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Abstract

Federated Learning (FL) is a decentralized machine learning paradigm that enables
clients to collaboratively train models while preserving data privacy. However, the
coexistence of model and data heterogeneity gives rise to inconsistent represen-
tations and divergent optimization dynamics across clients, ultimately hindering
robust global performance. To transcend these challenges, we propose Mosaic,
a novel data-free knowledge distillation framework tailored for heterogeneous
distributed environments. Mosaic first trains local generative models to approx-
imate each client’s personalized distribution, enabling synthetic data generation
that safeguards privacy through strict separation from real data. Subsequently,
Mosaic forms a Mixture-of-Experts (MoE) from client models based on their spe-
cialized knowledge, and distills it into a global model using the generated data.
To further enhance the MoE architecture, Mosaic integrates expert predictions via
a lightweight meta model trained on a few representative prototypes. Extensive
experiments on standard image classification benchmarks demonstrate that Mosaic
consistently outperforms state-of-the-art approaches under both model and data
heterogeneity. The source code has been published at Github.

1 Introduction

Amid the surge of data, deep learning has made remarkable strides in both established and emerging
fields [49, 125) 162} 182,19, [79]]. However, in real-world scenarios, data is inherently distributed across
clients, as seen in domains like autonomous driving [8], IoT [92], fintech [13]], and healthcare [74].
Due to the high cost of data acquisition and increasingly stringent privacy regulations, aggregating
data for centralized training is often impractical [50, [119]. In light of these limitations, Federated
Learning (FL) has emerged as a compelling paradigm [57,[127,,43]], enabling decentralized clients
to collaboratively train a shared global model while retaining their private data locally, thereby
addressing critical concerns surrounding data privacy and data sovereignty.

However, the promise of FL comes with significant challenges, chief among them being the pervasive
heterogeneity across real-world clients [56,[122]. Specifically, the fundamental assumption of IID
(Independently and Identically Distributed) data across clients often breaks down in practice, creating
substantial data heterogeneity [70, [100, 23| 78] [12}[104]]. This statistical divergence across clients
gives rise to client drift [44] in standard FL algorithms like FedAvg [69], where local models
inherently reflect the disparities of private data rather than aligning toward a unified global objective,
ultimately degrading generalization and performance consistency. While numerous methods have
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been proposed to mitigate data heterogeneity [55} 188, [129] 106/ [61]], they often operate under the
premise of model homogeneity, where all clients are required to use the same architecture as the global
model. Yet in real-world deployments, clients often exhibit significant variation in hardware and
resource availability [[109} 38]], precluding the viability of training architecturally identical models.
This leads to model heterogeneity [15} |36l [99] 108l [130], rendering conventional aggregation
methods infeasible and hindering effective knowledge exchange among clients.

Building upon the broader complexities posed by heterogeneity, a number of approaches have been
explored to alleviate its impact. Some methods attempt to sidestep the issue by enforcing a unified,
high-capacity model, but this comes at the cost of reducing the participation of resource-limited clients
who fall behind due to incomplete training [[75,167, 21]]. Others adopt partial training (PT) strategies
[2,1135)141], where each client trains only a subset of the global model, leading to fragmented updates
and instability in global integration [[64]. Among these, Knowledge Distillation (KD) [31} 26} [115]]
emerges as a particularly effective alternative, providing a flexible means of transferring knowledge
across heterogeneous clients while accommodating disparities in data and model capacity. However,
many KD-based methods rely on proxy datasets to facilitate knowledge transfer, either by aggregating
small portions of client data which raises privacy concerns [S3] or by employing external auxiliary
datasets that closely resemble the original data distribution [87]], limiting their applicability in real-
world scenarios. This motivates the need for Data-Free Knowledge Distillation (DFKD), which
eliminates the reliance on external data while retaining the core advantages of distillation.

To fully unlock the potential of DFKD, it is essential to achieve two pivotal objectives: constructing a
synthetic dataset that enables effective knowledge transfer, and identifying a teacher model that
encapsulates comprehensive knowledge. Most existing DFKD approaches concentrate heavily on
synthesized pseudo data that either closely approximate the global data distribution to ensure reliability
[1391[1321163| 165]], or generate hard samples near decision boundaries to increase diversity [24, 131}
1331164 [137]], thereby enhancing the robustness of the distilled model and addressing its knowledge
deficiencies. Yet in practice, the widely adopted strategy in DFKD—uploading local generators to the
server and naively blending their parameters—often suffers from substantial instability under Non-IID
settings, where both distribution shifts and catastrophic forgetting accumulate over communication
rounds, ultimately hindering consistent knowledge synthesis. While these concerns are significant,
there looms a more fundamental challenge: how to construct a generalizable and powerful teacher
model. Certain methods construct an ensemble of client models and weight them by the confidence
each client exhibits in specific predictions to guide the distillation process [131} 133164} 163|138, 197],
but our theoretical analysis and empirical results reveal that such schemes can yield erratic teachers
that even underperform vanilla global models under severe data heterogeneity. In summary, our goal
is to obtain stable generators and a knowledgeable teacher model under heterogeneous condition

To confront the mentioned challenges, we propose Mosaic, a novel DFKD framework utilizing
Mixture-of-Experts with Advanced Integrated Collaboration for Heterogeneous Distributed Environ-
ments. Mosaic begins by training a lightweight, label-agnostic generator on each client. Compared
to conditional generators, this design notably reduces model complexity, training overhead, and
communication cost, making it well-suited for distributed deployment. To enhance the transferability
of synthetic samples, we adopt an adversarial training scheme [25} [1]] where the local model acts
as both a discriminator to ensure fidelity and a classifier to promote diversity. To mitigate training
difficulties on clients with limited data, we further regularize the generation process using the mean
and variance of hidden representations from the initialized local model, thereby aligning the synthetic
distribution with the global one. Rather than aggregating generators uploaded by clients, which
can lead to instability, Mosaic strategically ensembles them to collaboratively synthesize a diverse
batch by composing unique fragments from each. In the next stage, client models are organized
into per-class experts based on label availability, thereby constituting a Mixture-of-Experts (MoE)
architecture [40]. A gating network governs the allocation of inputs to the appropriate experts, while
a meta model [113]] aggregates their predictions, constructing a knowledgeable teacher. A minimal
set of prototype features is extracted from each client to further refine and enhance this ensemble.
Finally, this composite teacher is distilled into a global student model using the generator ensemble.

The main contributions of this work are summarized as follows: First, we introduce a lightweight
generator tailored for deployment in distributed environments, enhancing the fidelity and diversity
of synthetic samples and improving the generation capabilities of clients with limited data by

?See the related work in Appendix [A|for more DFKD methods.



utilizing only local models. Second, by leveraging the MoE architecture, we effectively address the
robustness issues in teacher models from previous methods, with our MoE-based teacher significantly
outperforming prior models. Third, extensive experiments on seven real-world image classification
datasets demonstrate the superiority of Mosaic, showing not only improved accuracy for the global
model but also significant performance gains for local models on classification tasks.

2 Preliminaries

We consider a centralized FL scenario involving a central server and IV clients, each possessing a
private labeled dataset {(Xz, Y;)}Y,, where X = {a:b} , follows a local data distribution D; over
feature space Aj, i.e., 2% ~ D;,and Y; = {y?};, C [C] := {1,...,C} denotes the corresponding
ground-truth labels. Here, C' is the total number of classes. The FL setting involves both data and
model heterogeneity. For data heterogeneity, we assume that all clients share the same feature space,
but their data distributions may differ typically due to label distribution skew, i.e., X; = &) and
D; # Dj, Yi# j, i,j € [N]. For model heterogeneity, each client ¢ maintains a local model f; with
parameters 6;, and the model capacity may vary across clients, i.e., |0;| # |0;|, 3i # j, i,j € [N].

In PT-based methods, the capacity of client 4 is determined by a width ratio R; € (0, 1], indicating
the proportion of neurons selected from each layer of a global model f with parameters 6. During
training, each client receives a sub-model with a reduced width and performs local updates. The server
then aggregates updated parameters shared across clients to refine the global model. Specifically, for
each parameter 9@’ K] at round ¢, the aggregation follows [7} 3315} 2} [64]:
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where S; C [N] denotes the participating clients, and p; is a weight typically proportional to the data
size of client 7, Gfl‘ . denotes the k-th parameter of layer [ of the global model, and 6! (K] denotes the
parameter H[tl K] updated by client ¢. Parameters not updated by any client remain unchanged. However,
PT assumes a common backbone and is thus inapplicable when clients adopt fundamentally different
architectures (e.g., ResNet [28] versus VGG [94])). In such cases, only clients with compatible

structures are aggregated, while clients with differing architectures are grouped separately for training.
This represents the most basic approach in the absence of KD. The aggregation can be expressed as:

Ohy= U ST pibt @
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where M denotes the set of all model architectures, Stm is the set of clients with architecture m, and
®[l ) Tepresents the set of global model parameters 9[1 K] aggregated across different architectures.

3 Proposed Method

In this section, we detail the proposed method Mosaic. Mosaic is essentially a fine-tuning approach
built upon PT-based methods, designed to address both model and data heterogeneity in FL environ-
ments. It requires a preliminarily converged global model f obtained via a standard baseline method
69, 2], which is then distributed to initialize local models. As illustrated in Figurem the overall
workflow comprises four stages: local model update, generator optimization, model aggregation and
knowledge distillation. Notably, the process of local model update is consistent with that in PT-based
methods and is hence not elaborated here. The pseudocode for Mosaic is provided in Appendix

3.1 Generator Optimization

A craftsman must first sharpen their tools before they can perfect their work. In this stage, our goal is
to train well-behaved generators that enhance the transferability of synthetic data, thereby improving
the efficacy of KD. Many DFKD methods adopt a conditional generator that participates in multiple
rounds of communication [[116,195}29135,166}196]. While effective, this paradigm imposes significant
burdens on clients in terms of storage, computation, and communication. Specifically, each client
must continuously train and maintain a relatively large conditional generator, and transmit both the
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Figure 1: The full workflow for Mosaic combined with a PT-based method. Mosaic consists of four
stages: local model update, generator optimization, model aggregation, and knowledge distillation.
Notably, during generator optimization, the local model is updated and produces L,4y, While other
losses Lentropys Ldiversity> and Linversion are computed using a frozen local model fixed at initialization.

local model and the generator during every round. Moreover, under severe data heterogeneity, we
observe that the aggregated generator on the server tends to deviate from the global distribution
and suffer from catastrophic forgetting. Meanwhile, the generator deployed to clients, especially in
Generative Adversarial Network (GAN)-based settings, often collapses due to mismatches with local

data and discriminator, leading to training degradation [25| 71} [136].

To mitigate these issues, Mosaic employs a lightweight
unconditional generator design operating under a one-shot
communication protocol [27, 29], where the generator is
uploaded only once, eliminating the need for iterative
synchronization. As a result, Mosaic significantly re-
duces overall costs, with quantitative comparisons pro-
vided in Appendix [C| This raises an interesting question:
Why aggregate generators when they are uploaded
only once? Aggregating the generators can introduce
instability, as shown by the empirical observations in Ap-
pendix [D| Additionally, the diversity of a single global
generator is also limited. Motivated by these findings,
we preserve all client generators as an ensemble without
aggregation. In the subsequent KD stage, this ensemble
collectively synthesizes data batches, thereby avoiding
distributional shifts and catastrophic forgetting induced
by parameter fusion while substantially enhancing sample
diversity through parallel generation.

In the following, we detail the training of the generators.
We adopt adversarial training under the GAN framework,
as it offers significantly lower computational cost than
Diffusion models [32] and generates higher-quality, more
diverse samples than Variational Autoencoders (VAEs)
[47]], as reported in prior studies [46l [61]]. Additionally,
we leverage the local model f; as the discriminator on
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Figure 2: Visualization of synthetic data
and decision boundaries of the global
model d; and teacher ensemble d;. Left
panel: red circles indicate data synthe-
sized by the aggregated global generator,
while gray circles reflect areas the gener-
ator fails to cover due to instability. Mid-
dle panel: synthetic data produced by the
generator ensemble, with most samples
successfully synthesized. Right panel:
dashed line denotes the original teacher
ensemble, while the solid line represents
the MoE-based teacher ensemble with
broader decision boundaries.

each client, avoiding the extra overhead of training a dedicated one. To ensure fidelity, we utilize the
basic adversarial loss L4y to guide the generator G; in producing samples that align with the local
data distribution D;. The generator’s adversarial loss is formulated as:

Ladv,real = Ea:ND,; [log fz(z)]a Eadv,fake = EZNZ[IOg(l - fl (GZ(Z)))]a (3)



where x ~ D, represents a sample drawn from D;, z ~ Z is a latent vector sampled from a standard
Gaussian distribution. Inspired by DeGAN [[1], we use f; as an additional classifier to enhance sample
confidence. By incorporating an entropy 108s Lengopy, We guide G; to produce high-confidence
samples belonging to the correct class. This entropy loss is formulated as:

£emropy =E.~z

C
>k log(yk)] : )
k=0

where y = f;(G;(z)) is the classifier output for a generated sample, and y;, denotes the predicted
probability for class k, ensuring that each generated sample is confidently assigned to a class.

To further enhance the diversity of the generated samples, we incorporate a diversity 10ss Laiversity
following the same formulation as in DeGAN, which encourages GG; to produce a more varied set of
samples. This diversity loss is formulated as:

C
Ediversity = - Z Wi log(wk)7 (5)
k=0

where wy, = E, . z[yx] denotes the expected probability for class k by the classifier f; over a batch
of generated samples, ensuring that the overall class distribution is as uniform as possible.

However, we observe that the generators trained on clients with limited data perform poorly due to
overfitting of the discriminator and mode collapse, as demonstrated in Appendix [E] This is primarily
because the small dataset causes an imbalance in the adversarial training, leading the discriminator to
prematurely converge and lose its guiding capability, which forces the generator to produce only a
limited range of samples to deceive the discriminator [45,42]. To address this issue, we introduce the
inversion loss:

L L
Linversion = Z H/”(Gl(z)) - ﬂl”Z + Z HUZZ(GZ(z)) o 5—? ‘2 ’ ©)
=1 =1

where 11;(G;(z)) and 07 (G;(z)) denote the batch-wise mean and variance of the feature maps at the
I-th layer of the global model f given synthetic data generated by G;, and [, 67 are the running
mean and variance stored in the BatchNorm layers [39, [123]] of f, which approximate the global
feature statistics accumulated during global training.

To further refine the application of the inversion loss, we introduce an empirical threshold 7, which
defines the minimum sample count below which generators trained on clients with limited data are
eligible to incorporate the inversion loss. While this might cause G; to deviate from its own data
distribution, the overall impact is minimal due to the limited sample size. By applying the inversion
loss, we reduce the risk of overfitting and mode collapse, thereby enhancing both the quality and
diversity of the generated samples. The total generator loss L is now expressed as:

»CG = L:adv + )\e»centropy - )\d»cdiversity + )\iﬁinversiona (7)

where A, A4, and \; are hyperparameters controlling the relative importance of the entropy, diversity,
and inversion losses, respectively. By jointly optimizing these objectives, the generator ensemble
effectively reduces the instability introduced by aggregation, which manifests as deviations from the
global distribution and the catastrophic forgetting of certain hard samples. This leads to improved
generation quality and significantly enhanced diversity, as quantitatively verified through various
evaluation metrics [83] [85] [134] and visual comparisons presented in Appendix [F] Notably, the
synthetic data from well-trained generators should differ visually from real data for privacy, while
still capturing common knowledge from local models to align with the real data distribution for utility
[64]. We discuss privacy protection in detail in Appendix |G| where we elaborate on how our method
addresses privacy preservation and the potential limitations that may arise.

3.2 Model Aggregation

We now describe how to construct a MoE architecture. Our objective is to ensure that each expert
specializes in a distinct subset of knowledge, with minimal redundancy or overlap across experts.
Such orthogonality not only enhances task coverage but also reduces the server-side overhead of



maintaining overlapping models. To this end, we aggregate client models in a class-specific manner.
Specifically, for each class ¢ € [C], we construct a corresponding expert f. by selectively combining
the local models {f;} ¥, according to the relative availability of class-c data:

N
oD =30 Dicl g @®)
c N i)
=1 Z]:l |DJ7C|

where th) denotes the parameters of local model f; at round ¢, and D; . = {(x%,9?) € (X;,Y;) |
y? = c} is the subse of client 7’s data labeled as class c. This aggregation ensures that each expert
fe is dominated by contributions from clients who are most knowledgeable about class ¢, thereby
promoting specialization while avoiding errors introduced by uninformed contributors. By repeating
this process for all classes ¢ € [C], the server obtains a set of class-specific experts F = {f.}< ,,
which together form the expert ensemble for downstream distillation or inference.

However, this design introduces a potential scalability issue when the number of classes C' becomes
very large (e.g., in datasets like ImageNet [14]). Maintaining a full set of class-specific experts
incur prohibitive storage and computational costs on the server, even with a gating network [40]] that
selectively activates relevant experts during inference. Fortunately, we observe that in the large-C
regimes, the expert ensemble can be substituted without significant degradation in performance.
When C > N and N is bounded, extreme data heterogeneity implies that each client 4’s label
set Y; C [C] is nearly disjoint, i.e., | (Y;\Y;) U (Y;\Y;)| > 0,Vi # j € [N]. This suggests
that certain classes are exclusive to individual clients, and the corresponding experts f. effectively
approximate the local model f;. This motivates the consideration of directly ensembling local models,
similar to the DENSE [131] approach. In contrast, when N > C and N is bounded, class-wise
aggregation remains more effective due to the increased overlap in clients’ label distributions. We
empirically demonstrate this phenomenon in Appendix [H]

The gating network we used is a replica of the global model f, which dictates the selection of experts
within the ensemble. Specifically, for any synthetic sample , we identify the top k classes with the
highest predicted scores from f, denoted as Top,,(f(£)). The activated experts for & are then:

F(2) = {fe € F | c € Top(f(£))}- ©)

To enhance the robustness of the ensemble, we employ a simple Multi-Layer Perceptron (MLP)
[84] as the meta model M to weight the outputs of F (). Exactly, M assigns a weight o j, to each
expert’s output at position k, and aggregates the scaled logits as:

foeak(®) = > ek fel@)r- (10)

fcEF(2)

The final prediction is then computed as:
Jmea(@) = M (11e@)), e 0(5)) ()
where [fc(2)] ;¢ 7(;) denotes the concatenation of the logits from f. in F(2).

Following prior work [99, [37]], we extract a minimal set of prototypes from the clients to train M.
For client i, the prototype for class c is computed as the mean of the feature vectors of all samples
from class c in D;, given by:

. 1
P = > filwie), (12)

‘Di’c| Ti,c€D; ¢

where f;(x) denotes the feature representation extracted by f;, and D; . denotes the subset of D;
containing samples from class c. These prototypes are based on feature averages, providing privacy
protection by reducing exposure of raw data. Furthermore, since we only extract prototypes from a
few classes, the communication cost remains minimal.

Once the prototypes are collected, they are passed through f and F (), where all model parameters
are kept fixed. We then train M using only a standard Cross-Entropy (CE) loss:

Emeta = CE(ymetaa y)7 (13)

3For clarity, in Section we define D; as a distribution, while D; refers to the dataset following it.




where y is the ground-truth label associated with the prototype. Following these steps across several
modules, we construct a teacher model that, while slightly more complex, proves to be highly robust.
We illustrate the effectiveness of this MoE structure over a basic local model ensemble in Appendix [I}
and provide tricks to prevent overfitting during the training of this simple meta model in Appendix

3.3 Knowledge Distillation

Based on the previous sections, we deploy a generator ensemble {G;}Y.; and a MoE model F on
the server side. The synthetic data produced by {G;}¥, are used to optimize the student f, guided
by the teacher F. The KD process is performed by combining soft Kullback-Leibler (KL) divergence
with hard CE loss [31]]. Therefore, the total distillation loss is formulated as:

N
Lio = Y Eenz Mo KL (£(Gi(2)). F(Ci(2)) + M CE (£(Gu()). ¥i) |, (14)

i=1
where Y; = arg max.[F(G;(2))] . denotes the hard label predicted by F for the synthetic sample
G(z), with z drawn from the latent space Z = N (0, 1).

4 Experiments

4.1 Experimental Settings

Datasets. We conduct experiments on seven image classification datasets to comprehensively evaluate
the effectiveness of our method: MNIST [52]], FMNIST [117], SVHN [73]], CIFAR-10, CIFAR-100
[48]], FOOD101 [4], and Tiny-ImageNe{*| Detailed descriptions of these datasets are provided in
Appendix [K] To simulate data heterogeneity, following prior works [125| 107, [64], we partition the
training data across clients using a Dirichlet distribution Dir(w), where a smaller w indicates a higher
degree of data heterogeneity. Specific partitioning examples are provided in Appendix [[}

Baselines. We compare Mosaic against a comprehensive set of FL baselines, including FedAvg
[69], FedRS [60], FedBN [59], FedProx [58]], FedOpt [81], FedInit [98]], FedAF [110], PA3Fed [34],
pFedFDA [68], DENSE [131]], FedFTG [133]], DFRD [64] and FedKFD [63]. The first nine methods
(FedAvg to pFedFDA) represent state-of-the-art (SOTA) solutions that address data heterogeneity in
FL without leveraging DFKD. In contrast, the latter four methods (DENSE to FedKFD) are grounded
in the DFKD paradigm and fully applicable in scenarios involving model heterogeneity. Notably,
these DFKD methods are essentially fine-tuning methods designed to enhance the performance of a
preliminary global model [64]]. In our experiments, this preliminary model is obtained using FedAvg
[69] in the case of homogeneous FL, and FedRolex [2] in the case of heterogeneous FL. where PT
methods are required. Due to space limitations, we present only a subset of the baseline results in the
main text, with the remaining results provided in Appendix [M]

Configurations. Following the setup in DFRD, we perform experiments as follows. Unless otherwise
specified, all experiments are conducted on a centralized network with N = 10 active clients. The
parameter w € {0.01,0.1, 1.0} is varied to simulate different levels of data heterogeneity. To model
scenarios with heterogeneous models, we assign exponentially distributed budgets for each client,

formulated as: R; = [3] min{o [ |} (i € [N]), where both ¢ and p are positive integers. We fix
o = 4 and consider the values p € {5,10,40} for our experiments. For Mosaic, we set the loss
weights as A\c = 1, Ay = 5, and \; = 10, and fix Aoy = 0.8 and Ay = 0.2 for soft and hard
label guidance. All baseline methods are implemented strictly following their respective default
configurations. Unless otherwise noted, all experiments use ResNet-18 [28] as the backbone and
are executed using PyTorch on a single NVIDIA A100 GPU. We further examine the effect of both
intra-architecture scaling (ResNet-8 to ResNet-101) and cross-architecture heterogeneity (e.g., VGG
vs. ResNet), with results reported in Appendix [P}

Evaluation Metrics. We assess FL performance using both local and global test accuracy. Local
accuracy (L.acc, in round brackets) is computed by evenly splitting the test set across clients and
evaluating each local model individually. Global accuracy (G.acc) is obtained by testing the server-
side global model on the full test set. All results are averaged over three random seeds for robustness.

*http://cs23 1n.stanford.edu/tiny-imagenet-200.zip



Table 1: Top test accuracy (%) of distinct methods across w € {0.01,0.1,1.0} on different datasets.

FMNIST SVHN | CIFAR-10 | CIFAR-100

Algs w=10 w=0.1 w =001 \ w=10 w=0.1 w=001 | w=10 w=0.1 w=001 | w=10 w=01 w =001

FedAvg  89.89+023 8200135 57.74%089 89014167 75374155 37774160 | 78344219 56324217 36.76%24s 65.55t05  5930+053  48.72+0%:
(82.80+159)  (55.62+160)  (35.01+144) (79.73+187)  (36.70+141) (14.88+162) | (61.23+17)  (26.51x196)  (17.17192) (58.72+098)  (41.62+087)  (19.07064)

FedRS ~ 90.02+031 8299412 58331203 90.08+127  77.39+233 38.59:199  78.58+195s 57484200 4175207 63324062 5829:066  50.16+100
(85.87=041)  (5721%093)  (38.63+243) (83.84=009)  (39.87+181)  (15922174) (633742100  (2827245)  (18924222) | (39.342050)  (4145:000)  (19.84+139)

FedOpt ~ 91.9+057 8340410+ 58.56+181 9L60t1zr  78.78+149 40.56:233 | 81304168 5917418 4186191 68.60+052 61174085 50.62+106
(®5832070)  (57.50:169)  (36.66+269) (B145161)  (38.68+199)  (1558:27) | (6245169  (27.9821s0)  (182341%2) | (60.91%0m9)  (41.194091)  (20.69+1.70)

Fedlnit ~ 91.75:051 83.65t143  60.86+170 91556172 79.80+202 43.67:200  8LI8x1m2 59781198 42994212 6944068 61.53:053 51274104
(86.18£117)  (57.44x155)  (39.21:2.39) (82.852183)  (4023:272)  (19.032248)  (62.88+194)  (28372250)  (20.044222) | (60.45£074)  (42.66+096)  (20.88%151)

PA3Fed 9291403 84dBiiss  64.8912w 9213113 816941 50423 | 81564191 61504215 44.194255 67.83+043 61614073 52.05:0%
(86.71=125)  (38.95+189)  (42.98+300) (80.62+195)  (41.69+219)  (21.83:280) | (63.02423)  (29.68:240)  (2350i28) | (39.34%06s)  (4237+090)  (21.95%139)

DENSE  90.09+225 81374241 58.374278 89541144 76914126 38074301 | 79564157 58.67+178  36.38+25 66.52+065  60.09+0s1  48.79+177
(83.924373)  (55.244363)  (38.2024.74) (80.58+200)  (37.95:200)  (14.37:3.40) | (63.612199)  (28.602179)  (17.81430) | (58.972099)  (41.54£145)  (18.952267)

FedFTG  90.36:0.8 83.63+146 58774195 89.66+145 76644138 3859206 79015126 5824k166  36.05+240 6571106 5991+075  49.37+099
(84.282091)  (5751=171)  (39.39+259) (79.642193)  (3736x185)  (1550223) (6196133  (27.702150)  (17.634230) | (59.082085)  (41.81£090)  (20.00£1.11)

DFRD 91514030 83724146 59.48+14 90.55+185  79.65+209 42420206 | 8027143 59804156 39.78+241 67.55+061  61.88s06t  S1.Ol+1ss
(85.76038)  (58.37<190)  (38.324242) (81.61=230)  (4136+22)  (18.08+270) ‘ (63.00158)  (2844+is0)  (18784279) | (58.61+178)  (4212:170)  (20.024236)

FedKFD  90.23:+027 81.80+150  59.33+172 90444175 77.03:219 30481270 79864221 57.89424s  38.554n1s 6690045 60.87+081 50314163
(84.382155)  (5742+140)  (36.94%166) (81.25419)  (3852:222)  (16.69:282)  (63.084270)  (2845:247)  (18.894339) | (60.442092)  (4345:08)  (20.83+112)

Mosaic  90.42+003 83744040  67.53+076 8957160 82114123 52285170 | 7836415 6254114 50.43:17 65.57+03%  6276:070  53.59109
(90.39:008)  (73.882047)  (56.51:133) (88.97:127)  (8047:1s)  (SLAl:12e) | (75.38+171)  (59.77:177)  (47.954132) | (65.68+03%)  (57.93:07)  (43.92+09)

Table 2: Top test accuracy (%) of distinct methods across p € {5, 10 40} on different datasets.

SVHN | CIFAR-10 | Tiny-ImageNet FOODI01
Algs p=5 p=10 p=40 | p=5 p=10 p=40 | p=5 p=10 p=40 \ p=5 p=10 p=40
FedRolex 34714365 2348+1300 223921525 | 21114176 16.57+440 14374201 929103 5.55:040 250103 1027415 5045341 32240
(14202200 (138522600  (1359£211) | (1699067)  (16.122000)  (I7.11129) | (5.332021)  (2732009)  (1.81020) (6.865012)  (3.37+119) (2.95+0.17)
4DENSE  3658£1253 26691311 2434sia81 | 23724548 19.65:£1.47 164418 | 9331006 540z040 240402 1083078 75404 3.07+053
(751525) (14492190  (1404£195) | (17.162067)  (1581x06) (17262139 | (5.16018)  (276x00)  (1.8240%) | (6952020)  (3.86:045) (2.99:0.11)
+FedFTG  38.07+1227 255321384 24.06:1486 | 2266452 17.790267 14770203 936:023 56803 24301 106607 813408 3.06+0.48
(1764225 (1451=201)  (14032191) | (17162105 (16255156)  (17.70£119) | (5.185018)  (2752005)  (1.81023) (685:011)  (3.75+048) (2.92+019)
+DFRD  4630+10.12  34.78:919  32.86:isss | 26.68+121 25574137 19.86+276 10934005 6805011 2.68+019 12704079 10.58+029 3.59+005
(1844213 (15992159 (15.074066) | (17.51203)  (1674z0m)  (17.77+116) | (6.11z0)  (335:004)  (222+008) | (8.02008)  (4.86:016) (3.34+015)
+FedKFD  36.0653% 25714302 23.6ls4s3 | 23324278 1474314 18515200 | 938200 5.6l=075 55305 12755060 657044 325505
(17.34207)  (14.99263)  (14.732213) | (17.16+168)  (17.28+301)  (15.21+230) | (5.532090)  (2.76:078)  (4.83+0.48) (7.36:064)  (4.06:075) (2.98+0.15)
+Mosaic  4474+343  40.61s3m  37.09.3m | 360246 28.7dsas 3037e42 | 2005t028 17782051 15.1620m 17972000 18.982010 19.09:005
(40945279 (36.10:230)  (32.80.223) | (485+39)  (24A3s3e0)  (26.074389) | (1L74+049) (6.86+06)  (493+029) | (17.88+016) (18.78+008)  (18.64-010)

4.2 Results and Analysis

We conducted in-depth analysis of the performance of various methods under different degrees of
data heterogeneity on FMNIST, SVHN, CIFAR-10, and CIFAR-100, as shown in Tablem In the table,
bold values indicate the highest accuracy, while underlined values denote the second-highest in each
column. It is evident that as the value of w decreases, all methods experience a significant performance
degradation. However, Mosaic exhibits remarkable robustness under severe data heterogeneity. This
can be attributed to its stable generator ensemble and powerful MoE teacher, which together enable
more effective knowledge transfer to the global model. Moreover, Mosaic achieves remarkably high
local accuracy (L.acc), primarily because the distilled global model is further fine-tuned on each
client after deployment. Conceptually, the well-trained student model is further adapted to the local
data distribution of each client, resulting in highly accurate local predictions. On the other hand,
when w is large and the client distributions are more uniform, the advantage of Mosaic becomes less
pronounced. This is because the decision boundaries of the MoE teacher closely align with those of
the global model, thereby limiting the additional knowledge that can be transferred during distillation.

We also evaluate the effects of different model heterogeneity distributions on various DFKD methodsﬂ
using SVHN, CIFAR-10, Tiny-ImageNet, and FOOD101, as shown in Table Q In this setting,
we introduce a moderate degree of data heterogeneity by default, with w 0.1. The model
heterogeneity configuration introduces significant uncertainty, leading to highly variable results
across datasets. Mosaic achieves SOTA performance on SVHN, CIFAR-10, and FOOD101, with
average improvements of 13.95%, 12.89%, and 12.47% respectively. However, its performance
on Tiny-ImageNet is unexpectedly irregular. As discussed in Section 3.2} we adopt a conventional
ensemble as the teacher to reduce inference cost, which still achieves over 50% accuracy and is
sufficiently informative for distillation. We suspect this anomaly is caused by the limited capacity of
the simple generator, which fails to produce sufficiently diverse or high-quality samples. We leave
this issue as a potential direction for future improvement.

4.3 Ablation Study

In this section, we perform an ablation study of Mosaic’s core modules on SVHN, CIFAR-10, and
FOOD101 under consistent settings with w = 0.1 and p = 10.

3Our reproduction of DFRD using the official code yielded lower performance than reported; thus, we adopt
the results from the original paper for comparison. Both Mosaic and FedKFD are implemented on the same
codebase to ensure fairness. See Appendingor more details.



Impacts of Generator Loss Components. As shown Table 3: Test accuracy (%) comparison
in Table 3] each loss component of the generator is es- among different transferability constraints
sential and contributes to performance improvements. over SVHN and CIFAR-10 and FOOD101.
Lagv forms the absolute foundation, with Lepgropy and

Laiversity offering slight enhancements. It is important G.L. SVEN | CIFAR-10 | FOODIOL
to note that when Linersion is introduced, the value S 7020 | BSsay | At
of ['diversily nearly diminishes to zero during training’ Lenwopy 37464354 24.80+3.11 17.85+0.06
leading to an almost negligible performance gain. In (13548 | (19854396) | (16.842017)
this case, omitting Lyt i5 also feasible. We also —fown 7o ™ 356 | K
provide additional results on the effects of introducing 7 PYE IR 18982010
Linversion 10 low-data clients, with the corresponding (36.10:236) (24.13:+3.66) (18.780.08)

learning curves presented in Appendix

Impacts of MoE components. We select a represen-

tative case without model heterogeneity (p = 0) on  Taple 4: Comparison of different ensemble
CIFAR-10 to highlight the effectiveness of our MoE  jethods on CIFAR-10 dataset.

design. We report the performance of the ensemble
constructed using the meta model. As shown in Ta-  Methods ~ w=10 | w=01 | w=00l

ble[d our MoE-based ensemble effectively integrates =~ DENSE 0222£260 | S0.52213 | 249540
expert predictions and substantially outperforms the F Trodais | 92lare | 4041 <00
+meta  80.05 +0.54 | 64.66 +0.19 | 51.33 +1.10

DENSE baseline, demonstrating the utility of these
components. Additional results on teacher ensemble
performance can be found in Appendix [R]

4.4 Further Analysis

Discussion on the Gating Network. When C' is small or [V is set to a low value, the gating network
is less necessary, meaning Top,, = C or Top,, = N. In more balanced cases such as CIFAR-100
where C and N are comparable, setting k = C/3 already yields strong performance.

Model Heterogeneity of Generators. Since local models account for heterogeneity, generators can
likewise vary in capacity due to resource constraints. The one-shot uploading strategy in Mosaic,
which constructs a generator ensemble, remains effective under generator model heterogeneity.
However, we acknowledge our limitation that, compared to methods like DFRD which train generators
solely on the server, our approach requires more training on clients. Nonetheless, it achieves better
generation quality.

Impact of Client Numbers on Mosaic. We discuss the impact of varying client numbers on Mosaic.
This involves whether generators trained on clients with fewer samples are reliable, as well as
the composition and performance of the MoE teacher. In this context, Mosaic maintains strong
performance as IV increases, with detailed results provided in Appendix

Reason for Not Using Synthetic Data in Meta Model Training. We experimented with training the
meta model using synthetic data, but its limited transferability failed to enhance the simple MLP’s
capability and instead degraded performance, likely due to distributional bias that misguides decision
boundaries. Detailed analyses and results supporting this decision are provided in Appendix

5 Conclusion

In this work, we presented Mosaic, a DFKD framework designed to address the fundamental
challenges of model and data heterogeneity in FL. By empowering each client to train a personalized
generative model, Mosaic captures the essence of local data distributions without exposing real
data—ensuring strict privacy preservation. These client-specific generators enable the creation of
synthetic samples that fuel a MoE architecture, distilling the collective intelligence of diverse client
models into a unified global model. To enhance coordination among experts, a lightweight meta model
is trained on a small set of representative prototypes, yielding more coherent and robust predictions.
Our comprehensive evaluation across standard image classification benchmarks demonstrates that
Mosaic significantly outperforms existing SOTA methods with varying degrees of heterogeneity. Our
findings underscore the efficacy of combining DKFD with expert ensemble strategies, paving the
way for scalable and privacy-aware FL in highly heterogeneous environments.
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A Related Work

A.1 Heterogeneous Federated Learning

Heterogeneous FL has emerged as a crucial field of study, primarily due to the diverse and decentral-
ized nature of client environments and data distributions [22] [118] 19} [122]. Three key challenges
arise in this setting: data heterogeneity, where clients hold Non-IID data that impedes convergence
and generalization [36]; model heterogeneity, where clients differ in model architectures or computa-
tional capabilities [2]]; and modality heterogeneity, where clients operate on distinct input modalities,
such as images, text, or audio [61]. These challenges jointly exacerbate the difficulty of collaborative
training and hinder the deployment of unified global models.

Some recent approaches have specifically targeted data heterogeneity and demonstrated notable
improvements in performance. Wang et al. proposed FedAF, an aggregation-free FL framework that
enables clients to collaboratively distill knowledge into condensed data representations, effectively
mitigating client drift and improving robustness under severe label-skew conditions [110]. McLaugh-
lin and Su introduced pFedFDA, which models representation learning as a generative task and adapts
global generative classifiers to local feature distributions, thereby achieving personalized models
that handle complex distribution shifts [68]. Huang and Liu developed PA3Fed, a period-aware
adaptive aggregation strategy that identifies high-entropy training periods to selectively emphasize
more informative updates, improving training stability in heterogeneous environments [34]].

While these methods address data heterogeneity from various perspectives, HFL also faces increasing
challenges due to discrepancies in model architectures across clients. Several foundational works
have proposed distinct strategies to tackle model heterogeneity, among which PT and KD stand
out as two representative paradigms. For instance, FedRolex [2] adopts a PT-based approach that
allows clients to train rolling sub-models of a larger server model, ensuring architectural compatibility
and broad device participation. In contrast, FedGen [[139] adopts a KD-based approach, where a
server-side generator synthesizes data representations to guide local training, mitigating both data
and model heterogeneity. While PT and KD have shown strong potential individually, recent studies
highlight that combining the two can yield more robust performance [64]]. Building on this insight, our
proposed method, Mosaic, extends the PT framework by incorporating KD-based fine-tuning, thereby
enhancing model generalization and achieving SOTA performance across multiple benchmarks.

Further extending the scope of heterogeneity, recent methods have explored modality heterogeneity,
where clients possess different or incomplete input modalities. Cui et al. proposed CLAP [[11], which
addresses patchwork multimodal learning by collaboratively adapting across clients with different
modality combinations. Liu et al. introduced FedRecon [61], leveraging a lightweight MVAE
for missing modality reconstruction while handling Non-IID data through distribution alignment
and generator freezing. Although Mosaic primarily focuses on data and model heterogeneity, it
can be naturally extended to multimodal settings. We present preliminary results in Appendix
demonstrating Mosaic’s scalability to modality-heterogeneous benchmarks.

A.2 Data-Free Knowledge Distillation

In contrast to traditional distillation methods that require access to original training data, DFKD
facilitates knowledge transfer from teacher to student models by generating synthetic data, ensuring
the protection of sensitive information [[123} [89] 90]. Recent advancements in this domain have
introduced innovative techniques aimed at improving the quality and efficiency of synthetic data
generation. For instance, Yu et al. [124] employ channel-wise feature exchange and spatial activation
region constraints to enhance data diversity, resulting in more robust student models without relying
on real data. Similarly, Tran et al. [102] propose NAYER, a method that shifts the source of
randomness to a noisy layer, paired with label-text embeddings to produce high-quality samples.
Despite these innovations, DFKD still faces challenges in generating diverse, high-fidelity samples.
Methods often struggle to capture the full distribution of the original data, especially in imbalanced
scenarios, which can lead to biased student models [[121} [111]. Nonetheless, DFKD continues to
evolve, driven by the increasing demand for privacy-preserving techniques in machine learning,
establishing itself as a rapidly advancing field.
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A.3 Data-Free Knowledge Transfer in Federated Learning

DFKD in FL offers a privacy-preserving solution for knowledge transfer, eliminating the need for
raw data exchanges between clients [65 [16] 54]. By generating synthetic data for distillation, DFKD
ensures sensitive information remains protected while facilitating effective knowledge transfer from
global teacher models to local student models. Notably, methods such as FedGen [[139], DENSE
[131] and FedFTG [133] maintain a generator exclusively on the server, where the ensemble of client
models serves as the teacher to guide its training. This design eliminates the need for generator
aggregation and has demonstrated both effectiveness and scalability, motivating several subsequent
methods that further explore this paradigm, including FedGIMP [17], DFRD [64]], DFDG [65] and
FedKFD [63]. In contrast, several methods adopt a client-side generator training strategy with
subsequent aggregation on the server, such as FedCG [116l], Fed2KD [95], FedCVAE-KD [29]
and FedMD-CG [66]. While this design often leads to higher-quality synthetic data by leveraging
client-specific distributions, it may suffer from distributional shift and catastrophic forgetting due to
unstable generator aggregation. Mosaic follows the latter paradigm but mitigates its drawbacks by
introducing a generator ensemble in place of a single global generator, effectively reducing instability.
Additionally, a one-shot upload strategy is employed to limit communication overhead, making the
design both efficient and robust.

A.4 One-shot Federated Learning

One-shot FL significantly reduces communication costs by requiring only a single round of client-to-
server communication. Instead of repeatedly transmitting full model updates or gradients, clients
upload their trained models only once, enabling efficient global model construction with minimal
communication overhead. Several representative methods have adopted this paradigm, such as
DENSE and FedCAVE-KD. More recently, Zeng et al. proposed IntactOFL [126], a one-shot FL
framework using a MoE network to preserve local knowledge without lossy aggregation, improving
performance and heterogeneity tolerance. Tang et al. proposed FuseFL [[101] introduces a block-wise
progressive fusion scheme based on a causal perspective, addressing the isolation problem caused by
data heterogeneity and achieving strong performance in one-shot settings. Mosaic similarly adopts a
one-shot generator upload strategy where clients train and upload local generators once; the server
ensembles these generators for distillation, reducing communication, avoiding unstable aggregation,
and improving robustness and generalization.

B Pseudocode

In this section, we present the pseudocode of Mosaic, as shown in Algorithm |1} To provide a clear
understanding of the initialization phase, we also include the pseudocode of two standard FL baselines:
FedAvg and FedRolex, shown in Algorithm 2]and Algorithm [3] respectively. These algorithms are
used to obtain the initial global model f, which serves as the foundation for subsequent generator
optimization, mdoel aggregation, and knowledge distillation in Mosaic.

Remark. In practical deployment, the meta model training and knowledge distillation are performed
only once. Specifically, the total communication rounds 7" are divided into two stages: first, T;
rounds of local model updates are conducted; then, meta model training and knowledge distillation
are carried out once on the server side. After that, an additional 75 rounds of local updates are
performed with a reduced learning rate to fine-tune the models. As the meta training and distillation
are one-time operations, the computational cost on the server remains low.

C Comparison of Generator Storage and Communication Overheads

We conducted a comprehensive survey of open-source DFKD methods in which generator models
are trained on clients and subsequently uploaded to the server, comparing the size of the generator
architectures they adopt. To provide a broader reference, we also included several methods that,
while not categorized as DFKD, still involve client-side training and uploading of generator models.
All the conditional generators we compared are designed for ten-class classification tasks. Notably,
for larger-scale datasets, the generator size would proportionally increase, leading to significantly
higher communication overhead. As shown in Table[5} Mosaic achieves competitive storage and
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Algorithm 1 The pseudocode of Mosaic

Input: 7: communication rounds; /V: the number of clients; {Di}f\;l: local datasets; f: pretrained
global model with parameters 6; 7y: learning rate for updating 8; G;: generator of client i; 7¢:
generator learning rate; /: MoE model; M: meta model; 7,,: learning rate for updating M; Lq:
generator training epochs; Lo: meta model training epochs; L3: knowledge distillation epochs; ¢:
number of prototypes per client, where g < C; A, A\g, A;: coefficients for entropy, diversity, and
inversion losses; Anad, Asofc: Weights for distillation targets.

Output: Final distilled global model: f

1: Generator Optimization:

2: for each client ¢ € [N] in parallel do

3:  Initialize generator G; and local model f; < f

4:  Freeze a copy of the global model: fez < f

5 for! =1to L; do

6: Compute L,qg, using Eq. (3) with f; as discriminator

7 Compute Lentropy’ Ldiversity7 and Lipyersion using Eqgs. (4)—(6) with fifreeze as classifier
8 LGi — Ladv + /\eLentropy + )\deiversity + )\iLinversion

9 G, + G; —neVg,Lg,
0 end for ,
1 Extract g representative prototypes {pz(.] ) };’.:1

12:  Upload G; and {pz(j )} to the server
13: end for

14: fort =0toT — 1 do

15:  Local Model Update:

16:  for each client i € [N] in parallel do

17: 0; < 0; — 19, Vo, Lask(fi(Xi), Vi)

18: Upload updated model f; to the server
19:  end for

20:  Model Aggregation:

. N | Ds|
26 fe i s o i
22:  Construct F from {f;}}¥, using Eq. (8)
23:  Knowledge Distillation:
24: forl=1to Ly do

25: for each batch of prototypes p do

26: /I Top-k experts selected by gating network f
27: M < M — nvalﬁlneta(M(f[f(p)Dv y)
28: end for

29:  end for

30:. forl=1to Lsdo

31: Sample latent vectors {z;} Y| ~ Z = N(0,1)
32: Generate synthetic batch: {#;}Y | « {Gi(z:)}Y,
33: for each synthetic sample z; do

34: Compute Lxp using Eq. (14)

35: 0 +— 0 —nyVeLxp

36: end for

37:  end for

38: end for
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Algorithm 2 FedAvg

Input: {D;}Y : local datasets, T: communication rounds, E: local epochs
Output: Global model parameters

1: Initialize global model parameters §(%)
2: fort=0toT —1do
3:  Server samples a subset M C [N]

4 for each client i € M in parallel do
5 6; « 0t
6: fore =1to E do
7: Sample mini-batch (X;,Y;) ~ D;
8: 0; < 0; — 19, Vo, Liask (055 (X5, Y5))
9: end for

10:  end for il

11: g(t+1) %Zie/\/( 72%/\4‘1)“91-

12: end for

Algorithm 3 FedRolex

Input: {D;}¥ ,: local datasets, T: communication rounds, {/3; },: client-specific training budgets,
S;: subnetwork configuration determined by [3;
Output: Global model parameters 6

1: Initialize global model parameters ()

2: fort =0toT —1do

3:  Server samples a subset M C [N]

4:  for each client ¢ € M in parallel do

5 Server sends subnetwork parameters 9“;@) determined by (; to client ¢

6: ClientStep(Qgt), D;)
7:  end for
8:  Server aggregates the received subnetwork updates {01, g }iem to update 0 (t+1)

9: end for

10: Subroutine ClientStep(th), D;):

11:  fork =1to|D;| do

12: 9% — ei - 779i vei‘cfaSk(ei; (Xz(k)7 }/;(k)))
13: return 6;

communication efficiency with its lightweight model architecture. Its generator size is only slightly
larger than that of FedCAVE, which can be attributed to our use of a GAN-based design, while
FedCAVE employs a more compact VAE-style decoder as the generator [01]. Additionally, we
provide a comparison between the generator size and the parameters of the global model f, showing
that our generator is significantly smaller than the ResNet18 architecture adopted in our work.

D Instability Induced by Generator Aggregation

We conducted experiments using unconditional generators trained with the Mosaic framework on
CIFAR-10 and CIFAR-100 [48]], resulting in N = 10 client-specific generators for each dataset. We
then evaluated the generation quality using two approaches: (1) an ensemble of the N generators,
where samples are drawn uniformly from all local models, and (2) a global generator obtained by
aggregating the parameters of the local models using FedAvg. All metrics are computed based on
5,000 generated samples. The code for quality evaluation is included in the supplementary material.

To empirically demonstrate the instability of aggregation, we first compute the Fréchet Inception
Distance (FID) [30] to quantify the distributional discrepancy between generated samples and the
real data. As shown in Table[6] the aggregated generator exhibits a significantly larger deviation from
the real distribution compared to the ensemble of local generators. We further evaluate the overall
generation quality using the Inception Score (IS) [85]], which captures both fidelity and diversity at a

23



Table 5: Comparison of Generator Model Sizes in Various Methods.
In the Method Type column, methods that are not based on federated
learning are denoted as Non-FL, and those that are not categorized as
DFKD are marked as Non-DFKD.

Method Type Methods Parameters (M) Size (MB)
FL, DFKD FedDKD' 23.21 88.57
FL, DFKD FedCG [116] 3.79 14.46
FL, DFKD FedCAVE [29] 2.67 10.22
FL, DFKD Global Model f 11.18 42.66
FL, DFKD Mosaic 3.57 13.65
Non-FL, DFKD PRE-DFKD [3] 8.42 32.16
Non-FL, DFKD TA-DFKD [93] 8.42 32.13
Non-FL, DFKD NAYER [102] 6.48 24.76
FL, Non-DFKD FedRecon [61] 4.43 17.72
FL, Non-DFKD FedTPG [77] 21.05 80.33
FL, Non-DFKD FedGAN [80] 3.64 13.89

" https://github.com/colinlaganier/FedDKD

Table 6: Comparison of Aggregated Generator and Ensemble Generators on CIFAR-10 and CIFAR-
100 (w = 0.01). For the ensemble setting, each client-specific generator contributes an equal number
of samples to the evaluation, without weighting by client data size. Lower FID indicates better
distributional alignment; higher IS, SS, and PD indicate better quality and diversity.

Dataset Method FID{) IS(P) SS() PD(®)

Aggregated Generator 1939.19  1.37 NaN 11.03
Ensemble Generators ~ 700.83  2.61 0.14 38.89

Aggregated Generator  2246.53  1.28  -0.04 7.25
Ensemble Generators ~ 535.83  2.75  -0.13  42.05

CIFAR-10

CIFAR-100

coarse level. As discussed in the main text, the aggregated generator often suffers from catastrophic
forgetting, leading to a substantial drop in sample diversity. To capture this effect more precisely,
we additionally employ the Silhouette Score (SS) [83] and Pairwise Diversity (PD) [[134], which
offer a more comprehensive assessment of the diversity among generated samples. For SS, we utilize
a ResNet-18 [28] trained on the CIFAR-10 and CIFAR-100 training sets to obtain softmax-based
pseudo-labels for the generated samples. Notably, for the CIFAR-10 dataset, the ResNet classifier
assigns all generated samples (from the aggregated generator) to a single class, causing the silhouette
score (SS) to be recorded as NaN.

E Collapse of Generators Trained on Limited Data Samples

We compare the visual quality and training loss trends of generators trained on clients with varying
sample sizes on CIFAR-10. Specifically, we select three representative clients (Client 1, Client 3, and
Client 7), whose sample sizes are 689, 9999, and 9860, respectively.

We analyze five key training metrics to evaluate potential mode collapse:
* Generator adversarial loss L,4y: Measures how successfully the generator can fool the
discriminator. Lower values generally indicate stronger generators.

* Generator diversity loss Lgiversity: Encourages the generator to produce samples covering
a wide range of classes. Higher values suggest better class coverage.

* Generator accuracy (fake): The proportion of generated images that are misclassified as
real by the discriminator. Higher is better for G.

* Discriminator loss (all): Average loss over both real and fake samples. Used to evaluate
the stability of the discriminator.

24


https://github.com/colinlaganier/FedDKD

o4
N\ \,/‘/\'AV\\ 5 PN YN
< ]

(a) Generator adversarial loss (b) Generator diversity loss (c) Generator accuracy (fake)

nnnnnnnnnnnnn _loss_all Discriminator_acc_fake

(d) Discriminator loss (all) (e) Discriminator accuracy (fake)

Figure 3: Training dynamics of generators on clients with different data sample sizes.
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Figure 4: Samples generated by generators trained on different clients.

 Discriminator accuracy (fake): The accuracy of correctly identifying generated (fake)
samples. Lower values may indicate that the generator is successfully deceiving f.

As shown in Figure [3] the generator training curves for client 1 (with only 689 samples) exhibit
clear differences compared to clients 3 and 7 (with 9,999 and 9,860 samples, respectively). For
the generator adversarial loss in subfigure (a), the losses for clients 3 and 7 initially decrease and
then rise. This behavior reflects the discriminator’s early instability—initially too weak to reject
generated samples, leading to low loss, followed by improved performance as training progresses,
causing the generator’s adversarial loss to increase. In contrast, client 1 exhibits a different pattern:
the adversarial loss first rises and then steadily declines. This is likely due to rapid overfitting of
the discriminator, which occurs because of the extremely limited training data. In this scenario,
the generator quickly collapses into producing a small set of samples that consistently fool the
overfit discriminator, reaching a local optimum that prevents further meaningful updates. This
interpretation is supported by subfigures (b)—(e): client 1 exhibits significantly lower diversity loss,
indicating reduced variation in the generated samples. While its generator accuracy (fake) remains
high, indicating that the discriminator frequently misclassifies fake samples as real, this does not
reflect genuine generation quality. Instead, it suggests that the generator has collapsed to producing
a small set of similar samples that consistently fool the discriminator by exploiting its overfitted
decision boundary. We further visualize the outputs of the three generators in Figure[d] It can be
observed that the generator from client 1 produces slightly less diverse samples than clients 3 and 7.

F Generation Quality and Diversity Comparison of DFKD Methods

We computed and visualized the performance of different DFKD methods on CIFAR-10. Quantitative
results based on multiple evaluation metrics are summarized in Table[7] Specifically, IS, SS, and
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PD follow the definitions provided in Appendix [D} In addition, we introduce a new KD metric,
where we adopt a more direct approach: a pretrained ResNet34 model (with 77.26% accuracy) serves
as the teacher to distill knowledge into an untrained ResNet18 model. Intuitively, the better the
quality of the generated samples, the more effective this straightforward distillation process becomes.
Corresponding visual comparisons are shown in Figures[5a]to[7b] and additional generation samples
of Mosaic across all datasets are provided in Figures[I3a|to[I7] These visualizations further highlight
the differences in generation quality and diversity among the compared methods.

Table 7: Evaluation of Synthetic Data Quality and Diversity on CIFAR-10 with w = 0.01

Method IS(t) SS() PD(1) KD (1)

DENSE 1.02 0.28 14.38  10.07 +0.13
FedFTG [133] 1.03 0.99 18.67 9.72 +0.62
DFRD [64] 1.05 0.08 2928  14.47 +3.19
FedKFD [63] 1.00 0.34 15.63  12.01 +2.28
Mosaic 2.61 0.14 38.89 45.16 +1.68

Mosaic significantly outperforms other methods in terms of IS, PD, and KD, but performs relatively
poorly on the SS metric. This is primarily because the ensemble-generated samples from multiple
generators do not form well-separated clusters; instead, they are more evenly and diffusely distributed.
This, in fact, is a desirable property. First, it indicates that the pretrained ResNet classifier used for
labeling fails to confidently distinguish between the generated samples, resulting in a high-entropy
class distribution. Such a disordered synthetic dataset implies greater information content and
randomness, making it harder to infer any specific client’s data—thereby enhancing privacy. Second,
the unordered distribution suggests that the generated samples themselves exhibit complex diversity
rather than collapsing into narrow clusters. This diversity includes many hard-to-classify samples,
which can enhance the effectiveness of knowledge distillation. Third, this indirectly shows that even
when synthetic data leads to incorrect classifications, knowledge can still be effectively transferred. In
such cases, both the teacher and the student may make similar errors, and this form of transferability
can partially substitute the alignment achieved in traditional distillation paradigms.
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(a) Synthetic images generated by DENSE on CIFAR- (b) Synthetic images generated by FedFTG on CIFAR-
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10 with w = 0.01. 10 with w = 0.01.

Figure 5

G Privacy Concerns

We acknowledge that without dedicated privacy-preserving techniques, Mosaic cannot strictly guar-
antee user privacy in FL. Mosaic generates synthetic data on the server that is visually similar to the
training data on clients, which poses potential risks of privacy leakage under FL regulations.
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(a) Visualization of synthetic images generated by (b) Visualization of synthetic images generated by Fed-
DFRD on CIFAR-10 with w = 0.01. KFD on CIFAR-10 with w = 0.01.

Figure 6

(a) Visualization of synthetic images generated by (b) Visualization of synthetic images generated by a sin-
Mosiac on CIFAR-10 with w = 0.01. gle generator following the Mosaic framework, trained
on D = 3" D; in CIFAR-10.

Figure 7

However, we observe that the quality of the synthetic images produced by Mosaic (Figure[7a) differs
significantly from both real data samples (Figure [[2a) and those generated by a single generator
trained on the entire global dataset (Figure[7b). The images generated by Mosaic exhibit severe visual
distortion, where it is difficult, even for a human observer, to identify specific objects or classes. This
implies that although Mosaic captures a degree of client-level diversity, the synthetic outputs do not
retain recoverable personal features from the raw data.

Interestingly, although Mosaic’s generator shows high diversity—potentially indicating the inclusion
of more personalized characteristics—this diversity is misleading and ambiguous. As analyzed in
Appendix [F| Mosaic’s synthetic data tends to confuse classifiers trained on the corresponding original
datasets. For example, pre-trained classifiers perform inconsistently when labeling Mosaic-generated
samples, often assigning different labels to visually similar images. The SS are notably low, indicating
a lack of cluster structure in the synthetic data. This suggests that the synthetic data generated
by Mosaic significantly deviates from the original data in terms of image feature, resulting in
strong visual ambiguity that naturally enhances privacy protection. Nevertheless, such diverse
and ambiguous synthetic samples can still effectively expand the decision boundaries of the global
model on the real test set, thereby enhancing its generalization capability.

We further evaluated this phenomenon using the MoE teacher model to classify the synthetic samples.
Surprisingly, its predictions also demonstrated low SS values and unstable label distributions. This
presents an interesting dynamic: while our goal is to generate samples for which the teacher is correct
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and the student is wrong—thus providing effective training signal—in practice, many samples fall
into the case where both teacher and student make errors. Despite this, we find that learning from
such erroneous samples still improves the student’s generalization on the real test set. In essence,
learning consistently from incorrect samples in one domain can enhance correct performance
in another, a form of beneficial transfer. Furthermore, among the synthetic data, we also observe
the intended "target" samples—where the teacher is correct and the student is wrong—supporting
the core goal of our approach. We summarize three types of samples found in our synthetic dataset:
(1) Teacher correct, Student correct: limited effect; (2) Teacher correct, Student wrong: ideal case,
partially present; (3) Teacher wrong, Student wrong: counterintuitively effective, significantly present.
These samples not only diverge from the original data distribution but also possess confounding
properties that enhance privacy.

In summary, we draw the following conclusions:

* Mosaic generates synthetic data that is visually and feature-wise distinct from real
data, providing a natural safeguard for user privacy.

¢ The high diversity in Mosaic’s synthetic samples leads to confusion even for strong
classifiers, thereby weakening their ability to make confident predictions. This ambigu-
ity ensures that the synthetic samples cannot be easily traced back to specific classes or
individuals, offering a layer of anonymity.

* Despite their distortion and ambiguity, Mosaic’s samples align with our learning
objectives, including both the ideal case where the teacher is correct and the student is
wrong, and the unexpected but beneficial case where both are wrong. These scenarios
enhance the global model’s generalization by improving its robustness through diverse and
challenging training signals.

Together, these findings suggest that Mosaic achieves a practical balance between privacy protec-
tion and generalization capability, making it a valuable framework in privacy-sensitive federated
learning scenarios.

In addition, Mosaic requires clients to upload local label distributions to assist in constructing the MoE
model. This raises additional privacy concerns. However, we find that introducing a small degree of
noise (5%—-10%) to the label counts—inspired by the label perturbation strategy in FedFTG—causes
negligible performance drop (within 2%), suggesting a practical trade-off between utility and privacy.

Although our method does not explicitly address privacy preservation, we acknowledge that Mosaic
still carries the risk of privacy leakage due to the generation of synthetic data on the server. To mitigate
this, Mosaic can be integrated with established privacy-enhancing techniques such as differential
privacy (DP) [103} 112} [76] and secure multi-party computation [72,[6] or encryption protocols
[128,[18]. Notably, both techniques are compatible with the Mosaic framework, which distinguishes
it from other methods like DFRD that involve model distillation or generator training based on local
model structures—making encryption impractical in those settings. In future work, we plan to explore
formal privacy quantification and develop provable mechanisms to better safeguard client data within
generative FL systems.

H Performance of Ensemble Strategies under Varying Class Cardinality

Table 8: Comparison of different ensemble methods on CIFAR-10 dataset with w = 0.01 across
varying number of clients V.

Methods | N =5 N =10 N =20 N =50 N =100
DENSE \ 34.50+2.17  24.95+3.32  23.90+3.82 23344291 21.5543.68

F \ 51.57+1.78 43.41+£3.98 26434554 27.434+2.00 23.73+1.42
+meta | 55.26+1.06 53.33+1.10 40.26+3.79 44.04+220 45.64+1.69

To empirically investigate the impact of class cardinality and client number on ensemble performance,
we conduct experiments on two benchmark datasets: CIFAR-10 and CIFAR-100. These datasets
differ significantly in the number of classes, with CIFAR-10 containing 10 classes and CIFAR-100
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Table 9: Comparison of different ensemble methods on CIFAR-100 dataset with w = 0.01 across
varying number of clients N.

Methods | N =5 N =10 N =20 N =50 N =100
DENSE | 51.02+0.93 44.73+0.79 45.03+209 35.43+097 34.06+1.78

F | 53.44+0.61 49.52+1.41 5151+286 37.99+1.83 38.75+2.65
+meta | 55.87+1.03 55.45+126 52.65+2.92 45.65+1.45 48.37+1.52

containing 100 classes, thus providing a suitable testbed for analyzing ensemble behavior under
varying class cardinalities.

For each dataset, we evaluate the performance of ensemble strategies as the number of clients N
varies. This allows us to observe how ensemble effectiveness shifts between regimes of large C'
(number of classes) relative to N, and large N relative to C, which correspond to distinct patterns of
label distribution overlap among clients.

As shown in Table [8]and Table ] the performance of different ensemble methods varies with the
number of clients N. When N < C, the label distributions across clients are nearly disjoint, and the
performance gap between local ensembling methods (e.g., DENSE) and class-wise aggregation is
minimal, making local ensembling a viable substitute. However, when N ~ C or N > C, the label
overlap across clients increases significantly, and class-wise aggregation methods (represented by F
and its meta-enhanced variant) outperform local ensembling by better leveraging the shared label
information.

I Proof: Meta model ensemble is more robust than uniform ensemble

Let the input space be X and the label space be Y = [C] = {1,...,C}. Consider an ensemble of C
experts F = {f.}<_;, where each expert f. : X — R outputs a logit vector.

Let & € X be a given input and F(Z) = {f1,..., fk} C F be the subset of active experts.

Ensemble Methods
* Vanilla Ensemble (VE): Uniform averaging of expert logits:

Fel) = & ch (#). (15)

¢ Meta-Enhanced Ensemble (ME): Weighted combination via a meta model M :
Fe(@ Z ac(#) - fe(#), (16)

where weights a. (&) > 0 satisfy Z _, @c(Z) = 1, and are learned to minimize predictive
loss (e.g., cross-entropy).

Assumptions

Assumption 1 (Error Decomposition) Each expert prediction can be decomposed as

fc(i') = f*(:i’)"_ec(‘%) +($c(£)v (17)
where f*(2) is the ideal predictor, €.(%) ~ N(0, 021) represents zero-mean independent
noise, and d.(&) is the systematic bias vector. Assume uncorrelated noise: Cov(e;, €;) =0
fori # j.

Assumption 2 (Meta model Capacity) The meta model M can approximate the optimal condi-
tional weighting:
1

ac(2) =~ Elas(2)|z], where ) (%) x Tr 0.

(18)
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This weighting corresponds to the mean squared error (MSE) optimal combination, balanc-
ing both variance o2 and bias ||.(#)||. In our theoretical analysis (Theorem 1), we focus
on an idealized setting where weights are chosen to minimize prediction variance only:

1

—-
¢

*

A

X

This variance-only objective simplifies the analysis and yields a lower bound on the ensem-
ble’s prediction variance. Although it differs from the MSE-optimal weighting——which
accounts for both variance and bias——both approaches share the principle of assigning
greater weight to more reliable experts (those with lower variance or bias). Nonetheless,
variance and MSE are not equivalent metrics, and minimizing variance alone does not
necessarily minimize MSE. We adopt this idealized assumption primarily for analytical
tractability and to gain theoretical insight into the benefits of meta-enhanced weighting.

Theorem: Robustness Superiority of Meta-Enhanced Ensemble

Theorem L.1. Under Assumptions I and 2, the meta-enhanced ensemble achieves lower expected
prediction variance than the vanilla ensemble:

E:i [Var(fme(i»] < Ea? [Var(fve(ﬁg))} ’ (19)

with equality if and only if all experts are homogeneous, i.e., 03 = -+ = 03 and 61 = - - = {,

Proof. Vanilla Ensemble (VE) variance:

k
. 1 .
Var(fie(2)) = Var (k > fc(a:)> (20)
c=1
1< 1<
= ﬁZvar(fc(:z)) = ﬁzaf. 1)
c=1 c=1
Meta-Enhanced Ensemble (ME) variance with optimal weights:
1/02 ) oo 1

%z—%iﬁ,é Var(fe(#)) = Y _(a2)’07 = ———. (22)

k
Zj:l 1/%‘ c=1 >oee11/02
By the inequality between the harmonic and arithmetic mean:
k
1 1{1
< (Y2, (23)
Yo l/o2 "k (k 2 )

with equality if and only if all o2 are equal. O

Lemma: Bias Bound of Meta-Enhanced Ensemble

Lemma L.2. When weights o.(Z) downweight high-bias experts, the bias of ME satisfies:

B [JE{fe(8)] - /*(@)]?] < max |6.()|> 24)

Proof. By Jensen’s inequality:

2 k

<Y ae(®)]|6:(@)]7 < max |6 (). (25)

c=1

k
ZO‘C@)(SC(@
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Corollary: MSE Comparison

2
Corollary L3. If "% 00(2)]6.(2) % < H E8.(3)| ", then
MSE,,. < MSE,,. (26)
Proof. MSE is the sum of variance and squared bias:
MSE(f) = [[E[f] = f*||? + Var(f). 27)
By Theorem and Lemma above, both components are smaller for ME. O

Discussion: Theoretical vs. Practical Objectives

While our theory establishes that variance-optimal weights o oc 1/02 minimize the ensemble’s
prediction variance (Theorem 1), in practice we optimize the meta model end-to-end using the cross-
entropy loss. On held-out validation samples, we measure the average trace of the logit covariance
and observe a 15% reduction in variance compared to the vanilla ensemble. This empirical variance
suppression, in turn, drives down MSE——since lower variance under a fixed bias bound directly
improves mean—squared error. We also experimented with adding an explicit variance-regularization
term to the loss; the resulting weight allocations and variance reductions closely match those obtained
under pure cross-entropy training, indicating that classification training alone is sufficient to penalize
high-variance experts.

In practice, this theoretical insight has been extensively validated in ensemble learning [15 [113] 186].
We adopt this principle in our approach and empirically demonstrate its effectiveness with strong
results.

J Tricks for Meta Model Training

To train the meta model M, we first extract g representative prototypes {pz(-j ) }?:1 from each client 1.

Each prototype is passed through a frozen ensemble of expert classifiers 7 = { f1, ..., fx }, where
each fj is a linear classifier producing logits:
27 = ), 2 e RO (28)

The outputs from all K experts are concatenated into a matrix:

Z’L(]) — [zl(Jvl)’ZZ(J72)’...;ZZ(‘%K)} €RK><C’ (29)
which is then reshaped into a vector in RX® for each sample.

To improve representation capacity, we first map each vector Zi(j ) eREC (02 higher-dimensional
space via a linear projection:

h(J) expandZ( + bexpand7 h(j) € RKC- (30)

?

Next, we apply a lightweight Transformer [[105]] to model the interaction between expert logits across
class dimensions. Specifically, we reshape the batch of logits into a sequence and apply self-attention
over the expert dimension. The output of the Transformer is:

Ti(j ) = Transformer(hgj )), 31
where attention is performed independently for each class across experts.

Finally, the Transformer output is aggregated across experts and projected back to class logits using a
final linear layer:

37 = Wina T + bgnat, 9 € RC. (32)

To reduce overfitting, we maintain an exponential moving average (EMA) of all meta model parame-
ters . The EMA update rule at step  is:

Bin’ = B + (1= )0, (33)
where 5 € [0, 1) is the decay rate. During evaluation, the EMA version of the model is used.
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Remarks on the Meta Model Design. Our meta model resembles a soft-gating network, but it is
more fine-grained. While conventional soft-gating mechanisms may apply a single weight to the
entire output of each expert, our meta model operates at the level of individual logits, allowing for
more precise control over expert contributions. In addition, we incorporate a hard-gating mechanism,
where the global model f itself serves as the gating network to determine which experts are activated.
This hard gating is not essential and does not always lead to significant improvements, but it has
shown to be effective on certain datasets such as CIFAR-100, making it a viable optional strategy.

K Datasets

In Table[I0} we summarize the statistics of the datasets used in our experiments, including image size,
number of classes, and the number of training and test samples. To ensure consistent input dimensions
across datasets, we follow DFRD and use PyTorch’s Resize () function to adjust the image sizes
of MNIST, FMNIST, and FOOD101 where necessary. These datasets span a wide range of visual
domains and complexities, from handwritten digits to general object recognition and fine-grained
food classification. We provide example images from three representative datasets in Figures[T2a]

to[12d

Table 10: Statistics of the datasets used in our experiments.

FOOD101 101

Dataset | Image size | class | train | test
MNIST ‘ 1x32x32 ‘ 10 ‘ 60000 ‘ 10000
FMNIST 1x32x32 10 60000 | 10000
SVHN | | 10 | 50000 | 10000
CIFAR-10 | 343030 | 10 | 50000 | 10000
CIFAR-100 | | 100 | 73257 | 26032
Tiny-ImageNet | | 200 | 100000 | 10000
| |

| 3x64x64 75750 | 25250

L. Illustrative Data Distribution Cases

We present data partitioning examples in Fig.[I0]and [TT]for six primary datasets used in our experi-
ments: FMNIST, SVHN, CIFAR-10, CIFAR-100, Tiny-ImageNet, and FooD101. Our partitioning
setup follows the configuration used in DFRD, and the sample images are directly sourced from that
work.

M Additional Experimental Results

In this subsection, we provide additional results on the MNIST dataset and comparative evaluations
against FedProx [58]], FedBN [59], FedAF [110], and pFedFDA [68] on CIFAR-10 and CIFAR-100.
The MNIST dataset is relatively simple, and all methods perform similarly under the settings of
w = 1.0 and w = 0.1, with improvements over FedAvg being less than 1%. However, under the more
heterogeneous setting w = 0.01, several methods demonstrate noticeable improvements. Therefore,
we select the two best-performing methods under w = 0.01, along with FedAvg and Mosaic, for
comparison. The results are presented in Table[TT] The results of the additional baseline methods on
CIFAR-10 and CIFAR-100, which are not discussed in the main text, are provided in Table

We acknowledge certain limitations in our comparative experiments. For open-source implementa-
tions, we directly utilized the official repositories and applied our experimental settings, including
datasets, partitioning schemes, model architectures, training epochs, and other hyperparameters. For
methods without released code, we re-implemented them according to the descriptions in their origi-
nal papers as faithfully as possible. However, exact replication is not always feasible. For example,
our defined ResNet architecture may not be directly compatible with the original implementations
of some methods, requiring substantial modifications to their codebases. Such adjustments could
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introduce rough deviations from the intended behavior. Despite these factors, we have strived to
conduct all comparisons in a fair and objective manner. Future iterations of our work may further

refine and consolidate the evaluations of these methods.

Table 11: Top test accuracy (%) of distinct methods across w € {0.01,0.1,1.0} on MNIST datasets.

Method

w=1.0

w=0.1

w = 0.01

FedAvg [69]
FedOpt [81]
pFedFDA [68]]
Mosaic

99.20 +0.02 (98.2540.57)
99.62 +0.03 (99.0140.19)
99.25 40.05 (98.3040.31)
99.25 +0.09 (99.08 +0.52)

97.55 4+0.22 (73.6542.98)
98.31 +0.65 (73.27+2.41)
98.04 +0.26 (74.66+1.75)
97.63 £0.17 (96.31 +0.90)

79.43 +0.73 (43.48+2.65)
83.58 40.86 (47.9842.74)
84.31 +1.10 (48.06+2.10)
92.28 +0.39 (84.87+1.91)

Table 12: Top test accuracy (%) of distinct methods across w € {0.01,0.1,1.0} on CIFAR-10 and
CIFAR-100 datasets.

CIFAR-10 CIFAR-100

Method w=1.0 w=0.1 w = 0.01 \ w=1.0 w=0.1 w = 0.01
FedProx 79.45 +£1.57 56.73 +1.87 37.32 +2.57 65.54 +0.66 59.64 +0.65 49.73 +1.14
(61.25 £1.56)  (26.71 +£1.96)  (18.04 +2.21) | (58.82 +0.85) (42.47 £1.27) (19.52 +1.88)
FedBN 79.52 +1.33 57.68 +1.80 38.35 +1.98 66.92 +0.52 59.16 +0.74 50.70 +1.07
(62.22 £1.72)  (27.85 £1.81)  (18.40 £2.36) | (58.50 +0.52) (43.44 +0.62) (19.83 +0.98)
FedAF 79.81 +£1.95 58.69 +2.17 40.98 +2.23 65.39 +0.77 60.28 +0.84 50.97 +1.65
(61.31 £1.68) (26.44 +1.71)  (18.84 +2.43) | (58.06 £1.05) (42.94 £1.39) (20.06 +1.83)
FedEDA 82.14 +2.12 60.12 +2.24 41.84 +2.42 68.04 +0.77 61.23 +0.97 51.72 +1.37
P (64.92 £2.60) (30.64 £2.88)  (21.56 +2.46) | (59.31 +1.11) (43.46 +1.45) (20.61 £1.70)
Mosaic 78.26 +1.37 62.54 +1.46 50.43 +1.76 65.27 +0.36 62.76 +0.70 53.59 +0.90
(75.38 £1.71)  (89.77 +1.77)  (47.95 +1.32) | (65.68 +0.38) (57.93 +0.76) (43.92 +0.99)

N An Illustrative Case of Model Heterogeneity

Following the partition strategy proposed in the appendix of DFRD, we present a representative case
of model heterogeneity to analyze its impact under controlled settings. To simulate heterogeneous
model capacities among clients, we adopt an exponentially decaying budget formulation. For a total
of N clients, each client’s model width budget is defined as:

; (i € [N)),

(34)

o F}“H%LP‘&J}

where o and p are positive integers. The parameter o specifies the maximum level of width reduction
allowed (i.e., the smallest model has width [%]" relative to the full model), while p controls the
skewness of the distribution—higher values of p produce a larger proportion of clients with smaller
capacities.

We provide examples under different p values with 0 = 4 and N = 10:

— K. _ 11 1 1 1 1 1 1 1.
.p_5'{Ri}_{17§7§7ZaZa§a§7E7E7E’

_ . 1111 1 1 1 1 1 1 1.
* p=10:{Ri} ={3,7, 5 76> 16> 16> 16> 16" 16> 16>

CAQ:{RY—{fLl L 1 1 1 1 1 1 1 1
¢ p_40 {Rl}_{16’16’16’16’16’16’16’16’16’16 .

Notably, when p > 4N, all clients receive the minimum capacity of [%]”-width. More distribution
patterns and variants can be found in related works [15} 2| 164].
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O Additional Experimental Settings

We reproduced the model heterogeneity comparison experiments using the official DFRD code
repositoryﬂ The repository is well maintained and includes implementations of methods such as
FedRolex [2]] and HeteroFL [15]. However, we observed some unusual behaviors in the model
heterogeneity experiments. For example, on the CIFAR-10 dataset, the performance at p = 10
sometimes surpasses that at p = 40. While this can be partly attributed to randomness from different
seeds, we are unable to fully replicate the exact results reported in their paper. Therefore, for
comparison, we select the better reported results from their work.

We additionally supplement our experimental configurations to ensure consistency across datasets
of varying complexity. Specifically, for relatively simple datasets—MNIST, FMNIST, SVHN, and
CIFAR-10—we set the synchronization interval to / = 10, meaning that each client performs 10 local
updates per communication round. For more complex and large-scale datasets such as CIFAR-100,
FOOD101, and Tiny-ImageNet, we adopt a larger interval of I = 20 to facilitate faster convergence
and reduce the total number of communication rounds. The choice of synchronization interval [ is
known to influence convergence dynamics. As shown in Figure[8] increasing I often yields moderate
gains in final accuracy across a wide range of methods, including both baselines and more advanced
techniques. Larger values of I reduce communication frequency, thereby improving efficiency,
though at the expense of increased local computation. Our configuration reflects a practical trade-off
between these factors and is applied consistently throughout all evaluated methods.

To ensure fairness in evaluation and account for dataset complexity, we also adjust the total number
of communication rounds for each dataset accordingly. Specifically, we train for 100 rounds on
MNIST, FMNIST, and SVHN; 300 rounds on CIFAR-10; 250 rounds on Tiny-ImageNet; 150 rounds
on FOOD101; and 500 rounds on CIFAR-100. These settings provide sufficient training time for
each dataset while maintaining consistency in convergence analysis across methods and tasks.

Comparison of Global Test Accuracy
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Figure 8: Global model accuracy trends of the FedAvg algorithm under varying synchronization
intervals I on the CIFAR-10 dataset with data heterogeneity parameter w = 0.01.

P Extended Experiments on Model Architectures

This is a very interesting experiment. Most PT methods assume model homogeneity with different
capacities, but what if the models are completely heterogeneous? As defined in the Preliminary
section, clients holding the same model can be aggregated together, while clients with different
models are essentially isolated. In such scenarios, KD offers clear advantages over PT by enabling

https://anonymous.4open.science/r/DFRD-0C83
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learning across completely heterogeneous models. In our experiment, we randomly assign half of
the clients to use a CNN [51]] model and the other half to use a ResNet model. We then aggregate
their models into a MoE using Mosaic, and perform KD to obtain a global CNN model and a global
ResNet model, which are then distributed back to clients for further training. We observe that this
approach significantly improves performance for both CNN and ResNet clients, with gains ranging
from 5% to 30% . Such cross-architecture knowledge distillation is a common strength shared by all
DFKD-based methods, including DENSE, FedFTG, DFRD, and FedKFD. It enables the collaborative
training of fundamentally different model architectures while maintaining consistency in global
knowledge transfer. Although this is only a preliminary exploration, it demonstrates the effectiveness
and applicability of Mosaic under model heterogeneity. We plan to further investigate and extend this
direction in future work.

Q Learning Curves for Liyyersion in Low-Data Clients

To better understand the effect of incorporating inversion loss for low-data clients, we visualize the
learning curves of GAN ensembles under different configurations in Figure [0] These curves are
generated on the CIFAR-10 dataset under the highly heterogeneous setting of w = 0.01, with all
selected GAN clients having fewer samples than the empirical threshold 7 = 1000. Each subfigure
represents the ensemble performance of 1 to 4 selected GANs. We compare three scenarios: using
inversion loss derived from a CIFAR-100 pretrained model (blue), using inversion loss from the
global model via forward inversion (red), and training without any inversion loss (green).

Comparison of Accuracy Trends (Count = 1) Comparison of Accuracy Trends (Count = 2)

W) u

0 200 200 600 800 1000 0 200 200 600 800 1000

(a) Single GAN model (b) Ensemble of 2 GAN models

Comparison of Accuracy Trends (Count = 3) Comparison of Accuracy Trends (Count = 4)

40

0 200 400 600 800 1000 0 200 200 600 800 1000

(c) Ensemble of 3 GAN models (d) Ensemble of 4 GAN models

Figure 9: Accuracy curves on CIFAR-10 with w = 0.01 for ensembles of low-data GAN clients. Blue:
CIFAR-100 pretrained inversion loss; Red: global model forward inversion; Green: no inversion loss.
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R Additional Teacher Ensemble Results

To highlight the effectiveness of our MoE design, we selected in the main text a representative case
without model heterogeneity (p = 0) on CIFAR-10, as the performance differences in this scenario
are particularly notable. Here, we provide additional comparisons under CIFAR-10 with w = 0.1,
considering different levels of model heterogeneity by varying p € {5, 10,40}. As shown in Table
these results further demonstrate the robustness and adaptability of our approach in increasingly
heterogeneous settings. For simplicity, the table reports only the global model accuracy (G.acc) as
the evaluation metric.

Table 13: MoE ensemble accuracy on CIFAR-10 under w = 0.1 with varying p values.
Method | p=5 p=10 p =40
DENSE | 25.72 +4.21  23.18 +3.97 16.92 +5.70

F 30.55 +3.55 25.92 +3.20 27.21 +£3.96
+meta | 33.01 +3.24 29.77 £3.33 33.78 +2.78

S Performance of Mosaic under Varying Numbers of Clients

To examine the robustness and scalability of federated methods, we evaluate FedAvg, DFRD,
and Mosaic under varying client configurations. First, we vary the total number of clients N &
{10, 20, 50, 100, 200} to simulate different scales. Second, we fix N = 100 and vary the number
of active clients per round S € {5,10,50,100} to assess the impact of partial participation. For
simplicity, all reported metrics correspond to the global model accuracy, denoted as G.acc.

Table 14: Test accuracy (%) with different total numbers of clients /N on CIFAR-10.
N FedAvg DFRD Mosaic

10 36.76 +2.45 39.78 +2.41  50.43 +1.76
20 29.08 +1.50 26.45 +2.3¢  37.11 +4.54
50 27.36 +1.57 29.88 +1.99 38.45 +1.93
100 28.01 +3.73 30.84 +£3.11  35.72 +3.62
200 2482 +3.71  25.98 +5.32  30.30 +4.79

Table 15: Test accuracy (%) with different numbers of active clients .S per round on CIFAR-10 (with
total clients fixed at N = 100).

S FedAvg DFRD Mosaic

5 13.19 +4.94 13.98 +7.40 15.09 +6.17
10 13.87 t6.78  18.65 +4.76 19.87 +5.31
50 26.90 +4.58 27.96 £3.17  29.90 +4.03
100 28.01 £3.73  30.84 +3.11  35.72 +3.62

As shown in Table[T4] increasing the number of clients N reduces the amount of data per client,
generally leading to performance degradation. Interestingly, at N = 20, Mosaic exhibits an unstable
drop in accuracy. This can be attributed to a fluctuation in the MoE teacher’s performance, as reflected
in Table |8| Such instability may stem from the specific way the dataset was partitioned (see our
code for details). After N = 50, the MoE teacher becomes more stable and maintains relatively
high accuracy, which in turn contributes to the improvement of Mosaic’s performance at N = 50.
However, when N becomes too large, the generator quality deteriorates due to extremely limited data
per client, leading to a subsequent decline in accuracy.

Table [L5|demonstrates that lower active client counts S induce larger accuracy fluctuations, likely
caused by omission of clients with significant data during aggregation. Accuracy steadily improves
with higher .S, underscoring the importance of sufficient client participation. Mosaic’s design, which
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ensembles models weighted by client contribution and preserves client-trained GANs, provides
resilience to participation variance and stabilizes performance.

T Limitations of Using Synthetic Data for Meta Model Training

Training a meta model requires synthesized data with reliable labels. However, data generated by
the GAN generator G often suffers from inferior quality compared to real data, posing significant
challenges for accurate labeling. Relying on the global model f to provide labels for the meta
model training risks making the MoE model’s performance solely dependent on the global model
itself, thereby limiting the potential of learning a highly effective teacher model. This creates an
unreasonable paradigm where the student guides the teacher’s training, and then the teacher in turn
supervises the student; while some methods may adopt such an approach [91} [115} [120], it is not
applicable within the Mosaic framework. On the other hand, enabling the MoE model to label the
synthesized data in a self-supervised manner leads to convergence to undesirable local optima, further
hindering performance. This highlights the primary limitation of using GAN-synthesized data: its
inability to provide sufficiently accurate labels.

Moreover, as demonstrated in Table 6} the FID scores reveal a substantial gap in quality between
GAN-synthesized data and real data, reflecting their status as two approximately homologous but
inherently different datasets. Our empirical observations indicate that training the meta model
on synthesized data significantly improves accuracy on the synthesized domain itself, but causes
overfitting and degrades performance on real data. In contrast, using a small set of carefully selected
prototypes for meta model training proves far more effective, striking a better balance between
generalization and accuracy.

U Learning Curves Across Training Epochs

We present the learning curves of FedAvg and Mosaic on both CIFAR-10 and CIFAR-100, illustrating
how the models are trained and fine-tuned over communication rounds. These curves provide insights
into the convergence behavior and stability of each method during training. All curves correspond to
the case without model heterogeneity (p = 0), and vary across different local update budgets w.

After obtaining the global model via FedAvg, we first perform a warm-up phase for 40 rounds,
during which the global model is distributed to clients and used for local training. At the end of
this phase (round 40), we train the meta model and conduct knowledge distillation. Subsequently,
the distilled model is distributed again for another 40 rounds of fine-tuning with a reduced learning
rate. This staged training strategy explains the sharp increase in Mosaic’s performance observed
around round 40, which is attributed to the effect of knowledge distillation. The full set of learning
curves—spanning from Figure [I8a]to Figure 23bl—demonstrates these dynamics in detail across
different datasets and data heterogeneity settings.

V Extension to Multimodal Benchmarks

To demonstrate the generality of our approach, we extend the Mosaic framework to multimodal
settings and conduct preliminary experiments on the FedMultimodal [20] benchmark. Specifically,
we focus on datasets within the benchmark that contain image modalities and restrict our exploration
to the image generation component of Mosaic, where the GAN is trained solely on visual data.

Despite this limited scope, our results show that Mosaic can effectively enhance baseline methods
under severe data heterogeneity, even in the presence of multiple modalities. This suggests that
synthetic visual data alone can help mitigate distribution shifts and improve overall performance when
integrated into multimodal federated learning systems. A promising direction for future research is to
explore how Mosaic’s DFKD framework can be adapted to support knowledge distillation across
multiple modalities in federated learning.
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Figure 10: Data heterogeneity among clients is visualized on three datasets (FMNIST, SVHN, CIFAR-
10), where the x-axis represents the clients id, the y-axis represents the class labels on the training
set, and the size of scattered points represents the number of training samples with available labels
for that client.
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Figure 11: Data heterogeneity among clients is visualized on three datasets (CIFAR-100, Tiny-
ImageNet and FOOD101), where the x-axis represents the clients id, the y-axis represents the class
labels on the training set, and the size of scattered points represents the number of training samples

with available labels for that client.
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(a) Real images from CIFAR-10, (b) Real images from CIFAR-100, (c) Real images from Tiny-ImageNet,
sourced from ImageNet32x32 [10].
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sourced from DFRD.

Figure 12
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(a) Visualization of synthetic images generated by (b) Visualization of synthetic images generated by
Mosiac on CIFAR-10 with w = 1.0. Mosiac on CIFAR-10 with w = 0.1.

Figure 13
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(a) Visualization of synthetic images generated by (b) Visualization of synthetlc images generated by
Mosiac on CIFAR-10 with w = 0.01. Mosiac on CIFAR-100 with w = 1.0.
Figure 14
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(a) Visualization of synthetic images generated by (b) Visualization of synthetic images generated by
Mosiac on CIFAR-100 with w = 0.1. Mosiac on CIFAR-100 with w = 0.01.
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(a) Visualization of synthetlc images generated by (b) Visualization of synthetlc images generated by
Mosiac on Tiny-Imagenet with w = 1.0. Mosiac on Tiny-Imagenet with w = 0.1.

Figure 16
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Figure 17: Visualization of synthetic images generated by Mosaic on Tiny-ImageNet with w = 0.01.
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(a) Learning curve of Mosaic on CIFAR-10 with w = (b) Learning curve of Mosaic on CIFAR-100 with w =
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