Lce
g are high), the

influence of distillation is reduced, allowing the task loss to
dominate. As training progresses and task losses decrease,
distillation loss plays a more important role, which may also
help mitigate overfitting. The distillation losses for each
model are defined as:

Lkl
g = KL (ql,i, qg,i) /

(
Lce
l + Lce

g

)
,

Lkl
l = KL (qg,i, ql,i) /

(
Lce
g + Lce

l

)
.

(6)

3.2.2. Local Model Subspace Learning

In federated learning scenarios, client data is often limited,
increasing the risk of overfitting if the local model is highly
complex. To alleviate this problem, we consider reducing
the degree of freedom in the model update direction. Specif-
ically, we design a projection loss to limit the update direc-

tion of the local model to the low-dimensional subspace,
thereby limiting the complexity of the model update, as de-
fined below:

Lpro =
∥∥∥Proj(∆θ̃tm

)
−∆θ̃tm

∥∥∥2 , (7)

here, ∆θ̃tm ∈ RK denotes the vectorized model update, cal-
culated as reshape(θt,e,im −θt,0,0m ), where K is the number
of model parameters, and e and i represent the epoch and
batch index, respectively. The projection Proj(∆θ̃tm) =
PPT∆θ̃tm, where P ∈ RK×R, defines the subspace, which
is initially randomized. During subspace update rounds
(when mod(t, s) == 0, with s as the update interval), the
subspace is refined by concatenating the updated parameter
vectors and performing truncated singular value decompo-
sition (SVD), as shown in Fig. 3. Specifically, the subspace
P is concatenated with the parameter vector ∆θ̃tm to form a
K × (R+ 1) matrix, on which SVD is then applied.

[U,Σ, V ]← SVDR

([
P,∆θ̃tm

])
, (8)

where R is the rank of the subspace. After SVDR is com-
pleted, we set U to the local subspace P ← U .

The above strategy reduces the degree of freedom in
the model update direction from K to R. However, in
deep networks, the storage cost of subspaces can be signifi-
cant. To mitigate this, we introduce a hierarchical constraint
approach. Specifically, we reduce the subspace storage
requirements by selectively applying subspace constraint
to specific layers, allowing other layers to train normally.
Since later layers in the model are more likely to capture
localized distributions, we apply the constraint to the final
layers of the network (see the projection layer in Fig. 2).
We denote this vectorized projection layer as ∆θ̂tm, replac-
ing ∆θ̃tm in Eq. (7) and (8). The modified projection loss
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Figure 3. Illustration of the local subspace update with an in-
terval s = 3. Solid arrows indicate rounds where the subspace
is updated, while dotted arrows represent rounds without updates.
The client updates P by applying SVDR on the previous subspace
P and the parameter changes ∆θ̂tm, as described in Eq. (8).

function is then defined as:

Lpro =
∥∥∥Proj(∆θ̂tm

)
−∆θ̂tm

∥∥∥2 . (9)

Additionally, since the subspace is updated dynamically, it
contains information on previous model update trajectories.
By constraining model updates within this space of prior
trajectories, the approach may indirectly help to alleviate
catastrophic forgetting in the model. During the local up-
date phase, we optimize the following objectives:

Lg = Lce
g + Lkl

g ,

Ll = Lce
l + Lkl

l + µ · Lpro,
(10)

where µ balances the impact of projection loss.

3.2.3. Discussion
Let L denote the number of parameters in ∆θ̂tm. In FedSCE,
the local computation process involves subspace extraction,
where the main computational overhead comes from SVD,
which has a time complexity of O(LR2). This process can
be accelerated using GPUs, making the computational cost
of subspace extraction negligible compared to that of local
training. As for space complexity, the subspace constraint
reduces the L-dimensional space to the R-dimensional,
bringing the space complexity down toO(K−L+R). Fur-
thermore, driven by the existing analysis [4, 5, 42, 56, 61],
We provide insights into generalization bounds and non-
convex convergence rate of subspace constraint.
Assumption 1. Local loss function is L1-Lipschitz smooth,
∥∇Lt1,e

m −∇Lt2,e
m ∥2 ≤ L1∥θt1,em − θt2,em ∥2,∀t1, t2 > 0.

Assumption 2. The stochastic gradient for each client
gt,em = ∇L(θt,em , ξt,em ) is an unbiased estimator of the lo-
cal gradient, Eξt,em ∼Dm

[gt,em ] = ∇L(θt,em ), and its variance

is bounded by σ2, E[∥gt,em −∇L(θt,em )∥22] ≤ σ2,∀t, e.
Assumption 3. The expectation of the stochastic gradient
is bounded by G, E[∥gt,em ∥22] ≤ G2,∀t, e.
Proposition 1. The squared projection error for ∆θ̃t,em is
bounded, E[∥Proj(∆θ̃t,em ) − ∆θ̃t,em ] ≤ ρRη

2e2G2, ρR =∑K
r=R+1 σ2

r∑K
r=1 σ2

r

,∀t, e. σr denotes singular value.

Theorem 1. Consider a virtual global data domain T and
a local data domain Tm. Define T = ⟨D, c∗⟩ with |D̂| = n
and Tm = ⟨Dm, c∗⟩, where D,Dm ⊆ X , and c∗ : X 7→ Y
is a ground-truth labeling function. Let G : X 7→ Z be a
feature extraction function. SupposeH represents a hypoth-
esis space constrained by subspace with VC dimension d′,
and h : Z 7→ Y for each h ∈ H. Then, with probability at
least 1− δ, the following holds for any h ∈ H:

LTm
(h) ≤ L̂T (h) +

√
4

n

(
d′ log

2en

d′
+ log

4

δ

)
+ dH∆H(D̃, D̃m) + λm,

(11)

where d′ < d < 2n, d represents the VC dimen-
sion, which quantifies the model’s complexity by indicat-
ing the maximum number of points it can shatter. λm :=
minh(LTm(h) +LT (h)) denotes an oracle performance, e
is the base of the natural logarithm, D̃, D̃m are the induced
distributions ofD,Dm under G. dH∆H(D̃m, D̃) denotes the
divergence measured over a symmetric-difference hypothe-
sis space [5]. L̂T (h) is the empirical risk on T .
Theorem 2. Assuming that Assumption 1 to 3 and Proposi-
tion 1 hold, and L∗

m denotes the local optimum, the follow-
ing inequality is valid for any client and any ϵ > 0:

1

TE

T−1∑
t=0

E−1∑
e=0

E[∥∇Lt,e
m ∥22] ≤

L1ησ
2 + 2µρRηEG2

2− L1η

+
2(L0

m − L∗
m)

TEη(2− L1η)
< ϵ.

(12)

The VC dimension increases with space complexity [3, 40],
imposing subspace constraint reduces the VC dimension
and decreases the generalization gap. When η < 2ϵ/(L(ϵ+
σ2) + 2µρREG2), the model with subspace constraint can
converge at a speed ofO(1/T ). See the Appendix for proof.

3.3. Auxiliary Model Contribution Estimates
The global model is aggregated on the server side to collect
insights from all clients to guide local training. If the global
model captures sufficient information from a client, its up-
dates should show minimal differences (e.g., model conver-
gence). We assume that significant changes in the global
model during local training indicate insufficient adaptation
to the local data distribution. In such cases, the global model
from that client should be given a higher aggregate weight
to enhance the injection of client-specific information.

To quantify the local update distance of the global model,
we measure the update shift of the global model in both
parameter and feature spaces. Specifically, we calculate the
distance between the locally updated global model θtg,m and
the pre-update model θtg in these spaces:

Fm,1 = ∥θtg,m − θtg∥2, Fm,2 = ∥zg,m − zg∥2, (13)
where zg,m = g(x, θtg,m) and zg = g(x, θtg). Since the
scales of parameter and feature spaces are different, we can-
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not directly combine them. Therefore, we first normalize
the distances in each space independently as follows:

F ′
m,1 =

Fm,1∑M
m=1 Fm,1

, F ′
m,2 =

Fm,2∑M
m=1 Fm,2

. (14)

Finally, we combine F ′
m,1 and F ′

m,2 to calculate Fm and
then normalize it to obtain the aggregate weight Wm:

Wm =
Fm∑M

m=1 Fm

, (15)

where Fm = F ′
m,1 + F ′

m,2. The weights assigned to auxil-
iary models from different clients are dynamically adjusted
based on their contributions. This adaptive weighting strat-
egy emphasizes insights from clients whose information is
underrepresented in the auxiliary model. We validated this
approach using a toy CNN [55] as the auxiliary model, with
the accuracy results shown in Fig. 4.
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Figure 4. Motivation Illustration of Auxiliary Model Contribu-
tion Estimates. As shown in Fig. 4b, the accuracy of the auxiliary
model using CE surpasses that of both the local model and the
auxiliary model using Average.

4. Experiments

4.1. Experimental Setup

Datasets. This study focuses on image classification tasks
across various scenarios. For the feature-skew setting,
we utilize two benchmark datasets: Digit5 and Office10.
Digit5 [60] is a standard benchmark for digit recognition,
containing five subsets: SVHN, USPS, SynthDigits (SYN),
MNIST-M (MNTM), and MNIST (MNT). Office10 [12] is an-
other benchmark dataset, consisting of four subsets: Ama-
zon (Amaz), Caltech (Calt), DSLR, and WebCam (Webc).

For label-skew scenarios, we employ three popu-
lar datasets: Cifar10 [24], Cifar100 [24], and Tiny-
Imagenet [25]. To simulate label skew, we apply two meth-
ods. The first involves a pathological heterogeneity setting,
where we randomly sample 2, 10, or 20 classes from the
available 10, 100, or 200 categories, respectively, for each
client. In the second method, we use the Dirichlet distribu-
tion (Dirβ) to create heterogeneous data partitions [21].
Model. We consider five heterogeneous model architec-
tures: ResNet18 [15], ResNet34 [15], ResNet50 [15], ViT-
B/16 [8], and ViT-B/32 [8]. For M clients, we assign each
client the (m mod 5)-th model in sequence. To facilitate

Algorithm 1: FedSCE
Input: Communication rounds T , local epochs E, clients

number M , private data Dm(x, y), coefficient µ.
for t = 0, 1, ..., T − 1 do

/* Client Side: */
for m = 1, 2, ...,M in parallel do

θtg,m, Fm,1, Fm,2 ← LocalUpdating(θtg, t)
/* Server Side: */
Normalize Fm,1 and Fm,2 by Eq. (14).
Calculate Wm by Eq. (15).
θt+1
g ←

∑M
m=1 Wm · θtg,m

LocalUpdating(θtg, t):
θtg,m ← θtg // Distribute Auxiliary Model
for e = 0, 1, ..., E − 1 do

for (xi, yi) ∈ Dm do
ql,i ← f(xi, θ

t
m), qg,i ← f(xi, θ

t
g,m)

/* Local Deep Mutual Learning */
/* Sec. 3.2.1 */
Lce

l ← (ql,i, yi), Lce
g ← (qg,i, yi) in Eq. (4).

Lkl
l ← (qg,i, ql,i), Lkl

g ← (ql,i, qg,i) in Eq. (6).
/* Local Subspace Learning */
/* Sec. 3.2.2 */
Lpro ← (∆θ̂tm, P ) in Eq. (7).
Lg ← Lce

g + Lkl
g , Ll ← Lce

l + Lkl
l + µ · Lpro

θtm ← θtm − η∇Ll, θ
t
g,m ← θtg,m − η∇Lg

/* Auxiliary Model Contribution
Estimates */
Fm,1 ← ∥θtg,m − θtg∥2, Fm,2 ← 0 in Eq. (13).
for (xi, yi) ∈ Dm do

zig,m ← g(xi, θ
t
g,m), zig ← g(xi, θ

t
g)

Fm,2 ← Fm,2 + ∥zig,m − zig∥22 in Eq. (13).

Fm,2 ←
√

Fm,2.
/* Local Subspace Update */
if mod(t, s) == 0 then

P ← (P,∆θ̂tm) in Eq. (8).

return θtg,m, Fm,1, Fm,2.

communication between the clients, we select the smallest
model as the default auxiliary model.
Baselines. We compare FedSCE with several popular state-
of-the-art HFL methods, including FML [39], FedKD [48],
FedDistill [19], FedProto [42], and FedTGP [57]. We also
evaluate a baseline with only local updates, termed SOLO.
Evaluation Metrics. We evaluate performance using aver-
age accuracy at both the data level (D.Avg) and client level
(C.Avg), with D.Avg as the default. Specifically, N corr

m rep-
resents the number of correctly classified samples per client,
and accuracy is calculated as follows:

D.Avg =

∑M
m=1 N

corr
m∑M

m=1 Nm

, C.Avg =

∑M
m=1 N

corr
m /Nm

M
.

(16)
Implementation Details. For all datasets, we use a batch
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Method Office10 Digit5

Amaz Calt DSLR Webc C.Avg D.Avg SYN USPS SVHN MNTM MNT C.Avg D.Avg

SOLO 80.79 61.03 82.27 90.54 78.66 73.26 92.81 99.83 76.36 86.72 98.27 90.81 90.41
FML [39] 78.91 59.96 78.48 91.89 77.31 72.00 92.94 99.88 75.67 87.45 98.28 90.85 90.45

FedKD [48] 77.45 58.36 79.74 93.24 77.22 70.98 96.41 99.78 85.60 89.08 98.50 93.88 93.62
FedDistill [19] 79.54 60.14 82.27 91.89 78.49 72.56 93.25 99.85 77.62 86.98 98.21 91.19 90.81
FedProto [42] 77.24 56.40 73.41 95.94 75.75 69.95 92.69 99.79 75.29 86.77 98.02 90.52 90.11
FedTGP [57] 78.07 60.85 68.35 93.24 75.13 71.61 94.34 99.77 77.88 87.37 98.01 91.48 91.11

FedSCE 84.55 64.59 79.74 92.57 80.36 76.34 96.48 99.82 84.87 89.90 98.69 93.95 93.69

Table 2. Comparison with other state-of-the-art algorithms in feature-skew scenarios. The highest average accuracy is marked in bold,
while the highest accuracy for each client is underlined. Please see details in Sec. 4.2.

Method Cifar10 Cifar100 Tiny-Imagenet

Pat Dir0.1 Dir0.3 Dir0.5 Pat Dir0.01 Dir0.1 Dir0.5 Pat Dir0.01 Dir0.1 Dir0.5

SOLO 82.29 84.27 68.80 57.69 52.51 62.70 39.12 22.04 30.76 43.08 28.40 14.80
FML [39] 82.44 84.51 69.74 58.46 52.19 62.03 39.11 22.92 30.20 42.76 28.31 14.53

FedKD [48] 84.47 86.29 71.77 61.39 52.71 63.73 40.37 23.60 30.46 43.12 28.42 15.26
FedDistill [19] 82.18 84.07 68.93 57.82 52.60 63.04 38.80 22.92 30.26 42.51 27.72 14.70
FedProto [42] 70.52 69.22 60.91 52.05 49.65 52.92 29.00 17.73 25.73 30.49 15.13 10.62
FedTGP [57] 80.33 83.67 68.61 57.80 50.48 62.68 39.97 22.91 26.20 34.50 20.51 11.10

FedSCE 84.73 86.74 72.86 62.93 54.30 64.37 41.05 23.91 30.49 43.61 28.38 15.94

Table 3. Comparison with other state-of-the-art algorithms in label-skew scenarios. where Pat stands for pathological heterogeneity.
Please see details in Sec. 4.2.

size of 64 for training, except for Tiny-Imagenet, where a
batch size of 256 is applied. We use the SGD optimizer
with a learning rate of 0.01. We set the number of local
epochs to 5 and the number of clients to 20. We conduct 200
communication rounds, beyond which most methods have
little or no accuracy improvement. Additionally, the train-
ing and test datasets are split with a ratio of 0.75 and 0.25,
respectively. All experiments are conducted on an NVIDIA
GeForce RTX 3090 GPU. Please refer to the Appendix for
more results and details of baselines.

4.2. Comparison to State-of-the-Arts
Heterogeneous scenarios. We conducted an extensive
comparison of FedSCE with several state-of-the-art meth-
ods across various heterogeneous scenarios, with the results
presented in Tab. 2 and Tab. 3. For these experiments, we
set µ = 5, p = 5, and R = 3. Notably, in the feature-
skew scenario, our approach achieved higher average test
accuracy compared to other algorithms. Specifically, in Of-
fice10, FedSCE outperformed the best baseline test accu-
racy by 3.08% at the data level and 1.70% at the client level.

In the label-skew scenario, we simulated different levels
of heterogeneity. Due to the limited number of categories
in Cifar10, setting β = 0.01 was overly extreme, so we ad-
justed it to β = 0.3. As shown in Tab. 3, FedSCE continued
to achieve top performance in most cases.
Local Epoch. Tab. 6 shows the impact of varying E on
FedSCE. With E = 1, FedSCE sees limited improvement
in average accuracy, but achieves gains of 3.31% and 1.91%
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Figure 5. Convergence comparison of average accuracy of differ-
ent algorithms under feature-skew (Office10) and label-skew (Ci-
far10) scenarios. Please see details in Sec. 4.2.

at E = 10 and E = 20, respectively. Smaller E reduces
local overfitting through frequent communication, though
more rounds are needed for comparable accuracy. Larger E
increases the risk of overfitting and catastrophic forgetting,
where subspace learning helps mitigate these risks.
Convergence Comparison. The convergence curves are
presented in Fig. 5. As shown, FedSCE exhibits strong
performance in both feature-skew and label-skew scenarios,
achieving rapid convergence and high accuracy.
t-SNE Visualization. Fig. 7 displays the t-SNE visualiza-
tions of FedSCE across various communication rounds, il-
lustrating that FedSCE progressively learns a more general-
ized decision boundary as training continues.

4.3. Ablation Study

Influence of Components. We assessed the impact of key
components: local subspace learning (LSL), local deep mu-
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tual learning (DML), and auxiliary model contribution esti-
mation (CE) to demonstrate their individual effectiveness.

1) Effectiveness of LSL. As shown in Tab. 4, adding
projection constraint to local model updates, even without
any federated techniques, increased average accuracy from
78.66% and 73.26% to 79.93% and 73.90%. This result
shows that restricting certain layers to a subspace can im-
prove performance.

2) Effectiveness of DML. Local deep mutual learning im-
proves accuracy from 73.90% to 75.31% by enabling the
auxiliary model to integrate information from other clients,
enhancing the local model generalization and supporting
collaborative training.

3) Effectiveness of CE. As shown in Tab. 4, using the
contribution estimation strategy to adjust the weight of
the auxiliary model, the average test accuracy increased
by 1.02% and 1.03%. This strategy enables the auxiliary
model to better focus on the information it lacks.

Module Test Accuracy

LSL DML CE Amaz Calt DSLR Webc C.Avg D.Avg

80.79 61.03 82.27 90.54 78.66 73.26
✓ 80.58 61.74 84.81 92.57 79.93 73.90
✓ ✓ 83.29 63.37 78.48 91.89 79.34 75.31
✓ ✓ ✓ 84.55 64.59 79.74 92.57 80.36 76.34

Table 4. Ablation experiments for different components. Please
see details in Sec. 4.3.

Influence of Hyperparameters. We present the perfor-
mance impact of the subspace hyperparameters p and R
in Fig. 4.3. In Tab. 5, we evaluate the effect of µ in both
feature-skew and label-skew scenarios.
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Figure 6. Hyperparameter Study: We examine the rank R of the
subspace and the number of layers p with projection constraint.
Further details are provided in Sec. 4.3.

Office10 Cifar10

µ 0.1 1 5 10 0.1 1 5 10

Acc 76.97 76.81 76.34 76.96 72.89 72.67 72.86 72.80

Table 5. Hyperparameter Study: Test accuracy (%) of FedSCE
under different µ values for the Office10 and Cifar10 datasets.
Please refer to Sec. 4.3 for a detailed discussion.

Tab. 5 presents the impact of different µ values on Of-
fice10 and Cifar10. The results indicate that FedSCE per-
formance remains stable across µ settings, consistently sur-
passing the best baselines of 73.26% and 71.77%. Fig. 6a

demonstrates the effect of the number of constraint layers
p on accuracy and runtime, with the highest accuracy of
76.81% at p = 20. Choosing the number of layers carefully
is essential for balancing performance and computational
cost. Fig. 6b illustrates the influence of subspace rank R
at p = 20. While a higher R provides more flexibility, it
does not consistently improve accuracy and may increase
runtime, as it can counteract the goal of limiting update di-
rections, leading to diminishing performance gains.

Method E=1 E=10 E=20

C.Avg D.Avg C.Avg D.Avg C.Avg D.Avg

SOLO 72.57 69.18 79.01 73.89 79.41 74.44
FML [39] 67.06 62.53 77.91 72.31 77.27 72.00

FedKD [48] 73.48 68.92 77.21 71.92 78.56 73.50
FedDistill [19] 74.96 70.21 79.03 73.50 79.71 74.44
FedProto [42] 66.07 64.74 76.44 70.42 78.68 72.94
FedTGP [57] 67.43 66.08 76.97 73.89 79.11 76.41

FedSCE 72.70 70.79 80.88 77.20 82.18 78.31

Table 6. Average test accuracy (%) of different local epochs on
Office10. Please see details in Sec. 4.2.
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Figure 7. t-SNE visualization for SYN (top) and SVHN (bottom)
clients in FedSCE at different rounds. See Details in Sec. 4.2.

5. Conclusion
In this paper, we introduce FedSCE to tackle local over-
fitting and model aggregation bias challenges in heteroge-
neous federated learning. During local training, FedSCE re-
duces the degree of freedom of model update and improves
generalization ability by constraining the specific layer of
local model update in a low-dimensional subspace. FedSCE
dynamically updates the subspace to ensure the injection of
the latest information. Furthermore, FedSCE evaluates the
contributions of different clients based on the update dis-
tance of the auxiliary model in feature space and parameter
space, and then adaptively aggregates the auxiliary model.
Comprehensive experiments demonstrate that FedSCE out-
performs several state-of-the-art methods in feature-skewed
and label-skewed scenarios.
Acknowledgements. This work was supported by the Key
Program for International Cooperation of Ministry of Sci-
ence and Technology of China (No.2024YFE0100700).
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