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Abstract

Federated learning has become a promising solution for col-
laboration among medical institutions. However, data owned
by each institution would be highly heterogeneous and the
distribution is always non-independent and identical distri-
bution (non-IID), resulting in client drift and unsatisfac-
tory performance. Despite existing federated learning meth-
ods attempting to solve the non-IID problems, they still
show marginal advantages but rely on frequent communica-
tion which would incur high costs and privacy concerns. In
this paper, we propose a novel federated learning method:
Federated learning via Valuable Condensed Knowledge
(FedVCK). We enhance the quality of condensed knowledge
and select the most necessary knowledge guided by models,
to tackle the non-IID problem within limited communication
budgets effectively. Specifically, on the client side, we con-
dense the knowledge of each client into a small dataset and
further enhance the condensation procedure with latent dis-
tribution constraints, facilitating the effective capture of high-
quality knowledge. During each round, we specifically target
and condense knowledge that has not been assimilated by the
current model, thereby preventing unnecessary repetition of
homogeneous knowledge and minimizing the frequency of
communications required. On the server side, we propose re-
lational supervised contrastive learning to provide more su-
pervision signals to aid the global model updating. Compre-
hensive experiments across various medical tasks show that
FedVCK can outperform state-of-the-art methods, demon-
strating that it’s non-IID robust and communication-efficient.

Introduction
Federated learning has become increasingly attractive since
it allows collaborative training among sensitive institutions
without direct data sharing. However, in reality, each medi-
cal institution would have its specialization, and the private
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Method Syn. Data Quality Knowledge Selection
FedGen calibrate classifiers heuristic
FedMix distorted sample repeated
FedGAN match single sample repeated
DFRD infidelity heuristic
FedDM only match final feature repeated
DESA only match final feature repeated

FedVCK latent dist. constraints model-guided selection

Table 1: Representative data-centric methods’ problems of
1) synthesis data quality and 2) knowledge selection in the
synthesis. ‘heuristic’ indicates they adopt heuristic diversity
loss with no relation to the need of models. ‘repeated’ in-
dicates they do nothing and thus select data with repeated
knowledge in synthesis. In contrast, we adopt latent distri-
bution constraints and model-guided selection respectively.

data are highly related to the regional demographic charac-
teristics. The data owned by each client are non-independent
and identical distribution (non-IID), exhibiting significant
data heterogeneity and imbalance. Under this scenario, fed-
erated learning methods suffer a global model with unsatis-
factory performance due to the model divergence and client
drift phenomenon (Li et al. 2019, 2022a). Meanwhile, fre-
quent communication between heterogeneous and dispersed
institutions would incur high communication costs, delays,
and complex administrative procedures, with increasing pri-
vacy and safety risks (Zhu, Liu, and Han 2019; Mothukuri
et al. 2021). A non-IID robust and communication-efficient
federated learning method is desired.

Many federated learning methods are proposed to cope
with non-IID problems by modifying local training pro-
cess (Li et al. 2020; Li, He, and Song 2021; Zhou, Zhang,
and Tsang 2023) or global aggregation process (Chen and
Chao 2020; Lin et al. 2020; Zheng et al. 2023). However,
they are mainly model-centric. They focus on mitigating
model parameter-level divergence indirectly under a typical
paradigm of local training and global aggregation, leading
to marginal advantages in performance and communication
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(a) We use the distribution matching-based method to condense
knowledge on the OrganC dataset. Without our latent distribution
constraints (Vanilla, dashed line), Lcond would be easily reduced in
each round but the model’s performance struggles to improve with
the condensed knowledge, demonstrating the low-quality problem of
vanilla methods.
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(b) We measure the average MMD of condensed knowledge class-
wisely between adjacent rounds on the Path dataset. Greater MMD
indicates a larger distribution difference. The vanilla selection causes
more knowledge repetition between rounds. Our model-guided selec-
tion (Pw) ensures that the condensed knowledge between adjacent
rounds exhibits greater differences.

Figure 1: Illustration of the low synthesized data quality problem in Figure (a) and repeated knowledge problem in Figure (b).

costs under severe non-IID scenarios (Li et al. 2022a).
The model divergence originates from the data diver-

gence (Zhao et al. 2018), thus mitigating the data-level di-
vergence would be more essential to tackle the non-IID
problems. Recently, various data-centric federated learning
methods attempted to share virtual or synthesized data to
mitigate data divergence. They synthesize diverse objectives
including latent features (Zhu, Hong, and Zhou 2021), ap-
proximated real data (Li et al. 2022b; Zhu and Luo 2022;
Yoon et al. 2021), inverted data (Zhang et al. 2022; Wang
et al. 2024a), condensed data (Xiong et al. 2023; Huang
et al. 2024; Wang et al. 2024b) and so on. However, under
severe non-IID scenarios, these methods still face problems
because of: 1) low synthesized data quality. For instance,
mix-up would distort data (Verma et al. 2019). The inverted
data is of infidelity with biased models. And the advanced
dataset condensation cannot effectively extract subtle and
meaningful knowledge which we demonstrate in Figure 1a.
These low-quality data would fail to guide the model train-
ing; 2) repeated knowledge. The data are randomly selected
to synthesize virtual data, and their value and importance to
the current model are not considered. Thus, the knowledge
contained tends to be homogeneous and unnecessarily re-
peated (see Figure 1b), thus cannot effectively update the
model after several rounds. We summarize problems in the
above two aspects of representative data-centric federated
learning methods in Table 1. Additionally, some synthesis
methods would incur privacy concerns, and most methods
are not communication-efficient. They still face challenges
to achieve a satisfactory performance under limited commu-
nication rounds in non-IID scenarios.

Motivated by the above limitations, we propose a
novel data-centric Federated learning method via Valuable
Condensed Knowledge (FedVCK). Our method includes
two parts, valuable knowledge condensation on the client
side and relational supervised learning-aided updating on the

server side. Specifically, we condense each client’s knowl-
edge into a small dataset. To ensure condensing high-quality
knowledge, we propose latent distribution constraints to
better capture subtle and meaningful knowledge in la-
tent spaces. To minimize redundancy in each round of
knowledge condensation, we explicitly measure the missing
knowledge of the current model and select the most nec-
essary knowledge in condensation on each client. On the
server side, we identify the hard negative classes for each
class and propose a relational supervised contrastive learn-
ing to enhance the supervision signals during model up-
dating. Due to the balanced, high-quality, unrepeated, and
necessary condensed knowledge, the training of the global
model is insulated from the effects of non-IID problems
and can achieve enhanced performance within limited com-
munication rounds (e.g. 10). Moreover, our method only
condenses task-related high-level knowledge with random
noise initialization, thereby facilitating privacy protection.
Our main contributions are summarized as follows:

• We propose a novel data-centric federated learning
method: FedVCK, for collaborative medical image anal-
ysis. FedVCK is robust to severe non-IID scenarios and
communication efficient with valuable knowledge.

• On the client side, we propose model-guided selection to
sample the most needed knowledge each round to avoid
unnecessary repetition. We also propose latent distribu-
tion constraints to enhance the quality of knowledge.

• On the server side, we identify the hard negative classes
and propose relational supervised contrastive learning to
enhance supervised learning in model updating.

• We conduct comprehensive experiments and results
show that our method achieves better predictive per-
formance, especially under limited communication bud-
gets. We also conduct experiments to verify the privacy-
preserving ability and generality of our method.
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Related Works
The data owned by each client is typically highly heteroge-
neous and does not follow an independent and identical dis-
tribution. Under severe non-IID scenarios, models trained on
clients tend to be highly biased and divergent, a phenomenon
known as client drift. Aggregating these biased and diver-
gent client models at the server often results in suboptimal
performance. Many model-centric methods focus on modi-
fying local training process, such as introducing regulariza-
tion or contrastive terms to reduce divergence (Li et al. 2020;
Acar et al. 2021; Li, He, and Song 2021; Xie et al. 2024c,b,a)
or improving aggregation process (Lin et al. 2020; Chen and
Chao 2020; Zheng et al. 2023). They try to alleviate the
client drift from the model parameter level.

The model divergence originates from the data diver-
gence (Zhao et al. 2018). Directly reducing the difference
in data distribution would reduce the model divergence fun-
damentally. Recently, data-centric federated learning meth-
ods have drawn attention since they can synthesize and then
share virtual synthesized data to mitigate the non-IID prob-
lem in a data-centric manner. Besides that FedGen (Zhu,
Hong, and Zhou 2021) which generates virtual represen-
tation, various format data are synthesized on the server
or clients. FedMix (Yoon et al. 2021) broadcasts the mix-
up data to approximate the real data. FedGAN (Nguyen
et al. 2021) and SDA-FL (Li et al. 2022b) train and
share GANs to imitate real data to support COVID-19 de-
tection. FedFTG (Zhang et al. 2022) and advanced ver-
sion DFRD (Wang et al. 2024a) use model inversion (Yin
et al. 2020) to generate data for knowledge distillation.
FedDM (Xiong et al. 2023) condenses the knowledge to up-
date the global model. DESA (Huang et al. 2024) distills
anchor data and broadcasts them to enable mutual regular-
ization and distillation among clients.

Proposed Method
Overview
The overview of FedVCK is shown in Figure 2. In short, it
consists of two parts: valuable knowledge condensation on
the client side and relational supervised learning-aided up-
dating on the server side. On the client side, we borrow dis-
tribution matching techniques in dataset condensation and
optimize the learnable dataset to condense knowledge from
local data. To ensure quality, we record dynamic distribution
statistics of the local data batch in each encoder layer and re-
place the statistics during embedding learnable knowledge
as fixed constraints, which could force the latent distribution
of the condensed knowledge to capture subtle and meaning-
ful knowledge of different levels. To minimize redundancy
in each round of condensation, we explicitly measure the
prediction error on each sample and select the data on which
the model performs poorly. We consider such data critical as
it contains knowledge not yet captured by the current model.
By focusing more on these important samples, the condensa-
tion process ensures that the condensed knowledge comple-
ments the global model’s missing capabilities. On the server
side, we collect the condensed knowledge dataset and train
the global model with supervised learning and relational

contrastive learning. We first identify hard negative classes
for each class where the global model tends to mispredict
by uploaded logit prototypes. Then we use supervised con-
trastive learning in a bootstrap manner to draw the features
of the same class closer to their prototypes and push the fea-
tures away from their hard negative classes’ prototypes. We
will introduce our designs in detail in the following sections.

Preliminary: Dataset Condensation
The objective of dataset condensation (Wang et al. 2018;
Yu, Liu, and Wang 2023; Gao et al. 2024a,b) is to con-
dense knowledge from a large dataset into a small learnable
dataset, which could be used to train models to achieve com-
parable performance. Distribution matching is an advanced
method widely used in dataset condensation.

Distribution matching. The intuition behind is to opti-
mize a small dataset S to match the latent feature distribu-
tion of local data T by minimizing the distance to the la-
tent features of local data with maximum mean discrepancy
(MMD) (Gretton et al. 2012; Zhao and Bilen 2023):

argmin
S

sup
∥ψθ∥H≤1

(E[ψθ(T )]− E[ψθ(S)]), (1)

where H is reproducing kernel Hilbert space (RKHS), ψθ is
the shared embedding function to map the input to its latent
feature, parameterized by a multi-layer encoder. In practice,
We minimize the estimated empirical MMD loss by class-
wisely align the latent feature distributions to optimize S:

Lcond =
C−1∑
c=0

∥ 1

|Bc|
∑
xi∈Bc

ψθ(xi)−
1

|Sc|
∑
si∈Sc

ψθ(si)∥2,

(2)
where C is the number of classes, Tc is the local data with
class c, Bc is a batch randomly sampled from Tc with a
uniform distribution, and Sc is the knowledge dataset corre-
sponding to class c. To enable the high-order estimation, we
choose to align the latent feature distributions in an RKHS
with kernel K (Zhang et al. 2024), and minimize the follow-
ing empirical MMD as condensation loss:

Lcond =

C−1∑
c=0

∑
Bc

Pu∼Tc

K̂Bc,Bc + K̂Sc,Sc − 2K̂Bc,Sc , (3)

where K̂X,Y = 1
|X|·|Y |

∑|X|
i=1

∑|Y |
j=1 K(ψθ(xi), ψθ(yj)),

{xi}|X|
i=1 ∼ X, {yj}|Y |

j=1 ∼ Y . The kernel function K can
be a linear kernel, inner-product kernel, or Gaussian kernel.

Knowledge initialization. There are several manners to
initialize learnable knowledge dataset S whose format is the
same as real data. To best prevent the privacy leak of the
local data, we choose random Gaussian noise N (0, 1) to
initialize the knowledge dataset, making the knowledge can
only be condensed by matching the latent distributions. The
condensed knowledge dataset S would contain no individual
and privacy information in pixel space and the adversary can
hardly infer the membership from the condensed knowledge
datasets (Dong, Zhao, and Lyu 2022).
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Figure 2: Overview of FedVCK. On the client side, we sample local data by importance sampling guided by the current model
and then impose latent distribution constraints in optimization. We upload the condensed knowledge dataset and logit prototypes
to the server. On the server side, we use cross entropy loss and relational contrastive loss to update the global model.

Latent Distribution Constraints
By optimizing S with Lcond in Eq. 2 or Eq. 3, the con-
densed knowledge dataset S can replace the real data to
effectively train models. However, it’s challenging to en-
sure the condensation quality when condensing the knowl-
edge from local data into a small random noise-initialized
dataset, because random noises have no prior about the local
data. Moreover, the condensation loss (Lcond) is not suffi-
cient to guide the learning of subtle meaningful knowledge
since the latent features of S can take shortcuts to over-fit
the latent features of local data. To assess the deficiency of
the vanilla optimization process, we show in Figure 1a that
while Lcond is easily reduced at each round, it can not effec-
tively condense meaningful knowledge to improve perfor-
mance effectively. Additionally, matching the distribution of
the final representation of the encoder neglects the previous
intermediate latent feature distributions.

To enhance the effectiveness and ensure consistent dis-
tribution of all latent features, we transfer dynamic distri-
bution statistics (mean and variation) from the local real
data to the condensed knowledge data during the conden-
sation procedure. Compared to (Yin et al. 2020), our ap-
proach does not require the addition of an extra loss term,
enabling a more flexible and efficient condensation proce-
dure. Specifically, we first record the distribution statistics
of each layer {{µ1, σ1}, ..., {µL, σL}} with a L layer en-
coder when embedding a batch of local data. Then the statis-
tics during embedding condensed data are replaced and fixed
with recorded statistics:

s
(1)
i = Norm(ψ1(si), {µ1, σ1}),

s
(2)
i = Norm(ψ2(s

(1)
i ), {µ2, σ2}),

...

ψθ(si) = s
(L)
i = Norm(ψL(s

(L−1)
i , {µL, σL}),

(4)

where ψl is l-th layer of encoder ψθ and Norm denotes

batch normalization (Ioffe and Szegedy 2015). The distribu-
tion statistics constraint could force the optimization process
to consider intermediate latent distributions and prevent it
from taking shortcuts. Thus the quality of condensed knowl-
edge can be largely improved.

Model-guided Knowledge Selection
If we uniformly sample real data from local data to conduct
condensation, the condensed knowledge in each round will
be repeated and homogeneous, dominated by simple and
easy-to-learn knowledge. It would be less beneficial to fur-
ther improve the performance of the global model. However,
from the model perspective, we find that the importance of
the knowledge contained in each sample varies. The current
global model may perform well on some local data but lacks
the ability to make correct predictions on others, exposing
that the current model lacks some knowledge. The data con-
taining the missing knowledge would be more important at
this round and it’s better to focus on condensing knowl-
edge from these data to complement the model knowledge.
Specifically, we first measure the importance of each data
sample explicitly by model prediction error as t-th round:

wMt(xi) =
1

1 + e−errt(xi)+b
, (5)

where the errt(xi) refers to the prediction error on xi of
current model Mt at t-th round and b is a constant to control
the scale range. The higher the prediction error, the more
important xi would be. Here we adopt the cross-entropy loss
as the prediction error with the current model Mt:

errt(xi) = Lce(yi,Mt(xi)). (6)

The current model is usually not well-trained and may
over-fit on limited uploaded condensed knowledge, the dis-
tribution of loss would be skewed and less calibrated to re-
flect the proper importance relation. We propose the self-
ensemble of the current model Mt and previous model
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Mt−1 to smooth and regularize the distribution of loss. Thus
the desired knowledge can be condensed progressively. we
refine the prediction error of Eq. 6 as:

˜errt(xi) = Lce(yi, αMt(xi) + (1− α)Mt−1(xi)), (7)

where α is a hyper-parameter. With refined prediction error,
we can calculate the refined importance in Eq. 5 and replace
the uniform sampling Pu in Eq. 3 with importance sampling
Pw conditioned on model Mt and Mt−1:

Pw(xi|Mt,Mt−1) =
wMt(xi)∑
xj
wMt

(xj)
. (8)

We then refine the condensation loss of Eq. 3 as :

Lr cond =
C−1∑
c=0

K̂BPw
c ,BPw

c
+ K̂Sc,Sc − 2K̂BPw

c ,Sc
, (9)

where data in each batchBPw
c is sampled based on Pw. Thus

the condensation process in the t-th round can be regarded
as a biased variant of Eq. 1 where the where the expectation
over T is replaced by a weighted expectation under Pw:

argmin
S

sup
∥ψθ∥H≤1

(EPw
[ψθ(T )]− E[ψθ(S)]), (10)

Note that the current model Mt is dynamically updating.
We measure the importance and derive the importance sam-
pling Pw at each round. Thus, the condensed knowledge in
each round can continue to transition from known knowl-
edge to missing knowledge. The global model could com-
plement its ability at each round, making its performance
improve consistently.

Relational Prototype-wise Contrastive Learning
On the server side, we calculate the global logit prototype
for each class and identify their hard negative classes. Af-
terward, prototype-wise contrastive learning is deployed to
facilitate the discrimination between classes.

At the t-th round, besides the condensed knowl-
edge dataset, each client k uploads the logit prototypes
{p0

k,t, ...,pC−1
k,t} calculated by the global model as:

pc
k,t =

1

Nc,k

Nc,k∑
i

fMt−1
(xi,c,k), (11)

where the xi,c,k denotes the local data with class c in client
k, and fMt−1

denotes the current model without the last soft-
max layer at the beginning of the t-th round. Then we aggre-
gate these prototypes uploaded from each client into global
logit prototypes {p0

t, ...,pC−1
t}:

pc
t =

1

|Tc|

N∑
k

|Tc,k|pc
k,t, (12)

whereN denotes the number of clients, |Tc| denotes the total
number of data of class c, and |Tc,k| denotes the number of
data of class c in client k. With global logit prototypes, we
can derive the Top-K hard negative classes for class c as :

HN(c) = {j1, j2, ...jK} = arg topK
j ̸=c

pc[j], (13)

where HN(c) contains the class indices with Top-K values
in prototype vector pc except c. We recognize HN(c) as
hard negative classes’ indices set for class c since the global
always predicts a higher probability on these classes and
tends to mis-classify. To amplify discrimination ability of
the global model, it would be more effective to push features
of class c away from that of HN(c). Note that the global
logit prototypes may change across rounds with the updated
global model, HN(c) would also change adaptively.

We also calculate feature prototypes {f0t, ..., fC−1
t} with

condensed knowledge datasets on the server at t-th round:

fc
t =

1

|S :t−1
c |

∑
si∈S0,...,t−1

c

ψt−1
θ (si), (14)

where S :t−1
c is the accumulated knowledge dataset of class

c uploaded before t-th round, and ψt−1
θ is the encoder of the

global model Mt−1 at the very beginning of t-th round.
With hard negative classes set HN(c) and feature proto-

types, inspired by SimSiam (Chen and He 2021), we propose
relational supervised contrastive learning with prototypes in
a bootstrap manner:

Lrc =
∑

(si,ci)∈S:t

− log
exp (h(ψt

θ(si)) · fci
t/τ)∑

cj∈HN(ci)
exp (h(ψt

θ(si)) · fcj
t/τ)

,

(15)
where h is a learnable projector similar with (Chen and

He 2021; Grill et al. 2020) and τ is the temperature hyper-
parameter. Then we update the global model along with
cross-entropy loss at t-th round with:

Lupdate = Lce(S :t) + Lrc, (16)

where Lce denotes the cross-entropy loss with condensed
knowledge datasets and the relational supervised contrastive
learning offers more supervision signals in model updating.

Experiments
Datasets. We evaluate the performance of our proposed
FedVCK on 4 medical tasks, which contain 5 datasets
with different modalities from (Yang, Shi, and Ni 2021;
Yang et al. 2023): 1) Colon Pathology, we adopt the Path
dataset, 2) Retinal OCT scans, we adopt the OCT dataset,
3) Abdominal CT scans, we adopt the OrganS and Or-
ganC dataset, 4) Chest X-Ray, we adopt the Pneumo-
nia dataset. To validate the generality, we also select CI-
FAR10 (Krizhevsky 2009), STL10 (Coates, Ng, and Lee
2011), and ImageNette (Howard and Team 2019) datasets.
Our selected datasets enjoy a wide range of modalities and
resolutions from 28×28 to 224×224 and detailed introduc-
tions about datasets are shown in the Appendix.

Baselines. We compare FedVCK with nine federated
learning methods including both model-centric methods
(FedAvg, FedProx, and MOON) and data-centric methods
(FedGen, FedMix, FedGAN, DFRD, FedDM, and DESA).
We summarize rationale of the baseline selection and their
synthesis objectives and methods in Table 1 in Appendix.
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β 0.05 0.02
Model ConvNet ResNet18 ConvNet ResNet18
Acc(%) Path OCT OrganS OrganC Pneumonia Path OCT OrganS OrganC Pneumonia
FedAvg 46.34 62.00 66.27 70.38 69.87 43.72 26.54 60.70 65.87 63.14
FedProx 61.34 62.50 69.14 71.80 69.07 40.15 32.20 67.76 60.94 62.50
MOON 51.91 56.10 52.33 71.82 62.50 50.88 29.90 62.84 61.81 62.50
FedGen 42.03 53.25 59.90 49.65 60.37 39.87 34.74 47.06 37.63 58.43
FedGAN 54.40 56.80 71.76 OOM 75.32 54.37 25.20 70.34 OOM 62.50
FedMix 35.78 48.90 62.10 60.63 62.50 31.50 29.30 54.65 29.22 62.50
DFRD 37.44 31.50 39.80 OOM OOM 14.01 34.20 37.93 OOM OOM
FedDM 73.97 61.70 71.37 35.60 75.80 73.64 62.20 69.46 18.20 68.75
DESA 33.37 47.00 69.98 54.16 61.38 66.41 35.20 67.32 39.46 62.50

FedVCK 80.36 68.30 73.23 79.52 86.70 81.10 68.20 72.90 79.04 84.62

Table 2: Overall predictive accuracy comparison on medical datasets. We test our method and baselines under two non-IID
scenarios: Dir(0.05) and Dir(0.02). For datasets with 224×224 image sizes, we adopt the ResNet18 model. Bold numbers
indicate the best accuracy results. ‘OOM’ indicates out-of-memory.

β 0.05 0.02
Model ConvNet ResNet18 ConvNet ResNet18
Acc(%) Path OCT OrganS OrganC Pneumonia Path OCT OrganS OrganC Pneumonia
FedAvg 18.55 53.70 36.92 29.31 62.50 12.84 25.00 39.32 25.13 35.74
FedProx 56.94 49.70 48.76 50.60 63.78 40.15 28.70 49.60 46.13 62.50
MOON 49.40 32.00 45.69 33.43 62.50 26.96 25.00 42.60 25.83 62.50
FedGen 34.47 27.60 45.75 24.89 58.00 37.20 25.00 37.79 18.77 57.50
FedGAN 19.89 48.00 55.65 OOM 64.74 32.32 25.00 44.67 OOM 62.50
FedMix 28.97 31.60 57.35 32.46 62.50 28.48 25.00 42.37 17.73 62.50
DFRD 22.40 25.00 39.05 OOM OOM 10.45 25.00 29.93 OOM OOM
FedDM 72.76 61.70 71.32 31.66 73.27 70.39 62.20 69.33 15.12 62.50
DESA 29.48 36.90 66.00 50.72 38.78 43.62 27.80 66.42 39.46 37.50

FedVCK 78.52 66.41 72.65 71.39 83.01 78.61 65.90 71.68 71.89 82.48

Table 3: Predictive accuracy comparison on medical datasets under limited communication budgets.

Configuration. Following the commonly used setting,
we simulate non-IID scenarios with Dirichlet distribution
Dir(β) among 10 clients where β is 0.05 and 0.02 to sim-
ulate severe non-IID scenarios. We adopt the ConvNet (Gi-
daris and Komodakis 2018) and ResNet18 (He et al. 2016).
We set the size of the condensed knowledge dataset S to p%
of the original dataset size, where p is selected from {1, 2, 5}
according to different datasets. We initialize S from N (0, 1).
Hyper-parameters in each method are tuned as suggested in
the original papers. We run all experiments with NVIDIA
Geforce RTX 3090 GPU and report the mean results among
three runs. More details are introduced in the Appendix.

Performance Under Non-IID Scenarios
Overall performance. We evaluate all methods’ overall
performance under non-IID scenarios in Table 2, assum-
ing the communication budgets are adequate (100 commu-
nication rounds). We can observe that model-centric feder-
ated learning methods struggle with mediocre performance.
Some data-centric methods (e.g. FedGen and DFRD) per-
form worse. We find this is because the poor synthesis qual-
ity and poor global model hinder each other and cause a vi-
cious circle. On OrganC and Pneumonia datasets, FedGAN
and DRFD face the out-of-memory problem. Clients in
FedGAN must train and upload huge generators and dis-
criminators and the server in DFRD must maintain ensem-

ble models and huge generators. Most data-centric baselines
degrade hardly on the two datasets since capturing subtle
and meaningful knowledge in larger sizes is harder. Our
method successfully condenses knowledge with high qual-
ity and high necessity for the global model, thus showing
advantages over all datasets’ baselines.

Under limited communication budgets. Since commu-
nication budgets are usually limited in reality, a method that
can achieve high performance within a few communication
rounds is more desired. We compare the performance of our
method and baselines within 10 communication rounds un-
der non-IID scenarios. The experimental results are shown
in Table 3. We can observe that all baselines cannot achieve
satisfactory performance within limited rounds, while our
method consistently outperforms others on all datasets. The
performance is relatively close to the overall performance in
Table 2 and would not be significantly affected by more se-
vere non-IID (β = 0.02), demonstrating that our method is
not only communication-efficient but also robust to non-IID.

Performance Analysis
Ablation study. We conduct ablation study to evaluate the
effectiveness of our designs. The experimental results are
shown in Table 4. Besides, we measure the empirical MMD
of the condensed knowledge between two adjacent rounds

21909



Acc(%) Path OrganS Path OrganS
w.o. all 72.76 71.32 73.97 71.37

w.o. Lrc + Pw 73.04 71.74 76.48 72.13
w.o. Lrc 74.52 71.93 78.56 72.40
FedVCK 78.52 72.65 80.36 73.23

Table 4: Ablation study on medical datasets. The left part of
the table is the performance under limited communication
rounds and the right part is the overall performance.

Method Path OrganS Pneumonia
FedMix, DRFD

12.13 MB 12.20 MB 426.15 MBFedAvg, FedProx
MOON, FedGen

DESA
FedGAN 178.85 MB 178.69 MB 2349.40 MB

FedVCK, FedDM 2.04 MB 0.52 MB 11.77 MB
p% 1% 5% 5%

Table 5: Per-round upload communication costs. p% indi-
cates the size of the condensed knowledge dataset as a pro-
portion of the size of the original dataset.

with or without model-guided selection in Figure 1b. We
can note that with model-guided selection, the condensed
knowledge between adjacent rounds exhibits greater MMD
values, reflecting that it can avoid repeated knowledge and
force the optimization process to condense more heteroge-
neous and model-specific knowledge. We also study the im-
pact of the size of learnable knowledge dataset in the Ap-
pendix. Larger size would have more capacity but increase
optimization difficulty and communication overhead.

Communication analysis. Our method is communication
efficient from two aspects. From the perspective of com-
munication rounds, we have demonstrated our method can
quickly achieve satisfactory performance under limited bud-
gets in Table 3. From the perspective of upload communica-
tion costs, we quantify the actual per-round upload commu-
nication costs of all clients in Table 5. Our method’s per-
round uploading costs are less than that of model-centric
federated learning. More analysis about the communication
and full experimental results are shown in the Appendix.

Privacy Analysis
To practically test whether the condensed knowledge would
leak individual privacy, we conduct the membership infer-
ence attack following an advanced method: LiRA (Carlini
et al. 2022) and compare FedVCK with the model-centric
federated learning method (e.g. FedAvg). We attack up-
loaded models or condensed knowledge from clients and
record the AUC of ROC on each client with a balanced test
set. Since the MIA task is a binary classification, we set the
minimum AUC to 0.5 and mark it as a total defense if the
AUC of a client is less than or equal to 0.5. We calculate the
max and mean AUC of all clients and defense rate (the pro-
portion of clients achieving total defense) in Table 6. The
results show that our method better preserves privacy than
FedAvg, and enables more total defense cases. In addition,

Method Max AUC ↓ Mean AUC ↓ Defense Rate ↑
FedAvg 0.556 0.529 10%

FedVCK 0.544 0.514 50%

Table 6: The AUC results of MIA experiment on OrganS
dataset. ↓ means the lower, the better. ↑ means the opposite.

Acc(%) CIFAR10 STL10 ImageNette
β 0.05 0.02 0.05 0.02 0.05 0.02

FedAvg 52.13 52.01 46.03 39.60 47.21 38.17
FedProx 57.60 53.39 42.93 42.88 52.66 32.84
MOON 46.63 42.03 38.08 38.42 35.26 21.32
FedGen 39.36 32.71 38.11 37.44 51.92 41.89

FedGAN 55.79 53.86 51.84 50.03 50.80 40.31
FedMix 42.28 43.97 46.56 42.88 50.80 39.41
DFRD 52.07 37.53 31.60 21.03 33.20 16.20
FedDM 54.75 50.47 54.90 51.62 52.25 43.82
DESA 53.90 48.19 46.74 37.33 42.29 28.90

FedVCK 62.96 60.56 57.04 56.89 62.76 61.73

Table 7: Overall predictive accuracy comparison on natural
datasets. We adopt the ConvNet model by default.

since our method needs fewer communication rounds, pri-
vacy can be further protected from potential temporal-based
MIA (Zhu et al. 2024).

Extend to Natural Datasets
To validate the generality of our method, we also extend
our evaluation on natural datasets. The natural datasets con-
tain various colored objects with more significant inter-class
differences. The overall experimental results are shown in
Table 7. Our method still outperforms others consistently,
which demonstrate a boarder generality of our method. Full
experiments about the predictive performance, communica-
tion cost, and privacy-preserving are listed in the Appendix.

Conclusion and Discussion
In this paper, we propose a novel data-centric federated
learning method, FedVCK, for collaborative medical im-
age analysis. FedVCK can tackle the non-IID problem in
a communication-efficient manner. Specifically, FedVCK
adaptively selects the most necessary knowledge with the
guidance of current models, and condenses it into a small
knowledge dataset with latent distribution constraints to en-
hance the quality. The condensed knowledge can effectively
update the global model with the help of relational super-
vised contrastive learning. Our method generally outper-
forms state-of-the-art methods in non-IID scenarios, espe-
cially under limited communication budgets. Further work
is to extend to more data modalities such as 3D CT and to
adopt advanced techniques to improve the effectiveness and
efficiency of condensation.
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