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Abstract

Model-Heterogeneous Federated Learning (Hetero-FL) has attracted growing at-
tention for its ability to aggregate knowledge from heterogeneous models while
keeping private data locally. To better aggregate knowledge from clients, ensemble
distillation, as a widely used and effective technique, is often employed after global
aggregation to enhance the performance of the global model. However, simply
combining Hetero-FL and ensemble distillation does not always yield promising
results and can make the training process unstable. The reason is that existing
methods primarily focus on logit distillation, which, while being model-agnostic
with softmax predictions, fails to compensate for the knowledge bias arising from
heterogeneous models. To tackle this challenge, we propose a stable and effi-
cient Feature Distillation for model-heterogeneous Federated learning, dubbed
FedFD, that can incorporate aligned feature information via orthogonal projection
to integrate knowledge from heterogeneous models better. Specifically, a new
feature-based ensemble federated knowledge distillation paradigm is proposed.
The global model on the server needs to maintain a projection layer for each client-
side model architecture to align the features separately. Orthogonal techniques
are employed to re-parameterize the projection layer to mitigate knowledge bias
from heterogeneous models and thus maximize the distilled knowledge. Exten-
sive experiments show that FedFD achieves superior performance compared to
state-of-the-art methods.

1 Introduction

Federated Learning (FL) has become a core method for collaboratively training neural networks across
distributed clients while ensuring data privacy is protected [34,[50} 29]. Recently, this framework has
attracted considerable attention and is being applied in various domains, such as autonomous driving
systems [32}[37], recommender systems [27} 26]], and intelligent healthcare solutions [7, |40].

Typically, FL has been actively studied with a homogeneous model setting. With the development of
IoT products, different devices often possess varying computing resources, namely different model
training capabilities [39} 31]. In such a scenario, it is essential to explore model-heterogeneous
federated learning (Hetero-FL) to maximize the utilization of distributed computing resources. The
key challenge here lies in how to aggregate the shared knowledge from different models.
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To address this issue, knowledge distillation [15] has emerged as a promising approach, focusing on
aggregating the output soft predictions of multiple local models into the global model. The authors in
[52]] propose aggregating the logit output instead of model parameters and [21] utilize the aggregated
class score to regulate the local training process. Building on the partial parameter aggregation
proposed in [6], many works use the ensemble distillation to improve the global model like [33} 149].
[48] and [55]] have focused on knowledge selection with logit distillation to optimize the aggregated
model. [43] identifies the accurate and precise knowledge from local and ensemble predictions.

Although these methods achieve per-
formance gains by integrating the
ensemble distillation technique with
Hetero-FL, how this distillation tech-
nique works in Hetero-FL remains un-
certain, especially when it comes to
logit-based distillation. While logit
distillation can theoretically address
the shifts in the class probability dis-
tribution caused by data heterogene-
ity in FL. with homogeneous models i
perfectly by using a publicly available (a) Logit Representation. ~ (b) Feature Representation.
dataset with a similar distribution [46]],

itisa sub_optimal S[rategyfor model Figure 1: The t-SNE visualization of ensemble knowl-
heterogeneity where the key challenge ~€dge representation by aggregated heterogeneous models
lies in different hidden layer represen- on CIFAR-10.

tations. During the distillation, each

heterogeneous model will map the sample into a distinct feature space, resulting in significant varia-
tions in their softmax predictions (logits) [L0]. It is widely acknowledged that the logit representation
only focuses on the output layer but can not align the representation in different feature spaces of
heterogeneous models well, decreasing the distillation effectiveness.

We use t-SNE [43] to visualize the ensemble knowledge representation from client-side models on
the distillation dataset in Figure[I] Compared with feature representation in our method, aggregated
logit representation has fuzzy classification boundaries, indicating that the performance of the teacher
model is not promising enough. Moreover, we empirically find that the logit distillation will cause an
unstable federated training process, then directly aggregating logits as the teacher’s prediction is not
always effective. The specific experiments will be provided in Section 3.2}

To break the limitations of logit distillation for FD with heterogeneous models, we in this paper
explore feature distillation to ensemble the distilled knowledge where the feature representation
is closely related to the model structure. Using feature representation for ensemble distillation in
Hetero-FL poses a novel challenge, as in a centralized environment, feature knowledge is often
distilled from a large model (teacher model) to a smaller model (student model) with an external
projection layer [41}[35]]. This differs from the Hetero-FL, where small models on various client
sides usually ensemble distill knowledge to a large model on the server, and the structures of these
client-side models vary. Thus, designing the utilization of the projection layer and aligning feature
representations of different client-side models becomes a primary challenge in ensemble distillation
for Hetero-FL.

To explore this idea, we propose a stable and effective feature distillation method for Hetero-FL named
FedFD that can align feature representations with orthogonal projection to mitigate the knowledge
bias aggregated from heterogeneous models. More specifically, for each distillation sample, clients
will extract the feature representation, and the server aggregates the representations of the same
client-side model architecture to obtain a feature cluster formed by aggregated features from different
model architectures. For each representation within the feature cluster, the server needs to train a
projection layer to align the extracted feature representation of the server model with it and optimize
the parameters of both the projection layer and the feature extractor of the server model. Furthermore,
to prevent knowledge bias among aggregated feature representations, we utilize orthogonal projection
techniques to maximize the transferred knowledge.
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Figure 2: The framework of FedFD. Before knowledge distillation, each client first trains on its
local dataset and then uploads its local model to the server. The server aggregates these models to
obtain a global model. During the distillation process, clients perform hierarchical feature alignment.
This involves firstly aggregating feature representations from client-side models with consistent
architectures. Then, for each aggregated feature representation, a projection layer is maintained. This
projection layer is obtained by transforming a square matrix to ensure its orthogonality. Finally,
feature distillation is achieved by aligning the feature representations of different model architectures
using KL divergence separately.

Through extensive experiments over three datasets and different settings (various model architectures
and data distributions), we show that the proposed framework significantly improves the model
accuracy as compared to state-of-the-art algorithms. The contributions of this paper are:

* We provide an in-depth analysis of model-agnostic federated knowledge distillation, iden-
tifying that existing methods primarily rely on logit distillation, which poses significant
challenges for misleading distilled knowledge representation with heterogeneous models.

* We propose a novel framework named FedFD which can be seen as an off-the-shelf person-
alization add-on for Hetero-FL and it inherits privacy protection and efficiency properties as
traditional distillation methods.

* We conduct extensive experiments on various datasets and settings. Experimental results
illustrate that our proposed model outperforms the state-of-the-art methods by up to 16.09 %
in terms of test accuracy on different tasks.

2 Related Work

Federated Learning is a framework that trains a unified global model by aggregating individual
models from multiple clients, each trained on their locally stored datasets [25} 47} 28| 30]. One of
the notable FL architectures is FedAvg [34], which strengthens the global model by aggregating
parameters from locally trained models on private data. [23] involves incorporating a proximal term
to mitigate the impact of differing data distributions across devices. While these methods are devoted
to the homogeneous model across clients, [[6] proposes to enable the training of heterogeneous local
models with varying computation complexities on different clients. Similar to [6]], [51] integrates
flexibility in both width and depth, utilizing skip connections to bypass certain layers and structured
pruning to manage width. [[17] is a strategy that adjusts to varying depths by aggregating common
layers from clients’ networks, such as the VGG network, to create global models from different layer



groups. This paper focuses on federated learning with heterogeneous models across clients with
improved knowledge distillation techniques.

Knowledge Distillation leverages the knowledge of a pre-trained model to supervise a smaller
model, facilitating its application and deployment in environments with limited resources [14]. The
domain primarily encompasses two areas: logits distillation [38} 18} [1} [16] and feature distillation
[44. 136, 13 15]. Logits distillation, centered on classification tasks, introduces an additional goal
to minimize the prediction discrepancy between the student and teacher models, initially using KL,
divergence [14] and later extended through spherical normalization [8]], 1abel decoupling [57], and
probability reweighing [38]]. Our research focuses on feature distillation due to its versatility across
tasks [15] and modalities [42]. The FSP matrix is manually designed to capture feature relationships
across residual layers [54]]. Similarly, other studies proposed transferring knowledge via Gram
matrices [24]]. Activation boundaries and gradients capturing the loss landscape have also proven
effective as supervisory signals [44]. We in this paper particularly focus on the feature distillation in
FD by orthogonal projection and ensemble distillation.

Federated Distillation involves extracting knowledge from multiple teacher models, each trained
by different clients, and transferring it to a student model [53} (9, [2]. [33] introduces the concept of
applying knowledge distillation in a server setting, utilizing an unlabeled proxy dataset to transfer
knowledge from local models to a global model. [4]] further develops this by linearly aggregating
multiple local models, using weights derived from the Bayesian posterior, to create a series of
combined models. These combined models are then distilled into a single global model. To break out
the limitation of relying on an unlabeled auxiliary dataset, [38} (56| 49] propose suggest replacing
the proxy dataset with data generated by generative models, enabling the distillation without the
need for actual data. We analyze the challenge of employing existing FD methods in the FL with
heterogeneous models and propose to develop feature distillation instead of logit distillation.

3 Methodology

In this section, we first formulate the standard FL process with both homogeneous and heterogeneous
models. Then, we analyze the failure of logit distillation in Hetero-FL with experiments. Last,
we introduce our feature distillation-based method, FedFD. The workflow of FedFD is shown in
Algorithm[T]and Figure[J]illustrates the FedFD framework.

3.1 Problem Formulation

A typical FL problem can be formalized by collaboratively training a global model for K total clients

in FL. We consider each client £ can only access to his local private dataset D, = {xk , y(z) }, where

xé) is the ¢-th input data sample and y ) e {1,2,---,C} is the corresponding label of a:ff) with

C classes. We denote the number of data samples in dataset Dy, by |Dy|. The objective of the FL
system is to learn a global model w that minimizes the total empirical loss over the dataset D:
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where L},

(w) = [Di| &
where L (w) is the local loss in the k-th client and Lo is the cross-entropy loss function that
measures the difference between the prediction and the ground truth labels. For homogeneous
models, the server only needs to average local parameters to obtain the global follow:

| Di|
W 2

Z D)
While for heterogeneous models, we follow the protocol proposed in [[6] and assume that all client
models can be divided into p different architecture sets {S1, Sa,...,Sp}. Then, we perform the



global aggregation as follows:

s _ Wy s s _ 1 s s
W= 2 T U\ T T 2 e\
w; €Sy wi €Sy

where wy, denotes the aggregated model of the p-th architecture of client-side models. For nota-
tional convenience, we have dropped the training iteration index and simplified the weight for each
aggregated client-side model in Eq. (3), which is often weighed by the ratio of sample numbers.

3.2 Logit Distillation Fails in Hetero-FL

In existing FL methods, the key technique is to transfer knowledge from the teacher model to the
student model by utilizing the model’s soft predictions (logits) on the distillation dataset. Here,
the teacher model prediction is defined with aggregated logits from multiple clients, which can
also be referred to as ensemble distillation in FL. This technique works because in Homo-FL (for
homogeneous models), where the client models share the same structure, the logits output by
these models do not suffer from model-based biases and can mitigate further data heterogeneity.
However, it is inadvisable to directly apply this logit distillation technique to Hetero-FL (for het-
erogeneous models), and existing related work has not addressed whether the logits from different
client model architectures can be directly aggregated as the teacher model prediction. Based on
Figure[I] we conduct further experiments. We selected several robust ensemble distillation meth-
ods and conducted experiments on CIFAR-10 under both Homo-FL and Hetero-FL settings. The
details of these methods are described in Section[4.1] and the learning curves are shown in Figure[3]
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tillation process becomes highly unstable. This
is contrary to the results observed in Homo-FL.
The reason is that logit distillation solely relies
on soft predictions without considering differences in model architectures. Therefore, we will next
introduce our feature-based distillation method to address this issue.
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Figure 3: Learning curves of logit distillation-
based methods on CIFAR-10 with different client-
side model architectures.

3.3 FedFD: Feature Distillation for Hetero-FL

In this paper, we seek to unlock the potential of feature distillation in Hetero-FL. Despite the generality
of feature distillation, it is frequently accompanied by complex design choices and heuristics. These
decisions stem from loss functions between intermediate feature representations, leading to extra
training costs. To overcome these limitations, we just employ the feature distillation that solely
utilizes feature representation before the classifier.

In Hetero-FL, although the teacher model is typically the ensemble output of client-side small models,
it is still necessary to attach a projection layer after the global model (student model) to ensure that
knowledge can be back-propagated through the projection layer into the model parameters during
the distillation process. However, this approach poses two challenges: (1) Due to the diversity of
client-side model architectures, if the server maintains a personalized projection layer for each client,
it may lead to difficult training because each client contributes only a tiny amount of knowledge.
Additionally, in FL scenarios, the number of clients participating in pre-training is usually large, and
maintaining an excessive number of projection layers can accumulate and result in significant storage
costs for the server. (2) The feature knowledge derived from different client-side models may conflict
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Algorithm 1: FedFD

Input :7": communication round; K: client number; Dj: local dataset for the client k; w:
global model; wyg: local model; My projection layer; Sy: the k-th model architecture;
W;.: matrix for orthogonality.
Output :w, {wy, ..., wy}: global and local models.
forc=1to T do // communication round
Server randomly selects a subset of devices Sy;
Server send the global model w to devices.
for each selected client k € S; in parallel do
Train the local model wy, with ;
Send the local model wy, back to the server.
end
w < ServerAggregation({wy } res,) with (3);
Get the aggregated feature representation e with ;
Orthogonalize W p to obtain projection layer M, with ;
Distill the feature knowledge to the global model with (9).

end

within different projection layers, and combining the complex non-linear knowledge together may
not optimally train the feature extractor module of the global model.

To address these issues, we propose the feature-based distillation method, FedFD, with two main
components: hierarchical feature alignment and parameter orthogonality. To obtain the classification
model, in each round, the participating client % firstly locally trains the model wy, with (I)) and sends
it to the server. After receiving uploaded models, the server aggregates multiple local models to get
the global model w with @ Like [33[][49][58]], the server treats the knowledge of the client model
on the distillation dataset as a teacher model to distill the global model and enhance its performance.
Based on previous experiments, we explore using feature representation as the distilled knowledge.

Denote that the local model wy, of client k consists of a feature extractor w(,ﬁ and a classifier head 6,,.
d is the dimension of the output feature. For each distillation sample x, its feature representation e

over the extractor w{ can be obtained as follows:
ef = f(wisx), Vk e [1,K]. )

Then, we divide the features into m groups {Sy,, ..., Sa,, }, where each group Sy = {w¢,... ,wé}
contains all extractors with the same structure outputting the d-dimensional feature. We use |S4| to
represent the number of features in the group S;. Next, we aggregate all feature representations in
the group Sy as:

[Sal
1
d d d d
et = — e;, where S;={wj,...,w . 5)
|Sd| ; { 1 |Sd|}

Instead of maintaining the projection layer separately for each client, the server now only needs to
train (m — 1) projection layers { Mo, ..., M,,}. This not only reduces training parameters but also
ensures that each projection layer has sufficient knowledge for distillation.

However, this does not resolve the knowledge conflict among different model architectures, as the
server still needs to integrate knowledge from various projection layers to optimize the global model
parameters w. We indicate the knowledge S, after the projection layer M as:

Sq = Ma(wx) = MyZ, where Z = wx. 6)

While in knowledge distillation, a larger number of distillation samples often leads to better distillation
effects, as they can better cover the knowledge within the training data. This results in Z being
a full-rank matrix; consequently, the S; will also be a full-rank matrix that can be regarded as a
non-linear mapping process, where the global model fails to discern the knowledge, leading to
knowledge conflicts.

To address this issue, since we cannot alter the knowledge distribution of Z, we choose to process the
projection layer M so that they can map the knowledge Z into separate feature spaces. Here, we



will investigate orthogonal projection transformations, which can resolve knowledge conflicts and
maintain feature shapes due to their rotational invariance. It is noteworthy that, due to the differing
feature dimensions between Z and S, with Z having a higher dimension than S;, M, is no longer
an orthogonal square matrix but rather a column matrix, specifically a Stiefel matrix manifold with
orthogonal column vectors [12]. The favorable topological properties of such a matrix can ensure
support for gradient descent updates.

To maintain the orthogonality of the column vectors in M 4, we have observed many existing methods
such as Cayley transformation [3] and Gram-Schmidt method. However, these methods all come
with relatively high time performance costs. In this paper, we propose to generate the M, with a
skew-symmetric matrix W as follows:

exp(Wy) - exp(Wa)T = exp(Wy + W]) = exp(-W] + WI) =1 (7

Wi Wy a
eXp(Wd):I-i-Wd‘Fj“r?ﬁ-“'-‘rﬁ- ®)
where W, = —Wg. The parameters of W are randomly initialized. Although this is an infinite

series, a reasonably accurate value can usually be obtained by taking the first few terms at a very low
computational cost. Ultimately, M can be obtained by truncating the column vectors of exp(Wy) to
match the feature dimension of S;. The client updates W through back-propagation with Eq.(9). By
employing orthogonal projection, we ensure linear transformations of features, preventing knowledge
conflicts and preserving feature shapes, thereby achieving maximized knowledge distillation.

Through orthogonal projection, M ;(wx) and e share the same dimensionality. Next, we update the
parameters w and M to align the feature representations using Kullback-Leibler divergence:

1 & ‘
min —_— KL(M;(wx),e"). 9
WMz, My} — 1 (Mi(wx), &) ©
After knowledge distillation, the server will broadcast the global model w to the clients participating
in the following communication round.

Modularity. FedFD demonstrates a key characteristic: modularity. Existing FL techniques can be
seamlessly integrated with FedFD as a ready-to-use enhancement with the following several benefits:

» Optimization: The proposed framework can accommodate aggregation methods beyond
HeteroFL [6]] for global model updates, retaining convergence advantages.

e Privacy: FedFD maintains the same level of network communication as standard FL
algorithms, avoiding privacy issues associated with uploading generative models or extra
prototype-like information.

* Flexibility: Although we search for the additional distillation datasets here, our frame-
work can be combined with existing data-free distillation techniques, balancing resource
constraints and computational overheads in selecting distillation datasets.

4 Experiments

In this section, we evaluate our proposed method using three datasets and various baselines. We
investigate the relationship between data heterogeneity and training efficiency. Additionally, we
conduct ablation studies to examine each module in FedFD. Finally, we conduct a sensitivity analysis
to verify the effectiveness of our method.

4.1 Experiment Setup

Dataset: We conduct our experiments with heterogeneously partitioned datasets over three datasets:
CIFAR-10, CIFAR-100 [19], and Tiny-ImageNet [20]. Like [58} 49], we use the Dirichlet distribution
Dir(«) on labels to simulate the data heterogeneity. We apply all the training samples and distribute
them to user models, and we use all the testing samples for the performance evaluation.

Baselines: For a fair comparison with other key works, we follow the same protocols proposed by
[6] to set up FD tasks with heterogeneous models, which is recorded as "-hetero". We evaluate our



Table 1: Performance comparison of various methods with the test accuracy.

Categories Methods Metrics CIFAR-10 CIFAR-100 Tiny-ImageNet
a=10.0 a=1.0 a=0.1 a=10.0 a=1.0 a=0.1 a=10.0 a=1.0 a=0.1
HeteroFL Local | 80.11+095 75.83+135 63.53+466 | 53.37+111  49.33+176 38.07+452 | 29.71x285 24.12+503  18.54+3.40
Classic FL Global | 88.45+003 87.53+015 78.02x+065 | 58.51+0.19 57.42+012 53.98+043 | 32.38+051 29.88+272 23.25+296
- Local | 80.53+077 75.87+099 63.98+320 | 52.85+203 50.21+242 38.21+361 | 28.36x170 24.47+242  17.94x251
MOON:-hetero

Global | 88.05+0.14 87.92+0.17 79.05+089 | 58.39+020 57.55+017 55.01+034 | 31.28+161 30.68+192 24.91+1.78
Local | 82.35+051 75.27+100 62.20+537 | 51.23+1.73 48214208 37.53+5.15 | 33.98+207  25.62+229 20.314525
Global | 86.69+030 85.70+0.15 78.47=111 | 59.53x0.11  58.86+0.12 56.12+035 | 35.05+187 31.56+123 26.09+073
Local | 82.29+062 76.01+097 62.74+3.17 | 51.99+367 47.80+1.12  39.79+6.02 | 34.04+293  25.37+256 21.77+6.89
Global | 87.34+007 86.81+008 79.22+203 | 58.49+006 57.63+086 56.05+052 | 34.71x190 32.00+156 26.84+1.52
Local | 83.83x101 77.69+206 64.71x229 | 52.76+333 48.99+173 39984509 | 33.85+096 26.02+3.19  22.26+4.49
Global | 89.26+031 87.84+064 80.07+123 | 58.97+043 58.52+019 57.33+1.00 | 35.69+148 32.57+134  26.54+1.73

Local | 70.33+398 63.47+4.13 60.67+500 | 42.28+6.11  39.64+545 26.90+770 | 23.84+376  19.37+320  13.89+6.70

FedFusion-hetero

Homo-FL FedGen-hetero

DaFKD-hetero

FedMD Global | 78.91+232 75484331  66.67+250 | 46.37+3.11  49.40+465 39.44+989 | 26.37+280 22.60+243 19.42+3.17

MSFKD Local | 82.26+063 77.31+3.04 62.521936 | 52.06+220 49.94+127 39.72+370 | 34304311 27.93+271  22.594584

Hetero-FL Global | 87.79+01s 86.98+031 80.00+1.75 | 58.88+038 59.09+024 56.29+053 | 36.29+060 31.62+087 26.70+233
FedGD Local | 82.40+101 76.02+139 63.71x806 | 51.02+207 50.17+186 39.17+278 | 35.08+255 26.50+1.64 23.47+453

Global | 87.52+024 87224013 79.31x075 | 59.26+041 58.03+026 56.34+065 | 36.86+106 30.66+159 27.53+220

FedFD (ours) Local | 84.91+042 78.03+149 6533922 | 54.98+176 52.24+190 41.68+412 | 36.78+513 30.90+525 23.41+4.99

Global | 90.06+0.03 89.64+023 82.74+058 | 61.07x022 60.86+0.10 59.24+045 | 40.27+133  34.24+113  29.09+1.69

method with the following baselines. (1) Representative FL. models: HeteroFL [[6], MOON-hetero
[22]); (2) FL for homogeneous model: FedFusion-hetero [33], FedGen-hetero [58]], DaFKD-hetero [49]; (3) FL
for heterogeneous model: FedMD [21]], MSFKD [48], FedGD [55].

Configurations: Unless otherwise mentioned, we set the number of local training epoch E = 10, communication
round 7 = 200, and the client number K = 20 with an active ratio r = 0.4. For local training, the batch size is
64 and the weight decay is 1le — 4. The learning rate is 0.01 for distillation and 0.001 for training the local
model. For the model on the server, we employ ResNet-18 [11]] as the basic backbone. Like [6], we construct
ten different computation complexity levels {a, b, c,. .. j} with the hidden channel decay rate 10%. For example,
model "a" has all the model parameters, while models "b" and "c" have the 90% and 80% effective parameters.
We use "a-d-g" three different model architectures in our experiments and conduct more experiments with other
architectures in Section[d.2] Similarly to [6], we have conducted statistics based on the performance of the
global model for all secondary experiments.

4.2 Performance Overview

Test Accuracy. Table[T|shows the test accuracy of various methods with heterogeneous data across three datasets.
Each experiment set is run twice, and we take each run’s final ten rounds’ accuracy and calculate the average
value and standard variance. We report both the global model accuracy and the average accuracy of all local
models. Firstly, we observe that the performance of the global model significantly outpaces that of the local
model. For the Classic FL. method, MOON does not achieve a substantial advantage with heterogeneous models,
suggesting that the contrastive loss between different model architectures provides limited improvement to the
method. As for the Homo-FD method, while logit distillation introduces performance fluctuations, it offers some
enhancement after an increase in training epochs. Both FedGen and DaFKD are data-free distillation methods,
and compared to FedFusion, their performance improvements are not as significant as reported in the original
papers. A possible reason is that the training of the generator remains unstable, especially considering we employ
relatively complex datasets instead of handwriting-digit recognition datasets like MNIST. Regarding Hetero-FL
methods, FedMD performs poorly due to the absence of aggregated parameters. The other two methods follow
the logit distillation paradigm and exhibit superior performance. FedFD achieves the best performance in all
cases by up to 16.09% in terms of global model accuracy.

Communication Efficiency. Figure[2](Table) compares the communication efficiency of various methods by
measuring the communication rounds required to achieve the test accuracy and Figure[d]focuses on the learning
curves. Although knowledge distillation methods can accelerate model convergence, the training process of
logit distillation is unstable, as we have detailed above. With the orthogonal projection technique in feature
distillation, FedFD achieves the fastest convergence with a stable training process.

Ablation Study. As shown in Table [3] we evaluate the effects of each module in our model via ablation
studies. -w/o feature alignment and -w/o orthogonal projection denote the performance of our model without
using hierarchical feature alignment and orthogonal projection. Compared with FedFD, the performance of
FedFD -w/o orthogonal projection and FedFD -w/o orthogonal projection degrades evidently with a range of
0.63%~2.43%. While moving both components, the performance will drop significantly. Specifically, the
orthogonal projection technique plays a much more important role with the obvious improvement in test accuracy,
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HeteroFL. 1243 2546 2043 > 200 124+16 > 200 75 454
MOON:-hetero [RE= 26+7 22+9 > 200 100+9 188+7
FedFusion-hetero 2047 5247 6len >200  96uas  153eas 40
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and the hierarchical feature alignment technique has a relatively small impact on test accuracy, which may be
due to the scale of the experiment, but it can save storage costs. Experiment results verify that all modules are
essential to train a robust Hetero-FL model.

Table 3: Ablation study of FedFD with two main Table 4: Evaluation of combination of various

components. client-side models levels for CIFAR-10 dataset
(a =1.0).
CIFAR-10 CIFAR-100
Method -

o a=10 =01 =10 a=0.1 Method 4 Model Heterogeneity
FedFD 89.64 8274 60.86 59.24 ad-g af b-d-f ac-d-fi
-wlo feature alignment 89.01 81.56 59.77 58.67 HeteroFL 87.53+0.15 88.15+0.18 85.01+030 82.53+027

- ' ’ ' ' FedFusion-hetero ~ 85.70+0.15  86.85+0.10 85.37+028 84.10x0.15
-w/o orthogonal projection | 87.96 8092 3933~ 57.29 FedGD 87.96:008 88.47+021 85231040 84.014046
-wfo both components 8570 7847 5886 56.12 FedFD 89.641023 89.924019 87.47+035 85.92+028

Data Heterogeneity. Table|[T]illustrates the variation in test accuracy across different levels of data heterogene-
ity. A clear trend emerges, with all methods exhibiting improved accuracy as data heterogeneity decreases.
Simultaneously, we observed that the data heterogeneity has a greater impact on local models than on global
models. Specifically, when o = 0.1, the performance of local models across all baselines on CIFAR-100 declines
significantly, this underscores the urgent need to investigate Hetero-FL, as they are more susceptible to the
influence of data distribution. Notably, FedFD consistently outperforms other methods, achieving the most
significant improvements across all settings.

Parameter Sensitivity Analysis. In this section, we first explore the model heterogeneity issue with different
models. As shown in Table ] we conduct experiments using four different models and define that a larger
number of models represented a higher level of model heterogeneity. As the degree of heterogeneity increased,
the performance of all methods declined, with FedFusion showing a particularly significant drop. This verified
the shortcoming of logit distillation in the context of model heterogeneity. In contrast, FedFD consistently retains
superior performance.

Table 5: The scalability of FedFD and other base-  Table 6: The different architectures of models

lines (a=0.01). (CNN and ResNet).

Dataset HeteroFL ~ FedFusion-hetero ~ MSFKD FedFD Method CIFAR-10 CIFAR-100 Tiny-ImageNet
CIFAR-10 | 63295519 64141316 65302677 67034934 e =10 =01 a=10 o001 | a=100 =10
CIFAR-100 | 44.59+132 45.31+1.09 44904273 48.05+241 FedMD | 67.594361 53.104923 | 30.52398 24474170 | 21.294167  19.954250

Tiny-ImageNet | 21.86+433 22.97+289 23.26+254  25.12+153 FedFD | 71.28+125 59.51+7.13 | 34.93+026 28.98+074 | 30.79+128  27.96+047

Then, we examine the scalability of our method. As shown in Table[5] although all methods exhibit significant
performance degradation in large-scale experiments, forcing some clients to own very few samples, FedFD
outperforms other baselines, demonstrating its robustness and effectiveness.

Model Architecture. Although the above experiments validate the effectiveness of FedFD within the HeteroFL
framework, FedFD fundamentally constitutes an advanced feature distillation method independent of model ar-
chitectures and parameter aggregation strategies. We selected HeteroFL as the framework due to its widespread
recognition, which facilitates comprehensive comparisons with other baselines. In Table [6] we conducted
experiments using two architectures to mitigate potential impacts arising from the HeteroFL framework. Here,
we adopt the FedMD to perform knowledge distillation to fuse client knowledge directly. The experimental
results demonstrate the adaptability of FedFD with diverse architectures.



5 Conclusion

We introduced FedFD, a straightforward framework, to tackle feature distillation using heterogeneous models
within federated learning. FedFD serves as a minimal personalization extension for any federated learning
algorithms involving global model aggregation, ensuring privacy and communication efficiency. Comprehensive
experiments demonstrate that FedFD can enhance test accuracy.
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why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses (e.g.,
disinformation, generating fake profiles, surveillance), fairness considerations (e.g., deploy-
ment of technologies that could make decisions that unfairly impact specific groups), privacy
considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied to particular
applications, let alone deployments. However, if there is a direct path to any negative applications,
the authors should point it out. For example, it is legitimate to point out that an improvement in
the quality of generative models could be used to generate deepfakes for disinformation. On the
other hand, it is not needed to point out that a generic algorithm for optimizing neural networks
could enable people to train models that generate Deepfakes faster.

» The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation strategies
(e.g., gated release of models, providing defenses in addition to attacks, mechanisms for monitor-
ing misuse, mechanisms to monitor how a system learns from feedback over time, improving the
efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible release of
data or models that have a high risk for misuse (e.g., pretrained language models, image generators, or
scraped datasets)?

Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

¢ The answer NA means that the paper poses no such risks.

¢ Released models that have a high risk for misuse or dual-use should be released with necessary
safeguards to allow for controlled use of the model, for example by requiring that users adhere to
usage guidelines or restrictions to access the model or implementing safety filters.

» Datasets that have been scraped from the Internet could pose safety risks. The authors should
describe how they avoided releasing unsafe images.
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12.

13.

14.

15.

* We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in the paper,
properly credited and are the license and terms of use explicitly mentioned and properly respected?

Answer: [Yes]
Justification: We cited the original paper that produced the code package or dataset.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a URL.
* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of service of
that source should be provided.

« If assets are released, the license, copyright information, and terms of use in the package should
be provided. For popular datasets, paperswithcode.com/datasets has curated licenses for
some datasets. Their licensing guide can help determine the license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to the asset’s
creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation provided
alongside the assets?

Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their sub-
missions via structured templates. This includes details about training, license, limitations,
etc.

* The paper should discuss whether and how consent was obtained from people whose asset is
used.

¢ At submission time, remember to anonymize your assets (if applicable). You can either create an
anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper include
the full text of instructions given to participants and screenshots, if applicable, as well as details about
compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

¢ Including this information in the supplemental material is fine, but if the main contribution of the
paper involves human subjects, then as much detail as possible should be included in the main

paper.
¢ According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.
Institutional review board (IRB) approvals or equivalent for research with human subjects

Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals (or an
equivalent approval/review based on the requirements of your country or institution) were obtained?

Answer: [NA]
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Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent) may be
required for any human subjects research. If you obtained IRB approval, you should clearly state
this in the paper.

* We recognize that the procedures for this may vary significantly between institutions and
locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines for
their institution.

* For initial submissions, do not include any information that would break anonymity (if applica-
ble), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or non-standard
component of the core methods in this research? Note that if the LLM is used only for writing,
editing, or formatting purposes and does not impact the core methodology, scientific rigorousness, or
originality of the research, declaration is not required.

Answer: [NA|
Justification: We did not use LLM for the core method.
Guidelines:

* The answer NA means that the core method development in this research does not involve LLMs
as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM) for what
should or should not be described.
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