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A B S T R A C T
Federated learning (FL) facilitates the mitigation of data heterogeneity by transmitting privacy-
preserving synthetic data. However, existing aggregation-free frameworks are limited by the need
to optimize and transmit the entire spatial domain, resulting in redundant information and noise that
impact global model performance and increase communication burden. To alleviate this issue, we
propose a novel Frequency-Domain–aware FL method (FedFD), inspired by the energy concentration
and component orthogonality of the frequency domain. The principle behind FedFD is that low-
energy like high-frequency components usually contain redundant information and noise, thus filtering
them helps reduce communication costs and optimize performance. Specifically, the discrete cosine
transform is first used to convert spatial domain features into the frequency domain. Subsequently,
the low-frequency components are optimized via a designed frequency-domain alignment objective,
which differs from existing spatial domain alignment. On this basis, real data-driven synthetic
classification is introduced to enhance the quality of low-frequency components. Furthermore, a
low-frequency-based curriculum-style communication strategy is designed to further enhance global
model performance by gradually increasing the low-frequency component increments while main-
taining a low communication budget. On five image and speech datasets, FedFD achieves superior
performance than state-of-the-art methods while reducing communication costs. For example, on the
CIFAR-10 with Dirichlet coefficient 𝛼 = 0.01, FedFD achieves a minimum reduction of 37.78% in
the communication cost, while attaining a 10.88% performance gain.

1. Introduction
Federated Learning (FL) [22][21][30], as a distributed

training paradigm with privacy protection, has received
widespread attention in multimedia fields [2][7][35]. As il-
lustrated in Fig. 1(a), typical FL methods adopt an aggregation-
based framework [22][16][38], aggregating local models
from each client to update the global model on the server.
Most existing efforts address data heterogeneity through two
primary approaches [20]. One approach introduces regular-
ization terms on the client to prevent local models from
deviating excessively from the global consensus [11][1],
while another designs specific aggregation frameworks on
the server for adjusting the contribution of the local model to
the global model [3]. Nevertheless, such aggregation-based
FL methods still have limitations in terms of robustness
and communication costs, especially when facing severe
data heterogeneity [10][17] and using more complex models
[37][24]. Our subsequent experiments also validate this
point.

∗Corresponding author: Haozhi Shi (shz@stu.xidian.edu.cn).
wyxie@xidian.edu.cn ( Weiying Xie); shz@stu.xidian.edu.cn (

Haozhi Shi); wagyr@stu.xidian.edu.cn ( Hangyu Ye);
ldx@stu.xidian.edu.cn ( Daixun Li); 21011210271@stu.xidian.edu.cn ( Jitao
Ma); ysli@mail.xidian.edu.cn ( Yunsong Li); fangleyuan@gmail.com (
Leyuan Fang)

ORCID(s): 0000-0002-3733-507X ( Haozhi Shi)
1This work was supported in part by the National Natural Science

Foundation of China under Grants 62322117, 62371365, U24B20136, and
U22B2014, and in part by the Fundamental Research Funds for the Central
Universities under Grant ZYTS24101.

DD learns a small set of synthetic samples to approxi-
mate the training performance of the full dataset [18]. Within
the DD paradigm, gradient matching [28][23] and trajectory
matching [42][29] are relatively effective, as they align
the optimization dynamics between real and synthetic data.
Nevertheless, their reliance on bi-level optimization intro-
duces substantial computational overhead and optimization
difficulties [6]. Moreover, trajectory matching significantly
increases memory usage, limiting scalability in practical
deployments [40]. By comparison, Distribution Matching
(DM) [15] directly aligns feature distributions in the embed-
ding space. It achieves a better balance between efficiency
and performance, offering a more practical pathway for DD
[31][39].

Benefiting from dataset distillation [40][15], recent re-
search focuses on alleviating the above phenomenon by
sending synthetic data to the server, which is called the
aggregation-free method [36][33][18]. As shown in Fig.
1(b), each client captures the distribution of the real data
set by generating synthetic data and then sends it to the
server for joint training of the global model. However, the
limitation of comprehensive efficiency is inevitable in such
federated settings due to (1) the design of sending entire spa-
tial domain and (2) the objective of single-view distribution
matching (DM) [41]. On the one hand, given the difficulty
of distinguishing regional criticality in the spatial domain,
sending the entire synthetic data is required [26], which
increases the communication burden due to the redundant
information and noise it carries. On the other hand, the
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Figure 1: Illustration of different federated learning frame-
works. (a) Sending optimized local model parameters. (b)
Sending entire spatial-domain synthetic data. (c) Our FedFD:
Sending low-frequency components of synthetic data.

single-view DM objective weakens the quality of synthetic
data by failing to exploit inter-class discrimination, thereby
leading to suboptimal performance of the global model.
Overall, this reveals that there is still significant potential for
improvement in both communication efficiency and model
performance.

In light of the above analysis, this paper presents a
high-energy concentration method for federated learning
in the frequency domain, named FedFD, which effectively
utilizes the energy distribution and component orthogo-
nality of the discrete cosine transform (DCT). As illus-
trated in Fig. 1(c), the key idea of FedFD is to promote
the quality of low-frequency components while filtering
out high-frequency components containing noise. Specif-
ically, frequency-domain-assisted dual-view coordination
is designed to optimize the low-frequency components
of synthetic data. Among them, frequency-domain distri-
bution alignment enhances the quality of low-frequency
components by calculating the distribution loss in the fre-
quency domain. On this basis, inter-class discrimination
is improved by the real data-driven synthetic classification
objective. Subsequently, we introduce a low-frequency-
based curriculum-style communication strategy. In this way,
the number of low-frequency components sent gradually
increases, thus enhancing the representation capability of
the global model. Extensive experiments demonstrate that
the proposed FedFD achieves superior performance while
maintaining high communication efficiency. The contribu-
tions of this work can be summarized as follows:

• We propose a novel high-energy concentration method
for FL (FedFD), which is the first to explore the

potential of aggregation-free FL in the frequency
domain from the perspective of energy distribution.

• We design a frequency-domain assisted dual-view
coordination objective to optimize the low-frequency
components that carry most energy in the synthetic
data. Unlike spatial alignment, this objective not only
promotes the alignment of low-frequency components
by transferring to the frequency domain, but also
enhances the quality by improving the inter-class dis-
crimination.

• We present a low-frequency-based curriculum-style
communication strategy regarding for FL to enhance
the representation capacity of the global model with
lower communication costs.

• We conduct extensive experiments on five datasets
from different modalities, including image classifica-
tion and speech command classification. The results
demonstrate that FedFD outperforms state-of-the-art
FL methods in both performance and communication
efficiency.

2. Related work
2.1. Federated learning

Federated learning system focuses on the collaborative
modeling of distributed data and has won great attention in
multimedia fields such as image diagnosis and voice inter-
action in recent years [7]. A substantial amount of research
has been devoted to exploring optimization strategies for
Non-Independent and Identically Distributed (Non-IID) data
[32][43][28]. As the pioneering algorithm for FL, FedAvg
[22] establishes the basis for collaborative modeling of dis-
tributed data by adopting a simple aggregation strategy. Li
et al. [16] proposed FedProx, which introduces a proximal
regularization term to constrain the deviation between the
local and global models. FedNova [28] was designed to alle-
viate inconsistencies in local update objectives across clients
by employing a normalized averaging strategy. Karimireddy
et al. [11] developed SCAFFOLD, which corrects local
update biases through the introduction of control variates.
These aggregation-based methods demonstrate a progres-
sive evolution from simple averaging to refined optimiza-
tion strategies for tackling data heterogeneity challenges.
Nevertheless, when dealing with different levels of data
heterogeneity and more complex models, these methods still
have considerable potential for improvement in terms of
generalization ability and communication efficiency [33].

Recently, aggregation-free methods have gradually at-
tracted research interest due to their effectiveness in address-
ing the aforementioned challenges [18]. FedDM [36] was
proposed to reduce the discrepancy between synthetic and
real data by introducing a distribution matching loss [41].
Subsequently, the global model is trained using synthetic
data from all clients. Building upon this, Wang et al. [33]
designed FedAF to further improve the performance of
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Figure 2: Overall architecture of FedFD. The lower left corner illustrates the key of FedFD: retaining low-frequency components
with high-energy concentration via frequency domain filtering. Notably, a frequency-domain-assisted dual-view coordination loss
FDD is designed to optimize the low-frequency components of 𝑆𝑘, as shown at the bottom. Subsequently, a low-frequency-based
curriculum-style communication strategy is adopted to enhance the performance of the global model. Finally, on the server, the
low-frequency data is zero-padded and processed using the IDCT to train the global model.

the global model by incorporating a regularization term.
Although these two studies have made significant progress,
they primarily generate synthetic data based on DM loss,
which results in a lack of inter-class discrimination com-
pared to real data. Moreover, these methods focus solely on
spatial-domain data, leading to limitations in their perfor-
mance and efficiency.
2.2. Dataset distillation

Early dataset distillation algorithms typically adopt a bi-
level optimization strategy. For example, Zhao et al. [42]
proposed condensing data by matching the gradients of
real data and synthetic data. However, this method neces-
sitates model updates during optimization, leading to large
computational overhead. To mitigate this burden, DM [41]
was proposed to generate synthetic data through simple
and effective distribution matching. Shin et al. [26] pro-
posed FreD, which optimizes frequency-domain information
by computing losses in the spatial domain. It then selec-
tively retains frequency-domain components based on the
Explained Variance Ratio (EVR). Under the same budget,
the algorithm improves the performance by increasing the
increment, which reflects the potential of frequency domain
in dataset distillation. Nevertheless, FreD exhibits certain
limitations when applied to FL: 1) updating frequency-
domain information via spatial-domain losses makes it diffi-
cult to directly align high and low-frequency components;
2) EVR-based component selection introduces additional
computational and communication cost. It is evident that the

goal of dataset distillation is to achieve data lightweighting
[6][40], which aligns well with the current requirements
of aggregation-free FL. Consequently, a communication-
efficient and degradation-free theme may drive the develop-
ment of FL.

3. Methodology
3.1. Preliminaries

The raw data set collected from 𝐾 clients is denoted as
𝐷 = {𝐷𝑘}𝐾𝑘=1, where 𝐷𝑘 represents the real data on client 𝑘,
and |⋅| indicates the number of samples in the corresponding
client. The typical objective of aggregation-based FL is to
update a global model through collaborative optimization
across clients, which is formulated as:

argmin
w

𝑔(w) =
𝐾
∑

𝑘=1
𝑝𝑘𝑘(w, 𝐷𝑘), (1)

where w represents the optimizable parameter, and 𝑝𝑘 de-
notes the contribution of client 𝑘, satisfying ∑𝐾

𝑘=1 𝑝𝑘 =
1. 𝑔(⋅) and 𝑘(⋅) represent the objective functions of the
server and client 𝑘, respectively. Due to data heterogene-
ity among clients, the server finds it challenging to cap-
ture the optimal update direction through the interaction
between clients [36]. Therefore, the aggregation-free FL
method is proposed, aiming to collaboratively optimize the
global model using the synthetic data 𝑆 = {𝑆𝑘}𝐾𝑘=1 from all
clients.
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Algorithm 1 FedFD
1: Input: Real data set 𝐷; Initialized synthetic data set 𝑆;

Initialized network parameters w; Number of local
iterations 𝑇 ; Learning rates 𝜂𝑙 and 𝜂𝑔; DCT 𝐹 (⋅).

2: Output: Optimal global model w∗ .
3: Server executes:
4: for each round 𝑟 = 1,… , 𝑅 do
5: for each client 𝑘 = 1,… , 𝐾 do
6: 𝑆𝑓𝑟𝑒

𝑘 ← ClientUpdate(𝑘,wr)
7: Pad with zeros and perform IDCT operation:

𝑆𝑘 ← 𝐹−1(𝑍𝑒𝑟𝑜𝑃𝑎𝑑(𝑆𝑓𝑟𝑒
𝑘 ))

8: Send 𝑆𝑘 to the server
9: end for

10: Combine data from all clients: 𝑆 = {𝑆𝑘}𝐾𝑘=111: Update weights: wr+1 ← wr − 𝜂𝑔∇w𝐶𝐸(wr , 𝑆)
12: end for
13: ClientUpdate(𝑘,wr):
14: for 𝑡 = 0,… , 𝑇 − 1 do
15: Sample mini-batch pairs (𝐵𝐷𝑘

𝑐 , 𝐵𝑆𝑘
𝑐 ) from 𝐷𝑘 and

𝑆𝑘 for each class 𝑐
16: Compute FDD by Eq. (27):

FDD ←
∑𝐶−1

𝑐=0 𝑐
FDD(𝐹 (𝐵𝐷𝑘

𝑐 ), 𝐹 (𝐵𝑆𝑘
𝑐 ))

17: Update synthetic data: 𝑆𝑘 ← 𝑆𝑘 − 𝜂𝑙∇𝑆𝑘
FDD

18: Filter in frequency domain: 𝑆𝑓𝑟𝑒
𝑘 ← 𝑀𝑥,𝑦 ⊙ 𝐹 (𝑆𝑘)

19: end for

The problem of optimizing the synthetic data 𝑆𝑘 at client
𝑘 is formulated as follows:

argmin
𝑆𝑘

DM(𝑆𝑘, 𝐷𝑘) =
𝐶𝑘−1
∑

𝑐=0
‖𝜇𝑆

𝑘,𝑐 − 𝜇𝐷
𝑘,𝑐‖

2, (2)

where DM(⋅) describes the objective function of distri-
bution matching, 𝐶𝑘 indicates the total number of classes
in client 𝑘. 𝜇𝑆

𝑘,𝑐 and 𝜇𝐷
𝑘,𝑐 denote feature means, which are

expressed as:

𝜇𝑆
𝑘,𝑐 =

1
|𝑆𝑐

𝑘|

|𝑆𝑐
𝑘|

∑

𝑖=1
𝐸w(𝑠𝑖𝑘,𝑐), 𝜇

𝐷
𝑘,𝑐 =

1
|𝐷𝑐

𝑘|

|𝐷𝑐
𝑘|

∑

𝑖=1
𝐸w(𝑑𝑖𝑘,𝑐), (3)

where 𝐸w(⋅) represents the feature extractor, which is a local
model without the last classification layer. 𝑑𝑖𝑘,𝑐 ∈ 𝐷𝑘 and
𝑠𝑖𝑘,𝑐 ∈ 𝑆𝑘 are the 𝑖-th sample of class c, respectively.

Aggregation-free FL has emerged to overcome the in-
herent limitations of aggregation-based architectures when
dealing with data heterogeneity [18]. Through Theorems
1 and 2, we offer a simple yet intuitive analysis of the
advantages of FL without aggregation.

Theorem 1. The relationship between the global model
𝑊 ∗ obtained by centralized training and the global model
𝑊𝑔 in aggregation-based FL is as follows:

𝑊𝑔 =
𝐾
∑

𝑘=1
𝑝𝑘𝑊𝑘 = 𝑝𝑘(𝑊 ∗+Δ𝑘) = 𝑊 ∗+

𝐾
∑

𝑘=1
𝑝𝑘Δ𝑘, (4)

where Δ𝑘 indicates the deviation caused by data heterogene-
ity. In contrast, the optimization problem for aggregation-
free FL is expressed as follows:

𝑊 ′
𝑔 = argmin

w
𝑔(w, 𝑆). (5)

Eq. (4) intuitively shows that due to the impact of data het-
erogeneity, the global model𝑊𝑔 maintains a certain distance
from the optimal model 𝑊 ∗, which is given by ∑𝐾

𝑘=1 𝑝𝑘Δ𝑘.
This suggests that aggregation-based frameworks are inher-
ently susceptible to data heterogeneity. In contrast, the syn-
thetic data 𝑆 in Eq. (5) is less affected by data heterogeneity,
as it is primarily determined by the quality of the client-
generated synthetic data 𝑆𝑘, where 𝑆 = {𝑆𝑘}𝐾𝑘=1. When 𝑆𝑘approximating 𝐷𝑘, we obtain 𝑆 approximating 𝐷, leading
the global model 𝑊 ′

𝑔 to converge closely to the optimal solu-
tion 𝑊 ∗. This demonstrates that, compared to aggregation-
based FL, aggregation-free FL exhibits stronger robustness
in the presence of data heterogeneity. Subsequently, Theo-
rem 2 illustrates the feasibility of 𝑆𝑘 approximating 𝐷𝑘.

Assumption: The objective function ′
𝑘(𝜃) is strongly

convex with respect to 𝜃 and is -𝑠𝑚𝑜𝑜𝑡ℎ, ensuring the
existence of a global optimum 𝜃∗.

Theorem 2. The synthetic data is treated as an updatable
parameter 𝜃. The distance between 𝜃𝑡+1 and 𝜃∗ is first
calculated:

∥ 𝜃𝑡+1 − 𝜃∗ ∥2 =∥ 𝜃𝑡 − 𝜂∇′
𝑘(𝜃𝑡) − 𝜃∗ ∥2

=∥ 𝜃𝑡 − 𝜃∗ ∥2 −2𝜂∇′
𝑘(𝜃𝑡)

⊤(𝜃𝑡 − 𝜃∗)

+ 𝜂2 ∥ ∇′
𝑘(𝜃𝑡) ∥

2 .

(6)

𝜃∗ is the global optimum of ′
𝑘(𝜃), meaning that:

′
𝑘(𝜃𝑡) ≥ ′

𝑘(𝜃
∗). (7)

Based on the properties of ′
𝑘(𝜃), for any 𝜃 and 𝑥, we have:

′
𝑘(𝑥) ≥ ′

𝑘(𝜃) + ∇′
𝑘(𝜃)

⊤(𝑥 − 𝜃) + 𝛼
2
‖𝑥 − 𝜃‖2, (8)

where 𝛼 > 0. Let 𝑥 = 𝜃∗, 𝜃 = 𝜃𝑡, then:
′
𝑘(𝜃

∗) ≥ ′
𝑘(𝜃𝑡)+∇′

𝑘(𝜃𝑡)
⊤(𝜃∗−𝜃𝑡)+

𝛼
2
‖𝜃∗−𝜃𝑡‖

2. (9)
Combining Eqs. (2) and (4), we get:
′
𝑘(𝜃𝑡) ≥ ′

𝑘(𝜃
∗) ≥ ′

𝑘(𝜃𝑡)+∇
′
𝑘(𝜃𝑡)

⊤(𝜃∗−𝜃𝑡)+
𝛼
2
‖𝜃∗−𝜃𝑡‖2.

(10)
Then we have:

∇′
𝑘(𝜃𝑡)

⊤(𝜃𝑡− 𝜃∗) ≥ 𝛼
2
‖𝜃∗− 𝜃𝑡‖

2 = 𝛼
2
‖𝜃𝑡− 𝜃∗‖2. (11)

It can be known from 𝐿-𝑠𝑚𝑜𝑜𝑡ℎ:
‖∇′

𝑘(𝜃𝑡) − ∇′
𝑘(𝜃

∗)‖ ⩽ 𝛽‖𝜃𝑡 − 𝜃∗‖, (12)
where the smoothness coefficient is denoted by 𝛽 > 0.
Additionally, at the optimal point 𝜃∗:

∇′
𝑘(𝜃

∗) = 0. (13)
Weiying Xie et al.: Preprint submitted to Elsevier Page 4 of 13
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So:
‖∇′

𝑘(𝜃𝑡)‖
2 ≤ 𝛽2‖𝜃𝑡 − 𝜃∗‖2. (14)

Substituting Eq. (13) into Eq. (6) yields:
∥ 𝜃𝑡+1 − 𝜃∗ ∥2 ≤∥ 𝜃𝑡 − 𝜃∗ ∥2 −2𝜂 𝛼

2
∥ 𝜃𝑡 − 𝜃∗ ∥2

+ 𝜂2𝛽2 ∥ 𝜃𝑡 − 𝜃∗ ∥2,
(15)

where 𝜂 = 𝛼
2𝛽2 . The synthetic data is treated as an optimiz-

able parameter 𝜃, and the relationship between iterations is
expressed as follows:

∥ 𝜃𝑡+1 − 𝜃∗ ∥2 ≤∥ 𝜃𝑡 − 𝜃∗ ∥2 −2𝜂 𝛼
2
∥ 𝜃𝑡 − 𝜃∗ ∥2

+ 𝜂2𝛽2 ∥ 𝜃𝑡 − 𝜃∗ ∥2

≤ 𝜅 ∥ 𝜃𝑡 − 𝜃∗ ∥2 .

(16)

where 𝜅 = 1 − 𝜂𝛼 + 𝜂2𝛽2. Thus we can get the following:
∥ 𝜃𝑇 − 𝜃∗ ∥2≤ 𝜅𝑇 ∥ 𝜃0 − 𝜃∗ ∥2 . (17)

It is also known that 0 < 𝜅 < 1, and as the number of
iterations 𝑇 becomes sufficiently large, 𝜃𝑇 → 𝜃∗. Since
′
𝑘(𝜃) is the loss function that measures the distributional

difference between synthetic and real data, it can be assumed
that at 𝜃∗, 𝑆𝑘 ≈ 𝐷𝑘. Therefore, as the number of iterations
increases, it becomes feasible for 𝑆𝑘 to approximate 𝐷𝑘.

The analysis explores the performance of aggregation-
based and aggregation-free FL when faced with different
Non-IID data distributions. This is further validated in the
subsequent experimental section.

Theorem 3. We characterize communication security
primarily by the likelihood that an attacker can success-
fully extract the original data from the sent synthetic data
[35][26]. Using the entire spatial-domain data 𝑆, we adopt
a maximum likelihood estimation approach to estimate its
recovery distribution:

𝐷̂ = argmax
𝐷′

𝑃 (𝑆|𝐷′), (18)

where 𝐷̂ is the distribution deduced by the attacker that is
most likely to approximate the real data, and 𝐷′ represents
all possible distributions. For the partial frequency-domain
data 𝐹 , it is expressed as:

𝐷̂ = argmax
𝐷′

𝑃 (𝐹 |𝐷′). (19)

Due to the binary mask matrix consistently selecting in-
formation from the top-left corner, our method can omit
the position index matrix when sending the sparse matrix.
Consequently, an attacker must guess the combination of
position indices for each sample in 𝐹 . The number of com-
binations is:

𝐶(𝑑 × 𝑑, 𝑙) × 𝑙! =
(𝑑 × 𝑑)!

𝑙! ⋅ (𝑑 × 𝑑 − 𝑙)!
× 𝑙!

=
(𝑑 × 𝑑)!

(𝑑 × 𝑑 − 𝑙)!
,

(20)

Number of Dimensions Number of Dimensions

C
u
m

u
la

ti
v
e 

E
n
er

g
y
 R

at
io

C
u
m

u
la

ti
v
e 

E
n
er

g
y
 R

at
io

(a) Top-Left Region Expansion (b) Sorted by Energy Magnitude

Figure 3: Comparison of cumulative energy ratios in the spatial
and frequency domains as dimensions increase. (a) Dimensions
are added sequentially from the top-left corner. (b) Dimensions
are added in descending order of energy.

where 𝑑 represents the edge length of the entire synthetic
data, and the total length of the filtered synthetic data is
denoted as 𝑙 = 𝑠× 𝑠. Notably, it is necessary to pad 𝑑 ×𝑑 − 𝑙
frequency components. The reconstruction error is given by:

𝔼 ‖

‖

‖

𝐹𝑝 − 𝐹 ′
𝑝
‖

‖

‖

2

2
∝ 𝑘 ⋅ (𝑑 × 𝑑 −𝐷) ⋅ 𝜎2𝑓 , (21)

where 𝐹 and 𝐹 ′ represent the real and predicted frequency
components, respectively, 𝜎2𝑓 denotes the variance of the
frequency components, and 𝑘 is a positive adjustment co-
efficient. This means that the information entropy of the
sparse frequency-domain data is higher, indicating greater
randomness. Therefore, based on Eqs. (18) and (19), it can be
inferred that the sparse frequency-domain communication
strategy has a lower attack success probability compared to
the entire spatial-domain communication strategy.
3.2. Motivation

Compared to the spatial domain, the frequency domain
concentrates the energy in a specific region with only a few
dimensions. To investigate whether the energy concentration
is higher in the frequency domain, we compare how energy
changes with the number of dimensions in both the spatial
and frequency domains. As shown in Figs. 3(a) and (b), only
a few components in the frequency domain are needed for
the cumulative energy ratio to tend to 1, whether the number
of dimensions increases sequentially from the top-left corner
or by increasing the number of dimensions based on energy
ranking from high to low. This is primarily because the
energy in the frequency domain is mostly concentrated in the
low-frequency components [31]. Therefore, the advantage
of using the frequency domain in FL is that it reduces
storage requirements by retaining only a few high-energy
components, thus improving communication efficiency.

In this paper, Eq. (5) is adjusted as follows:
𝑊 ′

𝑔 = argmin
w

𝑔(w, 𝐹−1(𝑍𝑒𝑟𝑜𝑃𝑎𝑑(𝑆𝑓𝑟𝑒
𝑘 ))), (22)

where 𝑍𝑒𝑟𝑜𝑃𝑎𝑑(⋅) denotes the zero-padding operation,
and 𝐹−1(⋅) represents the inverse discrete cosine transform
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(IDCT). Based on Eq. (8), the key to FedFD lies in acquiring
and optimizing 𝑆𝑓𝑟𝑒

𝑘 . As shown in Fig. 3, although the
energy enhancement trends are similar for both methods, the
explicit positional information in energy ranking increases
storage requirements. Furthermore, considering that the en-
ergy in the DCT-based spectrogram is mainly concentrated
in the top-left corner. Therefore, before sending to the server,
we perform frequency domain filtering using binary masks
on the client to capture the low-frequency components. The
specific operation is illustrated in the lower-left corner of
Fig. 2 and can be formulated as:

𝑆𝑓𝑟𝑒
𝑘 = 𝑀𝑥,𝑦 ⊙ 𝑓𝑘 =

{

𝑓𝑥,𝑦
𝑘 if 𝑀𝑥,𝑦 = 1

0 otherwise , (23)

where 𝑓𝑘 and 𝑀𝑥,𝑦 represent the frequency-domain features
and binary mask, respectively. For ease of operation, we
typically set the values within a square window of size 𝑠 in
the top-left corner to 1, while the remaining values are set to
0. The pipeline of FedFD is outlined in Algorithm 1.
3.3. Frequency-domain-assisted dual-view

coordination
Research shows that simple and effective distribution

matching scheme enables synthetic data to learn the distribu-
tion of real data [36][41]. As shown in the upper right of Fig.
2, in a single-view setting, although distribution alignment
is achieved, classification alignment is still limited, lead-
ing to weak inter-class discrimination. Therefore, adopting
a dual-view approach helps enhance the consistency be-
tween synthetic and real data at a deeper level. Furthermore,
to strengthen the alignment of low-frequency components,
we design a frequency-domain-assisted dual-view coordina-
tion objective, which includes frequency-domain distribu-
tion alignment and real data-driven synthetic classification.

Frequency-domain distribution alignment. Inspired
by the concept of simple and efficient distribution consis-
tency and the advantages of the frequency domain in FL, as
detailed in the following section, we explore a frequency-
domain distribution alignment approach, as follows:

FDA(𝑆𝑘, 𝐷𝑘) =
𝐶𝑘−1
∑

𝑐=0
∥ 𝜈𝑆𝑘,𝑐 − 𝜈𝐷𝑘,𝑐 ∥

2, (24)

where 𝜈𝑆𝑘,𝑐 and 𝜈𝐷𝑘,𝑐 represent the averages of the frequency-
domain feature representations, expressed as:

𝜈𝑆𝑘,𝑐 =
1

|𝑆𝑐
𝑘|

|𝑆𝑐
𝑘|

∑

𝑖=1
𝐹 (𝐸w(𝑠𝑖𝑘,𝑐)), 𝜈

𝐷
𝑘,𝑐 =

1
|𝐷𝑐

𝑘|

|𝐷𝑐
𝑘|

∑

𝑖=1
𝐹 (𝐸w(𝑑𝑖𝑘,𝑐)),

(25)
where 𝐹 (⋅) indicates the DCT operation. Compared to DM,
FDA measures the distribution difference of low-frequency
components more directly and effectively.

Real data-driven synthetic classification. Considering
only distribution alignment may lack the full exploitation
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Figure 4: Comparison of the cumulative communication costs
of spatial and frequency domain communication strategies.

of the discrimination of synthetic data. To address this, the
common approach is to directly introduce the classification
loss of synthetic data. However, the regularization term over-
looks the classification performance of real data [29][39].
Optimizing only the classification loss of synthetic data
without considering its consistency with real data may lead
to suboptimal distillation effects. Based on this, we enhance
the discrimination of synthetic data by guiding it with the
classification performance of real data, expressed as follows:

RSC = CE(𝑆𝑘) ⋅

(

1
|𝐷𝑘|

|𝐷𝑘|
∑

𝑖=1
𝕀(𝑝𝑖 = 𝑙𝑖)

)

, (26)

where 𝑝𝑖 and 𝑙𝑖 represent the predicted result and the cor-
responding label of the 𝑖-th sample, respectively. CE(⋅)denotes the cross-entropy loss. 𝕀(⋅) is an indicator function
that equals 1 when the condition is satisfied and 0 otherwise.

In summary, the frequency-domain-assisted dual-view
coordination objective function FDD is given as follows:

FDD = 𝜆1FDA + 𝜆2RSC, (27)
where 𝜆1 and 𝜆2 are hyperparameters used to balance the
different terms. The goal is for the synthetic data not to
directly mimic the original distribution of real data, but to
maintain consistency in the frequency-domain dimension.
In addition, deeper feature representations are more abstract
than shallow ones, meaning privacy-sensitive information
may have been blurred during the alignment process [8]. At
the same time, average alignment results in a non-one-to-
one correspondence between synthetic and real data, which
reduces reliance on individual real samples [5]. Based on
the above analysis, it is clear that the designed objective
holds significant potential for privacy protection. Corre-
spondingly, we also perform further validation through vi-
sualization.
3.4. Low-frequency-based curriculum-style

communication
Studies show that increasing instance increments un-

der the same storage budget contributes to improved per-
formance [12][19]. To this end, a low-frequency-based
curriculum-style communication strategy is designed, aim-
ing to improve communication efficiency while ensuring no
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Table I
Performance (%) comparison of FL methods with different frameworks on CIFAR-10, CIFAR-100, and SVHN datasets at three
levels of heterogeneity (𝜶).

Method CIFAR-10 CIFAR-100 SVHN

0.01 0.05 0.1 0.01 0.05 0.1 0.01 0.05 0.1

FedAvg 40.30 54.23 60.08 20.27 22.29 25.86 58.81 78.84 80.55
FedNova 45.18 52.99 62.91 20.30 22.24 25.74 63.53 80.24 83.26
FedProx 40.55 54.36 59.59 20.30 22.28 25.86 58.83 78.85 80.57

SCAFFOLD 34.71 51.28 64.23 23.55 25.48 27.19 66.16 77.66 82.44
FedConcat 30.21 35.45 45.66 18.74 21.05 20.83 57.17 73.87 77.06

FedDM 61.88 63.31 63.76 31.10 32.34 34.00 80.10 82.21 83.48
FedAF 63.77 66.25 67.51 34.34 35.18 37.22 81.21 83.69 84.68
FedFD 68.61 70.14 71.54 40.19 41.15 42.62 87.39 87.85 89.14
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Figure 5: Convergence performance of different FL methods on image datasets.

performance degradation. Specifically, the low-frequency-
based curriculum-style communication strategy is employed
to send synthetic data. This strategy evenly divides the entire
communication process into four stages, where the instance
increment follows a linear growth pattern with a coefficient
of 𝑚, making it progressively easier to train the global model
on the server. The global model parameter update expression
is as follows:

w𝑡+1 = w𝑡 − 𝜂∇w(w𝑡), (28)
where (w𝑡) is expanded as follows:

(w𝑡) =
1
𝑁

𝐾
∑

𝑘=1

𝐶𝑘−1
∑

𝑐=0

𝑁𝑘,𝑐
∑

𝑛=1
CE(w𝑡), (29)

where 𝑁 is the total number of synthetic data samples. It can
be seen that according to the curriculum strategy, the value
of 𝑁𝑘,𝑐 is as follows:

𝑁𝑘,𝑐 = 𝑚 ⋅ (𝑔 − 1) + 𝑏, (30)
where 𝑔 and 𝑏 are the number of stages and the initial
value of the first stage, respectively. At each stage, the sent
frequency-domain components always require less storage
than the entire spatial-domain data. To facilitate a more
intuitive comparison, we present the variation in cumulative
communication cost as the communication rounds progress.

To ensure fairness, the cumulative communication cost
for each approach is calculated based on the synthesized data

of a single class from the CIFAR-10 [13] dataset. As shown
in Fig. 4, it is evident that regardless of whether the window
size 𝑠 is 8, 12, or 16, the cumulative communication cost is
consistently lower than that of entire spatial-domain com-
munication. This further demonstrates the superiority of our
approach. Notably, the frequency-domain distribution align-
ment introduced in the previous section ensures the efficient
execution of low-frequency-based curriculum-style commu-
nication by reinforcing low-frequency alignment. Further-
more, we compare the security of entire spatial-domain com-
munication and sparse frequency-domain communication in
the Theorem 3.

4. Experiments
4.1. Experimental setup

Datasets. To evaluate the performance of FedFD, we
conduct a series of experiments on commonly used datasets
across different modalities. For image classification tasks,
we select CIFAR-10 [13], CIFAR-100 [13], and SVHN [25]
datasets. For speech classification tasks, Speech Commands-
8 [34] and Speech Commands-10 [34] are used, which are
preprocessed into 32×32 size spectrograms. We initialize
each class of synthetic data by randomly sampling raw data.
When generating synthetic data on 𝐾 = 10 clients, the
number of images per class (IPC) varies across datasets:
initial IPC is set to 10 for CIFAR-10 and SVHN datasets,
and to 5 for CIFAR-100, Speech Commands-8, and Speech
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Table II
Performance (%) comparison of FL methods with different frameworks on Speech Commands-8 dataset and Speech Commands-10
dataset under three levels of heterogeneity (𝜶).

Method Speech Commands-8 Speech Commands-10

0.01 0.1 0.2 0.01 0.1 0.2

FedAvg 55.62 64.70 75.71 40.91 68.32 71.78
FedNova 51.19 63.65 76.80 25.29 69.29 71.99
FedProx 55.50 64.62 75.93 41.46 68.11 71.71

SCAFFOLD 39.14 63.41 74.45 25.82 65.82 71.36
FedConcat 49.71 65.79 68.72 36.69 67.90 68.49

FedDM 74.22 77.51 78.35 73.46 76.24 77.32
FedAF 76.65 78.05 81.03 74.28 78.71 79.51
FedFD 81.15 82.71 83.47 81.50 82.82 83.78
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Figure 6: Convergence performance of different FL methods on speech datasets.

Commands-10 datasets. The coefficient 𝑚 is set to the same
value as the initial IPC for each dataset. The default and
standard train-test splits are used in all experiments.

Baselines. To demonstrate the superiority of FedFD,
we compare it with state-of-the-art methods. Aggregation-
based FL methods include representative FedAvg [22], as
well as advanced methods FedNova [28], FedProx [16],
SCAFFOLD [11], and FedConcat [4]. At the same time, we
evaluate FedFD against leading aggregation-free FL meth-
ods, specifically FedDM [36] and FedAF [33]. We utilize test
accuracy as the prime metric to evaluate the performance of
the proposed FedFD method and all baselines [22, 36].

Configuration and hyperparameters. Following com-
mon settings [33][27], the training data for each benchmark
dataset are divided and distributed to each client based on
the Dirichlet distribution, which simulates partitioning of
Non-IID data. For image datasets, the Dirichlet coefficient
𝛼 is set to {0.01, 0.05, 0.1}, while for speech datasets, 𝛼 is
set to 0.01, 0.1, and 0.2, respectively. Note that a smaller 𝛼
indicates a higher degree of data heterogeneity. We adopt a
local batch size of 64, a learning rate of 1, and 1000 local
update steps for local data distillation, while using a batch
size of 256 with a learning rate of 0.01 and 500 epochs for
global model training. By default, the number of commu-
nication rounds is set to 20, and the model architecture is
ConvNet [42]. The hyperparameters 𝜆1 and 𝜆2 are both set
to 0.01, which will be discussed in the ablation study section.
To avoid bias, we repeat the experiment three times and use

the average value as the final result. The proposed FedFD
method is implemented in PyTorch on a device equipped
with two NVIDIA RTX 3090 GPUs.
4.2. Comparison to the state-of-the-Art

Overall performance. The test accuracies of the global
model for each method on the image and speech datasets
are summarized in Table I and Table II, respectively. Ob-
viously, under different conditions, FedFD achieves impres-
sive performance compared to all baselines. Furthermore,
aggregation-free baselines generally outperform aggregation-
based baselines. When 𝛼 = 0.1 and 0.2, FedFD exceeds the
best aggregation-based baseline, achieving improvements
of 7.31%, 15.43%, 5.88%, 6.60%, and 11.80% on CIFAR-
10, CIFAR-100, SVHN, Speech Commands-8, and Speech
Commands-10, respectively. When 𝛼 = 0.01, the perfor-
mance gap becomes even more significant, with an average
performance gain of over 20%. Figs. 5 and 6 illustrate the test
accuracy curves over communication rounds for 𝛼 = 0.05
and 𝛼 = 0.1, respectively. It is evident that aggregation-free
methods converge faster than aggregation-based methods,
further demonstrating their superiority.

To further demonstrate the advantages of the proposed
FedFD method, we employ ResNet18 [9] to compare its
performance against two representative algorithms, FedAvg
[22] and FedDM [36], across five datasets. Additionally, to
illustrate the generalization performance of FedFD across
different network architectures, we also provide performance
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Table III
Comparison of communication costs between FedFD and two representative FL methods using ConvNet and ResNet18 on five
datasets. M and G denote MB and GB, respectively. Speech Commands is abbreviated as SC. The level of heterogeneity (𝜶) is
set to 0.01.

Dataset
ConvNet ResNet18

FedAvg FedDM FedFD FedAvg FedDM FedFD

CIFAR-10 256.0M 35.2M 21.9M 8.7G 35.2M 21.9M
CIFAR-100 403.5M 326.0M 204.0M 8.8G 326.0M 204.0M

SVHN 256.0M 37.5M 23.4M 8.7G 37.5M 23.4M
SC-8 250.9M 9.4M 5.9M 8.7G 9.4M 5.9M
SC-10 254.2M 12.5M 7.8M 8.7G 12.5M 7.8M
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Figure 7: Comparison of performance between FedFD and two representative FL methods using ConvNet and ResNet18 on five
datasets. The level of heterogeneity (𝜶) is set to 0.01.

comparisons using ConvNet [42]. As shown in Fig. 7, FedFD
consistently achieves state-of-the-art performance on both
network architectures.

Communication costs. We compare the communication
costs of the proposed FedFD method with two representative
FL methods across five datasets using different networks.
Since the communication costs of aggregation-based base-
lines are similar, we use FedAvg [22] as a representative. For
aggregation-free baselines, both FedDM [36] and FedAF
[33] employ entire spatial-domain communication, so we
choose FedDM [36] for comparison. To ensure fairness,
all network and image sizes are uniformly measured in
the float32 format. Table III summarizes the cumulative
communication cost of 20 rounds with 10 clients for each
method. As shown in the table, FedAvg [22] incurs relatively
high communication costs: up to approximately 403.52MB
with ConvNet and around 8.77GB with ResNet18 [9]. In
contrast, the communication cost of FedFD is significantly
lower, with reductions of up to three orders of magnitude.
The communication cost of the aggregation-free baseline
represented by FedDM [36] lies between the two methods.
Additionally, sending only partial frequency-domain com-
ponents enhances privacy protection to some extent.

Robustness analysis. As shown in Tables 1 and 2, the
proposed FedFD method exhibits outstanding excellence
across datasets with different modalities. At the same time,
as data heterogeneity increases, the advantage of FedFD
becomes more evident. Based on these two points, it exhibits

greater robustness compared to the baseline methods. No-
tably, the above theoretical explanation is strongly supported
by the combined overall performance analysis.
4.3. Ablation study

Impact of core components. To explore the contribu-
tions of the core components in FedFD, we conduct ab-
lation experiments on the CIFAR-10 and SVHN datasets
under different 𝛼 values. The FedDM [36] method is used
as the baseline (dubbed BL). On this basis, we introduce
the low-frequency-based curriculum-style communication
strategy (dubbed LCSC) to demonstrate its advantages. Sub-
sequently, we replace the BL loss with the frequency-domain
distribution alignment loss (dubbed FDA) to validate its ef-
fect. Finally, we incorporate real data-driven synthetic clas-
sification (dubbed RSC) to achieve the frequency-domain-
assisted dual-view coordination, which represents the final
performance of our FedFD method. The experimental results
are summarized in Table IV, with the best results indicated
in boldface.

The results in Table IV show that using only BL can
achieve commendable performance. The performance is en-
hanced when the LCSC strategy is used. This shows that
LCSC can promote performance improvement while en-
suring efficient communication. The performance is further
improved when the synthetic data is updated by FDA, which
shows that it can promote low-frequency alignment and
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Table IV
Performance (%) of configurations with different components on CIFAR-10 and SVHN datasets at three levels of heterogeneity
(𝜶). The “+” sign indicates that each component is added on top of the previous configuration.

Component CIFAR-10 SVHN

0.01 0.05 0.1 0.01 0.05 0.1

BL 61.88 63.31 63.76 80.10 82.21 83.48
+LCSC 66.29 66.77 67.90 84.44 85.26 86.22
+FDA 66.78 69.35 70.97 85.49 85.69 87.21
+RSC 68.61 70.14 71.54 87.39 87.85 89.14
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Figure 8: Variation of FedFD with different window sizes 𝒔 on
different modality datasets.

complement LCSC. With the inclusion of RSC, the perfor-
mance of FedFD reaches its peak, proving that it can ef-
fectively improve the inter-class discrimination of synthetic
data. Overall, the performance increases with the increase
of components. This shows the importance of each core
component and the feasibility of coordination between them.

Impact of window size. When performing frequency
domain filtering using binary masks, a larger window size
𝑠 preserves more information, but it also increases storage
requirements. Fig. 8 illustrates the variation in FedFD’s
performance with different 𝑠 values on the CIFAR-10 and
Speech Commands-8 datasets. The experimental results in-
dicate that as 𝑠 increases, the performance of FedFD im-
proves accordingly, which verifies that larger 𝑠 values can
retain more effective information. To balance communica-
tion efficiency and performance, 𝑠 is set to 16 by default in
this work.

Impact of IPC. Table V summarizes the performance
variation of FedFD on the CIFAR-10 dataset under dif-
ferent IPC values. It is clear that as IPC increases, the
performance of FedFD improves, demonstrating the effec-
tiveness of synthetic data and the potential of FedFD. To
balance communication efficiency and overall performance,
the default IPC value is set to 10 for the CIFAR-10 dataset.
The same approach is used to select the IPC values for
other datasets, ensuring consistent performance gains across
diverse application scenarios while maintaining an optimal
trade-off between resource consumption and data security
[5][33].
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Figure 9: Performance (%) grid of FedFD with changing 𝜆1
and 𝜆2.

Table V
Performance (%) variation of FedFD with different IPC values
under three levels of heterogeneity (𝜶).

Coefficient 0.01 0.05 0.1

5 63.71 66.26 67.55
10 68.61 70.14 71.54
15 70.60 73.19 73.81
20 72.76 73.96 75.30

Benefit of frequency domain filtering. When obtaining
synthetic data with a window size of 𝑠=16, four spatial-
domain approaches can be adopted: cropping, resizing, ran-
dom sampling, and gap extraction. To demonstrate that the
proposed binary mask-based frequency domain filtering ap-
proach can retain more effective information under a limited
storage budget, we compare it with the four aforementioned
approaches on the CIFAR-10 dataset. As shown in Table VI,
under different 𝛼 values, our approach consistently achieves
the best performance, which fully demonstrates its superi-
ority. Moreover, compared to spatial-domain data selection
methods, frequency domain filtering further enhances the
privacy protection of the original data [33][26].

Hyperparameter sensitivity. The frequency-domain-
assisted dual-view coordination expression contains hyper-
parameters 𝜆1 and 𝜆2 to balance the contributions of different
terms. We perform a grid search [6] on the CIFAR-10 dataset
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(a) FedDM

(b) FedAF

(c) FedFD

Figure 10: UMAP visualization of embedded features extracted from the global model for three aggregation-free FL methods
under three levels of heterogeneity (𝜶).

Table VI
Effectiveness (%) comparison of frequency domain filtering
based on binary masks and other data selection approaches.

Coefficient 0.01 0.05 0.1

Cropping 27.74 31.81 31.73
Resizing 55.05 56.29 56.79
Random 38.51 41.30 46.18

Gap 62.30 63.10 65.04

Ours 68.61 70.14 71.54

with a Dirichlet coefficient of 0.05, so that readers can
choose the appropriate parameter combination according to
actual needs. The dark orange area in Fig. 9 indicates the
range of parameter values with good performance. There-
fore, in all experiments, 𝜆1 and 𝜆2 are set to 0.01.

4.4. Visual analysis
Embedded features. To clearly demonstrate the advan-

tages of FedFD, we employ UMAP [14] visualization for
comparison. Specifically, we evaluate the distribution of
embedded features from three aggregation-free FL methods
under three different levels of heterogeneity on the CIFAR-
10 dataset. As shown in Fig. 10, it is evident that FedFD
consistently achieves the best classification performance, re-
gardless of the level of heterogeneity. This further highlights
the superior performance of our method based on qualitative
analysis.

Synthetic data. The role of the frequency-domain-
driven dual-view alignment objective in privacy protection is
analyzed in detail. To further validate this analysis, we visu-
alize the synthetic data. As shown in Fig. 11, the frequency-
domain filtering process starts by transforming the spatial-
domain data into the frequency domain using DCT [31].
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Figure 11: Visualization of synthetic data and the frequency-domain process.

Then, higher-frequency components are filtered out using
a binary mask, with corresponding positions padded with
zeros. Finally, the filtered synthetic data is obtained through
IDCT. Meanwhile, from top to bottom, as the value of 𝑠
increases, more information is preserved in the frequency
domain. The left part of Fig. 11 shows that the synthetic
data generated on each client already serves the purpose
of privacy protection, and after applying frequency domain
filtering, this protection is further enhanced.

5. Conclusion
In this paper, we present a novel FedFD method that

leverages the potential of the frequency domain in FL to
balance communication efficiency and performance. Un-
like existing aggregation-free FL methods, FedFD explores
frequency-domain-assisted dual-view coordination to match
the frequency-domain distribution, while emphasizing inter-
class discrimination. This process effectively enhances the
quality of the low-frequency components in the synthetic
data. Accordingly, a low-frequency-based curriculum-style
communication strategy is designed to send low-frequency
components with higher energy concentration within a lim-
ited storage budget, which improves efficiency while further
boosting performance. Extensive experiments on multiple
datasets with different modalities demonstrate that the pro-
posed FedFD method achieves the state-of-the-art.

CRediT authorship contribution statement
Weiying Xie: Conceptualization, Supervision. Haozhi

Shi: Methodology, Experiments, Writing–original draft.
Hangyu Ye: Validation, Software. Daixun Li: Validation,
Visualization. Jitao Ma: Data curation. Yunsong Li: Re-
view, Resources. Leyuan Fang: Review, Editing.

References
[1] Acar, D.A.E., Zhao, Y., Matas, R., Mattina, M., Whatmough, P.,

Saligrama, V., 2021. Federated learning based on dynamic regular-
ization, in: International Conference on Learning Representations.

[2] Becking, D., Müller, K., Haase, P., Kirchhoffer, H., Tech, G., Samek,
W., Schwarz, H., Marpe, D., Wiegand, T., 2024. Neural network
coding of difference updates for efficient distributed learning commu-
nication. IEEE Transactions on Multimedia 26, 6848–6863. doi:10.
1109/TMM.2024.3357198.

[3] Chen, H.Y., Chao, W.L., 2021. Fedbe: Making bayesian model en-
semble applicable to federated learning, in: International Conference
on Learning Representations.

[4] Diao, Y., Li, Q., He, B., 2024. Exploiting label skews in federated
learning with model concatenation, in: AAAI Conference on Artificial
Intelligence, pp. 11784–11792.

[5] Dong, T., Zhao, B., Lyu, L., 2022. Privacy for free: How does dataset
condensation help privacy, in: International Conference on Machine
Learning, pp. 5378–5396.

[6] Du, J., Zhang, X., Hu, J., Huang, W., Zhou, J.T., 2024. Diversity-
driven synthesis: Enhancing dataset distillation through directed
weight adjustment. Advances in Neural Information Processing
Systems 37, 119443–119465.

[7] Feng, T., Bose, D., Zhang, T., Hebbar, R., Ramakrishna, A., Gupta,
R., Zhang, M., Avestimehr, S., Narayanan, S., 2023. Fedmultimodal:
A benchmark for multimodal federated learning, in: ACM SIGKDD

Weiying Xie et al.: Preprint submitted to Elsevier Page 12 of 13

http://dx.doi.org/10.1109/TMM.2024.3357198
http://dx.doi.org/10.1109/TMM.2024.3357198


High-Energy Concentration for Federated Learning in Frequency Domain

Conference on Knowledge Discovery and Data Mining, pp. 4035–
4045.

[8] Hao, C., Xie, W., Li, D., Qin, H., Ye, H., Fang, L., Li, Y., 2025. Fedcs:
Coreset selection for federated learning, in: IEEE/CVF Conference on
Computer Vision and Pattern Recognition.

[9] He, K., Zhang, X., Ren, S., Sun, J., 2016. Deep residual learning for
image recognition, in: IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pp. 770–778.

[10] Jia, R., Xie, W., Lei, J., Li, Y., 2024. Adaptive hierarchical aggregation
for federated object detection, in: ACM International Conference on
Multimedia, pp. 3732–3740.

[11] Karimireddy, S.P., Kale, S., Mohri, M., Reddi, S., Stich, S., Suresh,
A.T., 2020. Scaffold: Stochastic controlled averaging for federated
learning, in: International Conference on Machine Learning, pp.
5132–5143.

[12] Kim, J.H., Kim, J., Oh, S.J., Yun, S., Song, H., Jeong, J., Ha, J.W.,
Song, H.O., 2022. Dataset condensation via efficient synthetic-data
parameterization, in: International Conference on Machine Learning,
pp. 11102–11118.

[13] Krizhevsky, A., Hinton, G., 2009. Learning multiple layers of features
from tiny images. Handbook of Systemic Autoimmune Diseases .

[14] Lam, E.Y., Goodman, J.W., 2000. A mathematical analysis of the
dct coefficient distributions for images. IEEE Transactions on Image
Processing 9, 1661–1666.

[15] Li, H., Zhou, Y., Gu, X., Li, B., Wang, W., 2024. Diversified semantic
distribution matching for dataset distillation, in: ACM International
Conference on Multimedia, pp. 7542–7550.

[16] Li, T., Sahu, A.K., Zaheer, M., Sanjabi, M., Talwalkar, A., Smith, V.,
2020. Federated optimization in heterogeneous networks. Machine
Learning and Systems , 429–450.

[17] Liu, J., Shang, F., Liu, Y., Liu, H., Li, Y., Gong, Y., 2024. Fed-
bcgd: Communication-efficient accelerated block coordinate gradient
descent for federated learning, in: ACM International Conference on
Multimedia, pp. 2955–2963.

[18] Liu, P., Yu, X., Zhou, J.T., 2023. Meta knowledge condensation for
federated learning, in: International Conference on Learning Repre-
sentations.

[19] Liu, S., Wang, K., Yang, X., Ye, J., Wang, X., 2022. Dataset distil-
lation via factorization. Advances in Neural Information Processing
Systems 35, 1100–1113.

[20] Lu, Z., Pan, H., Dai, Y., Si, X., Zhang, Y., 2024. Federated learning
with non-iid data: A survey. IEEE Internet of Things Journal .

[21] Ma, W., Wu, X., Zhao, S., Zhou, T., Guo, D., Gu, L., Cai, Z., Wang,
M., 2024. Fedsh: Towards privacy-preserving text-based person re-
identification. IEEE Transactions on Multimedia 26, 5065–5077.
doi:10.1109/TMM.2023.3330091.

[22] McMahan, B., Moore, E., Ramage, D., Hampson, S., y Arcas, B.A.,
2017. Communication-efficient learning of deep networks from
decentralized data, in: Artificial Intelligence and Statistics, pp. 1273–
1282.

[23] Sachdeva, N., McAuley, J., 2023. Data distillation: A survey. Trans-
actions on Machine Learning Research .

[24] Sattler, F., Wiedemann, S., Müller, K.R., Samek, W., 2019. Robust
and communication-efficient federated learning from non-iid data.
IEEE Transactions on Neural Networks and Learning Systems 31,
3400–3413.

[25] Sermanet, P., Chintala, S., LeCun, Y., 2012. Convolutional neural net-
works applied to house numbers digit classification, in: International
Conference on Pattern Recognition, pp. 3288–3291.

[26] Shin, D., Shin, S., Moon, I.C., 2023. Frequency domain-based dataset
distillation. Advances in Neural Information Processing Systems 36,
70033–70044.

[27] Wang, H., Xie, W., Ma, J., Li, D., Li, Y., 2024a. Fedsls: Exploring
federated aggregation in saliency latent space, in: ACM International
Conference on Multimedia, pp. 7182–7190.

[28] Wang, J., Liu, Q., Liang, H., Joshi, G., Poor, H.V., 2020. Tackling
the objective inconsistency problem in heterogeneous federated op-
timization. Advances in Neural Information Processing Systems 33,

7611–7623.
[29] Wang, K., Zhao, B., Peng, X., Zhu, Z., Yang, S., Wang, S., Huang,

G., Bilen, H., Wang, X., You, Y., 2022. Cafe: Learning to condense
dataset by aligning features, in: IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pp. 12196–12205.

[30] Wang, L., Wang, S., Zhang, Q., Wu, Q., Xu, M., 2025. Federated
user preference modeling for privacy-preserving cross-domain rec-
ommendation. IEEE Transactions on Multimedia 27, 5324–5336.
doi:10.1109/TMM.2025.3543106.

[31] Wang, M., Shang, X., 2020. A fast image fusion with discrete cosine
transform. IEEE Signal Processing Letters 27, 990–994.

[32] Wang, N., Deng, Y., Feng, W., Fan, S., Yin, J., Ng, S.K., 2024b. One-
shot sequential federated learning for non-iid data by enhancing local
model diversity, in: ACM International Conference on Multimedia,
pp. 5201–5210.

[33] Wang, Y., Fu, H., Kanagavelu, R., Wei, Q., Liu, Y., Goh, R.S.M.,
2024c. An aggregation-free federated learning for tackling data
heterogeneity, in: IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 26233–26242.

[34] Warden, P., 2018. Speech commands: A dataset for limited-
vocabulary speech recognition. arXiv preprint arXiv:1804.03209 .

[35] Xie, W., Ma, J., Lu, T., Li, Y., Lei, J., Fang, L., Du, Q., 2024.
Distributed deep learning with gradient compression for big remote
sensing image interpretation. IEEE Transactions on Neural Networks
and Learning Systems , 1–15.

[36] Xiong, Y., Wang, R., Cheng, M., Yu, F., Hsieh, C.J., 2023. Feddm:
Iterative distribution matching for communication-efficient federated
learning, in: IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pp. 16323–16332.

[37] Zeng, H., Xu, M., Zhou, T., Wu, X., Kang, J., Cai, Z., Niyato,
D., 2024. One-shot-but-not-degraded federated learning, in: ACM
International Conference on Multimedia, pp. 11070–11079.

[38] Zhang, C., Xie, Y., Bai, H., Yu, B., Li, W., Gao, Y., 2021. A survey
on federated learning. Knowledge-Based Systems 216, 106775.

[39] Zhang, H., Li, S., Lin, F., Wang, W., Qian, Z., Ge, S., 2024. Dance:
dual-view distribution alignment for dataset condensation, in: Inter-
national Joint Conference on Artificial Intelligence.

[40] Zhang, X., Du, J., Liu, P., Zhou, J.T., 2025. Breaking class barriers:
Efficient dataset distillation via inter-class feature compensator, in:
International Conference on Learning Representations.

[41] Zhao, B., Bilen, H., 2023. Dataset condensation with distribution
matching, in: IEEE/CVF Winter Conference on Applications of Com-
puter Vision, pp. 6514–6523.

[42] Zhao, B., Mopuri, K.R., Bilen, H., 2021. Dataset condensation
with gradient matching, in: International Conference on Learning
Representations.

[43] Zhu, Z., Hong, J., Zhou, J., 2021. Data-free knowledge distillation
for heterogeneous federated learning, in: International Conference on
Machine Learning, pp. 12878–12889.

Weiying Xie et al.: Preprint submitted to Elsevier Page 13 of 13

http://dx.doi.org/10.1109/TMM.2023.3330091
http://dx.doi.org/10.1109/TMM.2025.3543106

